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ESA CCI SM:

over 45 years of satellite observed soil moisture!

The ESA CCI soil moisture dataset (ESA CCl SM) has become a well-established
dataset within the scientific climate community. Its long temporal coverage,
currently spanning over 45 years (1978-2023, v09.1), and global spatial coverage
have been identified by our users as the main features for choosing ESA CCl SM.
The long temporal coverage is an essential prerequisite for robust trend
assessments and the investigation of soil moisture drivers of hydrological and
biogeochemical processes, while the spatial coverage has allowed for studies in
previously data-poor regions, or regions where access to ground-based data is
difficult, e.g., China, Iran, Africa and South America.

Over 12’400 registrations as of April 2023

Interest in the ESA CCl SM dataset from outside of the scientific community is also
steadily growing, e.g., by the non-profit and private sectors. Topics such as disaster,
energy, weather, and health are increasingly mentioned in user applications. With
the acceptance of ESA CCl SM to the Copernicus Climate Data Store, including a
product improvement with a shortened latency, allows for ESA CClI SM to be
embedded in monitoring and operational services, e.g., for drought monitoring and
flood forecasting.

The overwhelming interest in the ESA CClI SM dataset shows that ESA CCI SM has
come a long way and has made it a well-established dataset. Hopefully
continuation of this dataset into the future will remain possible. Not only by
financial support for the scientific development of ESA CCI SM and operational
reprocessing, but also by the availability of continuous sensor data.




- i i Version 2
s soil moisture Climate Assessment Report (CAR)
i cci Date 19-09-2024

1 Introduction

1.1 Purpose of the document

The purpose of the CAR is the assessment of the ESA CCl SM time series for climate science.
We highlight here the ESA CCI SM overview paper published in the CCl special issue in Remote
Sensing of Environment: "Earth Observation of Essential Climate Variables". Dorigo et al.
(2017) gives a comprehensive overview on the ESA CCI SM products. Not only their
specifications and error characteristics, but also the wide range of Earth system applications
currently using the data. Furthermore, we update new versions of the CAR against the most
recent scientific literature that makes use of the ESA CCl SM dataset for the different
applications. For this version of the CAR, more than 200 new studies (as of March 2024) citing
the ESA CCI SM key publications since April 2023 have been reviewed. The outcome underlines
soil moisture to be an essential climate variable and highlights the value of the established
global long-term soil moisture time series based on satellite observations. Furthermore, the
document provides a critical view on the potentials and limitations of the developed datasets
for climate studies.

1.2 Targeted audience

This document targets the scientific science community as it demonstrates the value and
application of the global remote sensing observation-based ESA CCl SM time series for climate
science. Furthermore, it provides valuable insights in the potential and limitation of the ESA
CCI SM time series for climate studies.
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2 Executive Summary

2.1 Introduction

The European Space Agency’s (ESA) Climate Change Initiative (CCl) soil moisture (SM) program
aimed and fulfilled the development of a publicly available surface soil moisture time series
that covers more than 45 years (1978-2023, v09.1) and is solely based on remote sensing
observations as primary input. In order to produce a soil moisture climate data record
sufficiently long for climate research, various single sensor active and passive microwave soil
moisture products are combined. Three separate products are available, a merged ACTIVE, a
merged PASSIVE and a COMBINED active + passive product. The products, as well as the
documents for the algorithm development (ATBD), the product specification (PSD), and the
report on the final product validation (PVIR), are all publicly available to the user through the
dedicated CCl soil moisture website: https://climate.esa.int/en/projects/soil-moisture/.

The assessment of the ESA CCl SM time series for climate research is a central part within the
ESA CCI SM project, as it allows for a critical evaluation of its suitability for climate applications.
A search on Google scholar shows that the interest in satellite soil moisture products has
increased over time. Updated from de Jeu and Dorigo (2016), Figure 1 (left) shows the number
of Google scholar hits per year using SMAP, SMOS?!, AMSR-E, ASCAT, ASAR, Sentinel-1, and
ESA CCl in combination with “soil moisture” as a search term (as of March 2024, numbers for

full years up to 2023). There is a long-term increase, with signs of levelling off for most
products in the last two years.
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Figure 1 (left) Number of google scholar hits per year using the sensor name in combination with
the term “soil moisture”, updated from: de Jeu and Dorigo (2016). (right) Number of registered
ESA CCl SM users per month based on the TUW FTP server registrations (top panel, June 2012 to
March 2023) and per quarter based on the CEDA users (bottom panel, June 2019 to March 2024).

1 Note that the trend in the “SMOS + soil moisture” hits is likely overestimated since soil moisture is part of the acronym, but the results may
include applications like VOD, AGB and ocean salinity, which cannot be easily separated in the search.

3
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Figure 2 Registered users subdivided by
continent and product version (top), by
societal benefit area (middle), and by
organisation type (bottom).

1 The registration form was taken offline in spring 2023 and users are redirected to the ESA CCl open data portal, from where the data is
available through CEDA without user registration.
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Germany, followed by France, Italy, the Netherlands, and the UK.

The main application area users indicate since the beginning of ESA CCl SM is climate, see
Figure 2 (middle). There is a steady increase in users dealing with water, ecosystems
applications and in particular agriculture. Since 2018, agriculture is as often mentioned as
climate (except for 2022). Weather, energy and health sectors are lagging behind, but are also
slowly growing. While the number of monthly registrations shows a flattening in recent years,
there is an apparent decrease in the user declarations of application areas particularly for
2022.

This broadening of application areas is also found when analysing users based on organisation
type. Though, research organisations and higher or secondary education are clearly the main
users of the ESA CCI SM dataset, more and more, public bodies, private companies as well as
non-profit organisations are using the data. This increase of organisations outside of scientific
institutions indicates the broad acceptance and maturity of the dataset and assures a growing
user base.

2.2.1 Focus of research within the societal benefit areas

The three main societal benefit areas (SBA) are Climate, Water and Agriculture (Figure 3). As
seen above, there is an apparent decrease in the user declarations of societal benefit areas in
2022, which is also visible here. The qualitative assessment of the user database shows that
the usage and focus of research within these SBAs are wide and have different purpose, from
status quo of occurrences to the development of models. The span of the usages covers many
aspects, such as the exploration of the usability of Earth observation data in new fields. Some
of ways the data is used include:

* Development of long-time trends, forecasting & monitoring
* Land evaluation, management, planning and assessments
* Modelling and simulations, big data analytics

The specific themes under each SBA also vary from infrastructure, temperature influences of
fungi attacking wood elements to spatial epidemiology, climate -and crop simulation
modelling and data analytics in agriculture. The mentioned themes show a glimpse of the
span, which the ESA CCl SM data covers and the prospectively wide usage of the data.

Climate Water Agriculture

450 450 450
400 400 400
350 350 350
300 300 300
250 250 250
200 200 200
150 150 150
100 100 100
50 50 50

0 0 0
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Figure 3 Temporal development of registered users of the three main SBAs.
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2.2.2 Maturity increase of ESA CCl SM

Over the years, the validation of ESA CClI SM as documented in the PVIR (Hirschi et al., 2023b,
2024) has revealed a steady increase in the agreement of the product with in-situ
measurements from ISMN (Dorigo et al., 2021). Figure 4 shows the (significantly positive, p <
0.05) correlations of the different major ESA CCI SM releases (as represented by the evolution
of the merging algorithm; see Gruber et al., 2019), as well as of ERA5-Land layer 1 compared
to in-situ stations in the US (where station coverage is most dense) for different temporal
subsets (i.e., 1999-2002, 2003-2006, 2007-2010, 2011-2014, 2015-2018 and 2019-2022, as
well as 1999 up to the end of the individual time series). The ESA CCl SM versions show a
general increase in performance with data releases, pointing to the increasing maturity of the
product. This is particularly the case for the periods after 2006. Also, towards later periods,
the overall correlations with in-situ measurements tend to increase due to the coverage with
more satellites. Note that the reduction in the correlations of the 2019-2022 period is likely
related to the reduction in coverage with in-situ stations for this most recent period.

Median (and IQR) correlation f or each 4 year period for all seasons

118
389
569
914
1150

0.8

0.4

0.6
L
23
65
4 80
4 — ——i 66
4 —p————— ———— 71
4 84
44— 107
4 ——— 107
4 ———— 102
4 ——————————— 57
95
4
202
278
292
4 286
4 ————— 286
4 ———e—— 29
4 p————— @ 348
4 ——— 345
4 —@——1 335
4 ————@———1 169
310
4
448
468
507
4 — i 508
4 ————@—— 507
4 —————i 523
4 ———— 543
4 ———— 1 552
4 ———i 546
G — e 415
502
4
m
784
4 ————— 818
4 831
4 ——————@——— 850
4 ——0—— 865
4 ————i 877
4 —————— 846
4 ——————————————1 748
815
4
f— 1 w5
4 ——— 962
4 ———— 1 969
4 ————f
4 ——

0.2
1

1999-2002 2003-2006 2007-2010 2011-2014 2015-2018 2019-2022 1999-20..
0 vo.1 O v33 B V5.2 3 v7.1 | 9.1 3 v9.1pas
O v22 3 v4.7 | 6.1 | 8.1 B v9.1act O ERAS5-Landl1

Figure 4 Correlation of the gridded soil moisture products as compared to in-situ station
observations in 5 and 10 cm depth for the full year for the US. Subdivided in consecutive 4-year
periods (1999-2002, 2003-2006, 2007-2010, 2011-2014, 2015-2018 and 2019-2022) as well as
for the longest period data is available (1999-20.., end date would e.g. be 2010 for CCI vO0.1,
but is 2023 for e.g. CCl v09.1). Note that data is not masked for common data availability.
Whiskers show the median and the IQR. Above indicated the number of stations correlations
were calculated for that comply to the following criteria: at least 10% of the time-series is not
NA, p-value < 0.05, and the calculated correlation is positive. And below indicated the number
of years considered. In addition to the majorreleases of ESA CClI SM COMBINED,
the ACTIVE and PASSIVE products are also shown in case of v09.1 (denoted v9.lact and
v9.1pas).

The ERA5-Land reanalysis shows more stable correlations over time, and overall better
agreement with the in-situ data as compared to the ESA CCI SM releases, which is in line with
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other product inter-comparison studies (e.g., Beck et al., 2021). Within ESA CCI SM, the
PASSIVE and ACTIVE products often show lower skill compared to the COMBINED product,
showing the benefit of the merging approach.
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ESA CCI SM at a glance

Motivation for using ESA CCI SM

Long temporal coverage

Large spatial coverage

Can function as an independent reference dataset
Constraining errors in models

Reduce uncertainties

Limitations identified

Data gaps in time and space, especially prior to 1992
Changing data quality and coverage over time

No representation of root-zone soil moisture
Evaluation of absolute values not possible
Dependency on GLDAS-Noah as scaling reference
Too coarse spatial resolution

Future directions and ongoing developments

Higher spatial resolution, either by including observations with higher native
resolution (e.g., SAR, thermal infrared) or by downscaling

Filling of data gaps is currently being addressed with an additional gap-filled
research version of the COMBINED product as of ESA CCI SM v08.1

Improved temporal sampling is achieved through the integration of daytime
observations

Improved product accuracy

Improved blending methods

Improved temporal consistency has been partly addressed through a break-
adjustment (Preimesberger et al., 2021), which has been implemented in the
v08.1 COMBINED product

Shorter latency times between data acquisition and data availability have been
achieved with the inclusion of the product in the Copernicus Climate Data Store
Independency of LSMs is being investigated and has been integrated in a
research product as of v09.1 by using L-band observations from SMOS and SMAP
as new scaling reference

Creation of a root-zone soil moisture product is currently being addressed and
will be included as a research product in v09.1
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2.3 Motivation for use, limitations identified and future directions

Table 5 of Dorigo et al. (2017), included in the Appendix as Table 1 - Table 6, gives an extensive
overview of the use of ESA CCl SM for scientific studies. These tables also include the
motivation for using the ESA CClI SM dataset, as well as the main limitations identified by the
users. Here we provide a short overview.

Long temporal and global spatial coverage of the dataset

The main motivation identified by users for using ESA CCl SM is the long temporal and global
spatial coverage of the dataset. Long temporal coverage is essential for robust trend and
driver assessment, but also for use applications such as researching vegetation activity,
investigating fire activity or the creation of a precipitation dataset, while global coverage
allows investigations into areas where previously no observations were available. The long
temporal and global spatial coverage also make ESA CCl SM a prime candidate to function as
a global independent reference for land surface model and reanalysis evaluations. In addition,
ESA CCI SM through assimilation has been shown to aid in constraining model errors, reduce
uncertainties, and improve model predictions (Miralles et al., 2014b; Tramblay et al., 2014;
e.g., Massari et al., 2015). These results show that further studies are clearly needed to assess
the full potential of the ESA CCl SM dataset. Also, as documented in the PVIR, larger
uncertainties remain regarding the representation of temporal trends, which display distinct
and partly diverging global patterns among the ESA CClI SM COMBINED releases and the
underlying ACTIVE and PASSIVE products, as well as compared to reanalysis and land-surface
model products (Hirschi et al., 2023b; 2024; cf. also Section 3.1.1).

Increase of available satellites and improved retrieval protocols will reduce data gaps

The main limitation identified by users is the presence of data gaps, both in time and space,
and the changing data quality over time. This complicates or sometimes even impedes the use
of the dataset, and care needs to be taken to properly inform users of this caveat. The increase
of available satellites (including FengYun 3E and 3F, and AMSR3 in the upcoming ESA CCl+ SM
Phase), as well as the improvement of retrieval protocols and merging methodologies, will
mostly solve for this in the future. Though it should be noted that the absence of suitable
sensors in the early years, as well the physical limitations of the microwave signal in general,
e.g., no retrieval under snow coverage or dense vegetation, will likely prove insurmountable
(Dorigo et al., 2017). As an alternative, gap-filling can be achieved by statistical methods for
data imputation (e.g., Bessenbacher et al., 2022). An additional gap-filled version of the
product which adapts a 3D-smoothing algorithm (Garcia, 2010) and does not rely on ancillary
data is being produced as a research product of ESA CCl SM as of v08.1 (Preimesberger et al.,
2024).

SMOS and SMAP SM can eliminate the dependency on ancillary model data for scaling

Currently, the merging procedure for the COMBINED product includes scaling against GLDAS-
Noah, however various users have expressed a need for a Land Surface Model (LSM)
independent dataset. The passive microwave soil moisture data fusion project (Contract No:
IPL-PSO/FF/vb/13.886 EXPRO+) has investigated the inclusion of SMOS soil moisture data in
the ESA CClI SM dataset. The inclusion of SMOS into ESA CCI SM (v03.2) has shown to improve
the quality of the dataset. In addition, SMOS soil moisture has the potential to serve as the
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reference soil moisture dataset for scaling purposes, thus solving the current dependence on
a LSM reference. This has been investigated in the framework of the visiting scientist activity
of Maria Piles (U. Valencia) taking place from 01/01/2017 to 13/11/2018 (Piles et al, 2018)
Besides, the passive microwave soil moisture data fusion project recommended to further
investigate the possibility to build a long-term record from Neural Networks, and to set up
merging strategies that use multiple satellites and retrieval methods (van der Schalie et al.,
2016). Within the current ESA CCl+ activities, the impacts of replacing GLDAS-Noah as
reference for the rescaling is investigated using L-band data from SMOS and SMAP as an
alternative. Results show that the best trade-off could be using a merged L-band dataset as
scaling reference to benefit from both SMAP (better spatial coverage) and SMOS (longer time
series) advantages (Madelon et al., 2021). These developments have been integrated in ESA
CCI SM by generating an L-band reference from the BTs-level merging of SMAP and SMOS and
the corresponding research product will be distributed with ESA CCI SM v09.1. Such product
covers the 2010-2023 period; the time backward-propagation of the L-band reference using
L-band-like AMSRE data is under investigation from the previous research base of Rodriguez-
Fernandez et al. (2016).

ESA CCl SM included in the Copernicus Climate Data Store with improved latency

The latency time between data acquisition and data availability has been identified as a
limitation for embedding satellite derived soil moisture in operational services, for example
drought monitoring and early warning systems. With the inclusion of ESA CCl SM in the
Copernicus Climate Data Store, part of the Copernicus Climate Change Services (C3S;
https://climate.copernicus.eu/), an operational product with an update frequency of 10 days
is made available. The latest version of this near-real time operational product (v202212.0.0)
is based on v07.1 of ESA CCI SM. The use of near-real-time Level 1 and Level 2 data streams in
C3S is expected to have only a minor impact on the product quality with respect to ESA CCI
SM, since for most datasets merged into C3S the NRT and off-line data streams are similar.

C3S Soil Moisture Anomalies ~-
01-10/08/2017 3
10 E < 15 E
L
0.06 0.04 0.02 o} 0.02 0.04 0.06
(m3/m?)

Figure 5 Soil moisture anomalies (with respect to the 1997-2017 time period) in Italy during early
August 2017.

From: http://www.esa.int/Our_Activities/Observing the Earth/Italy s drought seen from space
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Such a reduced latency will enable new applications for ESA CCl SM. The near real-time soil
moisture data (compiled by the ESA CCI SM project) has already been used to monitor drought
in Italy during the exceptionally dry August 2017 (see Figure 5), with conditions similar to the
2012 drought. Also, the near real-time availability allows for the integration in the European
State of the Climate reports! compiled by the C3S.

A satellite observation-based root-zone soil moisture product

As root zone soil moisture is important for e.g., long-term evapotranspiration and water
supply, not surprisingly, a user request that frequently surfaces is a satellite observation-
based root-zone soil moisture product. But, as the penetration depth of the microwave
signal is only a few centimetres at most, at first glance this does not seem feasible. However,
a simplified approach using an exponential filter to derive a root-zone soil moisture product,
such as the Soil Water Index method (Albergel et al., 2008; Wagner et al., 1999), has already
proven useful (Brocca et al., 2012). Alternatively, the assimilation of satellite soil moisture
into a land surface model has been shown to improve the root zone correlation with in-situ
stations (e.g., Blyverket et al., 2019b). Such an assimilated root-zone product can be a good
compromise between a solely observation based and model-based product. An ESA CCl+ soil
moisture CCN1 Scientific Evolution study has been concluded with the goal to extend the
ESA CCl surface soil moisture product with a global, long-term root-zone soil moisture
dataset with daily and 0.25° resolution. The creation of an ESA CCl root-zone soil moisture
product based on exponential filtering and using calibrated T-parameters for 4 different soil
depth layers determined from in-situ time series (Pasik et al., 2023) is currently ongoing and
will be included as a research product in v09.1.

2.4 ESA CCI SM in scientific studies

JAG special issue: Advances in the Validation and Application of Remotely Sensed SM

In 2015, the International Journal of Applied Earth Observation and Geoinformation published
the special issue “Advances in the Validation and Application of Remotely Sensed Soil
Moisture”, with guest editors Wouter Dorigo and Richard de Jeu. Though this special issue was
on remotely sensed soil moisture in general, the ESA CCl SM dataset was featured in many of
the articles. The special issue highlights the importance of satellite soil moisture for studies in
previously data-poor regions, or regions where access to ground-based data is difficult, e.g.,
China, Iran, Africa and South America. Two clear user requests can be distilled from the JAG
special issue. Firstly, continued efforts to enhance spatial resolution and reduce errors of the
soil moisture retrievals. And secondly, in the context of a changing climate and with a rise of
operational applications, a long-term and consistent soil moisture record. It was therefore
concluded that it is essential to not only invest in advancing new technologies, put also to
ensure continued satellite missions.

1 https://climate.copernicus.eu/esotc/

11
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Scientific application of ESA CCl SM in different Earth system areas

Table 5 of Dorigo et al. (2017), here included in a modified and extended form as Table 1 -
Table 6 in the Appendix, provides an overview on the use of ESA CCl SM in scientific
applications based on peer-reviewed literature. Six Earth system application areas were
identified as described in Section 3.1: Climate variability and change, Land atmosphere
interactions, Global biogeochemical cycles and ecology, Hydrology and land surface
modelling, Drought applications, (Hydro)meteorological applications. The tables list the main
purpose of the studies, the main motivation for using the ESA CClI SM dataset, and the
identified limitations.

Originally, the tables were made up of scientific papers that correctly cite any of the early key
publications on the dataset (i.e., Liu et al., 2011; Dorigo et al., 2012; Wagner et al., 20123;
Dorigo et al., 2015b; Liu et al., 2012) and were listed either in Scopus (http://scopus.com/) or
Google Scholar (https://scholar.google.com). For the recent updates of the scientific
applications, papers citing Dorigo et al. (2017), Gruber et al. (2019) and Preimesberger et al.
(2021) are considered (see Publications under https://climate.esa.int/en/projects/soil-
moisture/). For the current version of the CAR, over 200 new publications that appeared since
April 2023 were reviewed.

The share of publications within each of these application areas are shown in Figure 6 (as of
March 2024), together with the temporal evolution from 2018 to 2023. Overall, hydrology and
land surface modelling, biogeochemical cycles and drought applications are the main areas in
which ESA CCI SM is used, followed by land-atmosphere interactions and climate. Over time,
particularly the hydrological and biogeochemical applications have grown most. Not shown
here are the numerous studies that deal with algorithmic improvements such as downscaling,
gap filling and validating the ESA CCI SM product.
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Figure 6 Share of the six main earth system applications of ESA CCl SM in scientific publications
since 2018, and their temporal evolution in numbers of published papers.

In the following pages we will feature for each topic one or more peer reviewed scientific
studies for easy reference. For the complete, non-exhaustive overview on scientific studies
using ESA CCI SM, please refer to Section 3 and the applications tables in the Appendix.
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Climate variability and change

The broad range of application areas and .

the growing number of publications (see ESA CCI SM featured in the BAMS
also Appendix) highlights the acceptance of ~ State of the Climate reports for
the dataset within the scientific more than 10 consecutive years”
community, as well as the maturity of the

dataset. This acceptance is underscored by the contributions to the section on global
soil moisture in the Bulletin of the American Meteorological Society (BAMS) State of the
Climate reports. The BAMS State of the Climate reports are the yearly returning
authoritative summaries of the global climate and are led by the US National Oceanic
and Atmospheric Administration. The report features a global overview of recent and
historical variations of climatological variables, and since 2010 includes soil moisture
from the ESA CCI SM dataset for the chapter on global soil moisture (De Jeu et al., 2011;
De Jeu et al., 2012; Dorigo et al., 2014; Dorigo et al., 2015a; Dorigo et al., 2016; Dorigo
et al., 2017; Parinussa et al.,, 2013; Dorigo et al., 2018; Scanlon et al., 2019;
Preimesberger et al., 2020; van der Schalie et al., 2021; van der Schalie et al., 2022;
Stradiotti et al., 2023b). ESA CCl SM shows a strong similarity with related terrestrial
water cycle components such as terrestrial water storage, precipitation, the self-
calibrating PDSI, and terrestrial evaporation. Here we show the global soil moisture
anomalies for 2021 (left) and 2022 (right), see Figure 7.

(q) Soil Moisture (p) Soil Moisture

T T T T [ [ [ I
-0.04 -0.03 -0.02 -001 0 001 0.02 0.03 0.04 -0.04 -0.03 -0.02 -001 0 001 0.02 003 0.04
Anomalies from 1991-2020 (m* m) Anomalies from 1991-2020 (m® m=3)

Figure 7 Global soil moisture anomalies from the 1991-2020 baseline for 2021 (left), and 2022
(right). From: van der Schalie et al. (2022); Stradiotti et al. (2023b).
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Land-atmosphere interactions

Soil moisture plays an essential role in the partitioning of the fluxes of water and energy
at the land surface, and as such, influences evapotranspiration and temperature.
However, many studies on soil moisture-evapotranspiration and soil moisture-
temperature coupling are based on modelling results or use precipitation-based drought
indices as a proxy for soil moisture as global long-term soil moisture measurements were
not available. The ESA CCl SM dataset now, allows observation-based analysis, and has
been used in various studies to evaluate the coupling diagnostics found in models
(Miralles et al., 2014a; Hirschi et al., 2014; Casagrande et al., 2015). Moreover, the
product (through data assimilation) helped to reconcile the debate on the spatial and
temporal soil moisture effects on afternoon rainfall (Guillod et al., 2015; Taylor et al.,
2012).

Dong and Crow (2019) re-addressed soil “Inclusion of L-band products in

moisture-air temperature coupling strength ESA CCI SM will be beneficial for

based on C- and X-band remote-sensing soil  quantifying land-atmosphere
moisture products from ESA CClI SM and from coupling strengths”
newer L-band products (SMOS, SMAP). In

agreement with Hirschi et al. (2014), the older products demonstrated a significantly (at
p=0.05 confidence) weaker correlation with number of hot days than the precipitation-
based proxy. The newer products however showed comparable (SMOS) or stronger
(SMAP) correlations over global hotspot regions. These results suggest that the higher
signal-to-noise ratio (SNR, i.e., the relative size of soil moisture signal and random
observation error variances) of L-band remote sensing surface soil moisture results in
an improved ability to quantify land-atmosphere coupling strengths (Figure 8).

(a) CCI-Pas (2002 - 2010)
o~ o, JE e

A

RS-NHD

SPINHD

10 -08 06 -04 00 >01 -10 -08 -06 -04 00 >0.1
RE)

Figure 8 Correlation coefficients of 1-month lagged soil moisture and number of hot days
(NHD) correlations. Top: satellite soil moisture anomalies; bottom: correlations based on
3-month standardized precipitation index (SPI). From: Dong and Crow (2019).
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Global biogeochemical cycles and ecology

As mentioned previously, the discrepancy in “Studies show a clear co-

scales between local in-situ observations and . L e1s
_ _ _ _ _ variability between ESA CCl SM
satellite derived soil moisture complicates . ”
and ecosystem variables

validation. Another approach to validating
ESA CCl SM would be to show consistent behaviour between soil moisture and other
climate and eco-system variables. For example, Nicolai-Shaw et al. (2017) showed how
temperature, precipitation, evapotranspiration and vegetation co-vary with soil

moisture drought during the peak of the growing season. In another study, Mufoz et al.
(2014) showed that temporal variations in tree growth are largely driven by soil moisture
variability. More recently, Martinez-Fernandez et al. (2019) analysed tree growth in
Spain through satellite soil moisture monitoring. They found that ESA CCI SM is sensitive
enough to track the phenology of Aleppo pine, with increasing influence of soil moisture
with reduced water availability during the summer months (Figure 9).

% Sig.
% Sig.

% Sig.
% Sig.

ONDJ FMAMIJ J A SONTD ONDJ FMAMIJ J A SONTD

Figure 9 Temporal evolution of the median R (blue bars and moving average) between the
ESA CCI SM and tree growth and the percentage of significant (p < 0.05) cases (orange dots
and moving average, black line) for daily data (top left) and daily moving window averages
of 7 (top right), 15 (bottom left) and 30 (bottom right) days. Asterisks: data from the previous
year. Gray line: significance threshold (p < 0.05). From: Martinez-Fernandez et al. (2019)
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Hydrological and land surface modelling

A novel use of satellite-based soil moisture was “SM2RAIN: a bottom-up
ma_de by Brocc_a et al. (2014). In general, global approach to creating a novel
estimates of rainfall are hampered by the lack of . . .. ,,
ground observations, and the difficulty of deriving precipitation dataset
the amount of rainfall that reaches the ground when using satellite observations. So,
instead of using the common top-down approach, they applied a bottom-up approach,
using variations in soil moisture to infer preceding rainfall amounts. This SM-derived
rainfall product shows good correlations with the GPCC dataset (used as main
benchmark in the study), especially over areas where soil moisture retrievals are
expected to be accurate (Figure 10). The developed algorithm is termed SM2RAIN, and
has now successfully been applied to the ESA CCl SM data set, to produce the first soil
moisture derived rainfall dataset spanning 37 years (Ciabatta et al., 2018). The SM2RAIN
product has already been used to quantify the space-time variability of rainfall,
evaporation, runoff and water storage for the Upper Blue Nile river basin in Africa (Abera
et al,, 2017).

SM2RAIN vs GPCC at 1°
60 .

VI A g & ¥
w0 QL P e of
L iy - v : o &
N . P e - L]
=2 i,
P L bos, ] NP
fo P CQE W
320 b v &
- 4 W A
-40 i }
& - 1998-2001 Median R=0.545
-60
60~
40
— 20
ry
E 0
3
—.20
40 >
-60
60 .
40 ¥
\ . A e
ry X . Ggaety YDA
So ¢ o ly e > % \\f‘m\.‘,
® oal’ ) 3 i
S A A ¥V &
40 5. 2 )
& - 2007-2013 Median R=0.677 ? . 2007-2013 Median RMSD=9.229 mm °

100 150  -150 -100 100 150

0 50 0 50
Longitude [°] Longitude [°]
X mm
0 0.2 04 06 08 10 5 10 15 20

Figure 10 Global Pearson correlation (left) and Root Mean Square Difference (right)
maps obtained between GPCC-FDD 524 and the SM2RAIN-CCI rainfall data set for 5-day
accumulated rainfall during the periods 1998-2001 (upper panel), 2002-2006 (middle
panel) and 2007-2013 (lower panel). From: (Ciabatta et al., 2018)
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Drought applications

Historically, precipitation and temperature o .

have been used to develop drought monitoring Soil moisture-based drought
indices, e.g., the standardized precipitation  indices using ESA CCI SM”
index (SPI) and the Palmer drought severity

index (PDSI). These indices, however, are more indicative of meteorological drought
rather than agricultural drought. ESA CCI SM now allows to directly monitor agricultural
drought, and to develop soil moisture-based drought indices. An example is the
Empirical Standardized Soil Moisture Index (ESSMI) developed by Carrdo et al. (2016).
With this index, they were able to accurately describe the severe and extreme drought
intensities in north-eastern Brazil in 1993, 2012, and 2013 (see Figure 11). In addition,
they found high correlations between ESSMI and maize, soybean, and wheat crop yields
in Latin America.
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Figure 11 Time-series of yearly Empirical Standardized Soil Moisture Index (ESSMI) values
computed for a region located in Bahia (northeast Brazil). No data values are masked out
in white. From: Carrdo et al. (2016)
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(Hydro)meteorological applications.

To date not many studies have directly assimilated remotely sensed soil

moisture into numerical weather prediction (NWP) and clink>A GEhSM data

to update their soil moisture fields. One example thasgimilation\inko NWP and
Zhan et al. (2016). Figure 12 shows the root-mean-sgljperesraiodels”

(RMSEs) of temperature and humidity forecasts obtained after

assimilation of ESA CCI SM into NASAs United Weather Research and Forecast (NUWRF)
model coupled with NASA Land Information System. Data assimilation of soil moisture
is shown to reduce the bias of longer-term precipitation and short-term temperature

forecasts.
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Figure 12 Root-mean-square-errors (RMSEs) of the forecasts of 2-m temperature (T2m)
(top) and humidity (q2m) (bottom) from NUWRF assimilating or without assimilating CCl
SM data over CONUS domain from April 1 - October 31, 2012. From: Zhan et al. (2016)
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3 ESA CCI Soil Moisture for improved Earth system understanding: state-of-
the art and future directions

Wouter Dorigo!, Wolfgang Wagner!, Clement Albergel?, Franziska Albrecht3, Gianpaolo
Balsamo?, Luca Brocca®, Daniel Chung?!, Martin Ertl®, Matthias Forkel®, Alexander Gruber?, Eva
Haas3, Paul Hamer’, Martin Hirschi®, Jaakko Ikonen®, Richard de Jeu!?, Richard Kidd!?, William
Lahoz’, Yi Y. Liu'?, Diego Miralles!*14, Thomas Mistelbauer!?, Nadine Nicolai-Shaw?®, Robert
Parinussa®®, Chiara Pratola'®'®, Christoph Reimer''!, Robin van der Schalie'®, Sonia I.
Seneviratne®, Tuomo Smolander?, Pascal Lecomte®’

(Published in the CCI special issue in Remote Sensing of Environment: "Earth Observation of
Essential Climate Variables", figure numbers have been adjusted to match those in this
document.)

We include here modified Sections 4 - 6 of Dorigo et al. (2017). Section 3.1 (i.e., Section 4 of
Dorigo et al., 2017) gives an overview of a wide variety of studies using the ESA CCl SM dataset.
The section is subdivided into the following application areas (corresponding to those used in
Table 1 - Table 6 of the Appendix): assessing climate variability and change (Section 3.1.1),
land-atmosphere interactions (Section 3.1.2), global biogeochemical cycles and ecosystems
(Section 3.1.3), hydrological and land surface modelling (Section 3.1.4), drought applications
(Section 3.1.5), and meteorological applications (Section 3.1.6).

Section 3.2 (i.e., Section 5 of Dorigo et al., 2017) gives a thorough overview of the research
priorities for improving the ESA CCl SM dataset (and soil moisture climate data requirement
in general). The main points considered are, higher spatial resolutions, the filling of data gaps,
improvement of temporal sampling, product accuracy, blending methods, and temporal
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consistence, shorter latency between data acquisition and data availability, the independence
of LSMs, and the creation of a root-zone soil moisture product.

Section 3.3 (i.e., Section 6 of Dorigo et al., 2017) gives the conclusion and outlook. The review
shows the uniqueness of the ESA CCl SM product, in particular the global coverage and long
period of temporal coverage. There is at this time really no other product available with these
characteristics. However, users should also be aware of the limitations of the dataset, e.g., the
varying dataset quality through space and time, and the occurrence of data gaps, which can
make it difficult for users to integrate the data in their applications. Though it might be
possible to overcome many of these limitations through improved science and data availability
(e.g., with new sensors like SMOS and SMAP), some limitations might prove to be insuperable.
It is therefore essential to always communicate clearly the dataset characteristics to all users.

3.1 ESA CCI SM in Earth system applications

A wide variety of studies have explored the potential of ESA CCl SM product for improving our
understanding of Earth system processes. Even though the application fields are seemingly
different, in all of them ESA CCl SM plays a central role in benchmarking, calibrating, or
providing an alternative to the land surface hydrology in dedicated models. The following
sections will provide an extensive synthesis of how ESA CCl SM has been used in the different
application areas, the motivation of each study for using this product in particular, and the
main drawbacks encountered when using the ESA CCI SM data. A synthesis of the limitations
and the unexploited potential of the dataset is given in Section 5. For the original assessment,
we reviewed all scientific papers that correctly cite any of the early key publications on the
dataset (Dorigo et al., 2012; Liu et al., 2011; Dorigo et al., 2015b; Wagner et al., 2012b; Liu et
al., 2012) and were listed either in Scopus (http://scopus.com/) or Google Scholar
(https://scholar.google.com) as of June 22, 2017. For the recent update of the scientific
applications, papers citing Dorigo et al. (2017) and Gruber et al. (2019) are considered (defined
as to be cited compulsorily when using the ESA CCI SM product).

3.1.1 Assessing climate variability and change

As soil moisture is an integrative component of the Earth system, any large-scale variability or
change in our climate should manifest itself in globally observed soil moisture patterns. In this
role, ESA CCI SM has made a significant contribution to the body of evidence of natural and
human-induced climate variability and change. Indicative for this, is the contribution of ESA
CCI SM to the State of the Climate Reports that are issued every year by National Oceanic and
Atmospheric Administration (e.g., Arndt et al., 2016). Several studies have shown a clear
relationship between major oceanic-atmospheric modes of variability in the climate system,
e.g., El Nifio Southern Oscillation (ENSO), and variations in ESA CCl SM (Bauer-Marschallinger
et al., 2013; Miralles et al., 2014b; Nicolai-Shaw et al., 2016; Dorigo et al., 2016).. By applying
enhanced statistical methods to the multi-decadal ESA CClI SM v0.1 dataset over Australia,
(Bauer-Marschallinger et al., 2013) were able to disentangle the portion of soil moisture
variability that is driven by the major climate oscillations affecting this continent, i.e., ENSO,
the Indian Ocean Dipole and the Antarctic Oscillation, from other modes of short-term and
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long-term variability. Miralles et al. (2014b) showed that inter-annual soil moisture variability
as observed by ESA CClI SM COMBINED v02.2 largely drives the observed large-scale variability
in continental evaporation.

ESA CCl SM has been widely used to assess global trends in soil moisture, mostly in
combination with LSMs. Based on ESA CCl SM v0.1, Dorigo et al. (2012) revealed that for the
period 1988-2010 27% of the area covered by the dataset showed significant trends, of which
almost three quarters were drying trends. A similar conclusion was drawn by Feng and Zhang
(2015) based on ESA CCI SM COMBINED v02.1. The strong tendency towards drying was
largely confirmed by trends computed for the same period from ERA-Interim and GLDAS-Noah
(Dorigo et al., 2012), and ERA-Interim/Land and MERRA-Land (Albergel et al., 2013b), although
the spatial trend patterns were not everywhere congruent between datasets. The agreement
in trends between a newer version of ESA CCl SM (v02.2) and MERRA-Land were confirmed
by Su et al. (2016). Note however that results from the PVIR (Hirschi et al., 2023b, 2024) show
that global 1988-2010 trend patterns based on different versions of ESA CCl SM have
undergone significant changes in magnitude and sign from these earlier to later product
versions of the COMBINED product. Particularly, a large-scale tendency for more widespread
positive trends in the northern mid-latitudes is visible with later product versions (most
pronounced from v04.7 to v06.1). Also, the partly negative trends in Siberia (most pronounced
in v04.7 and v05.2) partly turn into positive trends in the latest product versions (i.e., v07.1 to
v09.1). Also, the original significant wetting trend in southern Africa disappears with the latest
product releases, while Patagonia starts to experience wetting trends. Over Australia, the
widespread drying trend present in v0.1 also mostly disappears and partly turns into a wetting
trend in the later versions (v07.1 to v09.1). In addition to these changes of the soil moisture
trends with product versions, trend patterns also diverge between the COMBINED (larger
fractions of drying trends) and the underlying PASSIVE (mix of wetting and drying trends) and
ACTIVE (large fraction of stronger wetting trends) products (Hirschi et al., 2023a).

Trend analyses performed on a more regional scale, but for different time periods
(e.g.,Rahmani et al., 2016; e.g., Wang et al., 2016; Li et al., 2015; Zheng et al., 2016; An et al.,
2016a) generally confirmed the results obtained at the global scale, while providing a more
detailed view on the impact of local land management practices, e.g., irrigation, on observed
trends (Qiu et al., 2016), and the impact of soil moisture trends on regional climate
(Klingmiller et al., 2016). Feng (2016) assessed the drivers of trends in ESA CCl SM COMBINED
v02.2 and concluded that at the global scale climate change is by far the most important driver
of long-term changes in soil moisture, although at the regional level land cover and land use
change may play a significant role. Similar conclusions were drawn by regional studies over
China (Chen et al., 2017; Liu et al.,, 2015; Meng et al., 2018). Other studies analysed the
variability and trends in ESA CCI SM in relation to other atmospheric variables and circulation
patterns over Asia (Zhan et al.,, 2017; Shrivastava et al., 2016; Shrivastava et al., 2017).
Nevertheless, given the limited data record length, the impact of low-frequency climate
oscillations on trends should first be carefully addressed before any robust conclusion about
the sign and magnitude of perpetual changes can be drawn (Miralles et al., 2014b). Likewise,
the potential impact of dataset artefacts should be carefully quantified and corrected for (Su
et al., 2016).
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ESA CCI SM has been widely used as a reference for evaluating model states and trends in
global and regional climate simulations. Different versions of ESA CCl SM COMBINED were
used to systematically evaluate soil moisture states, trends, and dynamics of models
participating in the latest Coupled Model Intercomparison Project (CMIP5(Du et al., 2016;
Lauer et al., 2017; Yuan and Quiring, 2017; Huang et al., 2016). At the regional scale, various
studies used ESA CClI SM COMBINED to assess the sensitivity to soil moisture of various
processes in global and regional climate models (Pieczka et al., 2016; Unnikrishnan et al., 2017;
Agrawal and Chakraborty, 2016)or to improve climate simulations by assimilating ESA CCl SM
directly (Paxian et al., 2016). Even though most studies report positive experiences, the use of
ESA CCI SM for climate model evaluations is primarily limited by discrepancies in surface layer
thickness between models and satellite observations, the existence of spatial data gaps, and
the fact that it does not provide an independent reference for evaluating absolute values.
Despite these limitations, ESA CCl SM has been proposed (together with other land-based
products) as an official reference for validating the land surface components of the CMIP6
models (van den Hurk et al., 2016).

3.1.2 Land-atmosphere interactions

As soil moisture is essential in partitioning the fluxes of water and energy at the land surface,
it can affect the dynamics of humidity and temperature in the planetary boundary layer. This
control of soil moisture on evapotranspiration is important for the intensity and persistence
of heatwaves, as the depletion of soil moisture and the resulting reduction in evaporative
cooling may trigger an amplified increase in air temperature (Seneviratne et al., 2006a; Hirschi
et al., 2011; Fischer et al., 2007; Miralles et al., 2014a).While many studies on soil moisture—
evapotranspiration and soil moisture—temperature coupling are based on modelling results or
use precipitation-based drought indices as a proxy for soil moisture, ESA CCl SM enables
analyses based on long-term observed soil moisture estimates (Miralles et al., 2014a; Hirschi
et al., 2014; Casagrande et al., 2015). Therefore, ESA CCl SM in combination with other large-
scale observations has been widely used to evaluate the coupling diagnostics found in models
(Zhou et al., 2016; Knist et al., 2017; Li et al., 2016; Catalano et al., 2016; Li et al., 2017).

Limitations with respect to the depth of the soil moisture retrievals (i.e., reporting the content
of moisture in the first few centimetres as opposed to the entire root depth affecting
transpiration) have triggered some debate about the appropriateness of ESA CClI SM to
investigate evapotranspiration dynamics and atmospheric feedbacks (Hirschi et al., 2014).
Hirschi et al. (2014) showed that the strength of the relationship between soil moisture and
temperature extremes appears underestimated with ESA CCl SM compared to estimates
based on the Standardized Precipitation Index (SPI; McKee et al., 1993; Stagge et al., 2015),
which seems to be related to an underestimation of the temporal dynamics and of large
dry/wet anomalies within ESA CCI SM. This effect is enhanced under extreme dry conditions
and may lead to a decoupling of the surface layer from deeper layers and from atmospheric
fluxes (and resulting temperatures). Thus, the added value of root-zone soil moisture is likely
more important for applications dealing with extreme conditions, while for mean
climatological applications the information content in the surface layer appears adequate. The
assimilation of remote sensing surface soil moisture into a land surface model (e.g., De Lannoy
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and Reichle, 2016; Albergel et al., 2017) provides a possible alternative here. In fact, root zone
soil moisture estimates by the satellite-based Global Land Evaporation Amsterdam Model
(GLEAM; Miralles et al., 2011) have been improved by the assimilation of ESA CCl SM, while
the overall quality of evaporation estimates remains similar after assimilation (Martens et al.,
2017). Also, the assimilation of ESA CCl SM COMBINED v02.1 helped interpreting global land
evaporation patterns and multi-annual variability in response to the El Nifio Southern
Oscillation (Miralles et al., 2014b).The obvious link between soil moisture and evaporation has
motivated several studies to use ESA CClI SM COMBINED (v0.1 and v02.1) to attribute trends
observed for evaporation (Rigden and Salvucci, 2017; Zeng et al., 2014).

Soil moisture also affects precipitation through evapotranspiration. Yet, the effect of soil
moisture on precipitation is much more debated than for air temperature. Studies report both
positive or negative feedbacks, and even no feedback. Using a precursor of ESA CCI SM, Taylor
et al. (2012) identified a spatially negative feedback of soil moisture on convective
precipitation regarding the location, i.e., that afternoon rain is more likely over relatively dry
soils due to mesoscale circulation effects. Guillod et al. (2015) revisited the soil moisture effect
on precipitation using GLEAM root-zone soil moisture with ESA CClI SM COMBINED v02.1
assimilated, and showed that spatial and temporal correlations with opposite sighs may
coexist within the same region: precipitation events take place preferentially during wet
periods (moisture recycling), but within the area have a preference to fall over comparatively
drier patches (local, spatially negative feedbacks).

A more indirect but potentially strong soil moisture — atmosphere feedback was found
by Klingmdiller et al. (2016), who were able to link an observed positive trend in Aerosol
Optical Depth (AOD) in the Middle East to a negative trend in ESA CCl SM COMBINED v02.1.
As lower soil moisture translates into enhanced dust emissions, their results suggested that
increasing temperature and decreasing relative humidity in the last decade have promoted
soil drying, leading to increased dust emissions and AOD. Also Xi and Sokolik (2015) found
significant correlations between the variability in AOD and soil moisture. These changes in
atmospheric composition again may have considerable impact on radiative forcing and
precipitation initiation (Ramanathan et al., 2001) and as such impact the energy and water
cycles in the area.

3.1.3 Global biogeochemical cycles and ecosystems

Soil moisture is a regulator for various processes in terrestrial ecosystems such as plant
phenology, photosynthesis, biomass allocation, turnover, and mortality, and the accumulation
and decomposition of carbon in soils (Carvalhais et al., 2014; Reichstein et al.,, 2013;
Richardson et al., 2013; Nemani et al., 2003). Low soil moisture during drought reduces
photosynthesis, enhances ecosystem disturbances such as insect infestations or fires, and thus
causes plant mortality and accumulation of dead biomass in litter and soils (Allen et al., 2010;
McDowell et al., 2011; Thurner et al.,, 2016). The release of carbon from soils to the
atmosphere through respiration is also controlled by soil moisture (Reichstein and Beer,
2008). Consequently, soil moisture is a strong control on variations in the global carbon cycle
(van der Molen et al., 2011; Ahlstrom et al., 2013; Poulter et al., 2014).
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Despite the importance of soil moisture for the global carbon cycle, satellite-derived soil
moisture data are currently under-explored in carbon cycle and ecosystem research. Because
long-term soil moisture observations were lacking until recently, most studies on the effects
of soil moisture on vegetation relied on precipitation estimates (Poulter et al., 2013; Du et al.,
2013), indirect drought indices (Ji and Peters, 2003; Hogg et al., 2013), or soil moisture
estimates from land surface models (Forkel et al., 2015; Rahmani et al., 2016). More recently,
studies used ESA CClI SM to assess impacts of water availability and droughts on plant
phenology and productivity based on satellite-derived vegetation indices and variables such
as the NDVI or the Leaf Area Index (LAl), or directly of vegetation productivity (Murray-
Tortarolo et al., 2016). For example, Szczypta et al. (2014) used ESA CCl SM v0.1, modelled soil
moisture, and LAl over the Euro-Mediterranean zone to evaluate two land surface models and
to predict LAl anomalies over cropland. LAl was predictable from ESA CCl SM in large
homogeneous cropland regions, e.g., in Southern Russia (Szczypta et al., 2014). Strong positive
relationships between ESA CClI SM COMBINED and NDVI and/or LAl were also found for
Australia (Chen et al., 2014; v0.1; Liu et al., 2017c; v02.1) for croplands in North China (Wang
et al.,, 2016; v0.1; Wang et al., 2017; v02.1) and the Ukraine (Ghazaryan et al., 2016; v02.1),
for East Africa (McNally et al., 2016; Wu et al., 2016; v02.0), and Senegal (Cissé et al., 2016;
v0.1). Generally, many regions with positive (greening) or negative (browning) trends in NDVI
show also positive and negative trends in ESA CCl SM v0.1, respectively (Dorigo et al., 2012).
This co-occurrence of soil moisture and NDVI trends reflects the strong water control on
vegetation phenology and productivity. Interestingly, soil moisture from ESA CCl SM v0.1 was
also correlated with NDVI in some boreal forests, which are primarily temperature-controlled
(Barichivich et al., 2014). In these regions, soil moisture and vegetation productivity were
controlled by variations in the accumulation and thawing of winter snow packs (Barichivich et
al., 2014). However, some water-limited regions showed negative ESA CCl SM v0.1 soil
moisture trends with no corresponding trend in NDVI (Dorigo et al., 2012). In these cases, the
positive relation between surface soil moisture and vegetation is likely modified by vegetation
type and vegetation density (Feng, 2016; McNally et al., 2016). For example, densely
vegetated areas in East Africa show stronger correlations between ESA CCl SM COMBINED
v02.1 soil moisture and NDVI than sparsely vegetated areas (McNally et al., 2016). Regional
differences in the response of ecosystems to soil moisture variability have also been attributed
to differences in water use efficiency (Li et al., 2017). Novel data-driven approaches enable
quantification of the share of ESA CCI SM in controlling NDVI variability as opposed to other
water and climate drivers (Papagiannopoulou et al., 2017a; Papagiannopoulou et al., 2017b).
Figure 13 shows the correlation between the latest ESA CCl SM COMBINED (v03.2) product
and NDVI GIMMS 3G (Tucker et al., 2005) with a lag time of soil moisture preceding NDVI of
16 days. In most regions and especially in water-limited areas such as the Sahel, there is a
strong and direct response of NDVI to soil moisture. On the other hand, correlations are
negative in many temperate regions. This is likely because NDVI is highest in summer months
when soil moisture decreases. This demonstrates that vegetation productivity in temperate
regions is primarily temperature-controlled and strongly affected by human activities through
agriculture or forest management (Papagiannopoulou et al., 2017a; Forkel et al., 2015).

Apart from the analysis of relations with vegetation indices, the ESA CCl SM datasets have
been used in other ecosystem studies. For example, Mufioz et al. (2014) investigated tree ring
chronologies of conifers in the Andeans in conjunction with soil moisture variability from ESA
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Figure 13 Mean Pearson correlation coefficient R between ESA CCl soil moisture v03.2 and GIMMS
NDVI3g for the period 1991 to 2013 for a lag time of soil moisture preceding NDVI by 16 days.
White areas indicate pixels for which correlations are not significant (p>0.05).

CCI SM v0.1. The study revealed a previously unobserved relation between tree growth and
summer soil moisture Munoz et al. (2014). While most studies have looked at the impact of
soil moisture on vegetation, only very few studies have assessed the opposite, i.e., the impact
of vegetation on soil moisture. One such example is the study of Jiao et al. (2016) who looked
at the impact of large-scale reforestation on soil moisture in China. Indirect links between soil
moisture and ecosystem dynamics have been the studies of Madani et al. (2016), who used
ESA CCI SM COMBINED vO0.1 as one of the predictors of Emu migrations in Australia and
of Tang et al. (2017) who assessed the impact of wind farms on ESA CCl SM COMBINED v02.2
and vegetation productivity.

Furthermore, ESA CCI SM v0.1 and vegetation data were used to evaluate ecosystem models
(Szczypta et al., 2014; Traore et al., 2014; Willeit and Ganopolski, 2016; Sato et al., 2016).
Thereby, the results of Traore et al. (2014) demonstrate that a model that best performs for
soil moisture does not necessarily best perform for plant productivity. This demonstrates the
need to jointly use soil moisture and vegetation or carbon cycle observations to improve
global ecosystem/carbon cycle models (Kaminski et al., 2013; Scholze et al., 2016). The use of
the ESA CCI SM in such an analysis could potentially constrain model uncertainties regarding
the long-term hydrological control on vegetation productivity and ecosystem respiration
(Detmers et al., 2015; Scholze et al., 2017). However, a major source of uncertainty about the
future terrestrial carbon cycle is related to how global ecosystem models represent carbon
turnover, vegetation dynamics, and disturbances such as fires (Friend et al., 2014). It was
previously shown that variations in satellite-derived soil moisture are related to extreme fire
events in boreal forests (Bartsch et al., 2009; Forkel et al., 2012). Consequently, the ESA CCI
SM COMBINED dataset has been used together with climate, vegetation, and socio-economic
data to assess controls on fire activity globally and to identify appropriate model physics
structures for global fire models (Ichoku et al., 2016; Forkel et al., 2017). Because of the role
of soil moisture on microbial activity, ESA CCl SM v0.1 has been used as one of the forcings to
simulate global atmospheric methane uptake by soils (Murguia-Flores et al., 2018).
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3.1.4 Hydrological and land surface modelling

As soil moisture drives processes like runoff, flooding, evaporation, infiltration, and ground
water recharge, it is important that hydrological models accurately map soil moisture states.
The potential of using ESA CCI SM to validate surface soil moisture fields in state-of-the-art
LSMs, reanalysis products, and large-scale hydrological models has been largely recognized
(Szczypta et al., 2014; Loew et al., 2013; Fang et al., 2016; Spennemann et al., 2015; Mao et
al., 2017; Lai et al., 2016; Okada et al., 2015; Ghosh et al., 2016; Rakovec et al., 2016; Parr et
al., 2015; Mueller and Zhang, 2016; Mishra et al., 2014). Schellekens et al. (2016) exploited
the long-term availability of ESA CCI SM COMBINED v02.2 to validate according to the
standardised International Land Model Benchmarking (ILAMB) protocol the soil moisture
fields of ten global hydrological and land surface models, all forced with the same
meteorological forcing dataset for the period 1979-2012. New insights in the model
representation of hydrological processes like infiltration have been offered by comparing the
memory length (Chen et al., 2016; Lauer et al., 2017) and the frequency domains (Polcher et
al., 2016) between LSMs and remote sensing products, including ESA CCI SM COMBINED
v02.3. Crow et al. (2015)utilized ESA CCl SM v0.1 to estimate the error covariance matrix for
an ensemble of LSM simulations of surface soil moisture in order to optimally merge them.
The authors claim that the long period covered by the ESA CCl SM product is essential for
removing sampling error in these estimates. Similarly, as for climate model evaluations, the
use of ESA CCI SM for hydrological model evaluations is hampered by discrepancies in surface
layer thickness between models and satellite observations, the existence of spatial data gaps,
heterogeneity of data properties over time, and the dependency of the absolute values in an
LSM (Table 4).

Satellite soil moisture data can bring important benefits in runoff modelling and forecasting
both through an improved initialization of rainfall-runoff models and through data
assimilation techniques that allow for updating the soil moisture states. Several studies have
shown the positive impact on flood and runoff prediction through assimilation of single sensor
Level 2 products used in ESA CCI SM, e.g., obtained from ASCAT (Brocca et al., 2010), AMSR-E
(Sahoo et al., 2013), and SMOS (Lievens et al., 2015). Wanders et al. (2014) and Alvarez-
Garreton et al. (2015) showed the improved skill of runoff predictions when jointly
assimilating multiple soil moisture products (SMQOS, ASCAT and AMSR-E), resulting mainly
from improved temporal sampling. Long-term homogeneous soil moisture products like ESA
CCl SM become important in flood modelling studies that require a multi-year period for the
calibration and validation of model parameters. Assimilating the ESA CCI SM COMBINED v02.2
product over the Upper Niger River basin improved runoff predictions even though the
simulation of the rainfall-runoff model was already good (Massari et al., 2015). Tramblay et
al. (2014) used ESA CCI SM v0.1 to better constrain model parameters, and hence reduce
uncertainties, of a parsimonious hydrological model in the Mono River basin (Africa), with the
goal to evaluate the impact of climate change on extreme events. Further studies are clearly
needed to assess the full potential of ESA CCI SM product for runoff modelling and forecasting.
For example, even a simple model based only on persistence allows for the prediction of soil
moisture (Nicolai-Shaw et al., 2016), and exploiting this characteristic could contribute to
improved early warning systems. At the local scale, Dahigamuwa et al. (2016) used ESA CCI
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SM v0.1 in combination with vegetation cover to improve the prediction of landslide
occurrence.

ESA CClI SM products have been used for improving the quantification of the different
components of the hydrological cycle, i.e., evaporation (Allam et al., 2016; Martens et al.,
2017; Miralles et al., 2014b), groundwater storage (Asoka et al., 2017), and rainfall (Ciabatta
et al., 2016; Bhuiyan et al., 2017a; Bhuiyan et al., 2017b). Soil moisture contains information
on antecedent precipitation. This principle is being exploited by the SM2RAIN method (Brocca
et al., 2014; Brocca et al., 2013), which uses an inversion of the soil-water balance equation
to obtain a simple analytical relationship for estimating precipitation accumulations from the
knowledge of a soil moisture time-series. The method has been tested on a wide range of
Level 2 satellite soil moisture products and ESA CClI SM COMBINED v02.2 (Brocca et al., 2014;
Ciabatta et al., 2016). SM2RAIN realistically reproduces daily precipitation amounts when
compared to gauge observations and in certain regions may even outperform direct satellite-
based estimates of precipitation, even though its performance hinges on the quality of the soil
moisture product used as input (Brocca et al., 2014; Ciabatta et al., 2016). Its application to
ESA CClI SM COMBINED provides an independent global climatology of precipitation from 1979
onwards. Abera et al. (2017) used the SM2RAIN precipitation product from ESA CCl SM
(Ciabatta et al., 2016; Ciabatta et al., 2018) to quantify the space-time variability of rainfall,
evaporation, runoff and water storage for the Upper Blue Nile river basin in Africa.

Heimhuber et al. (2017) used ESA CCl SM (version unknown) in a statistical framework to
predict the dynamics in surface water in south-eastern Australia. ESA CClI SM has also been
used to map large-scale irrigation, which is largely unquantified on a global scale and,
consequently, not included in most large scale hydrological and/or land surface models (Qiu
et al., 2016). By comparing modelled and satellite soil moisture data, irrigated areas can be
detected when satellite data and modelled data (the latter do not include irrigation) show
different temporal dynamics. Kumar et al. (2015) used satellite soil moisture observations
from ESA CClI SM COMBINED v02.1, ASCAT, AMSR-E, SMOS, and WindSat for detecting
irrigation over the United States. Similarly, Qiu et al. (2016) detected irrigated areas in China
by evaluating the differences in trends between ESA CCI SM COMBINED v02.1 and
precipitation. Liu et al. (2015) used ESA CCl SM v0.1 to support the attribution of negative
trends in soil moisture in Northern China to agricultural intensification.

3.1.5 Drought applications

Soil moisture droughts, also referred to as agricultural droughts, may be driven by a lack of
precipitation and/or increased evapotranspiration (Seneviratne et al., 2012). In addition to
natural variability, human land modification and water management can contribute to
agricultural drought (Liu et al., 2015; Van Loon et al., 2016). Prior to the availability of global
satellite-based soil moisture datasets, precipitation and temperature gridded datasets were
favoured for developing drought monitoring indices. Well-known examples, although
primarily indicative of meteorological drought rather than agricultural drought, are the SPI
and the Palmer Drought Severity Index (PDSI; Palmer, 1965). ESA CCl SM has been repeatedly
used to evaluate the performance of such indices (van der Schrier et al., 2013; Liu et al.,
2017b).
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ESA CCI SM can be used to directly monitor agricultural drought, or help to set up alternative
drought indicators. For example, Carrdo et al. (2016) and (Rahmani et al., 2016) used ESA CCI
SM COMBINED (v02.0 and v02.1, respectively) to develop a drought index comparable to SPI
but based on actual soil moisture observations instead of precipitation, naming them the
Empirical Standardized Soil Moisture Index (ESSMI) and Standardized Soil Moisture Index (SSl),
respectively. Carrdo et al. (2016) found high correlations between ESSMI and maize, soybean,
and wheat crop yields in Latin America and with this index could accurately describe the
severe and extreme drought intensities in north-eastern Brazil in 1993, 2012, and 2013. Based
on SSI, (Rahmani et al., 2016) were able to identify a severe drought event that started in
December 2012 in the northern part of Iran. The Enhanced Combined Drought Index (ECDI)
proposed by Enenkel et al. (2016b) combines ESA CCl SM COMBINED v02.2 with satellite-
derived observations of rainfall, land surface temperature and NDVI for the detection of
drought events, and has been successfully used to detect large-scale drought events in
Ethiopia between the years 1992-2014.

McNally et al. (2016) specifically evaluated the use of ESA CCI SM COMBINED v02.2 for
agricultural drought and food security monitoring in East Africa, and found that ESA CCI SM is
a valuable addition to a ‘convergence of evidence’ framework for drought monitoring. Like
Dorigo et al. (2015b) they emphasize that users should be aware of the spatial and temporal
differences in data quality caused for example by significant data gaps prior to 1992, the lack
of overlap between sensors, or difficulties with soil moisture retrievals over certain terrains
such as heavily vegetated areas. Post 1992, McNally et al. (2016) generally found good
agreement between ESA CCI SM and other soil moisture products as well as with NDVI in East
Africa. Yuan et al. (2015a) assessed the skill of ESA CCI SM v02.1 in capturing short-term soil
moisture droughts over China. They found that the PASSIVE and COMBINED products have
better drought detection skills over the sparsely vegetated regions in north-western China
while ACTIVE worked best in the more densely vegetated areas of eastern China.

At the global scale, (Miralles et al., 2014b) identified the effect of El Niflo-driven droughts in
soil moisture, NDVI and evaporation, using GLEAM and ESA CCI SM COMBINED v02.1. This in
combination with the high persistence of soil moisture (Seneviratne et al., 2006b; Nicolai-
Shaw et al., 2016) makes the ESA CCl SM dataset valuable for the monitoring and prediction
of drought events. Hence, various versions of ESA CCl SM COMBINED have been used as a
piece of evidence for probabilistic drought monitoring and forecasting in India (Padhee et al.,
2017; Asoka and Mishra, 2015), Spain (Linés et al., 2017), and the United States (Yan et al.,
2017). Recently, ESA CCI SM COMBINED v02.2 was used to validate the predictions of process-
based drought forecasting models applied in Sub-Saharan Africa (McNally et al., 2017) and
India (Shah and Mishra, 2016).

3.1.6 (Hydro)meteorological applications

Numerical Weather Prediction (NWP) involves the use of computer models of the Earth
system to simulate how the state of the Earth system is likely to evolve over a period of a few
hours up to 1-2 weeks ahead. It also considers longer timescales (seasonal and climate)
through the notion of seamless prediction (Palmer et al., 2008). A number of studies provide
strong support for the notion that high skill in short- and medium-range forecasts of air
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temperature and humidity over land requires proper initialization of soil moisture (Beljaars et
al., 1996; Drusch and Viterbo, 2007; van den Hurk et al., 2010; Douville et al., 2000). There is
evidence also of a similar impact from soil moisture on seasonal forecasts (Koster et al., 2004;
Koster et al., 2011; Weisheimer et al., 2011; Dirmeyer and Halder, 2017).
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Figure 14 Differences in correlations of absolute soil moisture values (left) and anomalies (right)
differences between ESA CCl SM COMBINED v02.2 and soil moisture from the first layer of soil of
two offline experiments over 1979-2014. Experiment GESF has a first layer of soil of 1 cm depth (0-
1cm), GA89 of 7 cm depth (0-7cm). Differences are only shown for pixels that provide significant
correlations (p<0.05) for both experiments. Pixels where these conditions are not met have been
left blank.

Remotely sensed soil moisture datasets like ESA CCl SM can serve NWP by offering a long-
term, consistent, and independent reference against which NWP output fields can be
evaluated. This may eventually improve meteorological forecasts through a better
representation of the land surface and of the fluxes between the land surface and the
atmosphere in the NWP (see Section 3.1.2). For example, Arnault et al. (2016) used ESA CCI
SM (version unknown) to evaluate soil moisture predicted with a Weather Research and
Forecast (WRF)-Hydro Coupled Modeling System for West Africa. Recently, ECMWF made an
offline development in its Land Surface Model HTESSEL (Balsamo et al., 2009; Balsamo et al.,
2015), making it possible to add extra layers of soil as well as changing their thickness (Mueller
et al., 2016). An experiment was run which increases the number of soil layers from four to
nine and reduces the thickness of the upper soil layer from seven (0-7 cm) to one (0-1)
centimetre. One of the rationales for having this thin topsoil layer is having a surface layer that
is closer to the depth sampled by existing satellite observations and thus allowing for a better
assimilation of these observations. Soil moisture from the first layer of two offline
experiments, forced by ERA-Interim reanalysis, and considering either a 1 cm depth (GE8F) or
a 7 cm depth (GA89) layer was compared to the ESA CCI SM COMBINED v02.2 over the period
1979-2014. Correlations were computed for absolute soil moisture and anomaly time series
from a 35-day moving average (Dorigo et al., 2015b). We illustrate differences in correlation
between the two experiments in Figure 14. The red colours illustrate that in most areas using
a 1 cm instead of a 7 cm surface layer depth leads to a better match with the ESA CClI SM
COMBINED dataset. Positive differences frequently reach values higher than 0.2, particularly
for correlations on anomaly time series, which shows that a thinner model layer better mimics
satellite-observed surface soil moisture variations, as was expected.
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Few studies have assimilated remotely sensed soil moisture directly into NWPs and climate
models to update their soil moisture fields. Even though this mostly leads to a significant
improvement of the model's soil moisture fields, its impact on the meteorological forecast
itself, e.g., on 2 m air (T2 m) temperature (Bisselink et al., 2011), screen temperature or
relative humidity predictions (Dharssi et al., 2011; Scipal et al., 2008; de Rosnay et al., 2013),
is typically limited in areas with dense coverage of the ground-based meteorological observing
network and difficult to evaluate in poorly observed areas. We are only aware of one study
that assimilated ESA CCI SM (version unknown) directly into an NWP to update its soil moisture
field (Zhan et al., 2016). This study showed that assimilating ESA CCI SM into the NASA Unified
WRF model coupled with NASA Land Information System could decrease the RMSEs of near-
surface air temperature and humidity for certain forecasts and decrease the biases of NUWRF
model longer term rainfall forecasts more significantly than those of the shorter-term
forecasts.

3.2 Closing the gap between Earth system research requirements and
observations

Our overview of product characteristics in Section 3 (of Dorigo et al., 2017) shows that the
ESA CCl SM products are able to overcome several of the drawbacks that single-sensor
products have with respect to their applicability in a climate context, particularly concerning
the dataset length and revisit times. Even though ESA CCI SM is approaching the requirements
outlined in the 2015 GCOS Status Report our analysis also shows that these characteristics
vary significantly through space and time. Thus, it is often not meaningful to capture certain
dataset characteristics in a single statistical number. Besides, the GCOS requirements present
only a high-level consensus view on what is required to meet the increasing and more varied
needs for climate data and information (GCOS-200, 2016). Therefore, our review of validation
and application studies is crucial for identifying more specific requirements and the degree to
which these are currently met by ESA CCI SM. It reveals that not all applications have the same
requirements: for example, while for flood forecasting a high observation density appears to
be of ultimate importance, this may be less crucial when studying long-term global trends in
mean soil moisture. Based on our review we see the following research priorities for improving
ESA CCI SM and soil moisture CDRs in general.

3.2.1 Higher spatial resolutions

Higher spatial resolutions are required to serve more regional applications, e.g., to map the
impact of irrigation on local water budgets or to assess the impacts of local soil moisture
variability on atmospheric instability (Taylor et al., 2013).Higher spatial resolutions of ESA CClI
SM can be either achieved by including observations with higher native resolution (e.g., SAR,
thermal infrared) or by applying appropriate downscaling techniques to the coarse scale
observations (Peng et al., 2016; An et al., 2016b). As part of ESA CCl+ soil moisture, CCN4
currently addresses the creation of an interpolated medium resolution (0.1°) soil moisture
product, as well as a regional high-resolution (1 km scale) product from Sentinel data to serve
these needs for higher spatial resolutions.
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3.2.2 Filling data gaps and improved temporal sampling

Many users and applications have difficulties in dealing with intermittent data. A way to
address this would be the creation of gap-filled time series, which would improve the nominal
observation density. At the same time, increasing the actual (real) observation density prior
to 2002 to a daily resolution would be required to have a significant impact on data
assimilation, e.g., in hydrological models or land surface reanalyses (Alvarez-Garreton et al.,
2015). This may be partly overcome by improved blending approaches, although data density
will remain insufficient in the earliest periods due to a lack of appropriate satellites. Sub-daily
resolutions would be necessary to capture the high-frequency components of the soil
moisture signal which in the temporal domain are driven mainly by precipitation and the
diurnal cycle of solar radiation (Dorigo et al., 2013). A denser temporal sampling is also crucial
to better quantify land-atmosphere interactions, e.g., soil moisture controls on convective
precipitation (Taylor et al., 2012; Guillod et al., 2014). Fortunately, the current constellation
of coarse-scale microwave satellites is capable of providing measurements several times per
day (SMOS and SMAP at around 6:00 am and pm, ASCAT at 9:30 am and pm, and AMSR2 at
1:30 am and pm), which are however currently merged at daily resolution to make up for the
varying accuracy of the different retrieval times. At the same time, due to physical limitations
of microwave remote sensing in providing useful information below snow/ice cover, under
frozen conditions, or underneath dense vegetation, spatial data gaps will remain an issue also
in the future. As an alternative, gap-filling can be achieved by statistical methods for data
imputation (e.g., Bessenbacher et al., 2022; Bessenbacher et al., 2023). An additional gap-
filled version of the COMBINED product is being produced as of v08.1 as a research product
of ESA CCI SM (Preimesberger et al., 2024). Such product covers the period 1991-2022, which
is considered a good trade-off between a sufficient input data density to obtain a robust filling,
and a fitting temporal coverage to support climate applications. The algorithm used is an
adaptation of the framework given in Garcia (2010), which does not rely on any ancillary
information and as such allows to maintain the properties of the observational data set. The
filling interpolates information in the time and space domains, to generate a product with the
same spatial and temporal resolution of the original COMBINED, and where original
observations are preserved.

3.2.3 Improved product accuracy

Section 3 (of Dorigo et al., 2017) showed that there is still considerable room for reducing
errors. Especially for Level 2 products from scatterometers a lot could still be gained by an
improved modelling of vegetation effects and sub-surface scattering effects in dry soils
(Morrison, 2013; Liu et al., 2016; Wagner et al., 2013). Passive microwave Level 2 products
would benefit from an improved modelling of the effect of diurnal temperature variations on
soil moisture retrievals (Parinussa et al., 2016) and a better quantification of the actual soil
depths sampled by the different microwave frequencies (Wilheit, 1978). Both the active and
passive Level 2 products would profit from an improved characterisation of the sub-daily
behaviour of soil and canopy moisture and the application of de-noising methods (Su et al.,
2015). These improved Level 2 products would in turn contribute to reduced errors in the ESA
CCI SM products. Not only product errors themselves need to be improved, but also their
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characterisation in space and time and their communication to the users. As suggested earlier,
providing a single error estimate for the entire dataset is impractical and insufficient.
Applications based on data assimilation only profit maximally if the product errors are
accurately and dynamically characterised at the level of individual observations (Lahoz and
Schneider, 2014).

3.2.4 Improved blending methods

Some studies observed a reduced skill of COMBINED with respect to the ACTIVE or PASSIVE
products (Yuan et al., 2015a; Szczypta et al., 2014; Chakravorty et al., 2016). Even though this
issue has been largely resolved for the reported study areas in the later versions (Figure 15),
there remain some areas where ACTIVE and PASSIVE outperform COMBINED. This is especially
evident in the region north of the Black Sea and in some scattered areas in central and south-
east Asia (dark red areas in Figure 15). In some cases, the scaling of the remote sensing
products against a LSM-based climatology could remove some of the observed signal, for
instance in the presence of irrigation, which is not accurately (or even explicitly) accounted
for in LSMs. More in general, active and passive sensors might retain complementary
information which could be devaluated by their merging. However, the merging scheme
applied as of ESA CCl SM v08.1 is geared towards maximizing the signal-to-noise ratio in the
final product by making use of an error characterization of the input products, leading to
statistical merging optimality (Gruber et al., 2019). By property of the method, the merged
time series will retain a better performance regardless of the quality of the inputs (Gruber et
al., 2017), provided that their uncertainty is sufficiently well characterized. At ESA CCl SM
v08.1, the uncertainty characterization scheme was reviewed to account for time-variant
sources of errors, which leads to an improved uncertainty representation in the merged
products and to an overall improved merging (Stradiotti et al., 2023a).

r70.0

r-0.1

R difference [-]

-0.2

Figure 15 Differences in correlation between ERA5 and ESA CCl SM v08.1 COMBINED on the
one hand, and ERA5 and the best performing ESA CCl SM v08.1 product (either COMBINED,
ACTIVE, or PASSIVE) on the other. Differences close or equal to zero indicate that COMBINED

32



i i Version 2
soil moisture Climate Assessment Report (CAR)

cci Date 19-09-2024

merges the input products without a substantial loss in skill, while negative values indicate
that either ACTIVE or PASSIVE outperforms COMBINED.

3.2.5 Improved temporal consistency

For climate change applications it is of utmost importance that the trend signal contained in
the ESA CCI SM products have a geophysical meaning and are not introduced, e.g., by changes
in sensor constellation. Assessing, and possibly correcting for such potential artefacts should
therefore receive high priority in future product releases (Su et al., 2016). However, despite
the potential detection and correction of more obvious inhomogeneities like changes in the
mean or variance, more intricate inhomogeneities, e.g., changes in data quality and
spatiotemporal coverage, may be easily overlooked. Yet, these may have considerable impact
on several applications, e.g., the attribution of the frequency of extreme events (Loew et al.,
2013; Yuan et al., 2015a; Padhee et al., 2017) or the assessment of mean global trends (Dorigo
et al., 2012). Long-term missions with consistent specifications, e.g., as provided by the ERS
and MetOp satellites, are crucial for supporting homogenisation and intercalibration efforts
As of v08.1 of ESA CCl SM, a break-adjustment using the methodology set out in
Preimesberger et al. (2021) has been implemented for the COMBINED product to correct for
structural breaks in the time series. The method yields longer homogeneous time series
(Figure 16) which generate regional improvements in the correlation of the product with
reanalysis data (Hirschi et al., 2022), and are better suited for long-term trend analysis.

Longest Homogeneous Period : ESA CC| SM | reference: ERAS Longest Homogeneous Period : ESA CCl SM | reference: ERAS

I 2 2 » 2 s P 2 7!
Period Length [years] Period Length [years]

Figure 16 Longest homogenous period in ESA CCl SM v07.1 (COMBINED) before adjustment
(right) and after adjustment (left).

3.2.6 Shorter latency times between data acquisition and data availability

Short latency times are required for embedding the ESA CCl SM product in operational
services. While monitoring services, e.g., drought monitors, would already profit from a
latency of several days, operational flood forecasting and the initialization of boundary
conditions in NWP models require a near-real-time availability of the product. Enenkel et al.
(2016a) demonstrated the feasibility of producing an ESA CCl SM near-real-time dataset,
although they also showed that such a service is constrained by the latency and quality of
available Level 2 products. Operational production and updating of the dataset with an update
frequency of 10 days is now taking place within the Climate Data Store of the Copernicus
Climate Change Services (C3S; https://climate.copernicus.eu/). ESA CCI SM v05.2 is the
current basis for the latest product version (v202012.0.0) of this service.
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3.2.7 Independency of LSMs

To optimally serve model benchmarking activities, especially regarding the assessment of
biases, the ESA CCl SM COMBINED product should become entirely independent of any LSM.
Even though the current scaling against the GLDAS-Noah reference LSM hardly affects trends
and temporal dynamics in the product, it does make the ESA CCl SM COMBINED dataset
impractical for assessing model biases. Globally available L-band observations from SMOS and
SMAP may be considered as an alternative scaling reference in the future. As part of ESA CCl+,
the impacts of replacing GLDAS-Noah with L-band data from SMOS and/or SMAP as a scaling
reference are currently being investigated. Results indicate that the best trade-off could be
using a merged L-band dataset as new reference to benefit from both SMAP (better spatial
coverage) and SMOS (longer time series) advantages (Madelon et al., 2021). A corresponding
research product has been developed by generating an L-band reference from the BTs-level
merging of SMAP and SMOS with the idea that biases can be better removed before the
retrieval model is applied. For this purpose, a single set of brightness temperatures is
estimated from all viewing angles of SMOS by taking SMAP as a reference, from which the SM
is then retrieved. This research product covers the 2010-2023 period and will be distributed
with ESA CCI SM v09.1. The time backward-propagation of the L-band reference using L-band-
like AMSRE data is under investigation from the previous research base of Rodriguez-
Fernandez et al. (2016).

3.2.8 Creation of a root-zone soil moisture product

Root-zone soil moisture is required for a complete assessment of land-atmosphere
interactions, for better linking soil moisture variability to ecosystem and agricultural drought
dynamics, and for hydrological modelling. Although this is seemingly unattainable without the
intervention of an LSM to propagate surface soil moisture observations to the root-zone,
simplified approaches such as the Soil Water Index method (Wagner et al., 1999; Albergel et
al., 2008) may already be useful (Brocca et al., 2012). An ESA CCl+ soil moisture CCN1 Scientific
Evolution study has been concluded with the goal to complement the ESA CCI surface soil
moisture product with a global, long-term root-zone soil moisture dataset with daily and 0.25°
resolution. The creation of an ESA CCI root-zone soil moisture product based on exponential
filtering and using optimal values of the T-parameter determined from in-situ time series is
currently ongoing. Such product will be part of the ESA CCl SM products suite as of v09,
covering the period 1991-2023. The RZSM estimates will also be provided with an adapted
uncertainty characterization scheme that accounts for the model uncertainty component
(Pasik et al., 2023).

One should be aware that user requirements on satellite soil moisture will continue to change,
reflecting advances in Earth system research and evolving societal needs. As regards climate
applications, the latest GCOS Implementation Plan (GCOS-200, 2016) already addresses a
couple of the new top-level requirements identified in this study, including improvements in
the spatial resolution and the need to provide subsidiary variables to better characterise the
quality of the surface soil moisture data. The required subsidiary variables are the freeze/thaw
status, surface inundation, VOD and root-zone soil moisture. Freeze/thaw status and surface
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inundation are needed to flag environmental conditions when the retrieval of soil moisture
data from microwave measurements is not possible due to fundamental physical reasons
(Zwieback et al., 2015).

Even with consolidated user requirements for soil moisture CDRs, the main challenge remains
to determine to what degree these requirements are actually met by long-term products like
ESA CCl SM. This requires standardised strategies based on commonly agreed reference
datasets, methodologies, and metrics. Some examples of potential methods were adopted in
this study but these need to be further elaborated. Apart from statistical approaches like the
triple collocation, all other evaluation methods to some degree suffer from a general data
sparsity in several regions of the world, e.g., the tropical forests or the sub-arctic. In these
regions, there is not only a lack of in-situ soil moisture stations (Ochsner et al., 2013) but also
of meteorological monitoring stations. Thus, also the precipitation and LSM products used in
various evaluation approaches have larger uncertainties here. For example, Albergel et al.
(2013a) showed that the trends in two reanalysis datasets widely diverged in these areas.
Therefore, to date, data-rich areas dominate in the evaluation process. One of the main
priorities of the international community should therefore be to establish in-situ networks in
data-poor regions and guarantee the continuation of existing long-term monitoring sites to
assess stability and trends over a wide range of land surface conditions. A good starting point
may be offered by the globally well-distributed and error-characterised SMAP core validation
sites (Colliander et al., 2017).

3.3 Conclusion and outlook

In this study, we provided a comprehensive overview of the specifications of the ESA CCI SM
product suite and the Earth system applications that have made use of these datasets either
to benchmark or to improve current process understanding as captured in state-of-the-art
models. The strong user interest in the soil moisture CDRs is reflected by the wide variety of
science communities who have exploited the potential of these products. The main motivation
for using the ESA CCI SM products over existing single-sensor products is its unique long period
of coverage, which makes it potentially suitable to assessing long-term variability and change,
although users should confirm data homogeneity for their region of application.

ESA CCI SM products have already led to numerous publications, which were used in this study
to review the capabilities and shortcomings of the products for Earth system applications and
provide valuable information for shaping the priorities of new product releases. Yet, the full
potential of ESA CCl SM remains underexploited. This is partly due to the complexity and
limitations of the data, e.g., the varying dataset quality through space and time, and the
occurrence of data gaps, which makes it difficult for users to integrate the data in their
applications. Such limitations can be partly addressed by continuing efforts to improve Level
2 retrievals and merging methodologies, and through the introduction of new, high-quality
sensors like SMAP in the merged products. However, it will not be possible to mitigate all
issues related to the creation of an entirely homogeneous dataset from 1978 onwards. These
issues relate to the absence of suitable sensors in the early decades and the physical
limitations of the microwave signal in general. Thus, to exploit the full potential of the ESA CCI
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SM datasets, future efforts should not only focus on algorithmic improvements but also on
clearly communicating the dataset characteristics to expert and non-expert users alike.

Finally, the acceptance of the ESA CI SM products by a broad user community and integration
into operational applications strongly hinges on its long-term sustainability. For the coming
years, ESA will continue to support the scientific development of ESA CCl SM within the ESA
CCl+ Phase 1 activities. At the same time, operational reprocessing, software maintenance,
and near-real-time updating based on ESA CCI SM v05.2 is taking place within the Copernicus
Climate Change Services. However, a successful continuation of ESA CClI SM also requires
sustenance of the input missions. Currently, the risk of failing missions is relatively low: From
the active microwave side two almost identical MetOp-A and MetOp-B ASCAT scatterometers
are currently operated by EUMETSAT, while MetOp-C ASCAT will be launched in 2018 to
replace MetOp-A (Lin et al., 2017) From that time, MetOp-A will remain in orbit to serve as
backup in case of failure of one of the other MetOp satellites. Continuation beyond the current
MetOp program will be provided by the approved MetOp Second Generation (MetOp-SG)
program, which will start in 2021/22 and has the goal to provide continuation of C-band
scatterometer and other systematic observations for another 21 years, i.e., at least until 2042.
Also for the passive microwave part there is currently a redundancy of suitable missions:
AMSR?2 C-band observations, ASMR2, GPM GMI, and Fengyun 1B X-band radiometers, and of
course the dedicated L-band missions SMOS and SMAP. In case of failure of one of these
missions, there is enough potential backup to reduce the impact of satellite failure on the
short to mid-term. More worrying is the long-term continuation of L-band and C-band
radiometer missions, since neither SMOS, nor SMAP nor AMSR2 has confirmed continuation.
Nevertheless, the planned Water Cycle Observation Mission (WCOM) of the Chinese Academy
of Sciences has the potential to bridge the looming gap in L- and C-band observation time
series from 2020 onwards (Shi et al., 2016). Yet, a strong commitment of space agencies
worldwide to provide continuation of single sensor missions and ESA CCl SM is needed to
bolster the acceptance of satellite-derived soil moisture by a large user community in general.
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Appendix: Summary tables of applications and user feedback

Table 1: Applications of ESA CCI SM for understanding climate variability and change. Modified
and extended from Dorigo et al. (2017)

Climate variability and change

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Long-term
trends and
dynamics in soil
moisture

Dorigo et al. (2012); Wang et al. (2016); Qiu
et al. (2016); Albergel et al. (2013b); Su et
al. (2016); Rahmani et al. (2016); Zheng et
al. (2016); Feng and Zhang (2015); Li et al.
(2015); Zohaib et al. (2017); Carvalho-Santos
et al. (2018); Dong et al. (2018); Jia et al.
(2018); Lou et al. (2018); Gu et al. (2019b);
Gu et al. (2019c); Pan et al. (2019); Deng et
al. (2020); Zhang and Jia (2020a); Ma et al.
(2020); Spennemann et al. (2020); Zhuang
et al. (2020); Yao et al. (2021b); Fatkhuroyan
et al. (2021); Wang et al. (2022d); Cai et al.
(2022); Zhu et al. (2023); Peng et al.

(2023a); Hirschi et al. (2023a)

Long-term
coverage needed
for robust trend
assessment

No global coverage; no
representation of root-
zone; data quality changes
over time

Assessment of
drivers of soil
moisture trends

Feng (2016); Liu et al. (2015); Zhan et al.
(2017); Chen et al. (2017); Meng et al.
(2018); Wang et al. (2018c); Peng et al.

Long-term
coverage for
robust driver

Data gaps in time and space

driver of multi-
annual
variability in

land evaporation

Zhao et al. (2023b)

evidence of long-
term trends and
variability in
modelled soil
moisture,
constraining errors
in water balance
model

and variability (2019a); Liu et al. (2021a); Ayehu et al. assessment
(2020); Peng et al. (2023b); Prasad et al.
(2023)
Soil moisture as | Miralles et al. (2014b); Zheng et al. (2022); |Independent Not mentioned

Impact of ocean
atmosphere
system on soil
moisture
variability

Bauer-Marschallinger et al. (2013); Miralles
et al. (2014b); Nicolai-Shaw et al. (2016);
Jimma et al. (2023); Talib et al. (2023); Kabli
et al. (2024)

Long-term dataset
required for
assessing low
impact of
frequency climate
oscillations

Data periods with reduced
spatial coverage
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Climate variability and change

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Soil moisture as
indicator of
global climate
variability and
change

De Jeu et al. (2012); Parinussa et al. (2013);
Dorigo et al. (2014); Dorigo et al. (2015a);
Dorigo et al. (2016); De Jeu et al. (2011);
Dorigo et al. (2017); Martinez-Espinosa et al.
(2021); van der Schalie et al. (2021);
Preimesberger et al. (2020); Scanlon et al.
(2019); Dorigo et al. (2018); Guan et al.
(2023); Wu et al. (2023); van der Schalie et
al. (2022); Stradiotti et al. (2023b);
Schumacher et al. (2024)

Assess actual soil
moisture condition
with respect to
historical context

Lack of global coverage
hampers assessment of
mean global and
hemispherical trends

Impact of soil
moisture on
trends in
atmospheric
composition
(e.g., aerosols)

Klingmiiller et al. (2016); Kokkalis et al.
(2018)

Long-term
coverage required
for robust trend
and driver
assessment

Not mentioned

Validation of
ESMs and
climate models
(mean fields,
spatial patterns,
temporal
variability,
trends)

Pieczka et al. (2016); Du et al. (2016); Lauer
et al. (2017); Huang et al. (2016); Yuan and
Quiring (2017); van den Hurk et al. (2016);
Agrawal and Chakraborty (2016); Nitta et al.
(2017); Ruosteenoja et al. (2018); Wehrli et
al. (2019); Bai et al. (2018); Kuhlbrodt et al.
(2018); Gu et al. (2019b); Koukoula et al.
(2019); Breuer et al. (2020); Hagan et al.
(2020); Lin et al. (2020); Wang et al.
(2020a); Guglielmo et al. (2021b); Muller et
al. (2021); Humphrey et al. (2021); Wang et
al. (2022a); Hohenegger et al. (2023); Feng
et al. (2023d); Rigden et al. (2024)

Potential for
assessing long-
term climatology,
variability, and
trends

Layer thickness not
consistent among models
and satellite observations;
ESA CCI SM uncertainties
are larger than the RMSE of
many of the models; data
gaps due to frozen soils,
snow, and dense
vegetation.

Validation and
sensitivity
analysis of
regional climate
models

Pieczka et al. (2016); Unnikrishnan et al.
(2017); Fonseca et al. (2019); Huang et al.
(2020); Saharwardi et al. (2021)

Potential for
assessing long-
term climatology,
variability, and
trends

Evaluation of absolute
values not possible;
discrepancy in layer
thickness represented.

Assimilation in
regional climate
model

Paxian et al. (2016)

Not mentioned

Not mentioned
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Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Variability of
precipitation
and soil
moisture during
South Asian
Monsoon

Shrivastava et al. (2017); Shrivastava et al.

(2016)

Convergence of
evidence together
with reanalysis soil
moisture and
precipitation,
robust assessment
of inter-annual
variability

Temporal data gaps during
monsoon season
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Table 2 Applications of ESA CClI SM for understanding land atmosphere interactions.
Modified and extended from Dorigo et al. (2017).

Land atmosphere interactions

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Improved
understanding of
soil moisture
feedbacks on
precipitation

Ford et al. (2018); Wang et al. (2018d);
Yang et al. (2018); Guillod et al. (2014);
Guillod et al. (2015, indirectly through
assimilation of ESA CCI SM into GLEAM);
Dolores et al. (2019); Holgate et al. (2019);
Ling et al. (2019); Yuan et al. (2020); Baker
et al. (2021); Talib et al. (2021); Maurya et
al. (2021); Maity et al. (2021); Dong et al.
(2022b); Talib et al. (2022); Ullah et al.
(2023); Klein et al. (2023); Hu et al. (2023);
Ford et al. (2023)

Constraining errors
in water balance
model over long
period

Not mentioned

Feedback of
(concurrent and
antecedent) soil
moisture on
Tibetan, Indian
and African
monsoon intensity

KanthaRao and Rakesh (2017); Hunt and
Turner (2017); Zhou et al. (2016);
Ndomeni et al. (2018); Varikoden and
Revadekar (2018); Lodh (2020)

Long-term dataset
for robust statistics

Dataset not suitable due to
large data gaps in winter

Identifying role of
soil moisture on
temperature
variability and
heatwaves

Miralles et al. (2014a); Hirschi et al.
(2014); Casagrande et al. (2015); Dong
and Crow (2018, 2019); Chen et al. (2019);
Schumacher et al. (2019); Seo et al.
(2020); Wu et al. (2021); Pyrina et al.
(2021); Muzylev (2023); Aadhar and
Mishra (2023); Mardian et al. (2023b); Al-

Constraining errors
in water balance
model over long
period by data
assimilation; long
period provides
robust coupling

No representation of root-
zone soil moisture; lacking
information about exact
sampling depth

land-atmosphere
coupling (to
evaluate coupling
of LSM products
and ESM
ensembles)

Catalano et al. (2016); Albergel et al.
(2017); Lei et al. (2018); Al-Yaari et al.
(2019)

reference for long
period.

Yaari et al. (2023); Yu et al. (2023b); Dong | statistics
et al. (2023); Daramola et al. (2024)
Observation-based | Knist et al. (2017); Li et al. (2016); Independent Spatial data gaps; seasonal

variation in spatial
coverage
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Land atmosphere interactions

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Improved
modelling of land
evaporation;
(statistical)

Martens et al. (2017); Miralles et al.
(2014b); Park et al. (2017); Alemohammad
et al. (2017); Jimenez et al. (2018); El
Masri et al. (2019); Yao et al. (2019); Cui

Constraining errors
in water balance
model over long
period by data

Negative impact in very dry
areas and areas where
quality of precipitation is
high

estimation of et al. (2020a); Cui et al. (2021b); Zhang et |assimilation
surface turbulent |al. (2021c); Cui et al. (2021a);
fluxes Abdolghafoorian and Dirmeyer (2022);
Dong et al. (2022a); Feng et al. (2023b);
Zhang et al. (2023e)
Explaining trends | Rigden and Salvucci (2017); Zeng et al. Long-term Not mentioned

in
evapotranspiration

(2014); Xiao et al. (2020)

availability for
trend assessment

Soil moisture and
latent heat flux /
evapotranspiration
coupling

Lei et al. (2018); Denissen et al. (2020);
Denissen et al. (2021)

Impact of soil
moisture (among
other drivers) on
dust aerosol
dynamics

Klingmdiiller et al. (2016); Xi and Sokolik
(2015); Kokkalis et al. (2018); Nabavi et al.
(2018); Vandenbussche et al. (2020); Xi
(2021); Yu and Ginoux (2021); Xi (2023);
Liaskoni et al. (2023); Xi et al. (2023)

Long-term
coverage required
for robust trend
and driver
assessment

Not mentioned
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Table 3 Applications of ESA CClI SM for understanding global biogeochemical cycles and
ecology. Modified and extended from Dorigo et al. (2017).

Global biogeochemical cycles and ecology

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Evaluation and
calibration of
global vegetation
models

Szczypta et al. (2014); Traore et al. (2014);
Sato et al. (2016); Willeit and Ganopolski
(2016); Su et al. (2021); Yu et al. (2023a)

Long-term
coverage for
robust statistics

Poor performance for some
mountain ranges; No data
available for densely
vegetated areas; seasonal
variation in spatial coverage

Impact of soil
moisture dynamics
on vegetation /
crop productivity
and yields

Mufioz et al. (2014); Chen et al. (2014);
Papagiannopoulou et al. (2017a);
Barichivich et al. (2014); Szczypta et al.
(2014); McNally et al. (2016); Ghazaryan
et al. (2016); Wu et al. (2016); Cissé et al.
(2016); Nicolai-Shaw et al. (2017); Liu et
al. (2017c); Da et al. (2017); Wang et al.
(2018a); Momen et al. (2017); Bassiouni
et al. (2018); Boke-Olen et al. (2018);
Gichenje and Godinho (2018); Liu et al.
(2018a); Shan et al. (2018); Champagne et
al. (2019); Li et al. (2019); Martinez-
Fernandez et al. (2019); Tesfamichael and
Shiferaw (2019); Wang et al. (2019b);
Nilsson et al. (2020); Ugbaje and Bishop
(2020); Bhimala et al. (2020); Bontempo
et al. (2020); Bouras et al. (2020); Byrne
et al. (2020a); Correa-Diaz et al. (2020);
Halubok and Yang (2020); Lavergne et al.
(2020a); Liu et al. (2020a); Modanesi et
al. (2020); Olano et al. (2020); Orth et al.
(2020); Rigden et al. (2020); Somkuti et al.
(2020); Tao et al. (2020);
Papagiannopoulou et al. (2017b); Zhang
and Jia (2020b); Zhou et al. (2020); Zhu et
al. (2020b); Gonsamo et al. (2021);
Gonzalez-Zamora et al. (2021); Liu et al.
(2021d); Bouras et al. (2021); Vogel et al.
(2021); Correa-Diaz et al. (2021); He et al.
(2021); Famiglietti et al. (2021); Ermitdo
et al. (2021); Anghileri et al. (2022);
Salakpi et al. (2022b); Proctor et al.
(2022); Venkatesh et al. (2022a); Rigden
et al. (2022); Maas et al. (2022); Harris et
al. (2022); Heijmans et al. (2022);
Venkatesh et al. (2022b); Maina et al.
(2022); Li et al. (2022a); Zhang et al.
(2023b); Bueechi et al. (2023); Yang et al.
(2023); Klein et al. (2023); Zhao et al.
(2023a); Wang et al. (2024); Li et al.

Long-term
coverage for
robust assessment
of drivers

Poor data quality and data
gaps for densely vegetated
areas, frozen conditions,
and mountain areas;
temporal data gaps
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Global biogeochemical cycles and ecology

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

(2024); Amantai et al. (2024); Tian et al.
(2024)

Validation of dry
season intensity
indicator

Murray-Tortarolo et al. (2016)

Long-term dataset
required for robust
evaluation

Not mentioned

Impact of large-
scale re-vegetation
on soil moisture

Jiao et al. (2016)

Long-term
coverage allows for
trend assessment

Not mentioned

Connecting trends
in soil moisture
and vegetation

Dorigo et al. (2012); Feng (2016); Jin and
Wang (2018); Wang et al. (2018a);
Fakharizadehshirazi et al. (2019); Ribeiro

Long-term
coverage required
for trend

Spatial data gaps, ESA CCI
SM has trend removed
before 1987

productivity et al. (2021); Saby et al. (2021); Zheng et | assessment
al. (2021); D'Adamo et al. (2021); Yang et
al. (2021b); Jiao et al. (2021b)
Assessing Li et al. (2017); Qi et al. (2019) Long-term data Reduced quality over

ecosystem water
use efficiency

availability for
robust statistics

densely vegetated areas;
high uncertainty for earlier
periods

Improved crop
modelling

Wang et al. (2016); Sakai et al. (2016);
Wang et al. (2017); Park et al. (2017);
Petropoulos et al. (2018); Salakpi et al.
(2022a); Zhou et al. (2022); Cheng et al.
(2023); Boas et al. (2023); Xing et al.
(2023)

Complementarity
of active and
passive microwave
soil moisture for
different land
cover types;
assessment of
long-term links
between soil
moisture and
vegetation

Poor performance along
coasts; differences in spatial
scale; representativeness
for fragmented landscapes;
impact of irrigation;
spatiotemporal data gaps

Assessing effects
on stomatal
conductance

Lavergne et al. (2020b)

Not mentioned

Not mentioned

Assessing drivers
of fire activity;
modelling
particulate
emission from fires

Ichoku et al. (2016); Forkel et al. (2017);
Fan et al. (2018); Kiely et al. (2019); Kiely
et al. (2020); Sungmin et al. (2020); Lu
and Wei (2021); Bai et al. (2021); Yu and
Ginoux (2022); Bai et al. (2022); Mukunga
et al. (2023); Ryoo and Park (2023)

Long-term
availability is
essential for
assessing dynamics
and drivers of
infrequent fire
activity

No coverage for dense
vegetation, temporal gaps
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Global biogeochemical cycles and ecology

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Coupling between
the terrestrial
carbon and water
cycles

Kostic et al. (2021); Gentine et al. (2019);
Menichetti et al. (2020); Liu et al. (2022c);
Gong et al. (2023)

Not mentioned

Not mentioned

Potential for

Kaminski et al. (2013); Scholze et al.

Long-term data

Accurate description of

constraining (2017) availability random error for each
terrestrial carbon observation; Does not
cycle simulations provide estimate of root-
by data zone soil moisture
assimilation

Assessment of Detmers et al. (2015); Byrne et al. (2020b) | Long-term Not mentioned
satellite-observed availability

carbon fluxes

Assessing drivers
of riverine export
of dissolved black
carbon

Jones et al. (2019)

Not mentioned

Not mentioned

Soil moisture as
driver of animal

Madani et al. (2016); Gomez et al. (2018);
Cornelissen et al. (2019); Leite et al.

Long-term dataset
required for robust

Coarse resolution

species migration; |(2019); Gomez et al. (2020); Salako et al. | pattern

soil moisture for (2023) assessment

locating breeding

areas; relations

with vertebrate

diversity

distribution

Impact of wind Tang et al. (2017) Long-term Not mentioned
farms on availability

environmental
conditions for
vegetation growth

Soil moisture as
driver of NH3
emissions

Hickman et al. (2018)

Not mentioned

Not mentioned

Use of soil
moisture for
disease-related
applications

Campbell et al. (2020)

Not mentioned

Not mentioned
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Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Variation in soil
rock fragment
content

Lai et al. (2022)

Not mentioned

Not mentioned
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Table 4 Applications of ESA CClI SM for hydrology and land surface modelling. Modified and
extended from Dorigo et al. (2017).

Hydrology and land surface modelling

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Evaluating model
states in
hydrological
models and LSMs
(including land
data assimilation
systems);
evaluation of SM
derived from
statistical models

Loew et al. (2013); Fang et al. (2016); Du
et al. (2016); Spennemann et al. (2015);
Schellekens et al. (2016); Szczypta et al.
(2014); Lauer et al. (2017); Mao et al.
(2017); Lai et al. (2016); Rakovec et al.
(2016); Okada et al. (2015); Ghosh et al.
(2016); Mishra et al. (2014); Mueller and
Zhang (2016); Nitta et al. (2017); Parr et
al. (2015); Albergel et al. (2018a);
Albergel et al. (2018b); Bai et al. (2018);
Breil et al. (2018); Gelati et al. (2018);
Guimberteau et al. (2018); Khan et al.
(2018); Mishra et al. (2018); Niroula et
al. (2018); Pomeon et al. (2018a);
Pomeon et al. (2018b); Sawada (2018);
Yin et al. (2018); Zhang et al. (2018a);
Zhao and Yang (2018); Naz et al. (2019);
Odusanya et al. (2019); Wang et al.
(2019a); Zhang et al. (2019c); Shrestha
et al. (2020); Dembele et al. (2020c);
Dembele et al. (2020a); Jung et al.
(2020); Kim et al. (2020); Liu et al.
(2020c); Meng et al. (2020); Sawada
(2020); Thatch et al. (2020); Wang and Li
(2020); Xie et al. (2020); Zhu et al.
(2020a); Almendra-Martin et al. (2021b);
Ankur et al. (2021); Dukic and Eric
(2021); Dukic et al. (2021); Eeckman et
al. (2021); Han et al. (2021); Jia et al.
(2021); Liu et al. (2021b); Liu et al.
(2021e); Lv et al. (2021); Seiler et al.
(2021); Zhu et al. (2021); Sungmin and
Orth (2021); Zhang et al. (2022b);
Tangdamrongsub et al. (2021); Zhou et
al. (2021b); Boussetta et al. (2021);
Hughes and Farinosi (2021); O'Neill et al.
(2021); Zhang et al. (2021b); Bennour et
al. (2022); Huang et al. (2022); Cui and
Wang (2022); Wu et al. (2022a); Ji et al.
(2023a); Zhang et al. (2023d); Joseph
and Ghosh (2023); Feng et al. (2023c);
Zhang et al. (2023c); Hoch et al. (2023);
Naz et al. (2023); Chevuturi et al. (2023);
Pimentel et al. (2023); Belleflamme et al.
(2023); Quichimbo et al. (2023); Ji et al.
(2023b); Huang et al. (2023); Van

Robust statistics
based on long
comparison
period

Not suited for validating
absolute values (bias,
root-mean-square-
difference); discrepancy
between model and
observation layer depths;
different dataset
characteristics for
different periods
(variance, data gaps);
spatiotemporal data gaps.
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Hydrology and land surface modelling

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Oorschot et al. (2023); Scherrer et al.
(2023); Kalyanam and Chandrasekar
(2024); Magotra et al. (2024)

Evaluating model
processes in
hydrological
models and LSMs
(e.g., dry down)

Chen et al. (2016); Raoult et al. (2021);
Ghajarnia et al. (2021); Baker et al.
(2021); Raoult et al. (2022); Feng et al.
(2023a); Zhou et al. (2023)

More realistic dry
down
characteristics
than LSM-based
soil moisture

Only few dry downs
identifiable

Assimilated to
constrain coupled
LSM and
hydrological
simulations;
usage in land data
assimilation
systems

Albergel et al. (2017); Liu et al. (2018b);
Pinnington et al. (2018); Raoult et al.
(2018); Yan et al. (2018); Blyverket et al.
(2019b); Kumar et al. (2019); Nair and

Indu (2019); Naz et al. (2020); Yang et al.

(2021a); Pal and Maity (2021); Huang et
al. (2021); Seo and Dirmeyer (2022); Kivi
et al. (2023); Heyvaert et al. (2023); Yin
et al. (2023b); Pradhan et al. (2023)

Long-term
availability

No impact on deeper soil
layers

Used to estimate
the error
covariance matrix
of an ensemble of
LSM simulations
in order to
optimally merge
them.

Crow et al. (2015)

Long data record
length essential
for reducing
sampling errors

large temporal variations
in temporal frequency,
actual spatial resolution,
and accuracy; dependency
on GLDAS-Noah as scaling
reference; differences in
vertical measurement
support between models
and observations

Persistence and
prediction of soil
moisture
anomalies

Nicolai-Shaw et al. (2016); Allen and
Anderson (2018); Klingmuller and
Lelieveld (2021); Piles et al. (2022);
Salcedo-Sanz et al. (2022); Tesfamichael
et al. (2023)

Long-term
dataset required
for robust
statistics

Exact vertical
measurement support
unknown
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Hydrology and land surface modelling

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Improving runoff
predictions and

Tramblay et al. (2014); Massari et al.
(2015); Kim et al. (2018); Massari et al.

Not specified

Data gaps in space and
time needed to be filled

flood (risk) (2018); El Khalki et al. (2018); Zhong et
analysis and al. (2019); Ganguli et al. (2020); Li and
modelling Willems (2019); Benkirane et al. (2020);

El Khalki et al. (2020a); El Khalki et al.

(2020b); Saouabe et al. (2020); Sapkota

and Meier (2020); De Santis et al.

(2021); Camici et al. (2022); Prakash and

Mishra (2023); Wang et al. (2023b);

Macharia et al. (2023); Eini et al. (2023);

Sharma and Mujumdar (2024)
Calibrating Kundu et al. (2017); Demirel et al. Not specified Only few model
hydrological (2019); Koppa et al. (2019); Dembele et parameters sensitive to
models al. (2020b); Koppa and Gebremichael surface soil moisture

(2020); Sanz-Ramos et al. (2020)

Improved water
budget modelling

Allam et al. (2016); Abera et al. (2017);
de Figueiredo et al. (2021); Mehrnegar
et al. (2021); Saxe et al. (2021);

Long-term
availability for
more robust

Vertical measurement
support too shallow to
provide indication of

Guglielmo et al. (2021a); Trautmann et statistics changes in soil and ground
al. (2022); Eini et al. (2023); Blank et al. water storage
(2023); Tabarmayeh et al. (2023);
Trautmann et al. (2023); Guo et al.
(2023)
Computing Asoka et al. (2017) Long-term Not mentioned
changes in availability for
groundwater trends
storage assessment
Modelling and Heimhuber et al. (2017); Gu et al. Long-term Not mentioned

understanding
surface water

(2019a); Khazaei et al. (2019); Kwon et
al. (2020); Liang et al. (2020)

availability for
more robust

dynamics statistics
Assessing Qiu et al. (2016); Kumar et al. (2015); Long-term data Coarse spatial resolution
irrigation Zhang et al. (2018b); Paciolla et al. required for for detecting fine scale

(2020); Zhang et al. (2022a); Zappa et al.
(2022); Fan et al. (2022)

trend-based
method of Qiu et
al. (2015)

irrigation

Assessing the
impact of
agricultural
intensification on
soil moisture

Liu et al. (2015)

Long-term data
coverage needed
for long-term
impacts

Spatial gaps
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Hydrology and land surface modelling

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Trigger of Dahigamuwa et al. (2016); Dahigamuwa | Long-term Limited temporal coverage
landslides et al. (2018); Zhuo et al. (2019); Zhao et | availability
al. (2021a)
Improving Bhuiyan et al. (2017a); Bhuiyan et al. Data record spans | Not mentioned
satellite rainfall (2017b); Qiu et al. (2016); Kumar et al. multiple satellite
retrievals (2015) precipitation
missions
Computing Ciabatta et al. (2016); Liu et al. (2015); Long datarecord | Too low signal-to-noise
cumulative Ciabatta et al. (2018); Massari et al. needed for ratio in some areas; spatial
precipitation (2019); Miao et al. (2023); He et al. generation of and temporal data gaps
amounts (2023) long-term
precipitation
dataset
Validating soil Das and Maity (2015); Dahigamuwa et Long-term Not mentioned
moisture al. (2016); Ramsauer et al. (2021) availability for

products derived
from precipitation

robust statistics

Evaluating soil
moisture
products derived
from other
satellite
platforms; use of
ESA CCI SM as
input for derived
products
(including gap-
filled and
downscaled
derivatives)

Leng et al. (2017); De Zan and Gomba
(2018); Pablos et al. (2018); Zhou et al.
(2018); Cui et al. (2020b); Fan et al.
(2020); Koley and Jeganathan (2020);
Kovacevic et al. (2020); Li et al. (2020);
Liu et al. (2020d); Liu et al. (2020e);
Llamas et al. (2020); Yin et al. (2020);
Zeng et al. (2020); Abowarda et al.
(2021); Almendra-Martin et al. (2021a);
Cui et al. (2021c); Grillakis et al. (2021);
Guevara et al. (2021); Jin et al. (2021);
Kang et al. (2021); Preimesberger et al.
2021); Yao et al. (2021a); Zhang et al.

2021d); Warner et al. (2021); Zhao et al.

2022); Wang et al. (2022c); Li et al.
2022c); Li et al. (2022b); Wang et al.
(2022b); Skulovich and Gentine (2023);
Deng et al. (2023); Ning et al. (2023);
Mehrnegar et al. (2023); Madelon et al.
(2023); Liu et al. (2023b); Zhang et al.
(2023a); Arias et al. (2023); Cheng et al.
(2023); Dong et al. (2024); Shen et al.
(2023); Yin et al. (2023a); Yao et al.
(2023); Ramsauer and Marzahn (2023);
Liu et al. (2023a)

(
(
(2021b); Liu et al. (2021c); Hu et al.
(
(

Long-term
availability for
robust statistics

Not mentioned
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Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Evaluating in-situ
networks

Ford et al. (2020)

Long-term
availability
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Table 5 Usage of ESA CCI SM for drought applications. Modified and extended from Dorigo et

al. (2017).

Drought applications

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Validation and
evaluation of

Liu et al. (2017b); Liu et al. (2017a); van
der Schrier et al. (2013); Zhao et al.

Lon-term dataset
required for

Reduced temporal
coverage before 1991

drought indices (2018); Zhu et al. (2018); Blyverket et al. | robust

(2019a); Ni et al. (2019); Angearu et al. assessment

(2020); Afshar et al. (2021); Li and Huang

(2021); Liu et al. (2021b); Niaz et al.

(2021); Araneda-Cabrera et al. (2021);

Zhao and Wang (2021); Faiz et al. (2022);

Lee et al. (2022); Afshar et al. (2022);

Mardian et al. (2023a); Wang et al.

(2023a)
Development of Carrdo et al. (2016); Enenkel et al. Long-term Variable data availability in
new drought (2016b); Rahmani et al. (2016); Wang et | dataset required time; reduced data quality
monitoring index | al. (2018b); Prakash (2018); Zhang et al. | for robust over densely vegetated

(2019a); Sadri et al. (2020); Kumar et al. | computation of areas; not available in

(2021); Tian et al. (2022a) normal soil near-real-time

moisture

distributions

Detection of
agricultural
droughts

Yuan et al. (2015a); Liu et al. (2015);
Padhee et al. (2017); Ma et al. (2017);
Zampieri et al. (2018); Oertel et al.
(2018); Ford and Quiring (2019); Pandey
and Srivastava (2019); Peng et al.
(2019b); Zhang et al. (2019b);
Strohmeier et al. (2020); Sun et al.
(2020); Tramblay et al. (2020); Liu et al.
(2021f); Ma et al. (2021); van Hateren et
al. (2021); Zhang et al. (2021a); Zhou et
al. (2021a); Rezaei (2021); Vreugdenhil
et al. (2022); Liu et al. (2022b); Tian et al.
(2022b); Greimeister-Pfeil et al. (2022);
Ming et al. (2023); Sun et al. (2023);
Leeper et al. (2023); Salakpi et al. (2023)

Long-term
dataset required
for robust long-
term statistics

Because of temporal data
gaps extreme events may
not be captured; reduced
skill of COMBINED
compared to ACTIVE in
densely vegetated areas

Identification of
flash droughts

Liu et al. (2020b); Liu et al. (2022a)

Long temporal
coverage

Not mentioned
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Drought applications

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

Probabilistic and
statistical drought
forecasting and
monitoring

Yan et al. (2017); Asoka and Mishra
(2015); Park et al. (2018); Samantaray et
al. (2019); Linés et al. (2017)

Long-term
dataset required
for robust
computation of
normal soil
moisture
distributions

Coarse resolution; data
gaps

Drought events
composites
analysis

Nicolai-Shaw et al. (2017)

Long-term
observations-
based dataset
(more than two
decades)

Lack of data in some key
regions, lack of root-zone
data (particularly in forest
regions), uncertainties in
early part of product

Soil moisture for
integrated
drought
monitoring

McNally et al. (2016); Rahmani et al.
(2016); Enenkel et al. (2016b); Da et al.
(2017); Wang et al. (2018a); Jin et al.
(2017); Martinez-Fernandez et al.
(2017); Liu et al. (2019); Agutu et al.
(2020); Turco et al. (2020); Cammalleri
et al. (2017); Buitink et al. (2021); Jiao et
al. (2021a); Al Hasan et al. (2021); Salvia
et al. (2021); Baik et al. (2021); Wu et al.
(2022b); Hobeichi et al. (2022); Li et al.
(2023); Yatheendradas et al. (2023);
Kumar and Chu (2024)

Long-term
dataset required
for robust long-
term statistics

Poor spatio-temporal
coverage prior to 1992

Evaluation of
drought
forecasting
systems

McNally et al. (2017); Shah and Mishra
(2016); Yuan et al. (2015b); Kang and
Sridhar (2021)

Long-term
availability for

robust evaluation.

Sensitivity to
wetlands (which
are not

Poor spatio-temporal
coverage prior to 1992;
differences in
representative depth

represented
LSMs).
Soil moisture Enenkel et al. (2018); Osgood et al. Long-term
index for drought | (2018); Enenkel et al. (2019); Vroege et availability;
insurance al. (2021) independency
applications from weather
conditions
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Table 6 Usage of ESA CCI SM for (hydro)meteorological applications. Modified and extended
from Dorigo et al. (2017).

(Hydro)meteorological applications

Main purpose

References

Motivation for
using ESA CCI SM

Limitations identified

NWP model
evaluation

Arnault et al. (2016); Osuri et al. (2020);
Massoud et al. (2023)

Not mentioned

Discrepancy in scale

observation-
based (unlike land
model output)

Supporting NWP Section 4.6 of Dorigo et al. (2017) Long-term Spatial data gaps for
land surface dataset required densely vegetated areas
scheme for robust
improvements evaluation of land

surface scheme
Spatial Nicolai-Shaw et al. (2015) More spatial Issues in topographically
representativenes coverage thanin- | complex terrain and areas
s of soil moisture situ data, with dense vegetation

Assimilation into
NWP model

Zhan et al. (2016)

Reducing
uncertainties in
temperature and
humidity

Not mentioned

Weather risk
assessment and
insurance (beside
droughts, see
Table 5)

Wang et al. (2020b); Vroege and Finger
(2020); Eltazarov et al. (2023)

Not mentioned

Not mentioned

53




3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Bibliography

Abdolghafoorian, A. and Dirmeyer, P. A.: Accounting for the Effect of Noise in Satellite Soil
Moisture Data on Estimates of Land—Atmosphere Coupling Using Information Theoretical
Metrics, ) Hydrometeorol, 23, 1587-1605, 10.1175/JHM-D-21-0232.1, 2022.

Abera, W., Formetta, G., Brocca, L., and Rigon, R.: Modeling the water budget of the Upper
Blue Nile basin using the JGrass-NewAge model system and satellite data, Hydrol Earth Syst
Sc, 21, 3145-3165, 10.5194/hess-21-3145-2017, 2017.

Abowarda, A. S., Bai, L. L., Zhang, C. J., Long, D, Li, X. Y., Huang, Q., and Sun, Z. L.: Generating
surface soil moisture at 30 m spatial resolution using both data fusion and machine learning
toward better water resources management at the field scale, Remote Sensing of
Environment, 255, 10.1016/j.rse.2021.112301, 2021.

Afshar, M. H., Al-Yaari, A., and Yilmaz, M. T.: Comparative Evaluation of Microwave L-Band
VOD and Optical NDVI for Agriculture Drought Detection over Central Europe, Remote
Sensing, 13, 10.3390/rs13071251, 2021.

Afshar, M. H., Bulut, B., Duzenli, E., Amjad, M., and Yilmaz, M. T.: Global spatiotemporal
consistency between meteorological and soil moisture drought indices, Agr Forest Meteorol,
316, 10.1016/j.agrformet.2022.108848, 2022.

Agrawal, S. and Chakraborty, A.: Role of surface hydrology in determining the seasonal cycle
of Indian summer monsoon in a general circulation model, Hydrology and Earth System
Sciences Discussions, 2016, 1-33, 10.5194/hess-2016-591, 2016.

Agutu, N. O., Awange, J. L., Ndehedehe, C., and Mwaniki, M.: Consistency of agricultural
drought characterization over Upper Greater Horn of Africa (1982-2013): Topographical,
gauge density, and model forcing influence, Science of the Total Environment, 709,
10.1016/j.scitotenv.2019.135149, 2020.

Ahlstrom, A., Smith, B., Lindstrom, J., Rummukainen, M., and Uvo, C. B.: GCM characteristics
explain the majority of uncertainty in projected 21st century terrestrial ecosystem carbon
balance, Biogeosciences, 10, 1517-1528, 10.5194/bg-10-1517-2013, 2013.

Al Hasan, F., Link, A., and van der Ent, R. J.: The effect of water vapor originating from land on
the 2018 drought development in europe, Water (Switzerland), 13, 10.3390/w13202856,
2021.

Al-Yaari, A., Zhao, Y., Cheruy, F., and Thiery, W.: Heatwave Characteristics in the Recent
Climate and at Different Global Warming Levels: A Multimodel Analysis at the Global Scale,
Earth's Future, 11, 10.1029/2022EF003301, 2023.

Al-Yaari, A., Ducharne, A., Cheruy, F., Crow, W. T., and Wigneron, J. P.: Satellite-based soil
moisture provides missing link between summertime precipitation and surface temperature

54



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

biases in CMIP5 simulations over conterminous United States, Sci Rep-Uk, 9, 10.1038/s41598-
018-38309-5, 2019.

Albergel, C., Dutra, E., Munier, S., Calvet, J. C., Munoz-Sabater, J., de Rosnay, P., and Balsamo,
G.: ERA-5 and ERA-Interim driven ISBA land surface model simulations: which one performs
better?, Hydrol Earth Syst Sc, 22, 3515-3532, 10.5194/hess-22-3515-2018, 2018a.

Albergel, C., Munier, S., Bocher, A,, Bonan, B., Zheng, Y. J., Draper, C., Leroux, D. J., and Calvet,
J. C.: LDAS-Monde Sequential Assimilation of Satellite Derived Observations Applied to the
Contiguous US: An ERA-5 Driven Reanalysis of the Land Surface Variables, Remote Sensing,
10, 10.3390/rs10101627, 2018b.

Albergel, C., Dorigo, W., Balsamo, G., Munoz-Sabater, J., de Rosnay, P., Isaksen, L., Brocca, L.,
de Jeu, R., and Wagner, W.: Monitoring multi-decadal satellite earth observation of soil
moisture products through land surface reanalyses, Remote Sensing of Environment, 138, 77-
89, 10.1016/j.rse.2013.07.009, 2013a.

Albergel, C., Dorigo, W., Reichle, R. H., Balsamo, G., de Rosnay, P., Munoz-Sabater, J., Isaksen,
L., de Jeu, R., and Wagner, W.: Skill and Global Trend Analysis of Soil Moisture from Reanalyses
and Microwave Remote Sensing, ] Hydrometeorol, 14, 1259-1277, 10.1175/Jhm-D-12-0161.1,
2013b.

Albergel, C., Rudiger, C., Pellarin, T., Calvet, J. C., Fritz, N., Froissard, F., Suquia, D., Petitpa, A.,
Piguet, B., and Martin, E.: From near-surface to root-zone soil moisture using an exponential
filter: an assessment of the method based on in-situ observations and model simulations,
Hydrol Earth Syst Sc, 12, 1323-1337, 2008.

Albergel, C., Munier, S., Leroux, D. J., Dewaele, H., Fairbairn, D., Barbu, A. L., Gelati, E., Dorigo,
W., Faroux, S., Meurey, C., Le Moigne, P., Decharme, B., Mahfouf, J. F., and Calvet, J. C.:
Sequential assimilation of satellite-derived vegetation and soil moisture products using
SURFEX_v8.0: LDAS-Monde assessment over the Euro-Mediterranean area, Geoscientific
Model Development, 10, 3889-3912, 10.5194/gmd-10-3889-2017, 2017.

Alemohammad, S. H., Fang, B., Konings, A. G., Aires, F., Green, J. K., Kolassa, J., Miralles, D.,
Prigent, C., and Gentine, P.: Water, Energy, and Carbon with Artificial Neural Networks
(WECANN): a statistically based estimate of global surface turbulent fluxes and gross primary
productivity using solar-induced fluorescence, Biogeosciences, 14, 4101-4124, 10.5194/bg-
14-4101-2017, 2017.

Allam, M. M., Figueroa, A. J., MclLaughlin, D. B., and Eltahir, E. A. B.: Estimation of evaporation
over the upper Blue Nile basin by combining observations from satellites and river flow
gauges, Water Resources Research, 52, 644-659, 10.1002/2015wr017251, 2016.

Allen, C. D., Macalady, A. K., Chenchouni, H., Bachelet, D., McDowell, N., Vennetier, M.,
Kitzberger, T., Rigling, A., Breshears, D. D., Hogg, E. H., Gonzalez, P., Fensham, R., Zhang, Z.,
Castro, J., Demidova, N., Lim, J. H., Allard, G., Running, S. W., Semerci, A., and Cobb, N.: A

55



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

global overview of drought and heat-induced tree mortality reveals emerging climate change
risks for forests, Forest Ecol Manag, 259, 660-684, 10.1016/j.foreco.2009.09.001, 2010.

Allen, R.J. and Anderson, R. G.: 21st century California drought risk linked to model fidelity of
the El Nino teleconnection, Npj Clim Atmos Sci, 1, 10.1038/s41612-018-0032-x, 2018.

Almendra-Martin, L., Martinez-Fernandez, J., Piles, M., and Gonzalez-Zamora, A.: Comparison
of gap-filling techniques applied to the CCl soil moisture database in Southern Europe, Remote
Sensing of Environment, 258, 10.1016/j.rse.2021.112377, 2021a.

Almendra-Martin, L., Martinez-Fernandez, J., Gonzalez-Zamora, A., Benito-Verdugo, P., and
Herrero-Jimenez, C. M.: Agricultural Drought Trends on the Iberian Peninsula: An Analysis
Using Modeled and Reanalysis Soil Moisture Products, Atmosphere-Basel, 12,
10.3390/atmos12020236, 2021b.

Alvarez-Garreton, C., Ryu, D., Western, A. W., Su, C. H., Crow, W. T., Robertson, D. E., and
Leahy, C.: Improving operational flood ensemble prediction by the assimilation of satellite soil
moisture: comparison between lumped and semi-distributed schemes, Hydrol Earth Syst Sc,
19, 1659-1676, 10.5194/hess-19-1659-2015, 2015.

Amantai, N., Meng, Y. Y., Wang, J. Z., Ge, X. Y., and Tang, Z. Y.: Climate overtakes vegetation
greening in regulating spatiotemporal patterns of soil moisture in arid Central Asia in recent
35 years, Gisci Remote Sens, 61, 10.1080/15481603.2023.2286744, 2024.

An, R., Zhang, L., Wang, Z., Quaye-Ballard, J. A., You, J. J.,, Shen, X. J.,, Gao, W., Huang, L. J.,,
Zhao, Y. H., and Ke, Z. Y.: Validation of the ESA CClI soil moisture product in China, Int J Appl
Earth Obs, 48, 28-36, 10.1016/j.jag.2015.09.009, 2016a.

An, R., Wang, H.-L,, You, J.-j., Wang, Y., Shen, X.-j., Gao, W., Wang, Y.-n., Zhang, Y., Wang, Z.,
Quaye-Ballardd, J. A., and Chen, Y.: Downscaling soil moisture using multisource data in China,
1000417-1000417-100014, 10.1117/12.2241247,

Angearu, C. V., Ontel, I, Boldeanu, G., Mihailescu, D., Nertan, A., Craciunescu, V., Catana, S.,
and Irimescu, A.: Multi-Temporal Analysis and Trends of the Drought Based on MODIS Data in
Agricultural Areas, Romania, Remote Sensing, 12, 10.3390/rs12233940, 2020.

Anghileri, D., Bozzini, V., Molnar, P., Jamali, A. A. J., and Sheffield, J.: Comparison of
hydrological and vegetation remote sensing datasets as proxies for rainfed maize yield in
Malawi, Agr Water Manage, 262, 10.1016/j.agwat.2021.107375, 2022.

Ankur, K., Nadimpalli, R., and Osuri, K. K.: Evaluation of Regional Land Surface Conditions
Developed Using The High-Resolution Land Data Assimilation System (HRLDAS) with Satellite
and Global Analyses Over India, Pure Appl Geophys, 178, 1405-1424, 10.1007/s00024-021-
02698-y, 2021.

56



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Araneda-Cabrera, R. J., Bermudez, M., and Puertas, J.: Benchmarking of drought and climate
indices for agricultural drought monitoring in Argentina, Science of the Total Environment,
790, 10.1016/j.scitotenv.2021.148090, 2021.

Arias, M., Notarnicola, C., Campo-Bescés, M. A., Arregui, L. M., and Alvarez-Mozos, J.:
Evaluation of soil moisture estimation techniques based on Sentinel-1 observations over
wheat fields, Agr Water Manage, 287, 10.1016/j.agwat.2023.108422, 2023.

Arnault, J., Wagner, S., Rummler, T., Fersch, B., Bliefernicht, J., Andresen, S., and Kunstmann,
H.: Role of Runoff-Infiltration Partitioning and Resolved Overland Flow on Land-Atmosphere
Feedbacks: A Case Study with the WRF-Hydro Coupled Modeling System for West Africa, J
Hydrometeorol, 17, 1489-1516, 10.1175/Jhm-D-15-0089.1, 2016.

Arndt, D. S., Blunden, J., and Willett, K. M.: State of the Climate in 2015, Bulletin of the
American Meteorological Society, 97, S1-+, 2016.

Asoka, A. and Mishra, V.: Prediction of vegetation anomalies to improve food security and
water management in India, Geophys Res Lett, 42, 5290-5298, 10.1002/2015gl063991, 2015.

Asoka, A., Gleeson, T., Wada, Y., and Mishra, V.: Relative contribution of monsoon
precipitation and pumping to changes in groundwater storage in India, Nat Geosci, 10, 109-+,
10.1038/Ngeo2869, 2017.

Ayehu, G., Tadesse, T., and Gessesse, B.: Monitoring Residual Soil Moisture and Its Association
to the Long-Term Variability of Rainfall over the Upper Blue Nile Basin in Ethiopia, Remote
Sensing, 12, 10.3390/rs12132138, 2020.

Bai, B., Zhao, H., Zhang, S., Zhang, X., and Du, Y.: Can neural networks forecast open field
burning of crop residue in regions with anthropogenic management and control? A case study
in northeastern China, Remote Sensing, 13, 10.3390/rs13193988, 2021.

Bai, B., Zhao, H., Zhang, S., Li, X., Zhang, X., and Xiu, A.: Forecasting Crop Residue Fires in
Northeastern China Using Machine Learning, Atmosphere-Basel, 13,
10.3390/atmos13101616, 2022.

Bai, W. K., Gu, X. L., Li,S. L., Tang, Y. H., He, Y. H., Gu, X. H., and Bai, X. Y.: The Performance of
Multiple Model-Simulated Soil Moisture Datasets Relative to ECV Satellite Data in China,
Water-Sui, 10, 10.3390/w10101384, 2018.

Baik, J., Park, J., Hao, Y., and Choi, M.: Integration of multiple drought indices using a triple
collocation approach, Stochastic Environmental Research and Risk Assessment,
10.1007/s00477-021-02044-7, 2021.

Baker, J. C. A., de Souza, D. C., Kubota, P. Y., Buermann, W., Coelho, C. A. S., Andrews, M. B.,
Gloor, M., Garcia-Carreras, L., Figueroa, S. N., and Spracklen, D. V.: An Assessment of Land-
Atmosphere Interactions over South America Using Satellites, Reanalysis, and Two Global
Climate Models, J Hydrometeorol, 22, 905-922, 10.1175/jhm-d-20-0132.1, 2021.

57



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Balsamo, G., Viterbo, P., Beljaars, A., van den Hurk, B., Hirschi, M., Betts, A. K., and Scipal, K.:
A Revised Hydrology for the ECMWF Model: Verification from Field Site to Terrestrial Water
Storage and Impact in the Integrated Forecast System, J Hydrometeorol, 10, 623-643,
10.1175/2008jhm1068.1, 2009.

Balsamo, G., Albergel, C., Beljaars, A., Boussetta, S., Brun, E., Cloke, H., Dee, D., Dutra, E.,
Munoz-Sabater, J., Pappenberger, F., de Rosnay, P., Stockdale, T., and Vitart, F.: ERA-
Interim/Land: a global land surface reanalysis data set, Hydrol Earth Syst Sc, 19, 389-407,
10.5194/hess-19-389-2015, 2015.

Barichivich, J., Briffa, K. R., Myneni, R., van der Schrier, G., Dorigo, W., Tucker, C. J., Osborn, T.
J.,, and Melvin, T. M.: Temperature and Snow-Mediated Moisture Controls of Summer
Photosynthetic Activity in Northern Terrestrial Ecosystems between 1982 and 2011, Remote
Sensing, 6, 1390-1431, 10.3390/rs6021390, 2014.

Bartsch, A., Balzter, H., and George, C.: The influence of regional surface soil moisture
anomalies on forest fires in Siberia observed from satellites, Environ Res Lett, 4, 45021-45021,
10.1088/1748-9326/4/4/045021, 2009.

Bassiouni, M., Higgins, C. W., Still, C. J.,, and Good, S. P.: Probabilistic inference of
ecohydrological parameters using observations from point to satellite scales, Hydrol Earth Syst
Sc, 22, 3229-3243, 10.5194/hess-22-3229-2018, 2018.

Bauer-Marschallinger, B., Dorigo, W. A., Wagner, W., and van Dijk, A. I. J. M.: How Oceanic
Oscillation Drives Soil Moisture Variations over Mainland Australia: An Analysis of 32 Years of
Satellite Observations, J Climate, 26, 10159-10173, 10.1175/lcli-D-13-00149.1, 2013.

Beck, H. E., Pan, M., Miralles, D. G., Reichle, R. H., Dorigo, W. A., Hahn, S., Sheffield, J.,
Karthikeyan, L., Balsamo, G., Parinussa, R. M., van Dijk, A. I. J. M., Du, J. Y., Kimball, J. S,,
Vergopolan, N., and Wood, E. F.: Evaluation of 18 satellite- and model-based soil moisture
products using in situ measurements from 826 sensors, Hydrol Earth Syst Sc, 25, 17-40,
10.5194/hess-25-17-2021, 2021.

Beljaars, A. C. M., Viterbo, P., Miller, M. J., and Betts, A. K.: The Anomalous Rainfall over the
United States during July 1993: Sensitivity to Land Surface Parameterization and Soil Moisture
Anomalies, Monthly Weather Review, 124, 362-383, 10.1175/1520-
0493(1996)124<0362:tarotu>2.0.co;2, 1996.

Belleflamme, A., Goergen, K., Wagner, N., Kollet, S., Bathiany, S., El Zohbi, J., Rechid, D.,
Vanderborght, J., and Vereecken, H.: Hydrological forecasting at impact scale: the integrated
ParFlow hydrological model at 0.6 km for climate resilient water resource management over
Germany, Frontiers in Water, 5, 10.3389/frwa.2023.1183642, 2023.

Benkirane, M., Laftouhi, N. E., El Mansouri, B., Salik, I., Snineh, M., El Ghazali, F. E., Kamal, S.,
and Zamrane, Z.: An approach for flood assessment by numerical modeling of extreme
hydrological events in the Zat watershed (High Atlas, Morocco), Urban Water Journal, 17, 381-
389, 10.1080/1573062x.2020.1734946, 2020.

58



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Bennour, A, Jia, L., Menenti, M., Zheng, C., Zeng, Y., Barnieh, B. A., and Jiang, M.: Calibration
and Validation of SWAT Model by Using Hydrological Remote Sensing Observables in the Lake
Chad Basin, Remote Sensing, 14, 10.3390/rs14061511, 2022.

Bessenbacher, V., Seneviratne, S. I., and Gudmundsson, L.: CLIMFILL v0.9: a framework for
intelligently gap filling Earth observations, Geoscientific Model Development, 15, 4569-4596,
10.5194/gmd-15-4569-2022, 2022.

Bessenbacher, V., Schumacher, D. L., Hirschi, M., Seneviratne, S. |., and Gudmundsson, L.: Gap-
Filled Multivariate Observations of Global Land-Climate Interactions, ] Geophys Res-Atmos,
128, 10.1029/2023jd039099, 2023.

Bhimala, K. R., Rakesh, V., Prasad, K. R., and Mohapatra, G. N.: Identification of vegetation
responses to soil moisture, rainfall, and LULC over different meteorological subdivisions in
India using remote sensing data, Theoretical and Applied Climatology, 142, 987-1001,
10.1007/s00704-020-03360-8, 2020.

Bhuiyan, M. A. E., Anagnostou, E. N., and Kirstetter, P.-E.: A Non-Parametric Statistical
Technique for Modeling Overland TMI (2A12) Rainfall Retrieval Error, leee Geosci Remote S,
2017a.

Bhuiyan, M. A. E., Nikolopoulos, E. |., Anagnostou, E. N., Quintana-Segui, P., and Barella-Ortiz,
A.: A Nonparametric Statistical Technique for Combining Global Precipitation Datasets:
Development and Hydrological Evaluation over the Iberian Peninsula, Hydrol Earth Syst Sc,
2017b.

Bisselink, B., van Meijgaard, E., Dolman, A. J., and de Jeu, R. A. M.: Initializing a regional climate
model with  satellite-derived soil moisture, J Geophys Res-Atmos, 116,
10.1029/2010jd014534, 2011.

Blank, D., Eicker, A., Jensen, L., and Gintner, A.: A global analysis of water storage variations
from remotely sensed soil moisture and daily satellite gravimetry, Hydrol Earth Syst Sc, 27,
2413-2435, 10.5194/hess-27-2413-2023, 2023.

Blyverket, J., Hamer, P. D., Schneider, P., Albergel, C., and Lahoz, W. A.: Monitoring Soil
Moisture Drought over Northern High Latitudes from Space, Remote Sensing, 11,
10.3390/rs11101200, 2019a.

Blyverket, J., Hamer, P. D., Bertino, L., Albergel, C., Fairbairn, D., and Lahoz, W. A.: An
Evaluation of the EnKF vs. EnOl and the Assimilation of SMAP, SMOS and ESA CCI Soil Moisture
Data over the Contiguous US, Remote Sensing, 11, 10.3390/rs11050478, 2019b.

Boas, T., Bogena, H., Ryu, D., Vereecken, H., Western, A., and Franssen, H. J. H.: Seasonal soil
moisture and crop yield prediction with fifth-generation seasonal forecasting system (SEAS5)
long-range meteorological forecasts in a land surface modelling approach, Hydrol Earth Syst
Sc, 27, 3143-3167, 10.5194/hess-27-3143-2023, 2023.

59



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Boke-Olen, N., Ardo, J., Eklundh, L., Holst, T., and Lehsten, V.: Remotely sensed soil moisture
to estimate savannah NDVI, Plos One, 13, 10.1371/journal.pone.0200328, 2018.

Bontempo, E., Dalagnol, R., Ponzoni, F., and Valeriano, D.: Adjustments to SIF Aid the
Interpretation of Drought Responses at the Caatinga of Northeast Brazil, Remote Sensing, 12,
10.3390/rs12193264, 2020.

Bouras, E., Jarlan, L., Er-Raki, S., Albergel, C., Richard, B., Balaghi, R., and Khabba, S.: Linkages
between Rainfed Cereal Production and Agricultural Drought through Remote Sensing Indices
and a Land Data Assimilation System: A Case Study in Morocco, Remote Sensing, 12,
10.3390/rs12244018, 2020.

Bouras, E. H., Jarlan, L., Er-Raki, S., Balaghi, R., Amazirh, A., Richard, B., and Khabba, S.: Cereal
yield forecasting with satellite drought-based indices, weather data and regional climate
indices using machine learning in morocco, Remote Sensing, 13, 10.3390/rs13163101, 2021.

Boussetta, S., Balsamo, G., Arduini, G., Dutra, E., McNorton, J., Choulga, M., Agusti-Panareda,
A., Beljaars, A., Wedi, N., Munoz-Sabater, J., de Rosnay, P., Sandu, |., Hadade, I., Carver, G.,
Mazzetti, C., Prudhomme, C., Yamazaki, D., and Zsoter, E.: ECLand: The ECMWF Land Surface
Modelling System, Atmosphere-Basel, 12, 10.3390/atmos12060723, 2021.

Breil, M., Laube, N., Pinto, J. G., and Schadler, G.: The impact of soil initialization on regional
decadal climate predictions in Europe, Climate Research, 77, 139-154, 10.3354/cr01548, 2018.

Breuer, H., Berenyi, A., Mari, L., Nagy, B., Szalai, Z., Tordai, A., and Weidinger, T.: Analog Site
Experiment in the High Andes-Atacama Region: Surface Energy Budget Components on Ojos
del Salado from Field Measurements and Weather Research and Forecasting Simulations,
Astrobiology, 20, 684-700, 10.1089/ast.2019.2024, 2020.

Brocca, L., Moramarco, T., Melone, F., and Wagner, W.: A new method for rainfall estimation
through soil moisture observations, Geophys Res Lett, 40, 853-858, 10.1002/grl.50173, 2013.

Brocca, L., Moramarco, T., Melone, F., Wagner, W., Hasenauer, S., and Hahn, S.: Assimilation
of Surface- and Root-Zone ASCAT Soil Moisture Products Into Rainfall-Runoff Modeling, IEEE
T Geosci Remote, 50, 2542-2555, 10.1109/Tgrs.2011.2177468, 2012.

Brocca, L., Melone, F., Moramarco, T., Wagner, W., Naeimi, V., Bartalis, Z., and Hasenauer, S.:
Improving runoff prediction through the assimilation of the ASCAT soil moisture product,
Hydrol Earth Syst Sc, 14, 1881-1893, 10.5194/hess-14-1881-2010, 2010.

Brocca, L., Ciabatta, L., Massari, C., Moramarco, T., Hahn, S., Hasenauer, S., Kidd, R., Dorigo,
W., Wagner, W., and Levizzani, V.: Soil as a natural rain gauge: Estimating global rainfall from
satellite soil moisture data, J Geophys Res-Atmos, 119, 5128-5141, 10.1002/2014jd021489,
2014.

60



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Bueechi, E., Fischer, M., Crocetti, L., Trnka, M., Grlj, A., Zappa, L., and Dorigo, W.: Crop vyield
anomaly forecasting in the Pannonian basin using gradient boosting and its performance in
years of severe drought, Agr Forest Meteorol, 340, 10.1016/j.agrformet.2023.109596, 2023.

Buitink, J., van Hateren, T. C., and Teuling, A. J.: Hydrological System Complexity Induces a
Drought Frequency Paradox, Frontiers in Water, 3, 10.3389/frwa.2021.640976, 2021.

Byrne, B., Liu, J., Bloom, A. A., Bowman, K. W., Butterfield, Z., Joiner, J., Keenan, T. F., Keppel-
Aleks, G., Parazoo, N. C., and Yin, Y.: Contrasting Regional Carbon Cycle Responses to Seasonal
Climate Anomalies Across the East-West Divide of Temperate North America, Global
Biogeochem Cy, 34, 10.1029/2020gb006598, 2020a.

Byrne, B., Liu, J., Lee, M., Baker, |.,, Bowman, K. W., Deutscher, N. M., Feist, D. G., Griffith, D.
W. T, Iraci, L. T., Kiel, M., Kimball, J. S., Miller, C. E., Morino, I., Parazoo, N. C,, Petri, C., Roehl,
C. M,, Sha, M. K., Strong, K., Velazco, V. A., Wennberg, P. O., and Wunch, D.: Improved
Constraints on Northern Extratropical CO2 Fluxes Obtained by Combining Surface-Based and
Space-Based Atmospheric CO2 Measurements, J Geophys Res-Atmos, 125,
10.1029/2019jd032029, 2020b.

Cai, J.,, Chen, T., Yan, Q., Chen, X., and Guo, R.: The Spatial-Temporal Characteristics of Soil
Moisture and Its Persistence over Australia in the Last 20 Years, Water (Switzerland), 14,
10.3390/w14040598, 2022.

Camici, S., Giuliani, G., Brocca, L., Massari, C., Tarpanelli, A., Farahani, H. H., Sneeuw, N.,
Restano, M., and Benveniste, J.: Synergy between satellite observations of soil moisture and
water storage anomalies for runoff estimation, Geoscientific Model Development, 15, 6935-
6956, 10.5194/gmd-15-6935-2022, 2022.

Cammalleri, C., Vogt, J. V., Bisselink, B., and de Roo, A.: Comparing soil moisture anomalies
from multiple independent sources over different regions across the globe, Hydrol Earth Syst
Sc, 21, 6329-6343, 10.5194/hess-21-6329-2017, 2017.

Campbell, A. M., Racault, M. F., Goult, S., and Laurenson, A.: Cholera Risk: A Machine Learning
Approach Applied to Essential Climate Variables, International Journal of Environmental
Research and Public Health, 17, 10.3390/ijerph17249378, 2020.

Carrdo, H., Russo, S., Sepulcre-Canto, G., and Barbosa, P.: An empirical standardized soil
moisture index for agricultural drought assessment from remotely sensed data, Int J Appl
Earth Obs, 48, 74-84, 10.1016/j.jag.2015.06.011, 2016.

Carvalhais, N., Forkel, M., Khomik, M., Bellarby, J., Jung, M., Migliavacca, M., Mu, M., Saatchi,
S., Santoro, M., Thurner, M., Weber, U., Ahrens, B., Beer, C., Cescatti, A., Randerson, J. T., and
Reichstein, M.: Global covariation of carbon turnover times with climate in terrestrial
ecosystems, Nature, 514, 213-217, 10.1038/nature13731, 2014.

Carvalho-Santos, C., Monteiro, A. T., Arenas-Castro, S., Greifeneder, F., Marcos, B., Portela, A.
P., and Honrado, J. P.: Ecosystem Services in a Protected Mountain Range of Portugal:

61



. . . Version 2
soil moisture Climate Assessment Report (CAR)
x- cci Date 19-09-2024

Satellite-Based Products for State and Trend Analysis, Remote Sensing, 10,
10.3390/rs10101573, 2018.

Casagrande, E., Mueller, B., Miralles, D. G., Entekhabi, D., and Molini, A.: Wavelet correlations
to reveal multiscale coupling in geophysical systems, J Geophys Res-Atmos, 120, 7555-7572,
10.1002/2015jd023265, 2015.

Catalano, F., Alessandri, A., De Felice, M., Zhu, Z. C., and Myneni, R. B.: Observationally based
analysis of land-atmosphere coupling, Earth Syst Dynam, 7, 251-266, 10.5194/esd-7-251-
2016, 2016.

Chakravorty, A., Chahar, B. R., Sharma, O. P., and Dhanya, C. T.: A regional scale performance
evaluation of SMOS and ESA-CCl soil moisture products over India with simulated soil moisture
from MERRA-Land, Remote Sensing of Environment, 186, 514-527,
10.1016/j.rse.2016.09.011, 2016.

Champagne, C., White, J., Berg, A., Belair, S., and Carrera, M.: Impact of Soil Moisture Data
Characteristics on the Sensitivity to Crop Yields Under Drought and Excess Moisture
Conditions, Remote Sensing, 11, 10.3390/rs11040372, 2019.

Chen, A. J,, Guan, H. D., Batelaan, O., Zhang, X. P., and He, X. G.: Global Soil Moisture-Air
Temperature Coupling Based on GRACE-Derived Terrestrial Water Storage, J Geophys Res-
Atmos, 124, 7786-7796, 10.1029/2019jd030324, 2019.

Chen, T.,deJeu, R. A. M,, Liu, Y. Y., van der Werf, G. R., and Dolman, A. J.: Using satellite based
soil moisture to quantify the water driven variability in NDVI: A case study over mainland
Australia, Remote Sensing of Environment, 140, 330-338, 10.1016/j.rse.2013.08.022, 2014.

Chen, T. X., McVicar, T. R., Wang, G. J., Chen, X., de Jeu, R. A. M,, Liu, Y. Y., Shen, H., Zhang, F.
M., and Dolman, A. J.: Advantages of Using Microwave Satellite Soil Moisture over Gridded
Precipitation Products and Land Surface Model Output in Assessing Regional Vegetation
Water Availability and Growth Dynamics for a Lateral Inflow Receiving Landscape, Remote
Sensing, 8, 428, 10.3390/rs8050428, 2016.

Chen, X. Z., Liu, X. D., Liu, Z. Y., Zhou, P., Zhou, G. Y., Liao, J. S., and Liu, L. Y.: Spatial clusters
and temporal trends of seasonal surface soil moisture across China in responses to regional
climate and land cover changes, Ecohydrology, 10, 10.1002/ec0.1800, 2017.

Cheng, F., Zhang, Z., Zhuang, H., Han, J,, Luo, Y., Cao, J., Zhang, L., Zhang, J., Xu, J., and Tao, F.:
ChinaCropSM1 km: A fine 1km daily soil moisture dataset for dryland wheat and maize across
China during 1993-2018, Earth Syst Sci Data, 15, 395-409, 10.5194/essd-15-395-2023, 2023.

Chevuturi, A., Tanguy, M., Facer-Childs, K., Martinez-de la Torre, A., Sarkar, S., Thober, S.,
Samaniego, L., Rakovec, O., Kelbling, M., Sutanudjaja, E. H., Wanders, N., and Blyth, E.:
Improving global hydrological simulations through bias-correction and multi-model blending,
J Hydrol, 621, 10.1016/j.jhydrol.2023.129607, 2023.

62



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Ciabatta, L., Massari, C., Brocca, L., Reimer, C., Hann, S., Paulik, C., Dorigo, W., and Wagner,
W.: Using Python® language for the validation of the CCl soil moisture products via SM2RAIN,
Peer) Preprints, 4, e2131v2134, 10.7287/peerj.preprints.2131v4, 2016.

Ciabatta, L., Massari, C., Brocca, L., Gruber, A,, Reimer, C., Hahn, S., Paulik, C., Dorigo, W., Kidd,
R., and Wagner, W.: SM2RAIN-CCI: a new global long-term rainfall data set derived from ESA
CCl soil moisture, Earth Syst Sci Data, 10, 267-280, 10.5194/essd-10-267-2018, 2018.

Cissé, S., Eymard, L., Ottlé, C., Ndione, J., Gaye, A., and Pinsard, F.: Rainfall Intra-Seasonal
Variability and Vegetation Growth in the Ferlo Basin (Senegal), Remote Sensing, 8, 66, 2016.

Colliander, A., Jackson, T. J., Bindlish, R., Chan, S., Das, N., Kim, S. B., Cosh, M. H., Dunbar, R.
S., Dang, L., Pashaian, L., Asanuma, J., Aida, K., Berg, A., Rowlandson, T., Bosch, D., Caldwell,
T., Caylor, K., Goodrich, D., al Jassar, H., Lopez-Baeza, E., Martinez-Fernandez, J., Gonzalez-
Zamora, A., Livingston, S., McNairn, H., Pacheco, A., Moghaddam, M., Montzka, C.,
Notarnicola, C., Niedrist, G., Pellarin, T., Prueger, J., Pulliainen, J., Rautiainen, K., Ramos, J.,
Seyfried, M., Starks, P., Su, Z., Zeng, Y., van der Velde, R., Thibeault, M., Dorigo, W.,
Vreugdenhil, M., Walker, J. P., Wu, X., Monerris, A., O'Neill, P. E., Entekhabi, D., Njoku, E. G.,
and Yueh, S.: Validation of SMAP surface soil moisture products with core validation sites,
Remote Sensing of Environment, 191, 215-231, 10.1016/j.rse.2017.01.021, 2017.

Cornelissen, B., Neumann, P., and Schweiger, O.: Global warming promotes biological invasion
of a honey bee pest, Global Change Biol, 25, 3642-3655, 10.1111/gcb.14791, 2019.

Correa-Diaz, A, Silva, L. C. R., Horwath, W. R., Gomez-Guerrero, A., Vargas-Hernandez, J.,
Villanueva-Diaz, J., Suarez-Espinoza, J., and Velazquez-Martinez, A.: From Trees to
Ecosystems: Spatiotemporal Scaling of Climatic Impacts on Montane Landscapes Using
Dendrochronological, Isotopic, and Remotely Sensed Data, Global Biogeochem Cy, 34,
10.1029/2019gb006325, 2020.

Correa-Diaz, A., Romero-Sanchez, M. E., and Villanueva-Diaz, J.: The greening effect
characterized by the Normalized Difference Vegetation Index was not coupled with
phenological trends and tree growth rates in eight protected mountains of central Mexico,
Forest Ecol Manag, 496, 10.1016/j.foreco.2021.119402, 2021.

Crow, W.T.,Su, C. H., Ryu, D., and Yilmaz, M. T.: Optimal averaging of soil moisture predictions
from ensemble land surface model simulations, Water Resources Research, 51, 9273-9289,
10.1002/2015wr016944, 2015.

Cui, Y., Jia, L., and Fan, W.: Estimation of actual evapotranspiration and its components in an
irrigated area by integrating the Shuttleworth-Wallace and surface temperature-vegetation
index schemes using the particle swarm optimization algorithm, Agr Forest Meteorol, 307,
10.1016/j.agrformet.2021.108488, 2021a.

Cui, Y. K., Song, L. S., and Fan, W. J.: Generation of spatio-temporally continuous
evapotranspiration and its components by coupling a two-source energy balance model and

63



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

a deep neural network over the Heihe River Basin, J Hydrol, 597,
10.1016/j.jhydrol.2021.126176, 2021b.

Cui, Y. K., Ma, S. H, Yao, Z. Y., Chen, X., Luo, Z. L., Fan, W. J., and Hong, Y.: Developing a Gap-
Filling Algorithm Using DNN for the Ts-VI Triangle Model to Obtain Temporally Continuous
Daily Actual Evapotranspiration in an Arid Area of China, Remote Sensing, 12,
10.3390/rs12071121, 2020a.

Cui, Y. K., Yang, X. B., Chen, X., Fan, W. J., Zeng, C., Xiong, W. T., and Hong, Y.: A two-step fusion
framework for quality improvement of a remotely sensed soil moisture product: A case study
for the ECV product over the Tibetan Plateau, J Hydrol, 587, 10.1016/j.jhydrol.2020.124993,
2020b.

Cui, Y. K., Zeng, C., Chen, X., Fan, W. J,, Liu, H. J,, Liu, Y., Xiong, W. T., Sun, C., and Luo, Z. L.: A
New Fusion Algorithm for Simultaneously Improving Spatio-Temporal Continuity and Quality
of Remotely Sensed Soil Moisture Over the Tibetan Plateau, leee Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, 14, 83-91, 10.1109/jstars.2020.3043336,
2021c.

Cui, Z. and Wang, C.: Improvement of summer precipitation simulation with indirect
assimilation of spring soil moisture over the Tibetan Plateau, Quarterly Journal of the Royal
Meteorological Society, 148, 3231-3251, 10.1002/qj.4356, 2022.

D'Adamo, F., Ogutu, B., Brandt, M., Schurgers, G., and Dash, J.: Climatic and non-climatic
vegetation cover changes in the rangelands of Africa, Global Planet Change, 202,
10.1016/j.gloplacha.2021.103516, 2021.

Da, W., Zhang, X. K., and Wang, X. D.: Strengthening Hydrological Regulation of China's
Wetland Greenness Under a Warmer Climate, J Geophys Res-Biogeo, 122, 3206-3217,
10.1002/2017jg004114, 2017.

Dahigamuwa, T., Gunaratne, M., and Li, M. Y.: An Improved Data-Driven Approach for the
Prediction of Rainfall-Triggered Soil Slides Using Downscaled Remotely Sensed Soil Moisture,
Geosciences, 8, 10.3390/geosciences8090326, 2018.

Dahigamuwa, T., Yu, Q., and Gunaratne, M.: Feasibility Study of Land Cover Classification
Based on Normalized Difference Vegetation Index for Landslide Risk Assessment, Geosciences,
6, 45, 2016.

Daramola, M. T, Li, R. Q., and Xu, M.: Increased diurnal temperature range in global drylands
in more recent decades, Int J Climatol, 44, 521-533, 10.1002/joc.8341, 2024.

Das, S. K. and Maity, R.: Potential of Probabilistic Hydrometeorological Approach for

Precipitation-Based Soil Moisture Estimation, J Hydrol Eng, 20, 10.1061/(Asce)He.1943-
5584.0001034, 2015.

64



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

de Figueiredo, T., Royer, A. C., Fonseca, F., Schutz, F. C. D., and Hernandez, Z.: Regression
Models for Soil Water Storage Estimation Using the ESA CCl Satellite Soil Moisture Product: A
Case Study in Northeast Portugal, Water-Sui, 13, 10.3390/w13010037, 2021.

de Jeu, R. and Dorigo, W.: On the importance of satellite observed soil moisture, Int J Appl
Earth Obs, 45, 107-109, 10.1016/j.jag.2015.10.007, 2016.

De Jeu, R., Dorigo, W., Wagner, W., and Liu, Y.: Soil Moisture [in: State of the Climate in 2010],
Bulletin of the American Meteorological Society, 92, S52-S53, 2011.

De Jeu, R. A. M., Dorigo, W. A,, Parinussa, R. M., Wagner, W., and Chung, D.: Sol Moisture [in:
State of the Climate in 2011], Bulletin of the American Meteorological Society, 93, S30-534,
2012.

De Lannoy, G. J. M. and Reichle, R. H.: Global Assimilation of Multiangle and Multipolarization
SMOS Brightness Temperature Observations into the GEOS-5 Catchment Land Surface Model
for Soil Moisture Estimation, J Hydrometeorol, 17, 669-691, 10.1175/jhm-d-15-0037.1, 2016.

de Rosnay, P., Drusch, M., Vasiljevic, D., Balsamo, G., Albergel, C., and Isaksen, L.: A simplified
Extended Kalman Filter for the global operational soil moisture analysis at ECMWF, Quarterly
Journal of the Royal Meteorological Society, 139, 1199-1213, 10.1002/qj.2023, 2013.

De Santis, D., Biondi, D., Crow, W. T., Camici, S., Modanesi, S., Brocca, L., and Massari, C.:
Assimilation of Satellite Soil Moisture Products for River Flow Prediction: An Extensive
Experiment in Over 700 Catchments Throughout Europe, Water Resources Research, 57,
10.1029/2021wr029643, 2021.

De Zan, F. and Gomba, G.: Vegetation and soil moisture inversion from SAR closure phases:
First experiments and results, Remote Sensing of Environment, 217, 562-572,
10.1016/j.rse.2018.08.034, 2018.

Dembele, M., Schaefli, B., van de Giesen, N., and Mariethoz, G.: Suitability of 17 gridded
rainfall and temperature datasets for large-scale hydrological modelling in West Africa, Hydrol
Earth Syst Sc, 24, 5379-5406, 10.5194/hess-24-5379-2020, 2020a.

Dembele, M., Hrachowitz, M., Savenije, H. H. G., Mariethoz, G., and Schaefli, B.: Improving the
Predictive Skill of a Distributed Hydrological Model by Calibration on Spatial Patterns With
Multiple Satellite Data Sets, Water Resources Research, 56, 10.1029/2019wr026085, 2020b.

Dembele, M., Ceperley, N., Zwart, S. J., Salvadore, E., Mariethoz, G., and Schaefli, B.: Potential
of satellite and reanalysis evaporation datasets for hydrological modelling under various
model calibration strategies, Adv Water Resour, 143, 10.1016/j.advwatres.2020.103667,
2020c.

Demirel, M. C., Ozen, A,, Orta, S., Toker, E., Demir, H. K., Ekmekcioglu, O., Taysi, H., Erucar, S.,
Sag, A. B., Sari, O., Tuncer, E., Hanci, H., Ozcan, T. ., Erdem, H., Kosucu, M. M., Basakin, E. E.,
Ahmed, K., Anwar, A., Avcuoglu, M. B., Vanli, O., Stisen, S., and Booij, M. J.: Additional Value

65



Vv

g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

of Using Satellite-Based Soil Moisture and Two Sources of Groundwater Data for Hydrological
Model Calibration, Water-Sui, 11, 10.3390/w11102083, 2019.

Deng, X., Zhu, L., Wang, H., Zhang, X., Tong, C,, Li, S., and Wang, K.: Triple Collocation Analysis
and In Situ Validation of the CYGNSS Soil Moisture Product, IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, 16, 1883-1899,
10.1109/JSTARS.2023.3235111, 2023.

Deng, Y. H., Wang, S. )., Bai, X. Y., Luo, G.J.,, Wu, L. H., Cao, VY., Li, H. W, Li, C. J,, Yang, Y. J., Hu,
Z.Y., and Tian, S. Q.: Variation trend of global soil moisture and its cause analysis, Ecol Indic,
110, 10.1016/j.ecolind.2019.105939, 2020.

Denissen, J. M. C., Teuling, A. J., Reichstein, M., and Orth, R.: Critical Soil Moisture Derived
From Satellite Observations Over Europe, J Geophys Res-Atmos, 125, 10.1029/2019jd031672,
2020.

Denissen, J. M. C.,, Orth, R., Wouters, H., Miralles, D. G., van Heerwaarden, C. C., de Arellano,
J. V. G, and Teuling, A. J.: Soil moisture signature in global weather balloon soundings, Npj
Clim Atmos Sci, 4, 10.1038/s41612-021-00167-w, 2021.

Detmers, R. G., Hasekamp, O., Aben, |., Houweling, S., van Leeuwen, T. T., Butz, A., Landgraf,
J., Kohler, P., Guanter, L., and Poulter, B.: Anomalous carbon uptake in Australia as seen by
GOSAT, Geophys Res Lett, 42, 8177-8184, 10.1002/2015gl065161, 2015.

Dharssi, I., Bovis, K. J., Macpherson, B., and Jones, C. P.: Operational assimilation of ASCAT
surface soil wetness at the Met Office, Hydrol Earth Syst Sc, 15, 2729-2746, 10.5194/hess-15-
2729-2011, 2011.

Dirmeyer, P. A. and Halder, S.: Application of the Land-Atmosphere Coupling Paradigm to the
Operational Coupled Forecast System, Version 2 (CFSv2), J Hydrometeorol, 18, 85-108,
10.1175/Jhm-D-16-0064.1, 2017.

Dolores, E., Caetano, E., Lopez-Bravo, L. C., and Calheiros, A.: Influence of soil moisture on
mesoscale convective initiation in central Mexico, Eur J Remote Sens, 52, 640-652,
10.1080/22797254.2019.1700397, 2019.

Dong, J.,, Lei, F., and Crow, W. T.: Land transpiration-evaporation partitioning errors
responsible for modeled summertime warm bias in the central United States, Nature
Communications, 13, 10.1038/s41467-021-27938-6, 2022a.

Dong, J. Z. and Crow, W. T.: The Added Value of Assimilating Remotely Sensed Soil Moisture
for Estimating Summertime Soil Moisture-Air Temperature Coupling Strength, Water
Resources Research, 54, 6072-6084, 10.1029/2018wr022619, 2018.

Dong, J. Z. and Crow, W. T.: L-band remote-sensing increases sampled levels of global soil

moisture-air temperature coupling strength, Remote Sensing of Environment, 220, 51-58,
10.1016/j.rse.2018.10.024, 2019.

66



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Dong, W. H,, Lin, Y. L., Wright, J. S., Xie, Y. Y., Ming, Y., Zhang, H., Chen, R. S., Chen, Y. N., Xu,
F. H., Lin, N. M., Yu, C. Q,, Zhang, B., Jin, S., Yang, K., Li, Z. Q., Guo, J. P., Wang, L., and Lin, G.
H.: Regional disparities in warm season rainfall changes over arid eastern-central Asia, Sci Rep-
Uk, 8, 10.1038/s41598-018-31246-3, 2018.

Dong, X., Chen, H., Zhou, Y., Sun, S., Chotamonsak, C., and Wangpakapattanawong, P.: Local
and non-local atmospheric effects of abnormal soil moisture over Indochina during May and
June, Quarterly Journal of the Royal Meteorological Society, 148, 2903-2926,
10.1002/qj.4341, 2022b.

Dong, Y., Chen, H., and Dong, X.: Impact of Antecedent Soil Moisture Anomalies over the Indo-
China Peninsula on the Super Meiyu Event in 2020, Journal of Meteorological Research, 37,
234-247,10.1007/s13351-023-2144-4, 2023.

Dong, Z. N., Jin, S. G., Li, L., and Wang, P.: Retrieval and evaluation of surface soil moisture
from CYGNSS using blended microwave soil moisture products, Adv Space Res, 73, 456-473,
10.1016/j.asr.2023.09.062, 2024.

Dorigo, W., de Jeu, R., Chung, D., Parinussa, R., Liu, Y., Wagner, W., and Fernandez-Prieto, D.:
Evaluating global trends (1988-2010) in harmonized multi-satellite surface soil moisture,
Geophys Res Lett, 39, 10.1029/2012g1052988, 2012.

Dorigo, W., Reimer, C., Chung, D., Parinussa, R. M., Melzer, T., Wagner, W., de Jeu, R. A. M.,
and Kidd, R.: Soil Moisture [in: State of the Climate in 2014], Bulletin American Meteorological
Society, 96, S28-S29, 10.1175/2015BAMSStateoftheClimate, 2015a.

Dorigo, W., Chung, D., Parinussa, R. M., Reimer, C., Hahn, S., Liu, Y. Y., Wagner, W., de Jeu, R.
A. M., Paulik, C., and Wang, G.: Soil Moisture [in: “State of the Climate in 2013”]. Bulletin
American Meteorological Society, 95, S25-526, 2014.

Dorigo, W., Wagner, W., Albergel, C., Albrecht, F., Balsamo, G., Brocca, L., Chung, D., Ertl, M.,
Forkel, M., Gruber, A., Haas, E., Hamer, P. D., Hirschi, M., Ikonen, J., de Jeu, R, Kidd, R., Lahoz,
W, Liy, Y. Y., Miralles, D., Mistelbauer, T., Nicolai-Shaw, N., Parinussa, R., Pratola, C., Reimer,
C.,van der Schalie, R., Seneviratne, S. |., Smolander, T., and Lecomte, P.: ESA CCI Soil Moisture
for improved Earth system understanding: State-of-the art and future directions, Remote
Sensing of Environment, 203, 185-215, 10.1016/j.rse.2017.07.001, 2017.

Dorigo, W., Himmelbauer, I., Aberer, D., Schremmer, L., Petrakovic, |.,, Zappa, L.,
Preimesberger, W., Xaver, A., Annor, F., Ardo, J., Baldocchi, D., Bitelli, M., Bloschl, G., Bogena,
H., Brocca, L., Calvet, J. C., Camarero, J. J., Capello, G., Choi, M., Cosh, M. C., van de Giesen, N.,
Hajdu, I., Ikonen, J., Jensen, K. H., Kanniah, K. D., de Kat, I., Kirchengast, G., Rai, P. K., Kyrouac,
J., Larson, K., Liu, S. X., Loew, A., Moghaddam, M., Fernandez, J. M., Bader, C. M., Morbidelli,
R., Musial, J. P., Osenga, E., Palecki, M. A., Pellarin, T., Petropoulos, G. P., Pfeil, ., Powers, J.,
Robock, A., Rudiger, C., Rummel, U., Strobel, M., Su, Z. B., Sullivan, R., Tagesson, T., Varlagin,
A., Vreugdenhil, M., Walker, J., Wen, J., Wenger, F., Wigneron, J. P., Woods, M., Yang, K., Zeng,
Y. J., Zhang, X., Zreda, M., Dietrich, S., Gruber, A., van Oevelen, P., Wagner, W., Scipal, K.,
Drusch, M., and Sabia, R.: The International Soil Moisture Network: serving Earth system

67



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

science for over a decade, Hydrol Earth Syst Sc, 25, 5749-5804, 10.5194/hess-25-5749-2021,
2021.

Dorigo, W. A,, Scanlon, T., Gruber, A., van der Schalie, R., Reimer, C., Hahn, S., Paulik, C.,
Wagner, W., and de Jeu, R. A. M.: Soil Moisture [in: “State of the Climate in 2017”], Bulletin
American Meteorological Society, 99, S35-36, 10.1175/2018BAMSStateoftheClimate.1, 2018.

Dorigo, W. A., Xaver, A., Vreugdenhil, M., Gruber, A., Hegyiova, A., Sanchis-Dufau, A. D.,
Zamojski, D., Cordes, C., Wagner, W., and Drusch, M.: Global Automated Quality Control of In
Situ Soil Moisture Data from the International Soil Moisture Network, Vadose Zone J, 12,
10.2136/vzj2012.0097, 2013.

Dorigo, W. A., Chung, D., Gruber, A., Hahn, S., Mistelbauer, T., Parinussa, R. M., Paulik, C.,
Reimer, C., van der Schalie, R., de Jeu, R. A. M., and Wagner, W.: Soil Moisture [in: “State of
the Climate in 2015”], Bulletin American Meteorological Society, 97, S31-S32, 2016.

Dorigo, W. A., Gruber, A., De Jeu, R. A. M., Wagner, W., Stacke, T., Loew, A., Albergel, C,,
Brocca, L., Chung, D., Parinussa, R. M., and Kidd, R.: Evaluation of the ESA CCl soil moisture
product using ground-based observations, Remote Sensing of Environment, 162, 380-395,
10.1016/j.rse.2014.07.023, 2015b.

Douville, H., Viterbo, P., Mahfouf, J. F., and Beljaars, A. C. M.: Evaluation of the optimum
interpolation and nudging techniques for soil moisture analysis using FIFE data, Monthly
Weather Review, 128, 1733-1756, Doi 10.1175/1520-0493(2000)128<1733:Eotoia>2.0.Co;2,
2000.

Drusch, M. and Viterbo, P.: Assimilation of screen-level variables in ECMWF's Integrated
Forecast System: A study on the impact on the forecast quality and analyzed soil moisture,
Monthly Weather Review, 135, 300-314, 10.1175/Mwr3309.1, 2007.

Du, E. H., Di Vittorio, A., and Collins, W. D.: Evaluation of hydrologic components of community
land model 4 and bias identification, Int J Appl Earth Obs, 48, 5-16, 10.1016/j.jag.2015.03.013,
2016.

Du, L. T., Tian, Q.J., Yu, T., Meng, Q. Y., Jancso, T., Udvardy, P., and Huang, Y.: A comprehensive
drought monitoring method integrating MODIS and TRMM data, Int J Appl Earth Obs, 23, 245-
253, 10.1016/j.jag.2012.09.010, 2013.

Dukic, V. and Eric, R.: SHETRAN and HEC HMS Model Evaluation for Runoff and Soil Moisture
Simulation in the lJicinka River Catchment (Czech Republic), Water-Sui, 13,
10.3390/w13060872, 2021.

Dukic, V., Eric, R., Dumbrovsky, M., and Sobotkova, V.: Spatio-temporal analysis of remotely

sensed and hydrological model soil moisture in the small Jicinka River catchment in Czech
Republic, J Hydrol Hydromech, 69, 1-12, 10.2478/johh-2020-0038, 2021.

68



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Eeckman, J., Roux, H., Douinot, A., Bonan, B., and Albergel, C.: A multi-sourced assessment of
the spatiotemporal dynamics of soil moisture in the MARINE flash flood model, Hydrol Earth
Syst Sc, 25, 1425-1446, 10.5194/hess-25-1425-2021, 2021.

Eini, M. R., Massari, C., and Piniewski, M.: Satellite-based soil moisture enhances the reliability
of agro-hydrological modeling in large transboundary river basins, Science of the Total
Environment, 873, 10.1016/j.scitotenv.2023.162396, 2023.

El Khalki, E., Tramblay, Y., Amengual, A., Homar, V., Romero, R., Saidi, M. E., and Alaouri, M.:
Validation of the AROME, ALADIN and WRF Meteorological Models for Flood Forecasting in
Morocco, Water-Sui, 12, 10.3390/w12020437, 2020a.

El Khalki, E., Tramblay, Y., Massari, C., Brocca, L., Simonneaux, V., Gascoin, S., and Saidi, M. E.:
Challenges in flood modeling over data-scarce regions: how to exploit globally available soil
moisture products to estimate antecedent soil wetness conditions in Morocco, Nat Hazard
Earth Sys, 20, 2591-2607, 10.5194/nhess-20-2591-2020, 2020b.

El Khalki, E., Tramblay, Y., Saidi, M. E., Bouvier, C., Hanich, L., Benrhanem, M., and Alaouri, M.:
Comparison of modeling approaches for flood forecasting in the High Atlas Mountains of
Morocco, Arab J Geosci, 11, 10.1007/s12517-018-3752-7, 2018.

El Masri, B., Rahman, A. F., and Dragoni, D.: Evaluating a new algorithm for satellite-based
evapotranspiration for North American ecosystems: Model development and validation, Agr
Forest Meteorol, 268, 234-248, 10.1016/j.agrformet.2019.01.025, 2019.

Eltazarov, S., Bobojonov, |., Kuhn, L., and Glauben, T.: Improving risk reduction potential of
weather index insurance by spatially downscaling gridded climate data - a machine learning
approach, Big Earth Data, 7, 937-960, 10.1080/20964471.2023.2196830, 2023.

Enenkel, M., Reimer, C., Dorigo, W., Wagner, W., Pfeil, I., Parinussa, R., and De Jeu, R.:
Combining satellite observations to develop a global soil moisture product for near-real-time
applications, Hydrol Earth Syst Sc, 20, 4191-4208, 10.5194/hess-20-4191-2016, 2016a.

Enenkel, M., Farah, C., Hain, C., White, A., Anderson, M., You, L. Z., Wagner, W., and Osgood,
D.: What Rainfall Does Not Tell Us-Enhancing Financial Instruments with Satellite-Derived Soil
Moisture and Evaporative Stress, Remote Sensing, 10, 10.3390/rs10111819, 2018.

Enenkel, M., Steiner, C., Mistelbauer, T., Dorigo, W., Wagner, W., See, L., Atzberger, C,,
Schneider, S., and Rogenhofer, E.: A Combined Satellite-Derived Drought Indicator to Support
Humanitarian Aid Organizations, Remote Sensing, 8, 340, 10.3390/rs8040340, 2016b.

Enenkel, M., Osgood, D., Anderson, M., Powell, B., McCarty, J., Neigh, C., Carroll, M., Wooten,
M., Husak, G., Hain, C., and Brown, M.: Exploiting the Convergence of Evidence in Satellite
Data for Advanced Weather Index Insurance Design, Weather Clim Soc, 11, 65-93,
10.1175/wcas-d-17-0111.1, 2019.

69



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Ermitdo, T., Gouveia, C. M., Bastos, A., and Russo, A. C.: Vegetation productivity losses linked
to mediterranean hot and dry events, Remote Sensing, 13, 10.3390/rs13194010, 2021.

Faiz, M. A., Zhang, Y., Zhang, X., Ma, N., Aryal, S. K., Ha, T. T. V., Baig, F., and Naz, F.: A
composite drought index developed for detecting large-scale drought characteristics, J Hydrol,
605, 10.1016/j.jhydrol.2021.127308, 2022.

Fakharizadehshirazi, E., Sabziparvar, A. A., and Sodoudi, S.: Long-term spatiotemporal
variations in satellite-based soil moisture and vegetation indices over Iran, Environ Earth Sci,
78, 10.1007/s12665-019-8347-4, 2019.

Famiglietti, C. A., Michalak, A. M., and Konings, A. G.: Extreme wet events as important as
extreme dry events in controlling spatial patterns of vegetation greenness anomalies, Environ
Res Lett, 16, 10.1088/1748-9326/abfc78, 2021.

Fan, L., Wigneron, J. P., Xiao, Q., Al-Yaari, A., Wen, J., Martin-StPaul, N., Dupuy, J. L., Pimont,
F., Al Bitar, A., Fernandez-Moran, R., and Kerr, Y. H.: Evaluation of microwave remote sensing
for monitoring live fuel moisture content in the Mediterranean region, Remote Sensing of
Environment, 205, 210-223, 10.1016/j.rse.2017.11.020, 2018.

Fan, X, Lu, Y., Liu, Y., Li, T., Xun, S., and Zhao, X.: Validation of Multiple Soil Moisture Products
over an Intensive Agricultural Region: Overall Accuracy and Diverse Responses to Precipitation
and Irrigation Events, Remote Sensing, 14, 10.3390/rs14143339, 2022.

Fan, X. W., Liu, Y. B., Gan, G. J., and Wu, G. P.: SMAP underestimates soil moisture in
vegetation-disturbed areas primarily as a result of biased surface temperature data, Remote
Sensing of Environment, 247, 10.1016/j.rse.2020.111914, 2020.

Fang, L., Hain, C. R., Zhan, X. W., and Anderson, M. C.: An inter-comparison of soil moisture
data products from satellite remote sensing and a land surface model, Int J Appl Earth Obs,
48, 37-50, 10.1016/j.jag.2015.10.006, 2016.

Fatkhuroyan, Wati, T., and Kurniawan, R.: Characteristic of Soil Moisture in Indonesia Using
ESA CCI Satellites Products, Indonesian Journal of Geography, 53, 54-60, 10.22146/1)G.43905,
2021.

Feng, H.: Individual contributions of climate and vegetation change to soil moisture trends
across multiple spatial scales, Sci Rep, 6, 32782, 10.1038/srep32782, 2016.

Feng, H. and Zhang, M.: Global land moisture trends: drier in dry and wetter in wet over land,
Sci Rep, 5, 18018, 10.1038/srep18018, 2015.

Feng, H., Wu, Z., Dong, J., Zhou, J., Brocca, L., and He, H.: Transpiration — Soil evaporation
partitioning determines inter-model differences in soil moisture and evapotranspiration
coupling, Remote Sensing of Environment, 298, 10.1016/j.rse.2023.113841, 2023a.

70



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Feng, J., Zhang, K., Zhan, H. J., and Chao, L. J.: Improved soil evaporation remote sensing
retrieval algorithms and associated uncertainty analysis on the Tibetan Plateau, Hydrol Earth
Syst Sc, 27, 363-383, 10.5194/hess-27-363-2023, 2023b.

Feng, T., Shen, Y., Wang, F., Chen, Q., and Ji, K.: Spatiotemporal variability and driving factors
of the shallow soil moisture in North China during the past 31 years, J Hydrol, 619,
10.1016/j.jhydrol.2023.129331, 2023c.

Feng, T. F., Shen, Y. Z.,, Wang, F. W., Chen, Q. J., and Ji, K. P.: Spatiotemporal variability and
driving factors of the shallow soil moisture in North China during the past 31 years, J Hydrol,
619, 10.1016/j.jhydrol.2023.129331, 2023d.

Fischer, E. M., Seneviratne, S. I., Lathi, D., and Schar, C.: Contribution of land-atmosphere
coupling to recent European summer heat waves, Geophys Res Lett, 34,
10.1029/2006gl029068, 2007.

Fonseca, R., Koh, T. Y., and Teo, C. K.: Multi-scale interactions in a high-resolution tropical-belt
experiment and observations, Climate Dynamics, 52, 3503-3532, 10.1007/s00382-018-4332-
y, 2019.

Ford, T. W. and Quiring, S. M.: Comparison of Contemporary In Situ, Model, and Satellite
Remote Sensing Soil Moisture With a Focus on Drought Monitoring, Water Resources
Research, 55, 1565-1582, 10.1029/2018wr024039, 2019.

Ford, T. W., Steiner, J., Mason, B., and Quiring, S. M.: Observation-Driven Characterization of
Soil Moisture-Precipitation Interactions in the Central United States, Journal of Geophysical
Research: Atmospheres, 128, 10.1029/2022JD037934, 2023.

Ford, T. W., Quiring, S. M., Zhao, C., Leasor, Z. T., and Landry, C.: Triple Collocation Evaluation
of In Situ Soil Moisture Observations from 12001 Stations as part of the US National Soil
Moisture Network, J Hydrometeorol, 21, 2537-2549, 10.1175/jhm-d-20-0108.1, 2020.

Ford, T. W., Quiring, S. M., Thakur, B., Jogineedi, R., Houston, A., Yuan, S., Kalra, A., and Lock,
N.: Evaluating Soil Moisture-Precipitation Interactions Using Remote Sensing: A Sensitivity
Analysis, ] Hydrometeorol, 19, 1237-1253, 10.1175/jhm-d-17-0243.1, 2018.

Forkel, M., Dorigo, W., Lasslop, G., Teubner, I., Chuvieco, E., and Thonicke, K.: A data-driven
approach to identify controls on global fire activity from satellite and climate observations
(SOFIA V1), Geoscientific Model Development, 10, 4443-4476, 10.5194/gmd-10-4443-2017,
2017.

Forkel, M., Thonicke, K., Beer, C., Cramer, W., Bartalev, S., and Schmullius, C.: Extreme fire
events are related to previous-year surface moisture conditions in permafrost-underlain larch
forests of Siberia, Environ Res Lett, 7, 044021, 10.1088/1748-9326/7/4/044021, 2012.

71



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Forkel, M., Migliavacca, M., Thonicke, K., Reichstein, M., Schaphoff, S., Weber, U., and
Carvalhais, N.: Codominant water control on global interannual variability and trends in land
surface phenology and greenness, Glob Chang Biol, 21, 3414-3435, 10.1111/gcb.12950, 2015.

Friend, A. D., Lucht, W., Rademacher, T. T., Keribin, R., Betts, R., Cadule, P., Ciais, P., Clark, D.
B., Dankers, R., Falloon, P. D., Ito, A., Kahana, R., Kleidon, A., Lomas, M. R., Nishina, K., Ostberg,
S., Pavlick, R., Peylin, P., Schaphoff, S., Vuichard, N., Warszawski, L., Wiltshire, A., and
Woodward, F. I.: Carbon residence time dominates uncertainty in terrestrial vegetation
responses to future climate and atmospheric CO2, Proc Natl Acad Sci U S A, 111, 3280-3285,
10.1073/pnas.1222477110, 2014.

Ganguli, P., Nandamuri, Y. R., and Chatterjee, C.: Analysis of persistence in the flood timing
and the role of catchment wetness on flood generation in a large river basin in India,
Theoretical and Applied Climatology, 139, 373-388, 10.1007/s00704-019-02964-z, 2020.

Garcia, D.: Robust smoothing of gridded data in one and higher dimensions with missing
values, Computational Statistics & Data Analysis, 54, 1167-1178, 10.1016/j.csda.2009.09.020,
2010.

GCOS-200: The Global Observing System for Climate: Implementation Needs. GCOS 2016
Implementation Plan., 2016.

Gelati, E., Decharme, B., Calvet, J. C., Minvielle, M., Polcher, J., Fairbairn, D., and Weedon, G.
P.: Hydrological assessment of atmospheric forcing uncertainty in the Euro-Mediterranean
area using a land surface model, Hydrol Earth Syst Sc, 22, 2091-2115, 10.5194/hess-22-2091-
2018, 2018.

Gentine, P., Green, J. K., Guerin, M., Humphrey, V., Seneviratne, S. |., Zhang, Y., and Zhou, S.:
Coupling between the terrestrial carbon and water cycles-a review, Environ Res Lett, 14,
10.1088/1748-9326/ab22d6, 2019.

Ghajarnia, N., Kalantari, Z., and Destouni, G.: Data-Driven Worldwide Quantification of Large-
Scale Hydroclimatic Covariation Patterns and Comparison With Reanalysis and Earth System
Modeling, Water Resources Research, 57, 10.1029/2020wr029377, 2021.

Ghazaryan, G., Dubovyk, O., Kussul, N., and Menz, G.: Towards an Improved Environmental
Understanding of Land Surface Dynamics in Ukraine Based on Multi-Source Remote Sensing
Time-Series Datasets from 1982 to 2013, Remote Sensing, 8, 617, 10.3390/rs8080617, 2016.

Ghosh, S., Vittal, H., Sharma, T., Karmakar, S., Kasiviswanathan, K. S., Dhanesh, Y., Sudheer, K.
P., and Gunthe, S. S.: Indian Summer Monsoon Rainfall: Implications of Contrasting Trends in
the Spatial Variability of Means and Extremes, PLoS One, 11, e0158670,
10.1371/journal.pone.0158670, 2016.

Gichenje, H. and Godinho, S.: Establishing a land degradation neutrality national baseline
through trend analysis of GIMMS NDVI Time-series, Land Degrad Dev, 29, 2985-2997,
10.1002/1dr.3067, 2018.

72



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Gomez, D., Salvador, P., Sanz, J., and Casanova, J. L.: Modelling desert locust presences using
32-year soil moisture data on a large-scale, Ecol Indic, 117, 10.1016/j.ecolind.2020.106655,
2020.

Gomez, D., Salvador, P., Sanz, J., Casanova, C., Taratiel, D., and Casanova, J. L.: Machine
learning approach to locate desert locust breeding areas based on ESA CCI soil moisture, J
Appl Remote Sens, 12, 10.1117/1.Jrs.12.036011, 2018.

Gong, H., Cao, L., Duan, Y., Jiao, F., Xu, X., Zhang, M., Wang, K., and Liu, H.: Multiple effects of
climate changes and human activities on NPP increase in the Three-north Shelter Forest
Program area, Forest Ecol Manag, 529, 10.1016/j.foreco.2022.120732, 2023.

Gonsamo, A, Ciais, P., Miralles, D. G., Sitch, S., Dorigo, W., Lombardozzi, D., Friedlingstein, P.,
Nabel, J., Goll, D. S., O'Sullivan, M., Arneth, A., Anthoni, P., Jain, A. K., Wiltshire, A., Peylin, P.,
and Cescatti, A.: Greening drylands despite warming consistent with carbon dioxide
fertilization effect, Global Change Biol, 27, 3336-3349, 10.1111/gcb.15658, 2021.

Gonzalez-Zamora, A., Almendra-Martin, L., de Luis, M., and Martinez-Fernandez, J.: Influence
of Soil Moisture vs. Climatic Factors in Pinus Halepensis Growth Variability in Spain: A Study
with Remote Sensing and Modeled Data, Remote Sensing, 13, 10.3390/rs13040757, 2021.

Greimeister-Pfeil, I., Vreugdenhil, M., Preimesberger, W., Brocca, L., Camici, S., Enenkel, M.,
Bavandi, A., and Wagner, W.: Tracking Rainfall Deficits Through the Water Cycle Using Earth
Observation Datasets: A Case Study in Senegal, International Geoscience and Remote Sensing
Symposium (IGARSS), 7966-7969, 10.1109/IGARSS46834.2022.9884645,

Grillakis, M. G., Koutroulis, A. G., Alexakis, D. D., Polykretis, C., and Daliakopoulos, I. N.:
Regionalizing Root-Zone Soil Moisture Estimates From ESA CCl Soil Water Index Using Machine
Learning and Information on Soil, Vegetation, and Climate, Water Resources Research, 57,
10.1029/2020wr029249, 2021.

Gruber, A., Dorigo, W. A., Crow, W., and Wagner, W.: Triple Collocation-Based Merging of
Satellite Soil Moisture Retrievals, IEEE T Geosci Remote, 55, 6780-6792,
10.1109/Tgrs.2017.2734070, 2017.

Gruber, A., Scanlon, T., van der Schalie, R., Wagner, W., and Dorigo, W.: Evolution of the ESA
CCI Soil Moisture climate data records and their underlying merging methodology, Earth Syst
Sci Data, 11, 717-739, 10.5194/essd-11-717-2019, 2019.

Gu, X. D., Li, N,, Liu, W. L., and Xia, B.: Soil moisture in relation to lake fluctuations in a river-
lake-basin system: A case study of the Poyang Lake region, China, Ecol Indic, 104, 306-312,
10.1016/j.ecolind.2019.05.018, 2019a.

Gu, X. H,, Li, J. F., Chen, Y. D., Kong, D. D., and Liu, J. Y.: Consistency and Discrepancy of Global
Surface Soil Moisture Changes From Multiple Model-Based Data Sets Against Satellite
Observations, ] Geophys Res-Atmos, 124, 1474-1495, 10.1029/2018jd029304, 2019b.

73



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Gu, X. H., Zhang, Q,, Li, J. F., Singh, V. P,, Liu, J. Y., Sun, P., He, C. Y., and Wu, J. J.: Intensification
and Expansion of Soil Moisture Drying in Warm Season Over Eurasia Under Global Warming,
J Geophys Res-Atmos, 124, 3765-3782, 10.1029/2018jd029776, 2019c.

Guan, V.S, Gu, X. H., Slater, L.J., Li, J. F., Kong, D. D., and Zhang, X.: Spatio-temporal variations
in global surface soil moisture based on multiple datasets: Intercomparison and climate
drivers, J Hydrol, 625, 10.1016/j.jhydrol.2023.130095, 2023.

Guevara, M., Taufer, M., and Vargas, R.: Gap-free global annual soil moisture: 15km grids for
1991-2018, Earth Syst Sci Data, 13, 1711-1735, 10.5194/essd-13-1711-2021, 2021.

Guglielmo, M., Tang, F. H. M., Pasut, C., and Maggi, F.: SOIL-WATERGRIDS, mapping dynamic
changes in soil moisture and depth of water table from 1970 to 2014, Scientific Data, 8,
10.1038/s41597-021-01032-4, 2021a.

Guglielmo, M., Zambonini, D., Porta, G., Malik, A., Tang, F. H. M., and Maggi, F.: Time- and
depth-resolved mechanistic assessment of water stress in Australian ecosystems under the
CMIP6 scenarios, Adv Water Resour, 148, 10.1016/j.advwatres.2020.103837, 2021b.

Guillod, B. P., Orlowsky, B., Miralles, D. G., Teuling, A. J., and Seneviratne, S. |.: Reconciling
spatial and temporal soil moisture effects on afternoon rainfall, Nat Commun, 6, 6443,
10.1038/ncomms7443, 2015.

Guillod, B. P., Orlowsky, B., Miralles, D. G., Teuling, A. J., Blanken, P. D., Buchmann, N., Ciais,
P., Ek, M., Findell, K. L., Gentine, P., Lintner, B. R., Scott, R. L., Van den Hurk, B., and
Seneviratne, S. l.: Land-surface controls on afternoon precipitation diagnosed from
observational data: uncertainties and confounding factors, Atmospheric Chemistry and
Physics, 14, 8343-8367, 10.5194/acp-14-8343-2014, 2014.

Guimberteau, M., Zhu, D., Maignan, F., Huang, Y., Yue, C., Dantec-Nedelec, S., Ottle, C., Jornet-
Puig, A., Bastos, A., Laurent, P., Goll, D., Bowring, S., Chang, J. F., Guenet, B., Tifafi, M., Peng,
S. S., Krinner, G., Ducharne, A., Wang, F. X.,, Wang, T., Wang, X. H., Wang, Y. L., Yin, Z,,
Lauerwald, R., Joetzjer, E., Qiu, C. J., Kim, H., and Ciais, P.: ORCHIDEE-MICT (v8.4.1), a land
surface model for the high latitudes: model description and validation, Geoscientific Model
Development, 11, 121-163, 10.5194/gmd-11-121-2018, 2018.

Guo, X., Fang, X., Zhu, Q,, Jiang, S., Tian, J.,, Tian, Q., and Jin, J.: Estimation of Root-Zone Soil
Moisture in Semi-Arid Areas Based on Remotely Sensed Data, Remote Sensing, 15,
10.3390/rs15082003, 2023.

Hagan, D. F. T., Parinussa, R. M., Wang, G. J., and Draper, C. S.: An Evaluation of Soil Moisture
Anomalies from Global Model-Based Datasets over the People's Republic of China, Water-Sui,
12,10.3390/w12010117, 2020.

Halubok, M. and Yang, Z. L.: Estimating Crop and Grass Productivity over the United States
Using Satellite Solar-Induced Chlorophyll Fluorescence, Precipitation and Soil Moisture Data,
Remote Sensing, 12, 10.3390/rs12203434, 2020.

74



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Han, F., Zheng, Y., Tian, Y., Li, X.,, Zheng, C. M., and Li, X.: Accounting for field-scale
heterogeneity in the ecohydrological modeling of large arid river basins: Strategies and
relevance, J Hydrol, 595, 10.1016/j.jhydrol.2021.126045, 2021.

Harris, B. L., Taylor, C. M., Weedon, G. P., Talib, J., Dorigo, W., and van der Schalie, R.: Satellite-
Observed Vegetation Responses to Intraseasonal Precipitation Variability, Geophys Res Lett,
49, 10.1029/2022GL099635, 2022.

He, K. L., Zhao, W., Brocca, L., and Quintana-Segui, P.: SMPD: a soil moisture-based
precipitation downscaling method for high-resolution daily satellite precipitation estimation,
Hydrol Earth Syst Sc, 27, 169-190, 10.5194/hess-27-169-2023, 2023.

He, W, Ju, W, Jiang, F., Parazoo, N., Gentine, P., Wu, X., Zhang, C., Zhu, J., Viovy, N., Jain, A.
K., Sitch, S., and Friedlingstein, P.: Peak growing season patterns and climate extremes-driven
responses of gross primary production estimated by satellite and process based models over
North America, Agr Forest Meteorol, 298-299, 10.1016/j.agrformet.2020.108292, 2021.

Heijmans, M. M. P. D., Magnusson, R. [., Lara, M. J., Frost, G. V., Myers-Smith, |. H., van
Huissteden, J., Jorgenson, M. T., Fedorov, A. N., Epstein, H. E., Lawrence, D. M., and Limpens,
J.. Tundra vegetation change and impacts on permafrost, Nature Reviews Earth and
Environment, 3, 68-84, 10.1038/s43017-021-00233-0, 2022.

Heimhuber, V., Tulbure, M. G., and Broich, M.: Modeling multidecadal surface water
inundation dynamics and key drivers on large river basin scale using multiple time series of
Earth-observation and river flow data, Water Resources Research, 53, 1251-1269,
10.1002/2016wr019858, 2017.

Heyvaert, Z., Scherrer, S., Bechtold, M., Gruber, A., Dorigo, W., Kumar, S., and De Lannoy, G.:
Impact of Design Factors for ESA CCl Satellite Soil Moisture Data Assimilation over Europe, J
Hydrometeorol, 24, 1193-1208, 10.1175/jhm-d-22-0141.1, 2023.

Hickman, J. E., Dammers, E., Galy-Lacaux, C., and van der Werf, G. R.: Satellite evidence of
substantial rain-induced soil emissions of ammonia across the Sahel, Atmospheric Chemistry
and Physics, 18, 16713-16727, 10.5194/acp-18-16713-2018, 2018.

Hirschi, M., Mueller, B., Dorigo, W., and Seneviratne, S. |.: Using remotely sensed soil moisture
for land-atmosphere coupling diagnostics: The role of surface vs. root-zone soil moisture
variability, Remote Sensing of Environment, 154, 246-252, 10.1016/j.rse.2014.08.030, 2014.

Hirschi, M., Crezee, B., Stradiotti, P., Dorigo, W., and Seneviratne, S. I.: Characterising recent
drought events in the context of dry-season trends using state-of-the-art reanalysis and
remote-sensing soil moisture products, EGUsphere, 2023, 1-41, 10.5194/egusphere-2023-
2499, 2023a.

Hirschi, M., Stradiotti, P., Preimesberger, W., Dorigo, W., and Kidd, R.: Product Validation and
Intercomparison Report (PVIR). Supporting Product version v07.1. Deliverable D4.1 Version 3
of ESA Climate Change Initiative Plus - Soil Moisture, ESA, 2022.

75



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Hirschi, M., Stradiotti, P., Preimesberger, W., Dorigo, W., and Kidd, R.: Product Validation and
Intercomparison Report (PVIR). Supporting Product version v08.1. Deliverable D4.1 Version 1
of ESA Climate Change Initiative Plus - Soil Moisture, ESA, 2023b.

Hirschi, M., Stradiotti, P., Preimesberger, W., Dorigo, W., and Kidd, R.: Product Validation and
Intercomparison Report (PVIR). Supporting Product version v09.1. Deliverable D4.1 Version 2
of ESA Climate Change Initiative Plus - Soil Moisture, ESA, 2024.

Hirschi, M., Seneviratne, S. ., Alexandrov, V., Boberg, F., Boroneant, C., Christensen, O. B.,
Formayer, H., Orlowsky, B., and Stepanek, P.: Observational evidence for soil-moisture impact
on hot extremes in southeastern Europe, Nat Geosci, 4, 17-21, 10.1038/Ngeo1032, 2011.

Hobeichi, S., Abramowitz, G., Evans, J. P., and Ukkola, A.: Toward a Robust, Impact-Based,
Predictive Drought Metric, Water Resources Research, 58, 10.1029/2021WR031829, 2022.

Hoch, J. M., Sutanudjaja, E. H., Wanders, N., van Beek, R., and Bierkens, M. F. P.: Hyper-
resolution PCR-GLOBWB: opportunities and challenges from refining model spatial resolution
to 1 km over the European continent, Hydrol Earth Syst Sc, 27, 1383-1401, 10.5194/hess-27-
1383-2023, 2023.

Hogg, E. H., Barr, A. G., and Black, T. A.: A simple soil moisture index for representing multi-
year drought impacts on aspen productivity in the western Canadian interior, Agr Forest
Meteorol, 178, 173-182, 10.1016/j.agrformet.2013.04.025, 2013.

Hohenegger, C., Korn, P., Linardakis, L., Redler, R., Schnur, R., Adamidis, P., Bao, J., Bastin, S.,
Behravesh, M., Bergemann, M., Biercamp, J., Bockelmann, H., Brokopf, R., Briiggemann, N.,
Casaroli, L., Chegini, F., Datseris, G., Esch, M., George, G., Giorgetta, M., Gutjahr, O., Haak, H.,
Hanke, M., llyina, T., Jahns, T., Jungclaus, J., Kern, M., Klocke, D., Kluft, L., Kolling, T.,
Kornblueh, L., Kosukhin, S., Kroll, C., Lee, J., Mauritsen, T., Mehlmann, C., Mieslinger, T.,
Naumann, A. K., Paccini, L., Peinado, A., Praturi, D. S., Putrasahan, D., Rast, S., Riddick, T.,
Roeber, N., Schmidt, H., Schulzweida, U., Schiitte, F., Segura, H., Shevchenko, R., Singh, V.,
Specht, M., Stephan, C. C.,, Von Storch, J. S., Vogel, R., Wengel, C., Winkler, M., Ziemen, F.,
Marotzke, J., and Stevens, B.: ICON-Sapphire: Simulating the components of the Earth system
and their interactions at kilometer and subkilometer scales, Geoscientific Model
Development, 16, 779-811, 10.5194/gmd-16-779-2023, 2023.

Holgate, C. M., Van Dijk, A., Evans, J. P., and Pitman, A. J.: The Importance of the One-
Dimensional Assumption in Soil Moisture - Rainfall Depth Correlation at Varying Spatial Scales,
J Geophys Res-Atmos, 124, 2964-2975, 10.1029/2018jd029762, 2019.

Hu, F., Wei, Z., Yang, X., Xie, W., Li, Y., Cui, C, Yang, B., Tao, C., Zhang, W., and Meng, L.:
Assessment of SMAP and SMOS soil moisture products using triple collocation method over
Inner Mongolia, Journal of Hydrology: Regional Studies, 40, 10.1016/j.ejrh.2022.101027,
2022.

76



. . . Version 2
soil moisture Climate Assessment Report (CAR)
x- cci Date 19-09-2024

Hu, W.T., Duan, A. M., Wu, G. X., Mao, J. Y., and He, B.: Quasi-Biweekly Oscillation of Surface
Sensible Heating over the Central-Eastern Tibetan Plateau and Its Relationship with Spring
Rainfall in China, J Climate, 36, 6917-6936, 10.1175/jcli-d-22-0892.1, 2023.

Huang, B., Hu, X. P., Fuglstad, G. A., Zhou, X., Zhao, W. W., and Cherubini, F.: Predominant
regional biophysical cooling from recent land cover changes in Europe, Nature
Communications, 11, 10.1038/s41467-020-14890-0, 2020.

Huang, M., Crawford, J. H., DiGangi, J. P., Carmichael, G. R., Bowman, K. W., Kumar, S. V., and
Zhan, X. W.: Satellite soil moisture data assimilation impacts on modeling weather variables
and ozone in the southeastern US - Part 1: An overview, Atmospheric Chemistry and Physics,
21, 11013-11040, 10.5194/acp-21-11013-2021, 2021.

Huang, Q., Wang, L., Jia, B., Lai, X., and Peng, Q.: Impact of Climate Change on the Spatio-
Temporal Variation in Groundwater Storage in the Guangdong-Hong Kong-Macao Greater Bay
Area, Sustainability-Basel, 15, 10.3390/su151410776, 2023.

Huang, S. C,, Eisner, S., Haddeland, I., and Mengistu, Z. T.: Evaluation of two new-generation
global soil databases for macro-scale hydrological modelling in Norway, J Hydrol, 610,
10.1016/j.jhydrol.2022.127895, 2022.

Huang, Y. Y., Gerber, S., Huang, T. Y., and Lichstein, J. W.: Evaluating the drought response of
CMIP5 models using global gross primary productivity, leaf area, precipitation, and soil
moisture data, Global Biogeochem Cy, 30, 1827-1846, 10.1002/2016gb005480, 2016.

Hughes, D. A. and Farinosi, F.: Unpacking some of the linkages between uncertainties in
observational data and the simulation of different hydrological processes using the Pitman
model in the data scarce Zambezi River basin, Hydrol Process, 35, 10.1002/hyp.14141, 2021.

Humphrey, V., Berg, A., Ciais, P., Gentine, P., Jung, M., Reichstein, M., Seneviratne, S. I., and
Frankenberg, C.: Soil moisture-atmosphere feedback dominates land carbon uptake
variability, Nature, 592, 65-+, 10.1038/s41586-021-03325-5, 2021.

Hunt, K. M. R. and Turner, A. G.: The Effect of Soil Moisture Perturbations on Indian Monsoon
Depressions in a Numerical Weather Prediction Model, J Climate, 30, 8811-8823, 10.1175/Jcli-
D-16-0733.1, 2017.

Ichoku, C., Ellison, L. T., Willmot, K. E., Matsui, T., Dezfuli, A. K., Gatebe, C. K., Wang, J., Wilcox,
E. M., Lee, J.,, Adegoke, J., Okonkwo, C., Bolten, J., Policelli, F. S., and Habib, S.: Biomass
burning, land-cover change, and the hydrological cycle in Northern sub-Saharan Africa,
Environ Res Lett, 11, 10.1088/1748-9326/11/9/095005, 2016.

Ji, L. and Peters, A. J.: Assessing vegetation response to drought in the northern Great Plains
using vegetation and drought indices, Remote Sensing of Environment, 87, 85-98,
10.1016/S0034-4257(03)00174-3, 2003.

77



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

Ji, P, Yuan, X,, Shi, C,, Jiang, L., Wang, G., and Yang, K.: A Long-Term Simulation of Land Surface
Conditions at High Resolution over Continental China, J Hydrometeorol, 24, 285-314,
10.1175/JHM-D-22-0135.1, 2023a.

Ji, P., Yuan, X., Shi, C. X,, Jiang, L. P., Wang, G. Q., and Yang, K.: A Long-Term Simulation of Land
Surface Conditions at High Resolution over Continental China, J Hydrometeorol, 24, 285-314,
10.1175/jhm-d-22-0135.1, 2023b.

Jia, B. H,, Liu, J. G,, Xie, Z. H., and Shi, C. X.: Interannual Variations and Trends in Remotely
Sensed and Modeled Soil Moisture in China, J Hydrometeorol, 19, 831-847, 10.1175/Jhm-D-
18-0003.1, 2018.

Jia, B. H,, Wang, L. H., Wang, Y., Li, R. C,, Luo, X., Xie, J. B., Xie, Z. H., Chen, S., Qin, P. H., Li, L.
J., and Chen, K. J.: CAS-LSM Datasets for the CMIP6 Land Surface Snow and Soil Moisture
Model Intercomparison Project, Advances in Atmospheric Sciences, 38, 862-874,
10.1007/s00376-021-0293-x, 2021.

Jiao, Q, Li, R., Wang, F., Mu, X. M., Li, P. F., and An, C. C.: Impacts of Re-Vegetation on Surface
Soil Moisture over the Chinese Loess Plateau Based on Remote Sensing Datasets, Remote
Sensing, 8, 156, 10.3390/rs8020156, 2016.

Jiao, W. Z.,, Wang, L. X., and McCabe, M. F.: Multi-sensor remote sensing for drought
characterization: current status, opportunities and a roadmap for the future, Remote Sensing
of Environment, 256, 10.1016/j.rse.2021.112313, 2021a.

Jiao, W. Z., Wang, L. X., Smith, W. K., Chang, Q., Wang, H. L., and D'Odorico, P.: Observed
increasing water constraint on vegetation growth over the last three decades, Nature
Communications, 12, 10.1038/s41467-021-24016-9, 2021b.

Jimenez, C., Martens, B., Miralles, D. M., Fisher, J. B., Beck, H. E., and Fernandez-Prieto, D.:
Exploring the merging of the global land evaporation WACMOS-ET products based on local
tower measurements, Hydrol Earth Syst Sc, 22, 4513-4533, 10.5194/hess-22-4513-2018,
2018.

Jimma, T. B., Demissie, T., Diro, G. T., Ture, K., Terefe, T., and Solomon, D.: Spatiotemporal
variability of soil moisture over Ethiopia and its teleconnections with remote and local drivers,
Theoretical and Applied Climatology, 151, 1911-1929, 10.1007/s00704-022-04335-7, 2023.

Jin, Q. J. and Wang, C.: The greening of Northwest Indian subcontinent and reduction of dust
abundance resulting from Indian summer monsoon revival, Sci Rep-Uk, 8, 10.1038/s41598-
018-23055-5, 2018.

Jin, Q.J., Wei, J. F., Yang, Z. L., and Lin, P. R.: Irrigation-Induced Environmental Changes around
the Aral Sea: An Integrated View from Multiple Satellite Observations, Remote Sensing, 9,
10.3390/rs9090900, 2017.

78



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Jin, Y., Ge, V., Liy, Y.J,, Chen, Y. H,, Zhang, H. T., and Heuvelink, G. B. M.: A Machine Learning-
Based Geostatistical Downscaling Method for Coarse-Resolution Soil Moisture Products, leee
Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 14, 1025-1037,
10.1109/jstars.2020.3035386, 2021.

Jones, M. W., de Aragao, L., Dittmar, T., de Rezende, C. E., Almeida, M. G., Johnson, B.,
Marques, J. S. J., Niggemann, J., Rangel, T. P., and Quine, T. A.: Environmental Controls on the
Riverine Export of Dissolved Black Carbon, Global Biogeochem Cy, 33, 849-874,
10.1029/2018gb006140, 2019.

Joseph, J. and Ghosh, S.: Representing Indian Agricultural Practices and Paddy Cultivation in
the Variable |Infiltration Capacity Model, Water Resources Research, 59,
10.1029/2022wr033612, 2023.

Jung, H. C., Kang, D. H., Kim, E., Getirana, A., Yoon, Y., Kumar, S., Peters-lidard, C. D., and
Hwang, E.: Towards a soil moisture drought monitoring system for South Korea, J Hydrol, 589,
10.1016/j.jhydrol.2020.125176, 2020.

Kabli, S., Zeroual, A., and Meddi, M.: Spatiotemporal sensitivity analysis of surface soil
moisture to precipitation and temperature variations: a case study of the Cheliff Basin in
Algeria, Theoretical and Applied Climatology, 10.1007/s00704-024-04875-0, 2024.

Kalyanam, S. and Chandrasekar, A.: Impacts Due to an Improved Land Surface Soil State on
Depressions Over the Indian Region: An Assessment Using NASA Unified WRF, Pure Appl
Geophys, 181, 391-408, 10.1007/s00024-023-03416-6, 2024.

Kaminski, T., Knorr, W., Schurmann, G., Scholze, M., Rayner, P. J., Zaehle, S., Blessing, S.,
Dorigo, W., Gayler, V., Giering, R., Gobron, N., Grant, J. P., Heimann, M., Hooker-Stroud, A.,
Houweling, S., Kato, T., Kattge, J., Kelley, D., Kemp, S., Koffi, E. N., Kostler, C., Mathieu, P. P.,
Pinty, B., Reick, C. H., Rodenbeck, C., Schnur, R., Scipal, K., Sebald, C., Stacke, T., van Scheltinga,
A. T., Vossbeck, M., Widmann, H., and Ziehn, T.: The BETHY/JSBACH Carbon Cycle Data
Assimilation System: experiences and challenges, J Geophys Res-Biogeo, 118, 1414-1426,
10.1002/jgrg.20118, 2013.

Kang, H. and Sridhar, V.: A near-term drought assessment using hydrological and climate
forecasting in the Mekong River Basin, Int J Climatol, 41, E2497-E2516, 10.1002/joc.6860,
2021.

Kang, J., Jin, R., and Li, X.: An Advanced Framework for Merging Remotely Sensed Soil Moisture
Products at the Regional Scale Supported by Error Structure Analysis: A Case Study on the
Tibetan Plateau, leee Journal of Selected Topics in Applied Earth Observations and Remote
Sensing, 14, 3614-3624, 10.1109/jstars.2021.3065408, 2021.

KanthaRao, B. and Rakesh, V.: Observational evidence for the relationship between spring soil
moisture and June rainfall over the Indian region, Theoretical and Applied Climatology, 1-15,
10.1007/s00704-017-2116-7, 2017.

79



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Khan, U., Ajami, H., Tuteja, N. K., Sharma, A., and Kim, S.: Catchment scale simulations of soil
moisture dynamics using an equivalent cross-section based hydrological modelling approach,
J Hydrol, 564, 944-966, 10.1016/j.jhydrol.2018.07.066, 2018.

Khazaei, B., Khatami, S., Alemohammad, S. H., Rashidi, L., Wu, C. S., Madani, K., Kalantari, Z.,
Destouni, G., and Aghakouchak, A.: Climatic or regionally induced by humans? Tracing hydro-
climatic and land-use changes to better understand the Lake Urmia tragedy, J Hydrol, 569,
203-217, 10.1016/j.jhydrol.2018.12.004, 2019.

Kiely, L., Spracklen, D. V., Wiedinmyer, C., Conibear, L., Reddington, C. L., Arnold, S. R., Knote,
C., Khan, M. F,, Latif, M. T., Syaufina, L., and Adrianto, H. A.: Air quality and health impacts of
vegetation and peat fires in Equatorial Asia during 2004-2015, Environ Res Lett, 15,
10.1088/1748-9326/ab9%a6c, 2020.

Kiely, L., Spracklen, D. V., Wiedinmyer, C., Conibear, L., Reddington, C. L., Archer-Nicholls, S.,
Lowe, D., Arnold, S. R., Knote, C., Khan, M. F., Latif, M. T., Kuwata, M., Budisulistiorini, S. H.,
and Syaufina, L.: New estimate of particulate emissions from Indonesian peat fires in 2015,
Atmospheric Chemistry and Physics, 19, 11105-11121, 10.5194/acp-19-11105-2019, 2019.

Kim, S., Ajami, H., and Sharma, A.: Using Remotely Sensed Information to Improve Vegetation
Parameterization in a Semi-Distributed Hydrological Model (SMART) for Upland Catchments
in Australia, Remote Sensing, 12, 10.3390/rs12183051, 2020.

Kim, S., Paik, K., Johnson, F. M., and Sharma, A.: Building a Flood-Warning Framework for
Ungauged Locations Using Low Resolution, Open-Access Remotely Sensed Surface Soil
Moisture, Precipitation, Soil, and Topographic Information, leee Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, 11, 375-387, 10.1109/Jstars.2018.2790409,
2018.

Kivi, M., Vergopolan, N., and Dokoohaki, H.: A comprehensive assessment of in situ and
remote sensing soil moisture data assimilation in the APSIM model for improving agricultural
forecasting across the US Midwest, Hydrol Earth Syst Sc, 27, 1173-1199, 10.5194/hess-27-
1173-2023, 2023.

Klein, C., Hanchen, L., Potter, E. R., Junquas, C., Harris, B. L., and Maussion, F.: Untangling the
importance of dynamic and thermodynamic drivers for wet and dry spells across the Tropical
Andes, Environ Res Lett, 18, 10.1088/1748-9326/acb72b, 2023.

Klingmuller, K. and Lelieveld, J.: Climate-model-informed deep learning of global soil moisture
distribution, Geoscientific Model Development, 14, 4429-4441, 10.5194/gmd-14-4429-2021,
2021.

Klingmiller, K., Pozzer, A., Metzger, S., Stenchikov, G. L., and Lelieveld, J.: Aerosol optical
depth trend over the Middle East, Atmospheric Chemistry and Physics, 16, 5063-5073,
10.5194/acp-16-5063-2016, 2016.

80



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Knist, S., Goergen, K., Buonomo, E., Christensen, O. B., Colette, A., Cardoso, R. M., Fealy, R.,
Fernandez, J., Garcia-Diez, M., Jacob, D., Kartsios, S., Katragkou, E., Keuler, K., Mayer, S., van
Meijgaard, E., Nikulin, G., Soares, P. M. M., Sobolowski, S., Szepszo, G., Teichmann, C,,
Vautard, R., Warrach-Sagi, K., Wulfmeyer, V., and Simmer, C.: Land-atmosphere coupling in
EURO-CORDEX evaluation experiments, J Geophys Res-Atmos, 122, 79-103,
10.1002/2016jd025476, 2017.

Kokkalis, P., Al Jassar, H. K., Solomos, S., Raptis, P. |., Al Hendi, H., Amiridis, V., Papayannis, A.,
Al Sarraf, H., and Al Dimashki, M.: Long-Term Ground-Based Measurements of Aerosol Optical
Depth over Kuwait City, Remote Sensing, 10, 10.3390/rs10111807, 2018.

Koley, S. and Jeganathan, C.: Estimation and evaluation of high spatial resolution surface soil
moisture using multi-sensor multi-resolution approach, Geoderma, 378,
10.1016/j.geoderma.2020.114618, 2020.

Koppa, A. and Gebremichael, M.: Improving the Applicability of Hydrologic Models for Food-
Energy-Water Nexus Studies Using Remote Sensing Data, Remote Sensing, 12,
10.3390/rs12040599, 2020.

Koppa, A., Gebremichael, M., and Yeh, W. W. G.: Multivariate calibration of large scale
hydrologic models: The necessity and value of a Pareto optimal approach, Adv Water Resour,
130, 129-146, 10.1016/j.advwatres.2019.06.005, 2019.

Koster, R. D., Suarez, M. J,, Liu, P., Jambor, U., Berg, A,, Kistler, M., Reichle, R., Rodell, M., and
Famiglietti, J.: Realistic initialization of land surface states: Impacts on subseasonal forecast
skill, J Hydrometeorol, 5, 1049-1063, Doi 10.1175/Jhm-387.1, 2004.

Koster, R. D., Mahanama, S. P. P,, Yamada, T. J., Balsamo, G., Berg, A. A., Boisserie, M.,
Dirmeyer, P. A., Doblas-Reyes, F. J., Drewitt, G., Gordon, C. T., Guo, Z., Jeong, J. H., Lee, W. S.,
Li, Z., Luo, L., Malyshev, S., Merryfield, W. J., Seneviratne, S. |., Stanelle, T., van den Hurk, B. J.
J. M., Vitart, F., and Wood, E. F.: The Second Phase of the Global Land-Atmosphere Coupling
Experiment: Soil Moisture Contributions to Subseasonal Forecast Skill, ] Hydrometeorol, 12,
805-822,10.1175/2011jhm1365.1, 2011.

Kostic, S., Wagner, W., Orlovic, S., Levanic, T., Zlatanov, T., Gorsic, E., Kesic, L., Matovic, B.,
Tsvetanov, N., and Stojanovic, D. B.: Different tree-ring width sensitivities to satellite-based
soil moisture from dry, moderate and wet pedunculate oak (Quercus robur L.) stands across a
southeastern distribution margin, Science of the Total Environment, 800,
10.1016/j.scitotenv.2021.149536, 2021.

Koukoula, M., Nikolopoulos, E. I., Kushta, J., Bartsotas, N. S., Kallos, G., and Anagnostou, E. N.:
A Numerical Sensitivity Analysis of Soil Moisture Feedback on Convective Precipitation, J
Hydrometeorol, 20, 23-44, 10.1175/jhm-d-18-0134.1, 2019.

Kovacevic, J., Cvijetinovic, Z., Stancic, N., Brodic, N., and Mihajlovic, D.: New Downscaling
Approach Using ESA CClI SM Products for Obtaining High Resolution Surface Soil Moisture,
Remote Sensing, 12, 10.3390/rs12071119, 2020.

81



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Kuhlbrodt, T., Jones, C. G, Sellar, A., Storkey, D., Blockley, E., Stringer, M., Hill, R., Graham, T.,
Ridley, J., Blaker, A., Calvert, D., Copsey, D., Ellis, R., Hewitt, H., Hyder, P., Ineson, S., Mulcahy,
J., Siahaan, A., and Walton, J.: The Low-Resolution Version of HadGEM3 GC3.1: Development
and Evaluation for Global Climate, J Adv Model Earth Sy, 10, 2865-2888,
10.1029/2018ms001370, 2018.

Kumar, K. C. A,, Reddy, G. P. O., Masilamani, P., Turkar, S. Y., and Sandeep, P.: Integrated
drought monitoring index: A tool to monitor agricultural drought by using time-series datasets
of space-based earth observation satellites, Adv Space Res, 67, 298-315,
10.1016/j.asr.2020.10.003, 2021.

Kumar, S. V., Jasinski, M., Mocko, D. M., Rodell, M., Borak, J., Li, B. L., Beaudoing, H. K., and
Peters-Lidard, C. D.: NCA-LDAS Land Analysis: Development and Performance of a
Multisensor, Multivariate Land Data Assimilation System for the National Climate Assessment,
J Hydrometeorol, 20, 1571-1593, 10.1175/jhm-d-17-0125.1, 2019.

Kumar, S. V., Peters-Lidard, C. D., Santanello, J. A., Reichle, R. H., Draper, C. S., Koster, R. D.,
Nearing, G., and Jasinski, M. F.: Evaluating the utility of satellite soil moisture retrievals over
irrigated areas and the ability of land data assimilation methods to correct for unmodeled
processes, Hydrol Earth Syst Sc, 19, 4463-4478, 10.5194/hess-19-4463-2015, 2015.

Kumar, V. and Chu, H.-J.: Spatiotemporal consistency and inconsistency of meteorological and
agricultural drought identification: A case study of India, Remote Sensing Applications-Society
and Environment, 33, 10.1016/j.rsase.2023.101134, 2024.

Kundu, D., Vervoort, R. W., and van Ogtrop, F. F.: The value of remotely sensed surface soil
moisture for model calibration using SWAT, Hydrol Process, 31, 2764-2780,
10.1002/hyp.11219, 2017.

Kwon, M., Kwon, H. H., and Han, D. W.: A Hybrid Approach Combining Conceptual Hydrological
Models, Support Vector Machines and Remote Sensing Data for Rainfall-Runoff Modeling,
Remote Sensing, 12, 10.3390/rs12111801, 2020.

Lahoz, W. A. and Schneider, P.: Data assimilation: making sense of Earth Observation,
Frontiers in Environmental Science, 2, 10.3389/fenvs.2014.00016, 2014.

Lai, X., Liu, Y., Li, L., Zhu, Q., and Liao, K.: Spatial variation of global surface soil rock fragment
content and its roles on hydrological and ecological patterns, Catena, 208,
10.1016/j.catena.2021.105752, 2022.

Lai, X., Wen, J,, Cen, S. X., Huang, X., Tian, H., and Shi, X. K.: Spatial and Temporal Soil Moisture
Variations over China from Simulations and Observations, Adv Meteorol, 2016, 14,
10.1155/2016/4587687, 2016.

Lauer, A., Eyring, V., Righi, M., Buchwitz, M., Defourny, P., Evaldsson, M., Friedlingstein, P., de

Jeu, R., de Leeuw, G., Loew, A., Merchant, C. J., Miller, B., Popp, T., Reuter, M., Sandven, S.,
Senftleben, D., Stengel, M., Van Roozendael, M., Wenzel, S., and Willén, U.: Benchmarking

82



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

CMIP5 models with a subset of ESA CCl Phase 2 data using the ESMValTool, Remote Sensing
of Environment, 10.1016/j.rse.2017.01.007, 2017.

Lavergne, A., Sandoval, D., Hare, V. J., Graven, H., and Prentice, I. C.: Impacts of soil water
stress on the acclimated stomatal limitation of photosynthesis: Insights from stable carbon
isotope data, Global Change Biol, 26, 7158-7172, 10.1111/gcb.15364, 2020a.

Lavergne, A., Voelker, S., Csank, A., Graven, H., de Boer, H. J., Daux, V., Robertson, |., Dorado-
Linan, ., Martinez-Sancho, E., Battipaglia, G., Bloomfield, K. J., Still, C. J., Meinzer, F. C,,
Dawson, T. E., Julio Camarero, J., Clisby, R., Fang, Y., Menzel, A., Keen, R. M., Roden, J. S., and
Prentice, |. C.: Historical changes in the stomatal limitation of photosynthesis: empirical
support for an optimality principle, New Phytol, 225, 2484-2497, 10.1111/nph.16314, 2020b.

Lee, J., Kim, Y., and Wang, D.: Assessing the characteristics of recent drought events in South
Korea using WRF-Hydro, J Hydrol, 607, 10.1016/j.jhydrol.2022.127459, 2022.

Leeper, R. d., Palecki, M. a., Watts, M., and Diamond, H.: On the Detection of Remotely Sensed
Soil Moisture Extremes, J Appl Meteorol Clim, 62, 1611-1626, 10.1175/jamc-d-23-0059.1,
2023.

Lei, F. N., Crow, W. T., Holmes, T. R. H., Hain, C., and Anderson, M. C.: Global investigation of
Soil Moisture and Latent Heat Flux Coupling Strength, Water Resources Research, 54, 8196-
8215, 10.1029/2018wr023469, 2018.

Leite, J. V., Campos, J. C., Gangkofner, U., Vale, C. G., and Brito, J. C.: Remote Sensing indicators
and vertebrate biodiversity distribution in global drylands: An assessment with ESA Diversity
Il products, Journal of Arid Environments, 166, 51-59, 10.1016/j.jaridenv.2019.03.005, 2019.

Leng, P, Song, X. N., Duan, S. B., and Li, Z. L.: Generation of continuous surface soil moisture
dataset using combined optical and thermal infrared images, Hydrol Process, 31, 1398-1407,
10.1002/hyp.11113, 2017.

Li, L., Schmitt, R. W., Ummenhofer, C. C., and Karnauskas, K. B.: North Atlantic salinity as a
predictor of Sahel rainfall, Sci Adv, 2, e1501588, 10.1126/sciadv.1501588, 2016.

Li, M. X., Ma, Z. G., Gu, H. P., Yang, Q., and Zheng, Z. Y.: Production of a combined land surface
data set and its use to assess land-atmosphere coupling in China, J Geophys Res-Atmos, 122,
948-965, 10.1002/2016jd025511, 2017.

Li, W., Migliavacca, M., Forkel, M., Denissen, J. M. C., Reichstein, M., Yang, H., Duveiller, G.,
Weber, U., and Orth, R.: Widespread increasing vegetation sensitivity to soil moisture, Nature
Communications, 13, 10.1038/s41467-022-31667-9, 2022a.

Li, W. W,, Yan, D. H., Weng, B. S., Lai, Y. Q., Zhu, L., Qin, T. L., Dong, Z. Y., and Bi, W. X.:
Nonlinear effects of surface soil moisture changes on vegetation greenness over the Tibetan
plateau, Remote Sensing of Environment, 302, 10.1016/j.rse.2023.113971, 2024.

83



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Li, X., Wigneron, J. P., Frappart, F., Lannoy, G. D,, Fan, L., Zhao, T., Gao, L., Tao, S., Ma, H., Peng,
Z., Liu, X., Wang, H., Wang, M., Moisy, C., and Ciais, P.: The first global soil moisture and
vegetation optical depth product retrieved from fused SMOS and SMAP L-band observations,
Remote Sensing of Environment, 282, 10.1016/j.rse.2022.113272, 2022b.

Li, X. H. and Willems, P.: Probabilistic flood prediction for urban sub-catchments using sewer
models combined with logistic regression models, Urban Water Journal, 16, 687-697,
10.1080/1573062x.2020.1726409, 2019.

Li, X. H., Jia, H. J., and Wang, L.: Remote Sensing Monitoring of Drought in Southwest China
Using Random Forest and eXtreme Gradient Boosting Methods, Remote Sensing, 15,
10.3390/rs15194840, 2023.

Li, X. W., Gao, X. Z.,, Wang, J. K., and Guoa, H. D.: Microwave soil moisture dynamics and
response to climate change in Central Asia and Xinjiang Province, China, over the last 30 years,
J Appl Remote Sens, 9, 10.1117/1.Jrs.9.096012, 2015.

Li, X. Z. and Huang, W. R.: How long should the pre-existing climatic water balance be
considered when capturing short-term wetness and dryness over China by using SPEI?,
Science of the Total Environment, 786, 10.1016/j.scitotenv.2021.147575, 2021.

Li, Y., Guan, K. Y., Schnitkey, G. D., Delucia, E., and Peng, B.: Excessive rainfall leads to maize
yield loss of a comparable magnitude to extreme drought in the United States, Global Change
Biol, 25, 2325-2337, 10.1111/gcb.14628, 2019.

Li, Y. Z.,, Shu, H., Mousa, B. G., and Jiao, Z. H.: Novel Soil Moisture Estimates Combining the
Ensemble Kalman Filter Data Assimilation and the Method of Breeding Growing Modes,
Remote Sensing, 12, 10.3390/rs12050889, 2020.

Li, Z., Zhao, L., Wang, L., Zou, D, Liu, G., Hu, G., Du, E., Xiao, Y., Liu, S., Zhou, H., Xing, Z., Wang,
C., Zhao, J., Chen, Y., Qiao, Y., and Shi, J.: Retrieving Soil Moisture in the Permafrost
Environment by Sentinel-1/2 Temporal Data on the Qinghai-Tibet Plateau, Remote Sensing,
14, 10.3390/rs14235966, 2022c.

Liang, S., Li, X. F., Zheng, X. M., Jiang, T., Li, X. J., and Qiao, D. J.: Effects of Winter Snow Cover
on Spring Soil Moisture Based on Remote Sensing Data Product over Farmland in Northeast
China, Remote Sensing, 12, 10.3390/rs12172716, 2020.

Liaskoni, M., Huszar, P., Bartik, L., Perez, A. P. P., Karlicky, J., and Vicek, O.: Modelling the
European wind-blown dust emissions and their impact on particulate matter (PM)
concentrations, Atmospheric Chemistry and Physics, 23, 3629-3654, 10.5194/acp-23-3629-
2023, 2023.

Lievens, H., Tomer, S. K., Al Bitar, A., De Lannoy, G. J. M., Drusch, M., Dumedah, G., Franssen,
H. J. H., Kerr, Y. H., Martens, B., Pan, M., Roundy, J. K., Vereecken, H., Walker, J. P., Wood, E.
F., Verhoest, N. E. C.,, and Pauwels, V. R. N.: SMOS soil moisture assimilation for improved

84



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

hydrologic simulation in the Murray Darling Basin, Australia, Remote Sensing of Environment,
168, 146-162, 10.1016/j.rse.2015.06.025, 2015.

Lin, C.-C., Lengert, W., and Attema, E.: Three Generations of C-Band Wind Scatterometer
Systems From ERS-1/2 to MetOp/ASCAT, and MetOp Second Generation, IEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing, 10, 2098-2122,
10.1109/jstars.2016.2616166, 2017.

Lin, Y. L., Huang, X. M., Liang, Y. S., Qin, Y., Xu, S. M., Huang, W. Y., Xu, F. H,, Liu, L., Wang, Y.,
Peng, Y. R., Wang, L. N., Xue, W., Fu, H. H., Zhang, G. J.,, Wang, B., Li, R. Z., Zhang, C., Lu, H,,
Yang, K., Luo, Y., Bai, Y. Q., Song, Z. Y., Wang, M. Q., Zhao, W. J,, Zhang, F., Xu, J. H., Zhao, X.,
Lu, C. S., Chen, Y. Z, Luo, Y. Q,, Huy, Y., Tang, Q., Chen, D. X., Yang, G. W., and Gong, P.:
Community Integrated Earth System Model (CIESM): Description and Evaluation, J Adv Model
Earth Sy, 12, 10.1029/2019ms002036, 2020.

Linés, C., Werner, M., and Bastiaanssen, W.: The predictability of reported drought events and
impacts in the Ebro Basin using six different remote sensing data sets, Hydrol Earth Syst Sc,
21, 4747-4765, 10.5194/hess-21-4747-2017, 2017.

Ling, J., Zhang, C. D, Joyce, R., Xie, P. P., and Chen, G. W.: Possible Role of the Diurnal Cycle in
Land Convection in the Barrier Effect on the MJO by the Maritime Continent, Geophys Res
Lett, 46, 3001-3011, 10.1029/2019gl081962, 2019.

Liu, G. M., Wu, X. L., Zhao, L., Wu, T. H., Hu, G. J,, Li, R., Qiao, Y. P., and Wu, X. D.: Soil water
content in permafrost regions exhibited smaller interannual changes than non-permafrost
regions during 1986-2016 on the Qinghai-Tibetan Plateau, Catena, 207,
10.1016/j.catena.2021.105668, 2021a.

Liu, H., Wang, G., Hagan, D. F. T, Hu, Y., Nooni, I. K., Yeboah, E., and Zhou, F.: Evaluation of
Improvement Schemes for FY-3B Passive Microwave Soil-Moisture Estimates Retrieved Using
the Land Parameter Retrieval Model, Remote Sensing, 15, 10.3390/rs15215108, 2023a.

Liu, J. J., Bowman, K., Parazoo, N. C., Bloom, A. A., Wunch, D., Jiang, Z., Gurney, K. R., and
Schimel, D.: Detecting drought impact on terrestrial biosphere carbon fluxes over contiguous
US with satellite observations, Environ Res Lett, 13, 10.1088/1748-9326/aad5ef, 2018a.

Liu, L. B., Gudmundsson, L., Hauser, M., Qin, D. H,, Li, S. C., and Seneviratne, S. I.: Soil moisture
dominates dryness stress on ecosystem production globally, Nature Communications, 11,
10.1038/s41467-020-18631-1, 2020a.

Liu, L. Y., Liao, J. S., Chen, X. Z,, Zhou, G. Y., Su, Y. X., Xiang, Z. Y., Wang, Z., Liu, X. D, Li, Y. Y.,
Wu, J. P, Xiong, X., and Shao, H. Y.: The Microwave Temperature Vegetation Drought Index
(MTVDI) based on AMSR-E brightness temperatures for long-term drought assessment across
China (2003-2010), Remote Sensing of Environment, 199, 302-320,
10.1016/j.rse.2017.07.012, 2017a.

85



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

Vv

Liu, M. X., Xu, X. L., Xu, C. H., Sun, A.Y., Wang, K. L., Scanlon, B. R., and Zhang, L.: A new drought
index that considers the joint effects of climate and land surface change, Water Resources
Research, 53, 3262-3278, 10.1002/2016wr020178, 2017b.

Liu, N., Harper, R.J., Dell, B., Liu, S., and Yu, Z.: Vegetation dynamics and rainfall sensitivity for
different vegetation types of the Australian continent in the dry period 2002-2010,
Ecohydrology, 10, 10.1002/eco0.1811, 2017c.

Liu, P. W., Judge, J., DeRoo, R. D., England, A. W., Bongiovanni, T., and Luke, A.: Dominant
backscattering mechanisms at L-band during dynamic soil moisture conditions for sandy soils,
Remote Sensing of Environment, 178, 104-112, 10.1016/j.rse.2016.02.062, 2016.

Liu, X., Liu, X., Yu, M., and Zhu, Z.: Characteristics and driving conditions of flash drought in
different  grassland ecosystems, Science of the Total Environment, 849,
10.1016/j.scitotenv.2022.157923, 2022a.

Liu, X., Liu, X., Li, X., Zhang, X., Nian, L., Zhang, X., Wang, P., Ma, B., Li, Q., Zhang, X., Hui, C,,
Bai, Y., Bao, J., Zhang, X,, Liu, J., Sun, J., Yu, W, and Luo, L.: Retrieving Soil Moisture in the First-
Level Tributary of the Yellow River—Wanchuan River Basin Based on CD Algorithm and
Sentinel-1/2 Data, Water (Switzerland), 15, 10.3390/w15193409, 2023b.

Liu, Y., Dang, C. Y., Yue, H., Lyu, C. G., and Dang, X. H.: Enhanced drought detection and
monitoring using sun-induced chlorophyll fluorescence over Hulun Buir Grassland, China,
Science of the Total Environment, 770, 10.1016/j.scitotenv.2021.145271, 2021b.

Liu, Y., Liu, Y., Wang, W., Fan, X., and Cui, W.: Soil moisture droughts in East Africa:
Spatiotemporal patterns and climate drivers, Journal of Hydrology: Regional Studies, 40,
10.1016/j.ejrh.2022.101013, 2022b.

Liu, Y., Zhu, Q,, Liao, K. H., Lai, X. M., and Wang, J. B.: Downscaling of ESA CCl soil moisture in
Taihu Lake Basin: are wetness conditions and non-linearity important?, J Water Clim Change,
12, 1564-1579, 10.2166/wcc.2020.131, 2021c.

Liu, Y., Zhuy, Y., Zhang, L. Q., Ren, L. L., Yuan, F., Yang, X. L., and Jiang, S. H.: Flash droughts
characterization over China: From a perspective of the rapid intensification rate, Science of
the Total Environment, 704, 10.1016/j.scitotenv.2019.135373, 2020b.

Liu, Y., Zhy, Y., Ren, L. L, Otkin, J., Hunt, E. D., Yang, X. L., Yuan, F., and lJiang, S. H.: Two
Different Methods for Flash Drought Identification: Comparison of Their Strengths and
Limitations, ) Hydrometeorol, 21, 691-704, 10.1175/jhm-d-19-0088.1, 2020c.

Liu, Y., Wu, C,, Liu, L., Gu, C., Andrew Black, T., Jassal, R. S., Hortnagl, L., Montagnani, L.,
Moyano, F., Varlagin, A., Altaf Arain, M., and Govind, A.: Interannual and spatial variability of
net ecosystem production in forests explained by an integrated physiological indicator in
summer, Ecol Indic, 129, 10.1016/j.ecolind.2021.107982, 2021d.

86



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

Liu, Y., Pan, Z., Zhuang, Q., Miralles, D. G., Teuling, A. J., Zhang, T., An, P., Dong, Z., Zhang, J.,
He, D., Wang, L., Pan, X., Bai, W., and Niyogi, D.: Agriculture intensifies soil moisture decline
in Northern China, Sci Rep, 5, 11261, 10.1038/srep11261, 2015.

Liu, Y. L., Chen, D. D., Mouatadid, S., Lu, X. L., Chen, M., Cheng, Y., Xie, Z. H.,, Jia, B. H., Wu, H.,
and Gentine, P.: Development of a Daily Multilayer Cropland Soil Moisture Dataset for China
Using Machine Learning and Application to Cropping Patterns, J Hydrometeorol, 22, 445-461,
10.1175/jhm-d-19-0301.1, 2021e.

Liu, Y. W., Liu, Y. B., and Wang, W.: Inter-comparison of satellite-retrieved and Global Land
Data Assimilation System-simulated soil moisture datasets for global drought analysis,
Remote Sensing of Environment, 220, 1-18, 10.1016/j.rse.2018.10.026, 2019.

Liu, Y. W., Wang, W., and Liu, Y. B.: ESA CCl Soil Moisture Assimilation in SWAT for Improved
Hydrological Simulation in Upper Huai River Basin, Adv Meteorol, 10.1155/2018/7301314,
2018b.

Liu, Y. W., Liu, Y. B., Wang, W., and Zhou, H.: Propagation of soil moisture droughts in a hotspot
region: Spatial pattern and temporal trajectory, J Hydrol, 593, 10.1016/j.jhydrol.2020.125906,
2021f.

Liu, Y. X. Y., Jing, W. L., Wang, Q., and Xia, X. L.: Generating high-resolution daily soil moisture
by using spatial downscaling techniques: a comparison of six machine learning algorithms, Adv
Water Resour, 141, 10.1016/j.advwatres.2020.103601, 2020d.

Liu, Y. X. Y., Yao, L, Jing, W. L., Di, L. P., Yang, J., and Li, Y.: Comparison of two satellite-based
soil moisture reconstruction algorithms: A case study in the state of Oklahoma, USA, J Hydrol,
590, 10.1016/j.jhydrol.2020.125406, 2020e.

Liu, Y. Y., Dorigo, W. A., Parinussa, R. M., de Jeu, R. A. M., Wagner, W., McCabe, M. F., Evans,
J. P., and van Dijk, A. I. J. M.: Trend-preserving blending of passive and active microwave soil
moisture retrievals, Remote Sensing of Environment, 123, 280-297,
10.1016/j.rse.2012.03.014, 2012.

Liu, Y. Y., Parinussa, R. M., Dorigo, W. A,, De Jeu, R. A. M., Wagner, W., van Dijk, A. I. J. M,,
McCabe, M. F., and Evans, J. P.: Developing an improved soil moisture dataset by blending
passive and active microwave satellite-based retrievals, Hydrol Earth Syst Sc, 15, 425-436,
10.5194/hess-15-425-2011, 2011.

Liu, Z. H., Kimball, J. S., Ballantyne, A. P., Parazoo, N. C., Wang, W. J., Bastos, A., Madani, N.,
Natali, S. M., Watts, J. D., Rogers, B. M., Ciais, P., Yu, K. L., Virkkala, A. M., Chevallier, F., Peters,
W., Patra, P. K., and Chandra, N.: Respiratory loss during late-growing season determines the
net carbon dioxide sink in northern permafrost regions, Nature Communications, 13,
10.1038/s41467-022-33293-x, 2022c.

87



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Llamas, R. M., Guevara, M., Rorabaugh, D., Taufer, M., and Vargas, R.: Spatial Gap-Filling of
ESA CCl Satellite-Derived Soil Moisture Based on Geostatistical Techniques and Multiple
Regression, Remote Sensing, 12, 10.3390/rs12040665, 2020.

Lodh, A.: Reassessment of land-atmosphere interactions over India during summer monsoon
using state-of-the-art regional climate models, Theoretical and Applied Climatology, 142,
1649-1673, 10.1007/s00704-020-03395-x, 2020.

Loew, A., Stacke, T., Dorigo, W., de Jeu, R., and Hagemann, S.: Potential and limitations of
multidecadal satellite soil moisture observations for selected climate model evaluation
studies, Hydrol Earth Syst Sc, 17, 3523-3542, 10.5194/hess-17-3523-2013, 2013.

Lou, D., Wang, G.J., Shan, C., Hagan, D. F. T., Ullah, W., and Shi, D. W.: Changes of Soil Moisture
from Multiple Sources during 1988-2010 in the Yellow River Basin, China, Adv Meteorol,
10.1155/2018/1950529, 2018.

Lu, Y. and Wei, C. Z.: Evaluation of microwave soil moisture data for monitoring live fuel
moisture content (LFMC) over the coterminous United States, Science of the Total
Environment, 771, 10.1016/j.scitotenv.2021.145410, 2021.

Lv, M. Z., Xu, Z. F., and Lv, M. X.: Evaluating Hydrological Processes of the Atmosphere-
Vegetation Interaction Model and MERRA-2 at Global Scale, Atmosphere-Basel, 12,
10.3390/atmos12010016, 2021.

Ma, S. Y., Wu, Q. X., Wang, J., and Zhang, S. Q.: Temporal Evolution of Regional Drought
Detected from GRACE TWSA and CCl SM in Yunnan Province, China, Remote Sensing, 9,
10.3390/rs9111124, 2017.

Ma, S. Y., Zhang, S. Q., Wu, Q. X., and Wang, J.: Long-term changes in surface soil moisture
based on CCI SM in Yunnan Province, Southwestern China, J Hydrol, 588,
10.1016/j.jhydrol.2020.125083, 2020.

Ma, S.Y., Zhang, S. Q., Wang, N. L., Huang, C., and Wang, X.: Prolonged duration and increased
severity of agricultural droughts during 1978 to 2016 detected by ESA CCI SM in the humid
Yunnan Province, Southwest China, Catena, 198, 10.1016/j.catena.2020.105036, 2021.

Macharia, D., Mugabo, L., Kasiti, F., Noriega, A., MacDonald, L., and Thomas, E.: Streamflow
and flood prediction in Rwanda using machine learning and remote sensing in support of rural
first-mile transport connectivity, Frontiers in Climate, 5, 10.3389/fclim.2023.1158186, 2023.

Madani, N., Kimball, J. S., Nazeri, M., Kumar, L., and Affleck, D. L.: Remote Sensing Derived Fire
Frequency, Soil Moisture and Ecosystem Productivity Explain Regional Movements in Emu
over Australia, PLoS One, 11, e0147285, 10.1371/journal.pone.0147285, 2016.

Madelon, R., Rodriguez-Fernandez, N. J., Bazzi, H., Baghdadi, N., Albergel, C., Dorigo, W., and
Zribi, M.: Soil moisture estimates at 1 km resolution making a synergistic use of Sentinel data,
Hydrol Earth Syst Sc, 27, 1221-1242, 10.5194/hess-27-1221-2023, 2023.

88



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Madelon, R., Rodriguez-Fernandez, N. J., Schalie, R. V. d., Kerr, Y., Albitar, A., Scanlon, T., Jeu,
R. D., and Dorigo, W.: Towards the Removal of Model Bias from ESA CCI SM by Using an L-
Band Scaling Reference, 2021 IEEE International Geoscience and Remote Sensing Symposium
IGARSS, 11-16 July 2021, 6194-6197, 10.1109/IGARSS47720.2021.9553024,

Magotra, B., Prakash, V., Saharia, M., Getirana, A., Kumar, S., Pradhan, R., Dhanya, C. T,,
Rajagopalan, B., Singh, R. P., Pandey, A., and Mohapatra, M.: Towards an Indian land data
assimilation system (ILDAS): A coupled hydrologic-hydraulic system for water balance
assessments, J Hydrol, 629, 10.1016/j.jhydrol.2023.130604, 2024.

Maina, F. Z., Kumar, S. V., Albergel, C., and Mahanama, S. P.: Warming, increase in
precipitation, and irrigation enhance greening in High Mountain Asia, Communications Earth
and Environment, 3, 10.1038/s43247-022-00374-0, 2022.

Maity, S., Nayak, S., Singh, K. S., Nayak, H. P., and Dutta, S.: Impact of soil moisture initialization
in the simulation of indian summer monsoon using RegCM4, Atmosphere-Basel, 12,
10.3390/atmo0s12091148, 2021.

Mao, Y., Wu, Z,, He, H., Lu, G., Xu, H., and Lin, Q.: Spatio-temporal analysis of drought in a
typical plain region based on the soil moisture anomaly percentage index, Sci Total Environ,
576, 752-765, 10.1016/j.scitotenv.2016.10.116, 2017.

Mardian, J., Champagne, C., Bonsal, B., and Berg, A.: A Machine Learning Framework for
Predicting and Understanding the Canadian Drought Monitor, Water Resources Research, 59,
10.1029/2022wr033847, 2023a.

Mardian, J., Champagne, C., Bonsal, B., and Berg, A. A.: Understanding the Drivers of Drought
Onset and Intensification in the Canadian Prairies: Insights from Explainable Artificial
Intelligence (XAl), ] Hydrometeorol, 24, 2035-2055, 10.1175/JHM-D-23-0036.1, 2023b.

Martens, B., Miralles, D. G., Lievens, H., Van der Schalie, R., De Jeu, R. A. M., Fernandez-Prieto,
D., Beck, H. E., Dorigo, W. A., and Verhoest, N. E. C.: GLEAM v3.0: satellite-based land
evaporation and root-zone soil moisture, Geoscientific Model Development, 10, 1903-1925,
2017.

Martinez-Espinosa, C., Sauvage, S., Al Bitar, A., Green, P. A,, Vorosmarty, C. J., and Sanchez-
Perez, J. M.: Denitrification in wetlands: A review towards a quantification at global scale,
Science of the Total Environment, 754, 10.1016/j.scitotenv.2020.142398, 2021.

Martinez-Fernandez, J., Gonzalez-Zamora, A., Sanchez, N., and Pablos, M.: CCl Soil Moisture
for Long-Term Agricultural Drought Monitoring: A Case Study in Spain, 2017 leee International
Geoscience and Remote Sensing Symposium (Igarss), 1985-1988, 2017.

Martinez-Fernandez, J., Almendra-Martin, L., de Luis, M., Gonzalez-Zamora, A., and Herrero-
Jimenez, C.: Tracking tree growth through satellite soil moisture monitoring: A case study of
Pinus halepensis in Spain, Remote Sensing of Environment, 235, 10.1016/j.rse.2019.111422,
2019.

89



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Massari, C., Camici, S., Ciabatta, L., and Brocca, L.: Exploiting Satellite-Based Surface Soil
Moisture for Flood Forecasting in the Mediterranean Area: State Update Versus Rainfall
Correction, Remote Sensing, 10, 10.3390/rs10020292, 2018.

Massari, C., Brocca, L., Tarpanelli, A., Ciabatta, L., Camici, S., Moramarco, T., Dorigo, W., and
Wagner, W.: Assessing the Potential of CCl Soil Moisture Products for data assimilation in
rainfall-runoff modelling: A Case Study for the Niger River, Earth Observation for Water Cycle
Science 2015, Frascati, Italy,

Massari, C., Maggioni, V., Barbetta, S., Brocca, L., Ciabatta, L., Camici, S., Moramarco, T.,
Coccia, G., and Todini, E.: complementing near-real time satellite rainfall products with
satellite soil moisture-derived rainfall through a Bayesian Inversion approach, J Hydrol, 573,
341-351, 10.1016/j.jhydrol.2019.03.038, 2019.

Massoud, E. C., Andrews, L., Reichle, R., Molod, A., Park, J., Ruehr, S., and Girotto, M.: Seasonal
forecasting skill for the High Mountain Asia region in the Goddard Earth Observing System,
Earth Syst Dynam, 14, 147-171, 10.5194/esd-14-147-2023, 2023.

Maurya, R. K. S., Mohanty, M. R,, Sinha, P., and Mohanty, U. C.: Role of Soil Moisture
Initialization in RegCM4.6 for Indian Summer Monsoon Simulation, Pure Appl Geophys, 178,
4221-4243,10.1007/s00024-021-02853-5, 2021.

McDowell, N. G., Beerling, D. J., Breshears, D. D., Fisher, R. A., Raffa, K. F., and Stitt, M.: The
interdependence of mechanisms underlying climate-driven vegetation mortality, Trends Ecol
Evol, 26, 523-532, 10.1016/j.tree.2011.06.003, 2011.

McKee, T. B., Doesken, N. J., and Kleist, J.: The Relationship of Drought Frequency and Duration
to Time Scales, Eighth Conference on Applied Climatology, Anaheim, California, January 17-
22,

McNally, A., Shukla, S., Arsenault, K. R., Wang, S. G., Peters-Lidard, C. D., and Verdin, J. P.:
Evaluating ESA CCI soil moisture in East Africa, Int J Appl Earth Obs, 48, 96-109,
10.1016/j.jag.2016.01.001, 2016.

McNally, A., Arsenault, K., Kumar, S., Shukla, S., Peterson, P., Wang, S., Funk, C., Peters-Lidard,
C.D., and Verdin, J. P.: A land data assimilation system for sub-Saharan Africa food and water
security applications, Sci Data, 4, 170012, 10.1038/sdata.2017.12, 2017.

Mehrnegar, N., Schumacher, M., Jagdhuber, T., and Forootan, E.: Making the Best Use of
GRACE, GRACE-FO and SMAP Data Through a Constrained Bayesian Data-Model Integration,
Water Resources Research, 59, 10.1029/2023wr034544, 2023.

Mehrnegar, N., Jones, O., Singer, M. B., Schumacher, M., Jagdhuber, T., Scanlon, B. R., Rateb,
A., and Forootan, E.: Exploring groundwater and soil water storage changes across the CONUS
at 12.5 km resolution by a Bayesian integration of GRACE data into W3RA, Science of the Total
Environment, 758, 10.1016/j.scitotenv.2020.143579, 2021.

90



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Meng, S. S., Xie, X. H., Zhu, B. W., and Wang, Y. B.: The relative contribution of vegetation
greening to the hydrological cycle in the Three-North region of China: A modelling analysis, J
Hydrol, 591, 10.1016/j.jhydrol.2020.125689, 2020.

Meng, X., Li, R., Luan, L, Lyu, S., Zhang, T., Ao, Y., Han, B., Zhao, L., and Ma, Y.: Detecting
hydrological consistency between soil moisture and precipitation and changes of soil moisture
in summer over the Tibetan Plateau, Climate Dynamics, 51, 4157-4168, 10.1007/s00382-017-
3646-5, 2018.

Menichetti, L., Katterer, T., and Bolinder, M. A.: A Bayesian modeling framework for
estimating equilibrium soil organic C sequestration in agroforestry systems, Agriculture
Ecosystems & Environment, 303, 10.1016/j.agee.2020.107118, 2020.

Miao, L. G., Wei, Z. S., Hu, F. M., and Duan, Z.: Influences of Using Different Satellite Soil
Moisture Products on SM2RAIN for Rainfall Estimation Across the Tibetan Plateau, leee
Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 16, 6902-6916,
10.1109/jstars.2023.3296455, 2023.

Ming, W. T., Luo, X., Luo, X., Long, Y. S., Xiao, X., Ji, X., and Li, Y. A.: Quantitative Assessment
of Cropland Exposure to Agricultural Drought in the Greater Mekong Subregion, Remote
Sensing, 15, 10.3390/rs15112737, 2023.

Miralles, D. G., Teuling, A. J., van Heerwaarden, C. C., and de Arellano, J. V. G.: Mega-heatwave
temperatures due to combined soil desiccation and atmospheric heat accumulation, Nat
Geosci, 7, 345-349, 10.1038/Ngeo02141, 2014a.

Miralles, D. G., Holmes, T. R. H., De Jeu, R. A. M., Gash, J. H., Meesters, A. G. C. A., and Dolman,
A. J.: Global land-surface evaporation estimated from satellite-based observations, Hydrol
Earth Syst Sc, 15, 453-469, 10.5194/hess-15-453-2011, 2011.

Miralles, D. G., van den Berg, M. J., Gash, J. H., Parinussa, R. M., de Jeu, R. A. M., Beck, H. E.,
Holmes, T. R. H., Jimenez, C., Verhoest, N. E. C., Dorigo, W. A., Teuling, A. J., and Dolman, A. J.:
El Nino-La Nina cycle and recent trends in continental evaporation, Nat Clim Change, 4, 122-
126, 10.1038/Nclimate2068, 2014b.

Mishra, V., Shah, R., and Thrasher, B.: Soil Moisture Droughts under the Retrospective and
Projected Climate in India, ) Hydrometeorol, 15, 2267-2292, 10.1175/Jhm-D-13-0177.1, 2014.

Mishra, V., Shah, R., Azhar, S., Shah, H., Modi, P., and Kumar, R.: Reconstruction of droughts
in India using multiple land-surface models (1951-2015), Hydrol Earth Syst Sc, 22, 2269-2284,
10.5194/hess-22-2269-2018, 2018.

Modanesi, S., Massari, C., Camici, S., Brocca, L., and Amarnath, G.: Do Satellite Surface Soil
Moisture Observations Better Retain Information About Crop-Yield Variability in Drought
Conditions?, Water Resources Research, 56, 10.1029/2019wr025855, 2020.

91



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Momen, M., Wood, J. D., Novick, K. A., Pangle, R., Pockman, W. T., McDowell, N. G., and
Konings, A. G.: Interacting Effects of Leaf Water Potential and Biomass on Vegetation Optical
Depth, J Geophys Res-Biogeo, 122, 3031-3046, 10.1002/2017jg004145, 2017.

Morrison, K.: Mapping Subsurface Archaeology with SAR, Archaeol Prospect, 20, 149-160,
10.1002/arp.1445, 2013.

Mueller, A., Dutra, E., Cloke, H., Verhoef, A., Balsamo, G., and Pappenberger, F.: Water
infiltration and redistribution in Land Surface Models, 2016.

Mueller, B. and Zhang, X. B.: Causes of drying trends in northern hemispheric land areas in
reconstructed soil moisture data, Climatic Change, 134, 255-267, 10.1007/s10584-015-1499-
7,2016.

Mukunga, T., Forkel, M., Forrest, M., Zotta, R. M., Pande, N., Schlaffer, S., and Dorigo, W.:
Effect of Socioeconomic Variables in Predicting Global Fire Ignition Occurrence, Fire-
Switzerland, 6, 10.3390/fire6050197, 2023.

Muller, 0. V., Vidale, P. L., Vanniere, B., Schiemann, R., Senan, R., Haarsma, R. J., and Jungclaus,
J. H.: Land-Atmosphere Coupling Sensitivity to GCMs Resolution: A Multimodel Assessment of
Local and Remote Processes in the Sahel Hot Spot, J Climate, 34, 967-985, 10.1175/jcli-d-20-
0303.1, 2021.

Mufioz, A. A., Barichivich, J., Christie, D. A., Dorigo, W., Sauchyn, D., Gonzalez-Reyes, A.,
Villalba, R., Lara, A., Riquelme, N., and Gonzéalez, M. E.: Patterns and drivers ofAraucaria
araucanaforest growth along a biophysical gradient in the northern Patagonian Andes: Linking
tree rings with satellite observations of soil moisture, Austral Ecology, 39, 158-169,
10.1111/aec.12054, 2014.

Murguia-Flores, F., Arndt, S., Ganesan, A. L., Murray-Tortarolo, G., and Hornibrook, E. R. C.:
Soil Methanotrophy Model (MeMo v1.0): a process-based model to quantify global uptake of
atmospheric methane by soil, Geoscientific Model Development, 11, 2009-2032,
10.5194/gmd-11-2009-2018, 2018.

Murray-Tortarolo, G., Friedlingstein, P., Sitch, S., Seneviratne, S. |., Fletcher, I., Mueller, B.,
Greve, P., Anav, A, Liu, Y., Ahlstrom, A., Huntingford, C,, Levis, S., Levy, P., Lomas, M., Poulter,
B., Viovy, N., Zaehle, S., and Zeng, N.: The dry season intensity as a key driver of NPP trends,
Geophys Res Lett, 43, 2632-2639, 10.1002/2016gl068240, 2016.

Muzylev, E. L.: Utilization of Remote Sensing Data in the Simulation of the Water and Heat
Regime of Land Areas: A Review of Publications, Water Resources, 50, 709-731,
10.1134/s0097807823700021, 2023.

Maas, M. D., Salvia, M., Spennemann, P. C., and Fernandez-Long, M. E.: Robust Multisensor
Prediction of Drought-Induced Yield Anomalies of Soybeans in Argentina, leee Geosci Remote
S, 19, 10.1109/1grs.2022.3171415, 2022.

92



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Nabavi, S. O., Haimberger, L., Abbasi, R., and Samimi, C.: Prediction of aerosol optical depth in
West Asia using deterministic models and machine learning algorithms, Aeolian Research, 35,
69-84, 10.1016/j.ae0lia.2018.10.002, 2018.

Nair, A. S. and Indu, J.: Improvement of land surface model simulations over India via data
assimilation of satellite-based soil moisture products, J Hydrol, 573, 406-421,
10.1016/j.jhydrol.2019.03.088, 2019.

Naz, B. S., Kollet, S., Franssen, H. J. H., Montzka, C., and Kurtz, W.: A 3 km spatially and
temporally consistent European daily soil moisture reanalysis from 2000 to 2015, Scientific
Data, 7, 10.1038/s41597-020-0450-6, 2020.

Naz, B.S., Sharples, W., Ma, Y. L., Goergen, K., and Kollet, S.: Continental-scale evaluation of a
fully distributed coupled land surface and groundwater model, ParFlow-CLM (v3.6.0), over
Europe, Geoscientific Model Development, 16, 1617-1639, 10.5194/gmd-16-1617-2023,
2023.

Naz, B. S., Kurtz, W., Montzka, C., Sharples, W., Goergen, K., Keune, J., Gao, H., Springer, A.,
Franssen, H. J. H., and Kollet, S.: Improving soil moisture and runoff simulations at 3 km over
Europe using land surface data assimilation, Hydrol Earth Syst Sc, 23, 277-301, 10.5194/hess-
23-277-2019, 2019.

Ndomeni, C. W., Cattani, E., Merino, A., and Levizzani, V.: An observational study of the
variability of East African rainfall with respect to sea surface temperature and soil moisture,
Quarterly Journal of the Royal Meteorological Society, 144, 384-404, 10.1002/qj.3255, 2018.

Nemani, R. R., Keeling, C. D., Hashimoto, H., Jolly, W. M., Piper, S. C., Tucker, C. J., Myneni, R.
B., and Running, S. W.: Climate-driven increases in global terrestrial net primary production
from 1982 to 1999, Science, 300, 1560-1563, 10.1126/science.1082750, 2003.

Ni, Z.Y.,Huo, H.Y,, Tang,S. H., Li, Z. L., Liu, Z. G., Xu, S., and Chen, B. L.: Assessing the response
of satellite sun-induced chlorophyll fluorescence and MODIS vegetation products to soil
moisture from 2010 to 2017: a case in Yunnan Province of China, Int J Remote Sens, 40, 2278-
2295, 10.1080/01431161.2018.1506186, 2019.

Niaz, M. A,, Faiz, M. A,, and Wei, Y. X.: Development of an integrated weighted drought index
and its application for agricultural drought monitoring, Arab J Geosci, 14, 10.1007/s12517-
021-06879-w, 2021.

Nicolai-Shaw, N., Gudmundsson, L., Hirschi, M., and Seneviratne, S. |.: Long-term predictability
of soil moisture dynamics at the global scale: Persistence versus large-scale drivers, Geophys
Res Lett, 43, 8554-8562, 10.1002/2016gl069847, 2016.

Nicolai-Shaw, N., Hirschi, M., Mittelbach, H., and Seneviratne, S. |.: Spatial representativeness
of soil moisture using in situ, remote sensing, and land reanalysis data, ] Geophys Res-Atmos,
120, 9955-9964, 10.1002/2015jd023305, 2015.

93



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Nicolai-Shaw, N., Zscheischler, J., Hirschi, M., Gudmundsson, L., and Seneviratne, S. I.: A
drought event composite analysis using satellite remote-sensing based soil moisture, Remote
Sensing of Environment, 203, 216-225, 10.1016/j.rse.2017.06.014, 2017.

Nilsson, E., Uvo, C. B., Becker, P., and Persson, M.: Drivers of regional crop variability in Chad,
Journal of Arid Environments, 175, 10.1016/j.jaridenv.2019.104081, 2020.

Ning, J., Yao, Y. J., Tang, Q. X,, Li, Y. F., Fisher, J. B., Zhang, X. T., Jia, K., Xu, J., Shang, K., Yang,
J.M,, Yy, R. Y, Liu, L, Zhang, X. Y., Xie, Z. J., and Fan, J. H.: Soil moisture at 30 m from multiple
satellite datasets fused by random forest, J Hydrol, 625, 10.1016/j.jhydrol.2023.130010, 2023.

Niroula, S., Halder, S., and Ghosh, S.: Perturbations in the initial soil moisture conditions:
Impacts on hydrologic simulation in a large river basin, J Hydrol, 561, 509-522,
10.1016/j.jhydrol.2018.04.029, 2018.

Nitta, T., Yoshimura, K., and Abe-Ouchi, A.: Impact of Arctic Wetlands on the Climate System:
Model Sensitivity Simulations with the MIROC5 AGCM and a Snow-Fed Wetland Scheme, J
Hydrometeorol, 18, 2923-2936, 10.1175/Jhm-D-16-0105.1, 2017.

O'Neill, M. M. F., Tijerina, D. T., Condon, L. E., and Maxwell, R. M.: Assessment of the ParFlow-
CLM CONUS 1.0 integrated hydrologic model: evaluation of hyper-resolution water balance
components across the contiguous United States, Geoscientific Model Development, 14,
7223-7254,10.5194/gmd-14-7223-2021, 2021.

Ochsner, T. E., Cosh, M. H., Cuenca, R. H., Dorigo, W. A., Draper, C. S., Hagimoto, Y., Kerr, Y.
H., Larson, K. M., Njoku, E. G., Small, E. E., and Zreda, M.: State of the Art in Large-Scale Soil
Moisture Monitoring, Soil Sci Soc Am J, 77, 1888-1919, 10.2136/sssaj2013.03.0093, 2013.

Odusanya, A. E., Mehdi, B., Schurz, C., Oke, A. O., Awokola, O. S., Awomeso, J. A., Adejuwon,
J. 0., and Schulz, K.: Multi-site calibration and validation of SWAT with satellite-based
evapotranspiration in a data-sparse catchment in southwestern Nigeria, Hydrol Earth Syst Sc,
23,1113-1144,10.5194/hess-23-1113-2019, 2019.

Oertel, M., Meza, F. J., Gironas, J., Scott, C. A., Rojas, F., and Pineda-Pablos, N.: Drought
Propagation in Semi-Arid River Basins in Latin America: Lessons from Mexico to the Southern
Cone, Water-Sui, 10, 10.3390/w10111564, 2018.

Okada, M., lizumi, T., Sakurai, G., Hanasaki, N., Sakai, T., Okamoto, K., and Yokozawa, M.:
Modeling irrigation-based climate change adaptation in agriculture: Model development and
evaluation in Northeast China, J Adv Model Earth Sy, 7, 1409-1424, 10.1002/2014ms000402,
2015.

Olano, J. M., Martinez-Rodrigo, R., Altelarrea, J. M., Agreda, T., Fernandez-Toiran, M., Garcia-
Cervigon, A. |., Rodriguez-Puerta, F., and Agueda, B.: Primary productivity and climate control
mushroom vyields in Mediterranean pine forests, Agr Forest Meteorol, 288,
10.1016/j.agrformet.2020.108015, 2020.

94



. . . Version 2
soil moisture Climate Assessment Report (CAR)
x- cci Date 19-09-2024

Orth, R., Destouni, G., Jung, M., and Reichstein, M.: Large-scale biospheric drought response
intensifies linearly with drought duration in arid regions, Biogeosciences, 17, 2647-2656,
10.5194/bg-17-2647-2020, 2020.

Osgood, D., Powell, B., Diro, R., Farah, C., Enenkel, M., Brown, M. E., Husak, G., Blakeley, S. L.,
Hoffman, L., and McCarty, J. L.: Farmer Perception, Recollection, and Remote Sensing in
Weather Index Insurance: An Ethiopia Case Study, Remote Sensing, 10, 10.3390/rs10121887,
2018.

Osuri, K. K., Nadimpalli, R., Ankur, K., Nayak, H. P., Mohanty, U. C,, Das, A. K., and Niyogi, D.:
Improved Simulation of Monsoon Depressions and Heavy Rains From Direct and Indirect
Initialization of Soil Moisture Over India, ] Geophys Res-Atmos, 125, 10.1029/2020jd032400,
2020.

Pablos, M., Gonzalez-Zamora, A., Sanchez, N., and Martinez-Fernandez, J.: Assessment of Root
Zone Soil Moisture Estimations from SMAP, SMOS and MODIS Observations, Remote Sensing,
10, 10.3390/rs10070981, 2018.

Paciolla, N., Corbari, C., Al Bitar, A., Kerr, Y., and Mancini, M.: Irrigation and Precipitation
Hydrological Consistency with SMOS, SMAP, ESA-CCI, Copernicus SSM1km, and AMSR-2
Remotely Sensed Soil Moisture Products, Remote Sensing, 12, 10.3390/rs12223737, 2020.

Padhee, S. K., Nikam, B. R., Dutta, S., and Aggarwal, S. P.: Using satellite-based soil moisture
to detect and monitor spatiotemporal traces of agricultural drought over Bundelkhand region
of India, Gisci Remote Sens, 54, 144-166, 10.1080/15481603.2017.1286725, 2017.

Pal, M. and Maity, R.: Assimilation of remote sensing based surface soil moisture to develop a
spatially varying vertical soil moisture profile database for entire Indian mainland, J Hydrol,
601, 10.1016/j.jhydrol.2021.126807, 2021.

Palmer, T. N., Doblas-Reyes, F. J., Weisheimer, A., and Rodwell, M. J.: Toward seamless
prediction: Calibration of climate change projections using seasonal forecasts, Bulletin of the
American Meteorological Society, 89, 459-+, 10.1175/Bams-89-4-459, 2008.

Palmer, W. C.: Meteorological drought, U.S. Weather Bureau Research Paper 45, Washington,
DC., 1965.

Pan, N., Wang, S., Liu, Y. X., Zhao, W. W., and Fu, B. J.: Global Surface Soil Moisture Dynamics
in 1979-2016 Observed from ESA CCl SM Dataset, Water-Sui, 11, 10.3390/w11050883, 2019.

Pandey, V. and Srivastava, P. K.: Integration of Microwave and Optical/Infrared Derived
Datasets for a Drought Hazard Inventory in a Sub-Tropical Region of India, Remote Sensing,
11, 10.3390/rs11040439, 2019.

Papagiannopoulou, C., Miralles, D. G., Dorigo, W. A,, Verhoest, N. E. C., Depoorter, M., and
Waegeman, W.: Vegetation anomalies caused by antecedent precipitation in most of the
world, Environ Res Lett, 12, 10.1088/1748-9326/aa7145, 2017a.

95



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Papagiannopoulou, C., Miralles, D. G., Decubber, S., Demuzere, M., Verhoest, N. E. C., Dorigo,
W. A., and Waegeman, W.: A non-linear Granger-causality framework to investigate climate-
vegetation dynamics, Geoscientific Model Development, 10, 1945-1960, 10.5194/gmd-10-
1945-2017, 2017b.

Parinussa, R. M., de Jeu, R. A. M., van der Schalie, R., Crow, W. T,, Lei, F. N., and Holmes, T. R.
H.: A Quasi-Global Approach to Improve Day-Time Satellite Surface Soil Moisture Anomalies
through the Land Surface Temperature Input, Climate, 4, 50, 10.3390/cli4040050, 2016.

Parinussa, R. M., De Jeu, R., Wagner, W., Dorigo, W., Fang, F., Teng, W., and Liu, Y. Y.: Soil
Moisture [in: State of the Climate in 2012], Bulletin of the American Meteorological Society,
94, S24-525, 2013.

Park, J., Baik, J., and Choi, M.: Satellite-based crop coefficient and evapotranspiration using
surface soil moisture and vegetation indices in Northeast Asia, Catena, 156, 305-314,
10.1016/j.catena.2017.04.013, 2017.

Park, S., Seo, E., Kang, D., Im, J., and Lee, M. |.: Prediction of Drought on Pentad Scale Using
Remote Sensing Data and MJO Index through Random Forest over East Asia, Remote Sensing,
10, 10.3390/rs10111811, 2018.

Parr, D., Wang, G. L., and Bjerklie, D.: Integrating Remote Sensing Data on Evapotranspiration
and Leaf Area Index with Hydrological Modeling: Impacts on Model Performance and Future
Predictions, J Hydrometeorol, 16, 2086-2100, 10.1175/Jhm-D-15-0009.1, 2015.

Pasik, A., Gruber, A., Preimesberger, W., De Santis, D., and Dorigo, W.: Uncertainty estimation
for a new exponential-filter-based long-term root-zone soil moisture dataset from Copernicus
Climate Change Service (C3S) surface observations, Geoscientific Model Development, 16,
4957-4976, 10.5194/gmd-16-4957-2023, 2023.

Paxian, A., Sein, D., Panitz, H. J., Warscher, M., Breil, M., Engel, T., Todter, J., Krause, A.,
Narvaez, W. D. C., Fink, A. H., Ahrens, B., Kunstmann, H., Jacob, D., and Paeth, H.: Bias
reduction in decadal predictions of West African monsoon rainfall using regional climate
models, ] Geophys Res-Atmos, 121, 1715-1735, 10.1002/2015jd024143, 2016.

Peng, C., Zeng, J., Chen, K. S., Ma, H., and Bi, H.: Spatiotemporal Patterns and Influencing
Factors Of Soil Moisture At A Global Scale, International Geoscience and Remote Sensing
Symposium (IGARSS), 3174-3177, 10.1109/IGARSS52108.2023.10282096,

Peng, C., Zeng, J., Chen, K.-S., Li, Z., Ma, H., Zhang, X., Shi, P., Wang, T., Yi, L., and Bi, H.: Global
spatiotemporal trend of satellite-based soil moisture and its influencing factors in the early
21st century, Remote Sensing of Environment, 291, 10.1016/j.rse.2023.113569, 2023b.

Peng, J., Loew, A., Zhang, S. Q., Wang, J., and Niesel, J.: Spatial Downscaling of Satellite Soil
Moisture Data Using a Vegetation Temperature Condition Index, IEEE T Geosci Remote, 54,
558-566, 10.1109/Tgrs.2015.2462074, 2016.

96



. . . Version 2
soil moisture Climate Assessment Report (CAR)
x- cci Date 19-09-2024

Peng, )., Dadson, S., Leng, G.Y., Duan, Z., Jagdhuber, T., Guo, W. D., and Ludwig, R.: The impact
of the Madden-Julian Oscillation on hydrological extremes, J Hydrol, 571, 142-149,
10.1016/j.jhydrol.2019.01.055, 2019a.

Peng, J., Muller, J. P., Blessing, S., Giering, R., Danne, O., Gobron, N., Kharbouche, S., Ludwig,
R., Muller, B., Leng, G. Y., You, Q. L., Duan, Z., and Dadson, S.: Can We Use Satellite-Based
FAPAR to Detect Drought?, Sensors-Basel, 19, 10.3390/s19173662, 2019b.

Petropoulos, G. P., Srivastava, P. K., Piles, M., and Pearson, S.: Earth Observation-Based
Operational Estimation of Soil Moisture and Evapotranspiration for Agricultural Crops in
Support of Sustainable Water Management, Sustainability-Basel, 10, 10.3390/su10010181,
2018.

Pieczka, I., Pongracz, R., Szabdné André, K., Kelemen, F. D., and Bartholy, J.: Sensitivity analysis
of different parameterization schemes using RegCM4.3 for the Carpathian region, Theoretical
and Applied Climatology, 130, 1175-1188, 10.1007/s00704-016-1941-4, 2016.

Piles, M., Munoz-Mari, J., Guerrero-Curieses, A., Camps-Valls, G., and Rojo-Alvarez, J. L.:
Autocorrelation Metrics to Estimate Soil Moisture Persistence from Satellite Time Series:
Application to Semiarid Regions, IEEE T Geosci Remote, 60, 10.1109/TGRS.2021.3057928,
2022.

Pimentel, R., Crochemore, L., Andersson, J. C. M., and Arheimer, B.: Assessing robustness in
global hydrological predictions by comparing modelling and Earth observations, Hydrological
Sciences Journal, 68, 2357-2372, 10.1080/02626667.2023.2267544, 2023.

Pinnington, E., Quaife, T., and Black, E.: Impact of remotely sensed soil moisture and
precipitation on soil moisture prediction in a data assimilation system with the JULES land
surface model, Hydrol Earth Syst Sc, 22, 2575-2588, 10.5194/hess-22-2575-2018, 2018.

Polcher, J., Piles, M., Gelati, E., Barella-Ortiz, A., and Tello, M.: Comparing surface-soil moisture
from the SMOS mission and the ORCHIDEE land-surface model over the Iberian Peninsula,
Remote Sensing of Environment, 174, 69-81, 10.1016/j.rse.2015.12.004, 2016.

Pomeon, T., Diekkruger, B., and Kumar, R.: Computationally Efficient Multivariate Calibration
and Validation of a Grid-Based Hydrologic Model in Sparsely Gauged West African River
Basins, Water-Sui, 10, 10.3390/w10101418, 2018a.

Pomeon, T., Diekkruger, B., Springer, A., Kusche, J., and Eicker, A.: Multi-Objective Validation
of SWAT for Sparsely-Gauged West African River Basins-A Remote Sensing Approach, Water-
Sui, 10, 10.3390/w10040451, 2018b.

Poulter, B., Pederson, N., Liu, H. Y., Zhu, Z. C., D'Arrigo, R., Ciais, P., Davi, N., Frank, D., Leland,
C., Myneni, R., Piao, S. L., and Wang, T.: Recent trends in Inner Asian forest dynamics to
temperature and precipitation indicate high sensitivity to climate change, Agr Forest
Meteorol, 178, 31-45, 10.1016/j.agrformet.2012.12.006, 2013.

97



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

L

Vv

Poulter, B., Frank, D., Ciais, P., Myneni, R. B., Andela, N., Bi, J., Broquet, G., Canadell, J. G,,
Chevallier, F., Liu, Y. Y., Running, S. W., Sitch, S., and van der Werf, G. R.: Contribution of semi-
arid ecosystems to interannual variability of the global carbon cycle, Nature, 509, 600-603,
10.1038/nature13376, 2014.

Pradhan, A., Nair, A. S,, Indu, J., Makarieva, O., and Nesterova, N.: Leveraging Soil Moisture
Assimilation in Permafrost Affected Regions, Remote Sensing, 15, 10.3390/rs15061532, 2023.

Prakash, S.: Capabilities of satellite-derived datasets to detect consecutive Indian monsoon
droughts of 2014 and 2015, Current Science, 114, 2362-2368, 10.18520/cs/v114/i11/2362-
2368, 2018.

Prakash, V. and Mishra, V.: Soil Moisture and Streamflow Data Assimilation for Streamflow
Prediction in the Narmada River Basin, J Hydrometeorol, 24, 1377-1392, 10.1175/jhm-d-21-
0139.1, 2023.

Prasad, R. K., Bhimala, K. R., Patra, G. K., Himesh, S., and Goroshi, S.: Annual and seasonal
trends in actual evapotranspiration over different meteorological sub-divisions in India using
satellite-based data, Theoretical and Applied Climatology, 152, 999-1017, 10.1007/s00704-
023-04436-x, 2023.

Preimesberger, W., Scanlon, T., Su, C.-H., Gruber, A., and Dorigo, W.: Homogenization of
Structural Breaks in the Global ESA CCI Soil Moisture Multisatellite Climate Data Record, |IEEE
T Geosci Remote, 59, 2845-2862, 10.1109/tgrs.2020.3012896, 2021.

Preimesberger, W., Pasik, A., van der Schalie, R., Scanlon, T., Kidd, R., de Jeu, R. A. M., and
Dorigo, W. A.: Soil Moisture [in: “State of the Climate in 2019”], Bulletin American
Meteorological Society, 101, S56-S57, 10.1175/BAMS-D-20-0104.1, 2020.

Preimesberger, W., Stradiotti, P., Frederikse, T., Hirschi, M., Rodriguez-Fernandez, N., Gruber,
A., and Dorigo, W.: A gap-filled global long-term satellite soil moisture climate data record
from ESA CCI SM, EGU General Assembly 2024, 10.5194/egusphere-egu24-16611, 2024.

Proctor, J., Rigden, A., Chan, D., and Huybers, P.: More accurate specification of water supply
shows its importance for global crop production, Nature Food, 3, 753-763, 10.1038/s43016-
022-00592-x, 2022.

Pyrina, M., Nonnenmacher, M., Wagner, S., and Zorita, E.: Statistical Seasonal Prediction of
European Summer Mean Temperature Using Observational, Reanalysis, and Satellite Data,
Weather and Forecasting, 36, 1537-1560, 10.1175/waf-d-20-0235.1, 2021.

Qi, H., Huang, F., and Zhai, H.: Monitoring Spatio-Temporal Changes of Terrestrial Ecosystem
Soil Water Use Efficiency in Northeast China Using Time Series Remote Sensing Data, Sensors-
Basel, 19, 10.3390/s19061481, 2019.

98



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Qiu, J. X., Gao, Q. Z., Wang, S., and Su, Z. R.: Comparison of temporal trends from multiple soil
moisture data sets and precipitation: The implication of irrigation on regional soil moisture
trend, Int J Appl Earth Obs, 48, 17-27, 10.1016/j.jag.2015.11.012, 2016.

Quichimbo, E. A,, Singer, M. B., Michaelides, K., Rosolem, R., Macleod, D. A., Asfaw, D. T., and
Cuthbert, M. O.: Assessing the sensitivity of modelled water partitioning to global
precipitation datasets in a data-scarce dryland region, Hydrol Process, 37, 10.1002/hyp.15047,
2023.

Rahmani, A., Golian, S., and Brocca, L.: Multiyear monitoring of soil moisture over Iran through
satellite and reanalysis soil moisture products, Int J Appl Earth Obs, 48, 85-95,
10.1016/j.jag.2015.06.009, 2016.

Rakovec, O., Kumar, R., Mai, J., Cuntz, M., Thober, S., Zink, M., Attinger, S., Schafer, D., Schron,
M., and Samaniego, L.: Multiscale and Multivariate Evaluation of Water Fluxes and States over
European River Basins, ] Hydrometeorol, 17, 287-307, 10.1175/Jhm-D-15-0054.1, 2016.

Ramanathan, V., Crutzen, P. J., Kiehl, J. T., and Rosenfeld, D.: Aerosols, climate, and the
hydrological cycle, Science, 294, 2119-2124, 10.1126/science.1064034, 2001.

Ramsauer, T. and Marzahn, P.: Global Soil Moisture Estimation based on GPM IMERG Data
using a Site Specific Adjusted Antecedent Precipitation Index, Int J Remote Sens, 44, 542-566,
10.1080/01431161.2022.2162351, 2023.

Ramsauer, T., Weiss, T., Low, A., and Marzahn, P.: RADOLAN_API: An Hourly Soil Moisture
Data Set Based on Weather Radar, Soil Properties and Reanalysis Temperature Data, Remote
Sensing, 13, 10.3390/rs13091712, 2021.

Raoult, N., Ruscica, R. C., Salvia, M. M., and Sorensson, A. A.: Soil Moisture Drydown Detection
Is Hindered by Model-Based Rescaling, Ileee Geosci Remote S, 19,
10.1109/LGRS.2022.3178685, 2022.

Raoult, N., Ottle, C., Peylin, P., Bastrikov, V., and Maugis, P.: Evaluating and Optimizing Surface
Soil Moisture Drydowns in the ORCHIDEE Land Surface Model at In Situ Locations, J
Hydrometeorol, 22, 1025-1043, 10.1175/jhm-d-20-0115.1, 2021.

Raoult, N., Delorme, B., Ottle, C., Peylin, P., Bastrikov, V., Maugis, P., and Polcher, J.:
Confronting Soil Moisture Dynamics from the ORCHIDEE Land Surface Model With the ESA-
CCl Product: Perspectives for Data Assimilation, Remote Sensing, 10, 10.3390/rs10111786,
2018.

Reichstein, M., Bahn, M., Ciais, P., Frank, D., Mahecha, M. D., Seneviratne, S. |., Zscheischler,
J., Beer, C., Buchmann, N., Frank, D. C., Papale, D., Rammig, A., Smith, P., Thonicke, K., van der
Velde, M., Vicca, S., Walz, A., and Wattenbach, M.: Climate extremes and the carbon cycle,
Nature, 500, 287-295, 10.1038/nature12350, 2013.

99



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Rezaei, A.: Ocean-atmosphere circulation controls on integrated meteorological and
agricultural drought over Iran, J Hydrol, 603, 10.1016/j.jhydrol.2021.126928, 2021.

Ribeiro, F. L., Guevara, M., Vazquez-Lule, A., Cunha, A. P., Zeri, M., and Vargas, R.: The impact
of drought on soil moisture trends across Brazilian biomes, Nat Hazard Earth Sys, 21, 879-892,
10.5194/nhess-21-879-2021, 2021.

Richardson, A. D., Keenan, T. F., Migliavacca, M., Ryu, Y., Sonnentag, O., and Toomey, M.:
Climate change, phenology, and phenological control of vegetation feedbacks to the climate
system, Agr Forest Meteorol, 169, 156-173, 10.1016/j.agrformet.2012.09.012, 2013.

Rigden, A., Golden, C., Chan, D., and Huybers, P.: Climate change linked to drought in Southern
Madagascar, Npj Clim Atmos Sci, 7, 10.1038/s41612-024-00583-8, 2024.

Rigden, A. J. and Salvucci, G. D.: Stomatal response to humidity and CO2 implicated in recent
decline in US evaporation, Glob Chang Biol, 23, 1140-1151, 10.1111/gcb.13439, 2017.

Rigden, A. J., Golden, C., and Huybers, P.: Retrospective Predictions of Rice and Other Crop
Production in Madagascar Using Soil Moisture and an NDVI-Based Calendar from 2010-2017,
Remote Sensing, 14, 10.3390/rs14051223, 2022.

Rigden, A. J., Ongoma, V., and Huybers, P.: Kenyan tea is made with heat and water: how will
climate change influence its yield?, Environ Res Lett, 15, 10.1088/1748-9326/ab70be, 2020.

Rodriguez-Fernandez, N. J., Kerr, Y. H., van der Schalie, R., Al-Yaari, A., Wigneron, J. P., de Jeu,
R., Richaume, P., Dutra, E., Mialon, A., and Drusch, M.: Long Term Global Surface Soil Moisture
Fields Using an SMOS-Trained Neural Network Applied to AMSR-E Data, Remote Sensing, 8,
ARTN 959

10.3390/rs8110959, 2016.

Ruosteenoja, K., Markkanen, T., Venalainen, A., Raisanen, P., and Peltola, H.: Seasonal soil
moisture and drought occurrence in Europe in CMIP5 projections for the 21st century, Climate
Dynamics, 50, 1177-1192, 10.1007/s00382-017-3671-4, 2018.

Ryoo, J. M. and Park, T.: Contrasting characteristics of atmospheric rivers and their impacts on
2016 and 2020 wildfire seasons over the western United States, Environ Res Lett, 18,
10.1088/1748-9326/acd948, 2023.

Saby, L., McKee, K. L., Kansara, P., Goodall, J. L., Band, L. E., and Lakshmi, V.: Sensitivity of
Remotely Sensed Vegetation to Hydrologic Predictors across the Colorado River Basin, 2001—
2019, ) Am Water Resour As, 10.1111/1752-1688.12965, 2021.

Sadri, S., Pan, M., Wada, Y., Vergopolan, N., Sheffield, J., Famiglietti, J. S., Kerr, Y., and Wood,
E.: Aglobal near-real-time soil moisture index monitor for food security using integrated SMOS
and SMAP, Remote Sensing of Environment, 246, 10.1016/j.rse.2020.111864, 2020.

100



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Saharwardi, M. S., Kumar, P., and Sachan, D.: Evaluation and projection of drought over India
using high-resolution regional coupled model ROM, Climate Dynamics, 10.1007/s00382-021-
05919-1, 2021.

Sahoo, A. K., De Lannoy, G.J. M., Reichle, R. H., and Houser, P. R.: Assimilation and downscaling
of satellite observed soil moisture over the Little River Experimental Watershed in Georgia,
USA, Adv Water Resour, 52, 19-33, 10.1016/j.advwatres.2012.08.007, 2013.

Sakai, T., lizumi, T., Okada, M., Nishimori, M., Grunwald, T., Prueger, J., Cescatti, A., Korres,
W., Schmidt, M., Carrara, A., Loubet, B., and Ceschia, E.: Varying applicability of four different
satellite-derived soil moisture products to global gridded crop model evaluation, Int J Appl
Earth Obs, 48, 51-60, 10.1016/j.jag.2015.09.011, 2016.

Salako, G., Russell, D. J., Stucke, A., and Eberhardt, E.: Assessment of multiple model
algorithms to predict earthworm geographic distribution range and biodiversity in Germany:
implications for soil-monitoring and species-conservation needs, Biodiversity and
Conservation, 32, 2365-2394, 10.1007/s10531-023-02608-9, 2023.

Salakpi, E. E., Hurley, P. D., Muthoka, J. M., Bowell, A., Oliver, S., and Rowhani, P.: A dynamic
hierarchical Bayesian approach for forecasting vegetation condition, Nat Hazard Earth Sys, 22,
2725-2749, 10.5194/nhess-22-2725-2022, 2022a.

Salakpi, E. E., Hurley, P. D., Muthoka, J. M., Bowell, A., Oliver, S., and Rowhani, P.: A dynamic
hierarchical Bayesian approach for forecasting vegetation condition, Nat Hazard Earth Sys, 22,
2725-2749, 10.5194/nhess-22-2725-2022, 2023.

Salakpi, E. E., Hurley, P. D., Muthoka, J. M., Barrett, A. B., Bowell, A,, Oliver, S., and Rowhani,
P.: Forecasting vegetation condition with a Bayesian auto-regressive distributed lags (BARDL)
model, Nat Hazard Earth Sys, 22, 2703-2723, 10.5194/nhess-22-2703-2022, 2022b.

Salcedo-Sanz, S., Casillas-Pérez, D., Del Ser, J., Casanova-Mateo, C., Cuadra, L., Piles, M., and
Camps-Valls, G.: Persistence in complex systems, Physics Reports, 957, 1-73,
10.1016/j.physrep.2022.02.002, 2022.

Salvia, M., Sanchez, N., Piles, M., Ruscica, R., Gonzalez-Zamora, A., Roitberg, E., and Martinez-
Fernandez, J.: The Added-Value of Remotely-Sensed Soil Moisture Data for Agricultural
Drought Detection in Argentina, IEEE Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, 14, 6487-6500, 10.1109/JSTARS.2021.3084849, 2021.

Samantaray, A. K., Singh, G., Ramadas, M., and Panda, R. K.: Drought hotspot analysis and risk
assessment using probabilistic drought monitoring and severity-duration-frequency analysis,
Hydrol Process, 33, 432-449, 10.1002/hyp.13337, 2019.

Sanz-Ramos, M., Marti-Cardona, B., Blade, E., Seco, I., Amengual, A., Roux, H., and Romero,
R.: NRCS-CN Estimation from Onsite and Remote Sensing Data for Management of a Reservoir
in the Eastern Pyrenees, ) Hydrol Eng, 25, 10.1061/(asce)he.1943-5584.0001979, 2020.

101



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Saouabe, T., El Khalki, E., Saidi, M. E., Najmi, A., Hadri, A., Rachidi, S., Jadoud, M., and
Tramblay, Y.: Evaluation of the GPM-IMERG Precipitation Product for Flood Modeling in a
Semi-Arid Mountainous Basin in Morocco, Water-Sui, 12, 10.3390/w12092516, 2020.

Sapkota, A. and Meier, C. |.: A Parsimonious Rainfall-Runoff Model for Flood Forecasting:
Incorporating Spatially Varied Rainfall and Soil Moisture, Watershed Management 2020: A
Clear Vision of Watershed Management, 183-196 pp.2020.

Sato, H., Kobayashi, H., Iwahana, G., and Ohta, T.: Endurance of larch forest ecosystems in
eastern Siberia under warming trends, Ecol Evol, 6, 5690-5704, 10.1002/ece3.2285, 2016.

Sawada, Y.: Quantifying Drought Propagation from Soil Moisture to Vegetation Dynamics
Using a Newly Developed Ecohydrological Land Reanalysis, Remote Sensing, 10,
10.3390/rs10081197, 2018.

Sawada, Y.: Machine Learning Accelerates Parameter Optimization and Uncertainty
Assessment of a Land Surface Model, J] Geophys Res-Atmos, 125, 10.1029/2020jd032688,
2020.

Saxe, S., Farmer, W., Driscoll, J., and Hogue, T. S.: Implications of model selection: a
comparison of publicly available, conterminous US-extent hydrologic component estimates,
Hydrol Earth Syst Sc, 25, 1529-1568, 10.5194/hess-25-1529-2021, 2021.

Scanlon, T., van der Schalie, R., Preimesberger, W., Reimer, C., Hahn, S., Gruber, A,, Kidd, R.,
de Jeu, R. A. M., and Dorigo, W. A.: Soil Moisture [in: “State of the Climate in 2018”], Bulletin
American Meteorological Society, 100, S38-39, 10.1175/2019BAMSStateoftheClimate.1,
2019.

Schellekens, J., Dutra, E., Martinez-de la Torre, A., Balsamo, G., van Dijk, A., Weiland, F. S.,
Minvielle, M., Calvet, J. C., Decharme, B., Eisner, S., Fink, G., Florke, M., Pessenteiner, S., van
Beek, R., Polcher, J., Beck, H., Orth, R., Calton, B., Burke, S., Dorigo, W., and Weedon, G. P.: A
global water resources ensemble of hydrological models: the eartH2Observe Tier-1 dataset,
Earth Syst Sci Data, 9, 389-413, 10.5194/essd-9-389-2017, 2016.

Scherrer, S., De Lannoy, G., Heyvaert, Z., Bechtold, M., Albergel, C., El-Madany, T. S., and
Dorigo, W.: Bias-blind and bias-aware assimilation of leaf area index into the Noah-MP land
surface model over Europe, Hydrol Earth Syst Sc, 27, 4087-4114, 10.5194/hess-27-4087-2023,
2023.

Scholze, M., Buchwitz, M., Dorigo, W., Guanter, L., and Shaun, Q. G.: Reviews and syntheses:
Systematic Earth observations for use in terrestrial carbon cycle data assimilation systems,
Biogeosciences, 14, 3401-3429, 10.5194/bg-14-3401-2017, 2017.

Scholze, M., Kaminski, T., Knorr, W., Blessing, S., Vossbeck, M., Grant, J. P., and Scipal, K.:
Simultaneous assimilation of SMOS soil moisture and atmospheric CO2 in-situ observations to
constrain the global terrestrial carbon cycle, Remote Sensing of Environment, 180, 334-345,
10.1016/j.rse.2016.02.058, 2016.

102



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Schumacher, D. L., Keune, J., van Heerwaarden, C. C,, de Arellano, J. V. G., Teuling, A. J., and
Miralles, D. G.: Amplification of mega-heatwaves through heat torrents fuelled by upwind
drought, Nat Geosci, 12, 712-+, 10.1038/s41561-019-0431-6, 2019.

Schumacher, D. L., Zachariah, M., Otto, F., Barnes, C., Philip, S., Kew, S., Vahlberg, M., Singh,
R., Heinrich, D., Arrighi, J., Van Aalst, M., Hauser, M., Hirschi, M., Bessenbacher, V.,
Gudmundsson, L., Beaudoing, H. K., Rodell, M., Li, S., Yang, W., Vecchi, G. A,, Harrington, L. J.,
Lehner, F., Balsamo, G., and Seneviratne, S. |.: Detecting the human fingerprint in the summer
2022 western-central European soil drought, Earth Syst Dynam, 15, 131-154, 10.5194/esd-15-
131-2024, 2024.

Scipal, K., Drusch, M., and Wagner, W.: Assimilation of a ERS scatterometer derived soil
moisture index in the ECMWF numerical weather prediction system, Adv Water Resour, 31,
1101-1112, 2008.

Seiler, C., Melton, J. R., Arora, V. K., and Wang, L. B.: CLASSIC v1.0: the open-source community
successor to the Canadian Land Surface Scheme (CLASS) and the Canadian Terrestrial
Ecosystem Model (CTEM) - Part 2: Global benchmarking, Geoscientific Model Development,
14, 2371-2417, 10.5194/gmd-14-2371-2021, 2021.

Seneviratne, S. 1., Luthi, D., Litschi, M., and Schar, C.: Land-atmosphere coupling and climate
change in Europe, Nature, 443, 205-209, 10.1038/nature05095, 2006a.

Seneviratne, S. I., Koster, R. D., Guo, Z. C., Dirmeyer, P. A., Kowalczyk, E., Lawrence, D., Liu, P.,
Lu, C. H., Mocko, D., Oleson, K. W., and Verseghy, D.: Soil moisture memory in AGCM
simulations: Analysis of global land-atmosphere coupling experiment (GLACE) data, J
Hydrometeorol, 7, 1090-1112, Doi 10.1175/Jhm533.1, 2006b.

Seneviratne, S. I., Nicholls, N., Easterling, D., Goodess, C. M., Kanae, S., Kossin, J., Luo, Y.,
Marengo, J., Mclnnes, K., Rahimi, M., Reichstein, M., Sorteberg, A., Vera, C., and Zhang, X.:
Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation.
A Special Report of Working Groups | and Il of the Intergovernmental Panel on Climate
Change., Cambridge University Press, Cambridge, UK, and New York, NY, USA, pp. 109-230.,
2012.

Seo, E. and Dirmeyer, P. A.: Improving the ESA CCl Daily Soil Moisture Time Series with
Physically Based Land Surface Model Datasets Using a Fourier Time-Filtering Method, J
Hydrometeorol, 23, 473-489, 10.1175/jhm-d-21-0120.1, 2022.

Seo, E., Lee, M. I, Schubert, S. D., Koster, R. D., and Kang, H. S.: Investigation of the 2016
Eurasia heat wave as an event of the recent warming, Environ Res Lett, 15, 10.1088/1748-
9326/abbbae, 2020.

Shah, R. D. and Mishra, V.: Utility of Global Ensemble Forecast System (GEFS) Reforecast for
Medium-Range Drought Prediction in India, ] Hydrometeorol, 17, 1781-1800, 10.1175/Jhm-D-
15-0050.1, 2016.

103



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

Vv

Shan, L. S., Yu, X., Sun, L. X., He, B., Wang, H. Y., and Xie, T. T.: Seasonal differences in climatic
controls of vegetation growth in the Beijing-Tianjin Sand Source Region of China, Journal of
Arid Land, 10, 850-863, 10.1007/s40333-018-0075-1, 2018.

Sharma, S. and Mujumdar, P. P.: Baseflow significantly contributes to river floods in Peninsular
India, Sci Rep-Uk, 14, 10.1038/s41598-024-51850-w, 2024.

Shen, Q., Wang, H., Shum, C. K, Jiang, L., Yang, B., Zhang, C., Dong, J., Gao, F., Lai, W., and Liu,
T.: Soil Moisture Retrieval From Multipolarization SAR Data and Potential Hydrological
Application, leee Journal of Selected Topics in Applied Earth Observations and Remote
Sensing, 16, 6531-6544, 10.1109/jstars.2023.3291238, 2023.

Shi, J., Dong, X., Zhao, T., Dy, Y., Liu, H., Wang, Z., Zhu, D., Ji, D., Xiong, C., and Jiang, L.: The
water cycle observation mission (WCOM): Overview, 2016 IEEE International Geoscience and
Remote Sensing Symposium (IGARSS), 10-15 July 2016, 3430-3433,
10.1109/1GARSS.2016.7729886,

Shrestha, A., Nair, A. S., and Indu, J.: Role of precipitation forcing on the uncertainty of land
surface model simulated soil moisture estimates, J Hydrol, 580,
10.1016/j.jhydrol.2019.124264, 2020.

Shrivastava, S., Kar, S. C., and Sharma, A. R.: Soil moisture variations in remotely sensed and
reanalysis datasets during weak monsoon conditions over central India and central Myanmar,
Theoretical and Applied Climatology, 129, 305-320, 10.1007/s00704-016-1792-z, 2016.

Shrivastava, S., Kar, S. C., and Sharma, A. R.: Intraseasonal Variability of Summer Monsoon
Rainfall and Droughts over Central India, Pure Appl Geophys, 174, 1827-1844,
10.1007/s00024-017-1498-x, 2017.

Skulovich, O. and Gentine, P.: A Long-term Consistent Artificial Intelligence and Remote
Sensing-based Soil Moisture Dataset, Scientific Data, 10, 10.1038/s41597-023-02053-x, 2023.

Somkuti, P., Bosch, H., Feng, L., Palmer, P. I., Parker, R. J., and Quaife, T.: A new space-borne
perspective of crop productivity variations over the US Corn Belt, Agr Forest Meteorol, 281,
10.1016/j.agrformet.2019.107826, 2020.

Spennemann, P. C., Rivera, J. A,, Saulo, A. C., and Penalba, O. C.: A Comparison of GLDAS Soil
Moisture Anomalies against Standardized Precipitation Index and Multisatellite Estimations
over South America, ) Hydrometeorol, 16, 158-171, 10.1175/Jhm-D-13-0190.1, 2015.

Spennemann, P. C., Fernandez-Long, M. E., Gattinoni, N. N., Cammalleri, C., and Naumann, G.:
Soil moisture evaluation over the Argentine Pampas using models, satellite estimations and
in-situ measurements, Journal of Hydrology-Regional Studies, 31,
10.1016/j.ejrh.2020.100723, 2020.

104



. . . Version 2
soil moisture Climate Assessment Report (CAR)
x- cci Date 19-09-2024

Stagge, J. H., Tallaksen, L. M., Gudmundsson, L., Van Loon, A. F., and Stahl, K.: Candidate
Distributions for Climatological Drought Indices (SPI and SPEI), Int J Climatol, 35, 4027-4040,
10.1002/joc.4267, 2015.

Stradiotti, P., Gruber, A., Preimesberger, W., Madelon, R., van der Schalie, R., Rodriguez-
Fernandez, N., Hirschi, M., Dorigo, W., Kidd, R., and Albergel, C.: Accounting for Seasonal Soil
Moisture Retrieval Errors in the Generation of Climate Data Records, EGU General Assembly
2023, Vienna, 24-28 Apr 2023, 10.5194/egusphere-egu23-13940, 2023a.

Stradiotti, P., Preimesberger, W., van der Schalie, R., Madelon, R., Rodriguez-Fernandez, N. J.,
Hirschi, M., Gruber, A., Hahn, S., Dorigo, W. A., de Jeu, R. A. M., and Kidd, R.: Soil Moisture [in:
“State of the Climate in 2022”], Bulletin American Meteorological Society, 104, S65-566,
10.1175/BAMS-D-23-0090.1, 2023b.

Strohmeier, S., Lopez, P. L., Haddad, M., Nangia, V., Karrou, M., Montanaro, G., Boudhar, A,,
Lines, C., Veldkamp, T., and Sterk, G.: Surface Runoff and Drought Assessment Using Global
Water Resources Datasets-from Oum Er Rbia Basin to the Moroccan Country Scale, Water
Resources Management, 34, 2117-2133, 10.1007/s11269-019-02251-6, 2020.

Su, C. H., Narsey, S. Y., Gruber, A., Xaver, A., Chung, D., Ryu, D., and Wagner, W.: Evaluation
of post-retrieval de-noising of active and passive microwave satellite soil moisture, Remote
Sensing of Environment, 163, 127-139, 10.1016/j.rse.2015.03.010, 2015.

Su, C. H., Ryu, D., Dorigo, W., Zwieback, S., Gruber, A., Albergel, C., Reichle, R. H., and Wagner,
W.: Homogeneity of a global multisatellite soil moisture climate data record, Geophys Res
Lett, 43, 11245-11252, 10.1002/2016gl070458, 2016.

Su, Y., Zhang, C.,, Chen, X,, Liu, L., Ciais, P., Peng, J., Wu, S., Wu, J., Shang, J., Wang, Y., Yuan,
W., Yang, Y., Wu, Z., and Lafortezza, R.: Aerodynamic resistance and Bowen ratio explain the
biophysical effects of forest cover on understory air and soil temperatures at the global scale,
Agr Forest Meteorol, 308-309, 10.1016/j.agrformet.2021.108615, 2021.

Sun, H., Xu, Q., Wang, Y., Zhao, Z., Zhang, X., Liu, H., and Gao, J.: Agricultural drought dynamics
in China during 1982-2020: a depiction with satellite remotely sensed soil moisture, GlScience
and Remote Sensing, 60, 10.1080/15481603.2023.2257469, 2023.

Sun, X. F., Wang, M., Li, G. C., Wang, J. B., and Fan, Z. M.: Divergent Sensitivities of Spaceborne
Solar-Induced Chlorophyll Fluorescence to Drought among Different Seasons and Regions,
Isprs International Journal of Geo-Information, 9, 10.3390/ijgi9090542, 2020.

Sungmin, O. and Orth, R.: Global soil moisture data derived through machine learning trained
with in-situ measurements, Scientific Data, 8, 10.1038/s41597-021-00964-1, 2021.

Sungmin, O., Hou, X. Y., and Orth, R.: Observational evidence of wildfire-promoting soil
moisture anomalies, Sci Rep-Uk, 10, 10.1038/541598-020-67530-4, 2020.

105



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Szczypta, C., Calvet, J. C., Maignan, F., Dorigo, W., Baret, F., and Ciais, P.: Suitability of modelled
and remotely sensed essential climate variables for monitoring Euro-Mediterranean droughts,
Geoscientific Model Development, 7, 931-946, 10.5194/gmd-7-931-2014, 2014.

Tabarmayeh, M., Zarei, M., Jaramillo, F., and Batelaan, O.: Identifying the main factors driving
groundwater stress in a semi-arid region, southern Iran, Hydrological Sciences Journal, 68,
840-855, 10.1080/02626667.2023.2171797, 2023.

Talib, J., Taylor, C. M., Duan, A. M., and Turner, A. G.: Intraseasonal Soil Moisture-Atmosphere
Feedbacks on the Tibetan Plateau Circulation, J Climate, 34, 1789-1807, 10.1175/jcli-d-20-
0377.1, 2021.

Talib, J., Taylor, C. M., Harris, B. L., and Wainwright, C. M.: Surface-driven amplification of
Madden—-Julian oscillation circulation anomalies across East Africa and its influence on the
Turkana jet, Quarterly Journal of the Royal Meteorological Society, 149, 1890-1912,
10.1002/qj.4487, 2023.

Talib, J., Taylor, C. M., Klein, C., Harris, B. L., Anderson, S. R., and Semeena, V. S.: The sensitivity
of the West African monsoon circulation to intraseasonal soil moisture feedbacks, Quarterly
Journal of the Royal Meteorological Society, 148, 1709-1730, 10.1002/qj.4274, 2022.

Tang, B. J.,, Wu, D. H., Zhao, X., Zhou, T., Zhao, W. Q., and Wei, H.: The Observed Impacts of
Wind Farms on Local Vegetation Growth in Northern China, Remote Sensing, 9, 332,
10.3390/rs9040332, 2017.

Tangdamrongsub, N., Jasinski, M. F., and Shellito, P. J.: Development and evaluation of 0.05
degrees terrestrial water storage estimates using Community Atmosphere Biosphere Land
Exchange (CABLE) land surface model and assimilation of GRACE data, Hydrol Earth Syst Sc,
25, 4185-4208, 10.5194/hess-25-4185-2021, 2021.

Tao, Z. X., Huang, W. J,, and Wang, H. J.: Soil moisture outweighs temperature for triggering
the green-up date in temperate grasslands, Theoretical and Applied Climatology, 140, 1093-
1105, 10.1007/s00704-020-03145-z, 2020.

Taylor, C. M., de Jeu, R. A,, Guichard, F., Harris, P. P., and Dorigo, W. A.: Afternoon rain more
likely over drier soils, Nature, 489, 423-426, 10.1038/nature11377, 2012.

Taylor, C. M., Birch, C. E., Parker, D. J., Dixon, N., Guichard, F., Nikulin, G., and Lister, G. M. S.:
Modeling soil moisture-precipitation feedback in the Sahel: Importance of spatial scale versus
convective parameterization, Geophys Res Lett, 40, 6213-6218, 10.1002/2013gl058511, 2013.

Tesfamichael, S. G. and Shiferaw, Y. A.: A Markov regime-switching regression approach to
modelling NDVI from surface temperature and soil moisture, Int J Remote Sens, 40, 9352-
9379, 10.1080/01431161.2019.1630783, 2019.

Tesfamichael, S. G., Shiferaw, Y. A., and Woldai, T.: Forecasting monthly soil moisture at broad
spatial scales in sub-Saharan Africa using three time-series models: evidence from four

106



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

decades of remotely sensed data, Eur ] Remote Sens, 56, 10.1080/22797254.2023.2246638,
2023.

Thatch, L. M., Gilbert, J. M., and Maxwell, R. M.: Integrated Hydrologic Modeling to Untangle
the Impacts of Water Management During Drought, Groundwater, 58, 377-391,
10.1111/gwat.12995, 2020.

Thurner, M., Beer, C., Carvalhais, N., Forkel, M., Santoro, M., Tum, M., and Schmullius, C.:
Large-scale variation in boreal and temperate forest carbon turnover rate related to climate,
Geophys Res Lett, 43, 4576-4585, 10.1002/2016gl068794, 2016.

Tian, J. Q,, Luo, X. Z., Xu, H., Green, J. K., Tang, H., Wu, J., and Piao, S. L.: Slower changes in
vegetation phenology than precipitation seasonality in the dry tropics, Global Change Biol, 30,
10.1111/gcb.17134, 2024.

Tian, Q,, Lu, J., and Chen, X.: A novel comprehensive agricultural drought index reflecting time
lag of soil moisture to meteorology: A case study in the Yangtze River basin, China, Catena,
209, 10.1016/j.catena.2021.105804, 2022a.

Tian, Q., Ly, J. Z., Chen, X. L., and Zhang, Y. F.: Spatio-temporal Evolution of Agricultural
Drought in the Yangtze River Basin Based on Long-term CCI Soil Moisture Data, Resources and
Environment in the Yangtze Basin, 31, 472-481, 10.11870/cjlyzyyhj202202020, 2022b.

Tramblay, Y., Amoussou, E., Dorigo, W., and Mahe, G.: Flood risk under future climate in data
sparse regions: Linking extreme value models and flood generating processes, J Hydrol, 519,
549-558, 10.1016/j.jhydrol.2014.07.052, 2014.

Tramblay, Y., Koutroulis, A., Samaniego, L., Vicente-Serrano, S. M., Volaire, F., Boone, A, Le
Page, M., Llasat, M. C., Albergel, C., Burak, S., Cailleret, M., Kalin, K. C., Davi, H., Dupuy, J. L.,
Greve, P., Grillakis, M., Hanich, L., Jarlan, L., Martin-StPaul, N., Martinez-Vilalta, J., Mouillot,
F., Pulido-Velazquez, D., Quintana-Segui, P., Renard, D., Turco, M., Turkes, M., Trigo, R., Vidal,
J. P., Vilagrosa, A., Zribi, M., and Polcher, J.: Challenges for drought assessment in the
Mediterranean region under future climate scenarios, Earth-Sci Rev, 210,
10.1016/j.earscirev.2020.103348, 2020.

Traore, A. K., Ciais, P., Vuichard, N., Poulter, B., Viovy, N., Guimberteau, M., Jung, M., Myneni,
R., and Fisher, J. B.: Evaluation of the ORCHIDEE ecosystem model over Africa against 25 years
of satellite-based water and carbon measurements, J Geophys Res-Biogeo, 119, 1554-1575,
10.1002/2014jg002638, 2014.

Trautmann, T., Koirala, S., Carvalhais, N., Glintner, A., and Jung, M.: The importance of
vegetation in understanding terrestrial water storage variations, Hydrol Earth Syst Sc, 26,
1089-1109, 10.5194/hess-26-1089-2022, 2022.

Trautmann, T., Koirala, S., Guentner, A., Kim, H., and Jung, M.: Calibrating global hydrological
models with GRACE TWS: does river storage matter?, Environmental Research
Communications, 5, 10.1088/2515-7620/acece5, 2023.

107



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Tucker, C. J., Pinzon, J. E., Brown, M. E., Slayback, D. A., Pak, E. W., Mahoney, R., Vermote, E.
F., and El Saleous, N.: An extended AVHRR 8-km NDVI dataset compatible with MODIS and
SPOT vegetation NDVI data, Int J Remote Sens, 26, 4485-4498, 10.1080/01431160500168686,
2005.

Turco, M., Jerez, S., Donat, M. G., Toreti, A., Vicente-Serrano, S. M., and Doblas-Reyes, F. J.: A
Global Probabilistic Dataset for Monitoring Meteorological Droughts, Bulletin of the American
Meteorological Society, 101, E1628-E1644, 10.1175/bams-d-19-0192.1, 2020.

Ugbaje, S. U. and Bishop, T. F. A.: Hydrological Control of Vegetation Greenness Dynamics in
Africa: A Multivariate Analysis Using Satellite Observed Soil Moisture, Terrestrial Water
Storage and Precipitation, Land-Basel, 9, 10.3390/1and9010015, 2020.

Ullah, W., Zhu, C., Wang, G., Hagan, D. F. T., Lou, D., Wei, J., Karim, A,, Li, S., Su, B., and Jiang,
T.: Soil moisture-constrained East Asian Monsoon meridional patterns over China from
observations, Npj Clim Atmos Sci, 6, 10.1038/s41612-023-00331-4, 2023.

Unnikrishnan, C. K., Rajeevan, M., and Rao, S. V. B.: A study on the role of land-atmosphere
coupling on the south Asian monsoon climate variability using a regional climate model,
Theoretical and Applied Climatology, 127, 949-964, 10.1007/s00704-015-1680-y, 2017.

van den Hurk, B., Doblas-Reyes, F., Balsamo, G., Koster, R. D., Seneviratne, S. |., and Camargo,
H.: Soil moisture effects on seasonal temperature and precipitation forecast scores in Europe,
Climate Dynamics, 38, 349-362, 10.1007/s00382-010-0956-2, 2010.

van den Hurk, B., Kim, H., Krinner, G., Seneviratne, S. I., Derksen, C., Oki, T., Douville, H., Colin,
J., Ducharne, A., Cheruy, F., Viovy, N., Puma, M. J., Wada, Y., Li, W., Jia, B., Alessandri, A.,
Lawrence, D. M., Weedon, G. P,, Ellis, R., Hagemann, S., Mao, J., Flanner, M. G., Zampieri, M.,
Materia, S., Law, R. M., and Sheffield, J.: LS3MIP (v1.0) contribution to CMIP6: the Land
Surface, Snow and Soil moisture Model Intercomparison Project — aims, setup and expected
outcome, Geoscientific Model Development, 9, 2809-2832, 10.5194/gmd-9-2809-2016, 2016.

van der Molen, M. K., Dolman, A. J., Ciais, P., Eglin, T., Gobron, N., Law, B. E., Meir, P., Peters,
W., Phillips, O. L., Reichstein, M., Chen, T., Dekker, S. C., Doubkova, M., Friedl, M. A., Jung, M.,
van den Hurk, B. J. J. M., de Jeu, R. A. M., Kruijt, B., Ohta, T., Rebel, K. T., Plummer, S.,
Seneviratne, S. 1., Sitch, S., Teuling, A. J., van der Werf, G. R., and Wang, G.: Drought and
ecosystem carbon cycling, Agr Forest Meteorol, 151, 765-773,
10.1016/j.agrformet.2011.01.018, 2011.

van der Schalie, R., Rodriguez---Fernandez, N. J., Kerr, Y. M., Wigneron, J. P., Al-Yaari, A., and
de Jeu, R. A. M.: Passive Microwave Soil Moisture Data Fusion: Final evaluation, 2016.

van der Schalie, R., Preimesberger, W., Stradiotti, P., van der Vliet, M., M&singer, L., Rodriguez-
Fernandez, N. J., Madelon, R., Hahn, S., Hirschi, M., Kidd, R., de Jeu, R. A. M., and Dorigo, W.
A.: Soil Moisture [in: “State of the Climate in 2021”], Bulletin American Meteorological Society,
103, S64-S66, 10.1175/BAMS-D-22-0092.1, 2022.

108



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

van der Schalie, R., Scanlon, T., Preimesberger, W., Pasik, A. J., van der Vliet, M., Mosinger, L.,
Rodriguez-Fernandez, N. J., Madelon, R., Hahn, S., Hirschi, M., Kidd, R., de Jeu, R. A. M., and
Dorigo, W. A.: Soil Moisture [in: “State of the Climate in 2020”], Bulletin American
Meteorological Society, 102, S67-S68, 10.1175/BAMS-D-21-0098.1, 2021.

van der Schrier, G., Barichivich, J., Briffa, K. R., and Jones, P. D.: A scPDSI-based global data set
of dry and wet spells for 1901-2009, Journal of Geophysical Research: Atmospheres, 118,
4025-4048, 10.1002/jgrd.50355, 2013.

van Hateren, T. C., Chini, M., Matgen, P., and Teuling, A. J.: Ambiguous Agricultural Drought:
Characterising Soil Moisture and Vegetation Droughts in Europe from Earth Observation,
Remote Sensing, 13, 10.3390/rs13101990, 2021.

Van Loon, A. F., Stahl, K., Di Baldassarre, G., Clark, J., Rangecroft, S., Wanders, N., Gleeson, T.,
Van Dijk, A. I.J. M., Tallaksen, L. M., Hannaford, J., Uijlenhoet, R., Teuling, A. J., Hannah, D. M.,
Sheffield, J., Svoboda, M., Verbeiren, B., Wagener, T., and Van Lanen, H. A. J.: Drought in a
human-modified world: reframing drought definitions, understanding, and analysis
approaches, Hydrol Earth Syst Sc, 20, 3631-3650, 10.5194/hess-20-3631-2016, 2016.

Van Oorschot, F., Van Der Ent, R. J., Hrachowitz, M., Di Carlo, E., Catalano, F., Boussetta, S.,
Balsamo, G., and Alessandri, A.: Interannual land cover and vegetation variability based on
remote sensing data in the HTESSEL land surface model: Implementation and effects on
simulated water dynamics, Earth Syst Dynam, 14, 1239-1259, 10.5194/esd-14-1239-2023,
2023.

Vandenbussche, S., Callewaert, S., Schepanski, K., and De Maziere, M.: North African mineral
dust sources: new insights from a combined analysis based on 3D dust aerosol distributions,
surface winds and ancillary soil parameters, Atmospheric Chemistry and Physics, 20, 15127-
15146, 10.5194/acp-20-15127-2020, 2020.

Varikoden, H. and Revadekar, J. V.: Relation Between the Rainfall and Soil Moisture During
Different Phases of Indian Monsoon, Pure Appl Geophys, 175, 1187-1196, 10.1007/s00024-
017-1740-6, 2018.

Venkatesh, K., John, R., Chen, J., Xiao, J., Amirkhiz, R. G., Giannico, V., and Kussainova, M.:
Optimal ranges of social-environmental drivers and their impacts on vegetation dynamics in
Kazakhstan, Science of the Total Environment, 847, 10.1016/j.scitotenv.2022.157562, 2022a.

Venkatesh, K., John, R., Chen, J., Jarchow, M., Amirkhiz, R. G., Giannico, V., Saraf, S., Jain, K.,
Kussainova, M., and Yuan, J.: Untangling the impacts of socioeconomic and climatic changes
on vegetation greenness and productivity in Kazakhstan, Environ Res Lett, 17, 10.1088/1748-
9326/ac8c59, 2022b.

Vogel, J., Paton, E., and Aich, V.: Seasonal ecosystem vulnerability to climatic anomalies in the
Mediterranean, Biogeosciences, 18, 5903-5927, 10.5194/bg-18-5903-2021, 2021.

109



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Vreugdenhil, M., Greimeister-Pfeil, I., Preimesberger, W., Camici, S., Dorigo, W., Enenkel, M.,
van der Schalie, R., Steele-Dunne, S., and Wagner, W.: Microwave remote sensing for
agricultural drought monitoring: Recent developments and challenges, Frontiers in Water, 4,
10.3389/frwa.2022.1045451, 2022.

Vroege, W. and Finger, R.: Insuring Weather Risks in European Agriculture, Eurochoices, 19,
54-62,10.1111/1746-692x.12285, 2020.

Vroege, W., Bucheli, J., Dalhaus, T., Hirschi, M., and Finger, R.: Insuring crops from space: the
potential of satellite-retrieved soil moisture to reduce farmers' drought risk exposure,
European Review of Agricultural Economics, 48, 266-314, 10.1093/erae/jbab010, 2021.

Wagner, W., Lemoine, G., and Rott, H.: A method for estimating soil moisture from ERS
scatterometer and soil data, Remote Sensing of Environment, 70, 191-207, Doi
10.1016/50034-4257(99)00036-X, 1999.

Wagner, W., Dorigo, W. A,, de Jeu, R. A. M., Fernandez, D., Benveniste, J., Haas, E., and Ertl,
M.: Fusion of active and passive microwave observations to create an Essential Climate
Variable data record on soil moisture, ISPRS Annals of the Photogrammetry, Remote Sensing
and Spatial Information Sciences (ISPRS Annals), I-7, 315-321, 2012a.

Wagner, W., W. Dorigo, R. de Jeu, D. Fernandez-Prieto, J. Benveniste, E. Haas, and Ertl, M.:
Fusion of active and passive microwave observations to create an Essential Climate Variable
data record on soil moisture, XXII ISPRS Congress, Melbourne,Australia, 25 August-1
September 2012,

Wagner, W., Hahn, S., Kidd, R., Melzer, T., Bartalis, Z., Hasenauer, S., Figa-Saldana, J., de
Rosnay, P., Jann, A., Schneider, S., Komma, J., Kubu, G., Brugger, K., Aubrecht, C., Zuger, J.,
Gangkofner, U., Kienberger, S., Brocca, L., Wang, Y., Bloschl, G., Eitzinger, J., Steinnocher, K.,
Zeil, P., and Rubel, F.: The ASCAT Soil Moisture Product: A Review of its Specifications,
Validation Results, and Emerging Applications, Meteorol Z, 22, 5-33, 10.1127/0941-
2948/2013/0399, 2013.

Wanders, N., Karssenberg, D., de Roo, A., de Jong, S. M., and Bierkens, M. F. P.: The suitability
of remotely sensed soil moisture for improving operational flood forecasting, Hydrol Earth
Syst Sc, 18, 2343-2357, 10.5194/hess-18-2343-2014, 2014.

Wang, A., Kong, X., Chen, Y., and Ma, X.: Evaluation of Soil Moisture in CMIP6 Multimodel
Simulations Over Conterminous China, Journal of Geophysical Research: Atmospheres, 127,
10.1029/2022JD037072, 2022a.

Wang, C., Huang, M., Zhai, P., and Yu, R.: Change of summer drought over China during 1961—
2020 based on standardized precipitation evapotranspiration index, Theoretical and Applied
Climatology, 153, 297-309, 10.1007/s00704-023-04471-8, 2023a.

110



Vv

g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

Wang, G., Ma, X., Hagan, D. F. T., van der Schalie, R., Kattel, G., Ullah, W., Tao, L., Miao, L., and
Liu, Y.: Towards Consistent Soil Moisture Records from China’s FengYun-3 Microwave
Observations, Remote Sensing, 14, 10.3390/rs14051225, 2022b.

Wang, H., Yuan, Q., Zhao, H., and Xu, H.: In-situ and triple-collocation based assessments of
CYGNSS-R soil moisture compared with satellite and merged estimates quasi-globally, J
Hydrol, 615, 10.1016/j.jhydrol.2022.128716, 2022c.

Wang, H. Y., He, B., Zhang, Y. F., Huang, L., Chen, Z. Y., and Liu, J. J.: Response of ecosystem
productivity to dry/wet conditions indicated by different drought indices, Science of the Total
Environment, 612, 347-357, 10.1016/j.scitotenv.2017.08.212, 2018a.

Wang, L. H,, Xie, Z. H., Jia, B. H., Xie, J. B.,, Wang, Y., Liu, B., Li, R. C., and Chen, S.: Contributions
of climate change and groundwater extraction to soil moisture trends, Earth Syst Dynam, 10,
599-615, 10.5194/esd-10-599-2019, 2019a.

Wang, L. H., Xie, Z. H,, Xie, J. B., Zeng, Y. J,, Liu, S., Jia, B. H., Qin, P. H,, Li, L. J., Wang, B., Yu, Y.
Q., Dong, L., Wang, Y., Li, R. C,, Liu, B., and Chen, S.: Implementation of Groundwater Lateral
Flow and Human Water Regulation in CAS-FGOALS-g3, J Geophys Res-Atmos, 125,
10.1029/2019jd032289, 2020a.

Wang, M., Wyatt, B. M., and Ochsner, T. E.: Accurate statistical seasonal streamflow forecasts
developed by incorporating remote sensing soil moisture and terrestrial water storage
anomaly information, J Hydrol, 626, 10.1016/j.jhydrol.2023.130154, 2023b.

Wang, S., Chen, J., Rao, Y. H,, Liu, L. C.,, Wang, W. Q., and Dong, Q.: Response of winter wheat
to spring frost from a remote sensing perspective: Damage estimation and influential factors,
Isprs  Journal of Photogrammetry and Remote Sensing, 168, 221-235,
10.1016/j.isprsjprs.2020.08.014, 2020b.

Wang, S. S., Mo, X. G,, Hu, S, Liu, S. X., and Liu, Z. J.: Assessment of droughts and wheat yield
loss on the North China Plain with an aggregate drought index (ADI) approach, Ecol Indic, 87,
107-116, 10.1016/j.ecolind.2017.12.047, 2018b.

Wang, S. S., Mo, X. G,, Liu, S. X,, Lin, Z. H., and Hu, S.: Validation and trend analysis of ECV soil
moisture data on cropland in North China Plain during 1981-2010, Int J Appl Earth Obs, 48,
110-121, 10.1016/j.jag.2015.10.010, 2016.

Wang, S. S., Mo, X. G, Liu, Z. J., Baig, M. H. A., and Chi, W. F.: Understanding long-term (1982-
2013) patterns and trends in winter wheat spring green-up date over the North China Plain,
Int J Appl Earth Obs, 57, 235-244, 10.1016/].jag.2017.01.008, 2017.

Wang, X., Zhao, F., and Wu, Y.: Increased sensitivity of vegetation to soil moisture and its key
mechanisms in the Loess Plateau, China, Ecohydrology, 17, 10.1002/eco0.2602, 2024.

111



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

Vv

Wang, X., Qiu, B., Li, W., and Zhang, Q.: Impacts of drought and heatwave on the terrestrial
ecosystem in China as revealed by satellite solar-induced chlorophyll fluorescence, Science of
the Total Environment, 693, 10.1016/j.scitotenv.2019.133627, 2019b.

Wang, Y., Cao, J,, Liu, Y., Zhu, Y., Fang, X., Huang, Q., and Chen, J.: Spatiotemporal Analysis of
Soil Moisture Variation in the Jiangsu Water Supply Area of the South-to-North Water
Diversion Using ESA CClI Data, Remote Sensing, 14, 10.3390/rs14020256, 2022d.

Wang, Y. Q,, Yang, J., Chen, Y. N., Wang, A. Q., and De Maeyer, P.: The Spatiotemporal
Response of Soil Moisture to Precipitation and Temperature Changes in an Arid Region, China,
Remote Sensing, 10, 10.3390/rs10030468, 2018c.

Wang, Y. Q., Yang, J., Chen, Y. N., De Maeyer, P., Li, Z., and Duan, W. L.: Detecting the Causal
Effect of Soil Moisture on Precipitation Using Convergent Cross Mapping, Sci Rep-Uk, 8,
10.1038/s41598-018-30669-2, 2018d.

Wang, Y. Y. and Li, G. C.: Evaluation of simulated soil moisture from China Land Data
Assimilation System (CLDAS) land surface models, Remote Sensing Letters, 11, 1060-1069,
10.1080/2150704x.2020.1820614, 2020.

Warner, D. L., Guevara, M., Callahan, J., and Vargas, R.: Downscaling satellite soil moisture for
landscape applications: A case study in Delaware, USA, Journal of Hydrology-Regional Studies,
38, 10.1016/j.ejrh.2021.100946, 2021.

Wehrli, K., Guillod, B. P., Hauser, M., Leclair, M., and Seneviratne, S. I.: Identifying Key Driving
Processes of Major Recent Heat Waves, J Geophys Res-Atmos, 124, 11746-11765,
10.1029/2019jd030635, 2019.

Weisheimer, A., Doblas-Reyes, F. J., Jung, T., and Palmer, T. N.: On the predictability of the
extreme summer 2003 over Europe, Geophys Res Lett, 38, 10.1029/2010gl046455, 2011.

Wilheit, T. T.: Radiative-Transfer in a Plane Stratified Dielectric, IEEE T Geosci Remote, 16, 138-
143, Doi 10.1109/Tge.1978.294577, 1978.

Willeit, M. and Ganopolski, A.: PALADYN v1.0, a comprehensive land surface-vegetation-
carbon cycle model of intermediate complexity, Geoscientific Model Development, 9, 3817-
3857, 10.5194/gmd-9-3817-2016, 2016.

Wu, L., Feng, J.,, Qin, F., and Qiu, Y.: Regional Climate Effects of Irrigation Over Central Asia
Using Weather Research and Forecasting Model, Journal of Geophysical Research:
Atmospheres, 127, 10.1029/2021JD036210, 2022a.

Wu, T,, Bai, J., and Han, H.: Short-term agricultural drought prediction based on D-vine copula
quantile regression in snow-free unfrozen surface area, China, Geocarto International, 37,
9320-9338, 10.1080/10106049.2021.2017015, 2022b.

112



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

-l

Wu, X., Wang, L., Cao, Q., Niu, Z., and Dai, X.: Regional climate change and possible causes
over the Three Gorges Reservoir Area, Science of the Total Environment, 903,
10.1016/j.scitotenv.2023.166263, 2023.

Wu, X, Liu, H., Li, X., Liang, E., Beck, P.S., and Huang, Y.: Seasonal divergence in the interannual
responses of Northern Hemisphere vegetation activity to variations in diurnal climate, Sci Rep,
6, 19000, 10.1038/srep19000, 2016.

Wu, X. J.,, Wang, L. C, Yao, R,, Luo, M., and Li, X.: Identifying the dominant driving factors of
heat waves in the North China Plain, Atmospheric  Research, 252,
10.1016/j.atmosres.2021.105458, 2021.

Xi, X.: Revisiting the Recent Dust Trends and Climate Drivers Using Horizontal Visibility and
Present Weather Observations, ] Geophys Res-Atmos, 126, 10.1029/2021jd034687, 2021.

Xi, X.: On the Geomorphic, Meteorological, and Hydroclimatic Drivers of the Unusual 2018
Early Summer Salt Dust Storms in Central Asia, J Geophys Res-Atmos, 128,
10.1029/2022jd038089, 2023.

Xi, X. and Sokolik, I. N.: Dust interannual variability and trend in Central Asia from 2000 to 2014
and their climatic linkages, J Geophys Res-Atmos, 120, 12,175-112,197,
10.1002/2015jd024092, 2015.

Xi, X., Steinfeld, D., Cavallo, S. M., Wang, J., Chen, J., Zulpykharov, K., and Henebry, G. M.:
What caused the unseasonal extreme dust storm in Uzbekistan during November 20217,
Environ Res Lett, 18, 10.1088/1748-9326/ad02af, 2023.

Xiao, M. Z., Yu, Z. B, Kong, D. D., Gu, X. H., Mammarella, I., Montagnani, L., Arain, M. A,,
Merbold, L., Magliulo, V., Lohila, A., Buchmann, N., Wolf, S., Gharun, M., Hortnagl, L., Beringer,
J., and Gioli, B.: Stomatal response to decreased relative humidity constrains the acceleration
of terrestrial evapotranspiration, Environ Res Lett, 15, 10.1088/1748-9326/ab9967, 2020.

Xie, Z. H., Wang, L. H., Wang, Y., Liu, B., Li, R. C., Xie, J. B., Zeng, Y. J,, Liu, S., Gao, J. Q., Chen,
S., lia, B. H,, and Qin, P. H.: Land Surface Model CAS-LSM: Model Description and Evaluation,
J Adv Model Earth Sy, 12, 10.1029/2020ms002339, 2020.

Xing, X. L., Wu, M. S, Scholze, M., Kaminski, T., Vossbeck, M., Lu, Z. Y., Wang, S. H., He, W., Ju,
W. M., and Jiang, F.: Soil Moisture Assimilation Improves Terrestrial Biosphere Model GPP
Responses to Sub-Annual Drought at Continental Scale, Remote Sensing, 15,
10.3390/rs15030676, 2023.

Yan, H. X., Moradkhani, H., and Zarekarizi, M.: A probabilistic drought forecasting framework:
A combined dynamical and statistical approach, J Hydrol, 548, 291-304,
10.1016/j.jhydrol.2017.03.004, 2017.

113



Vv

3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Yan, H. X., Zarekarizi, M., and Moradkhani, H.: Toward improving drought monitoring using
the remotely sensed soil moisture assimilation: A parallel particle filtering framework, Remote
Sensing of Environment, 216, 456-471, 10.1016/j.rse.2018.07.017, 2018.

Yang, H., Xiong, L. H., Liu, D. D., Cheng, L., and Chen, J.: High spatial resolution simulation of
profile soil moisture by assimilating multi-source remote-sensed information into a
distributed hydrological model, J Hydrol, 597, 10.1016/j.jhydrol.2021.126311, 2021a.

Yang, L., Wang, W., and Wei, J.: Assessing the response of vegetation photosynthesis to flash
drought events based on a new identification framework, Agr Forest Meteorol, 339,
10.1016/j.agrformet.2023.109545, 2023.

Yang, L., Wei, W., Wang, T., and Li, L.: Temporal-spatial variations of vegetation cover and
surface soil moisture in the growing season across the mountain-oasis-desert system in
Xinjiang, China, Geocarto International, 10.1080/10106049.2021.1871666, 2021b.

Yang, L. B., Sun, G. Q., Zhi, L., and Zhao, J. J.: Negative soil moisture-precipitation feedback in
dry and wet regions, Sci Rep-Uk, 8, 10.1038/s41598-018-22394-7, 2018.

Yao, P, Lu, H., Zhao, T., Wu, S., Peng, Z., Cosh, M. H,, Jia, L., Yang, K., Zhang, P., and Shi, J.: A
global daily soil moisture dataset derived from Chinese FengYun Microwave Radiation Imager
(MWRI)(2010-2019), Scientific Data, 10, 10.1038/s41597-023-02007-3, 2023.

Yao, P. P., Lu, H., Shi, J. C.,, Zhao, T. J., Yang, K., Cosh, M. H., Gianotti, D. J. S., and Entekhabi,
D.: A long term global daily soil moisture dataset derived from AMSR-E and AMSR2 (2002-
2019), Scientific Data, 8, 10.1038/s41597-021-00925-8, 2021a.

Yao, X. L., Jliang, Q,, Liu, Y., Li, L. Y., Wang, Q. Y., and Yu, J. S.: Spatiotemporal variation of soil
moisture in Northern China based on climate change initiative data, Agronomy Journal, 113,
774-785, 10.1002/agj2.20479, 2021b.

Yao, Y. J., Zhang, Y. H,, Liu, Q,, Liu, S. M., Jia, K., Zhang, X. T., Xu, Z. W., Xu, T. R, Chen, J. Q.,
and Fisher, J. B.: Evaluation of a satellite-derived model parameterized by three soil moisture
constraints to estimate terrestrial latent heat flux in the Heihe River basin of Northwest China,
Science of the Total Environment, 695, 10.1016/j.scitotenv.2019.133787, 2019.

Yatheendradas, S., Mocko, D. M., Peters-Lidard, C., and Kumar, S.: Quantifying the Importance
of Selected Drought Indicators for the United States Drought Monitor, J Hydrometeorol, 24,
1457-1478, 10.1175/JHM-D-22-0180.1, 2023.

Yin, J., Zhan, X., Barlage, M., Liu, J., Meng, H., and Ferraro, R. R.: Refinement of NOAA AMSR-
2 Soil Moisture Data Product-Part 2: Development With the Optimal Machine Learning Model,
IEEE T Geosci Remote, 61, 10.1109/tgrs.2023.3280176, 2023a.

Yin, J., Zhan, X., Barlage, M., Kumar, S., Fox, A., Albergel, C., Hain, C. R,, Ferraro, R. R., and Liu,

J.: Assimilation of Blended Satellite Soil Moisture Data Products to Further Improve Noah-MP
Model Skills, J Hydrol, 621, 10.1016/j.jhydrol.2023.129596, 2023b.

114



. . . Version 2
soil moisture Climate Assessment Report (CAR)
x- cci Date 19-09-2024

Yin, J. F., Zhan, X. W., and Liu, J. C.: NOAA Satellite Soil Moisture Operational Product System
(SMOPS) Version 3.0 Generates Higher Accuracy Blended Satellite Soil Moisture, Remote
Sensing, 12, 10.3390/rs12172861, 2020.

Yin, Z., Ottle, C., Ciais, P., Guimberteau, M., Wang, X. H., Zhu, D., Maignan, F., Peng, S. S., Piao,
S. L., Polcher, J., Zhou, F., Kim, H., and China-Trend-Stream Project, M.: Evaluation of
ORCHIDEE-MICT-simulated soil moisture over China and impacts of different atmospheric
forcing data, Hydrol Earth Syst Sc, 22, 5463-5484, 10.5194/hess-22-5463-2018, 2018.

Yu, R.Y., Yao, Y. ), Tang, Q. X,, Shao, C. L, Fisher, J. B., Chen, J. Q., Jia, K., Zhang, X. T, Li, Y. F.,
Shang, K., Yang, J. M., Liu, L., Zhang, X. Y., Guo, X. Z., Xie, Z. )., Ning, J., Fan, J. H., and Zhang, L.
L.: Coupling a light use efficiency model with a machine learning-based water constraint for
predicting grassland gross primary production, Agr Forest Meteorol, 341,
10.1016/j.agrformet.2023.109634, 2023a.

Yu, Y. and Ginoux, P.: Assessing the contribution of the ENSO and MJO to Australian dust
activity based on satellite- and ground-based observations, Atmospheric Chemistry and
Physics, 21, 8511-8530, 10.5194/acp-21-8511-2021, 2021.

Yu, Y. and Ginoux, P.: Enhanced dust emission following large wildfires due to vegetation
disturbance, Nat Geosci, 15, 878-884, 10.1038/s41561-022-01046-6, 2022.

Yu, Y., Fang, S., and Zhuo, W.: Revealing the Driving Mechanisms of Land Surface Temperature
Spatial Heterogeneity and Its Sensitive Regions in China Based on GeoDetector, Remote
Sensing, 15, 10.3390/rs15112814, 2023b.

Yuan, S. S. and Quiring, S. M.: Evaluation of soil moisture in CMIP5 simulations over the
contiguous United States using in situ and satellite observations, Hydrol Earth Syst Sc, 21,
2203-2218, 10.5194/hess-21-2203-2017, 2017.

Yuan, S. S., Wang, Y. C,, Quiring, S. M., Ford, T. W., and Houston, A. L.: A sensitivity study on
the response of convection initiation to in situ soil moisture in the central United States,
Climate Dynamics, 54, 2013-2028, 10.1007/s00382-019-05098-0, 2020.

Yuan, X., Ma, Z. G., Pan, M., and Shi, C. X.: Microwave remote sensing of short-term droughts
during crop growing seasons, Geophys Res Lett, 42, 4394-4401, 10.1002/2015gl064125,
2015a.

Yuan, X., Roundy, J. K., Wood, E. F., and Sheffield, J.. SEASONAL FORECASTING OF GLOBAL
HYDROLOGIC EXTREMES System Development and Evaluation over GEWEX Basins, Bulletin of
the American Meteorological Society, 96, 1895-1912, 10.1175/Bams-D-14-00003.1, 2015b.

Zampieri, M., Garcia, G. C., Dentener, F., Gumma, M. K., Salamon, P., Seguini, L., and Toreti,
A.: Surface Freshwater Limitation Explains Worst Rice Production Anomaly in India in 2002,
Remote Sensing, 10, 10.3390/rs10020244, 2018.

115



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Zappa, L., Schlaffer, S., Brocca, L., Vreugdenhil, M., Nendel, C., and Dorigo, W.: How accurately
can we retrieve irrigation timing and water amounts from (satellite) soil moisture?, Int J Appl
Earth Obs, 113, 10.1016/j.jag.2022.102979, 2022.

Zeng, J. Y., Chen, K. S., Cui, C. Y., and Bai, X. J.: A Physically Based Soil Moisture Index From
Passive Microwave Brightness Temperatures for Soil Moisture Variation Monitoring, IEEE T
Geosci Remote, 58, 2782-2795, 10.1109/tgrs.2019.2955542, 2020.

Zeng,Z.Z.,Wang, T., Zhou, F., Ciais, P., Mao, J. F., Shi, X. Y., and Piao, S. L.: A worldwide analysis
of spatiotemporal changes in water balance-based evapotranspiration from 1982 to 2009, J
Geophys Res-Atmos, 119, 1186-1202, 10.1002/2013jd020941, 2014.

Zhan, M. J., Wang, Y. )., Wang, G. )., Hartmann, H., Cao, L. G, Li, X. C., and Su, B. D.: Long-term
changes in soil moisture conditions and their relation to atmospheric circulation in the Poyang
Lake basin, China, Quatern Int, 440, 23-29, 10.1016/j.quaint.2016.01.003, 2017.

Zhan, X., Zheng, W., Fang, L., Liu, J., Hain, C,, Yin, J., and Ek, M.: A preliminary assessment of
the impact of SMAP Soil Moisture on numerical weather Forecasts from GFS and NUWRF
models, 2016 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), 10-15
July 2016, 5229-5232, 10.1109/IGARSS.2016.7730362,

Zhang, A.Z. and Jia, G. S.: Satellite observed reversal in trends of tropical and subtropical water
availability, Int J Appl Earth Obs, 86, 10.1016/j.jag.2019.102015, 2020a.

Zhang, A. Z. and lJia, G. S.: ENSO-driven reverse coupling in interannual variability of
pantropical water availability and global atmospheric CO2 growth rate, Environ Res Lett, 15,
10.1088/1748-9326/ab66cc, 2020b.

Zhang, A. Z., Jia, G. S., and Wang, H. S.: Improving meteorological drought monitoring
capability over tropical and subtropical water-limited ecosystems: evaluation and ensemble
of the Microwave Integrated Drought Index, Environ Res Lett, 14, 10.1088/1748-
9326/ab005e, 2019a.

Zhang, G. X., Su, X. L., Ayantobo, O. O., and Feng, K.: Drought monitoring and evaluation using
ESA CCl and GLDAS-Noah soil moisture datasets across China, Theoretical and Applied
Climatology, 144, 1407-1418, 10.1007/s00704-021-03609-w, 2021a.

Zhang, K., Li, X., Zheng, D., Zhang, L., and Zhu, G.: Estimation of Global Irrigation Water Use by
the Integration of Multiple Satellite Observations, Water Resources Research, 58,
10.1029/2021WR030031, 2022a.

Zhang, L., Zeng, Y., Zhuang, R., Szab¢, B., Manfreda, S., Han, Q., and Su, Z.: In situ observation-
constrained global surface soil moisture using random forest model, Remote Sensing, 13,
10.3390/rs13234893, 2021b.

116



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Zhang, L. L., Marshall, M., Nelson, A., and Vrieling, A.: A global assessment of PT-JPL soil
evaporation in agroecosystems with optical, thermal, and microwave satellite data, Agr Forest
Meteorol, 306, 10.1016/j.agrformet.2021.108455, 2021c.

Zhang, L. M., Yang, Y. P, Liu, Y. X. Y., and Yue, X. F.: Evaluation of Long Time-Series Soil
Moisture Products Using Extended Triple Collocation and In Situ Measurements in China,
Atmosphere-Basel, 14, 10.3390/atmos14091351, 2023a.

Zhang, L. Q., Liu, Y., Ren, L. L, Jiang, S. H., Yang, X. L., Yuan, F., Wang, M. H., and Wei, L. Y.:
Drought Monitoring and Evaluation by ESA CCl Soil Moisture Products Over the Yellow River
Basin, leee Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 12,
3376-3386, 10.1109/Jstars.2019.2934732, 2019b.

Zhang, L. Q, Liu, Y., Ren, L. L., Teuling, A. J., Zhang, X. X, Jiang, S. H., Yang, X. L., Wei, L. Y.,
Zhong, F., and Zheng, L. H.: Reconstruction of ESA CCl satellite-derived soil moisture using an
artificial neural network technology, Science of the Total Environment, 782,
10.1016/j.scitotenv.2021.146602, 2021d.

Zhang, Q,, Li, J. F., Gu, X. H., and Shi, P. J.: Is the Pearl River basin, China, drying or wetting?
Seasonal variations, causes and implications, Global Planet Change, 166, 48-61,
10.1016/j.gloplacha.2018.04.005, 2018a.

Zhang, T., Zhou, J. Z., Yu, P, Li, J. Z., Kang, Y. F., and Zhang, B.: Response of ecosystem gross
primary productivity to drought in northern China based on multi-source remote sensing data,
J Hydrol, 616, 10.1016/j.jhydrol.2022.128808, 2023b.

Zhang, X. H,, Qiu, J. X., Leng, G. Y., Yang, Y. M., Gao, Q. Z., Fan, Y., and Luo, J. S.: The Potential
Utility of Satellite Soil Moisture Retrievals for Detecting Irrigation Patterns in China, Water-
Sui, 10, 10.3390/w10111505, 2018b.

Zhang, Y. F., Liang, S. L., Ma, H., He, T., Wang, Q,, Li, B, Xu, J. L., Zhang, G. D., Liu, X. B., and
Xiong, C. H.: Generation of global 1 km daily soil moisture product from 2000 to 2020using
ensemble learning, Earth Syst Sci Data, 15, 2055-2079, 10.5194/essd-15-2055-2023, 2023c.

Zhang, Y. R,, Shang, G. F., Leng, P., Ma, C., Ma, J.,, Zhang, X., and Li, Z. L.: Estimation of quasi-
full spatial coverage soil moisture with fine resolution in China from the combined use of
ERA5-Land reanalysis and TRIMS land surface temperature product, Agr Water Manage, 275,
10.1016/j.agwat.2022.107990, 2023d.

Zhang, Z., Laux, P., Baade, J., Arnault, J., Wei, J., Wang, X., Liu, Y., Schmullius, C., and
Kunstmann, H.: Impact of alternative soil data sources on the uncertainties in simulated land-
atmosphere interactions, Agr Forest Meteorol, 339, 10.1016/j.agrformet.2023.109565,
2023e.

Zhang, Z. Y., Arnault, J., Wagner, S., Laux, P., and Kunstmann, H.: Impact of Lateral Terrestrial
Water Flow on Land-Atmosphere Interactions in the Heihe River Basin in China: Fully Coupled

117



g - : Version 2
soil moisture Climate Assessment Report (CAR)
8 cci Date 19-09-2024

L

Modeling and Precipitation Recycling Analysis, J Geophys Res-Atmos, 124, 8401-8423,
10.1029/2018jd030174, 2019c.

Zhang, Z. Y., Arnault, J., Laux, P., Ma, N., Wei, J. H., Shang, S. S., and Kunstmann, H.:
Convection-permitting fully coupled WRF-Hydro ensemble simulations in high mountain
environment: impact of boundary layer- and lateral flow parameterizations on land-
atmosphere interactions, Climate Dynamics, 59, 1355-1376, 10.1007/s00382-021-06044-9,
2022b.

Zhao, A., Xu, R., Zou, L., and Zhu, X.: Response of Grassland Vegetation Growth to Drought in
Inner Mongolia of China from 2002 to 2020, Atmosphere-Basel, 14, 10.3390/atmos14111613,
2023a.

Zhao, B., Dai, Q., Zhuo, L., Zhu, S., Shen, Q., and Han, D.: Assessing the potential of different
satellite soil moisture products in landslide hazard assessment, Remote Sensing of
Environment, 264, 10.1016/j.rse.2021.112583, 2021a.

Zhao, C. P., Huang, Y. H., Li, Z. H., and Chen, M. X.: Drought Monitoring of Southwestern China
Using Insufficient GRACE Data for the Long-Term Mean Reference Frame under Global
Change, J Climate, 31, 6897-6911, 10.1175/jcli-d-17-0869.1, 2018.

Zhao, F., Wang, X., Ma, S., Wu, Y., Qiu, L., Sun, P., and Li, Q.: Widespread Increasing Ecosystem
Water Limitation During the Past Three Decades in the Yellow River Basin, China, Journal of
Geophysical Research: Biogeosciences, 128, 10.1029/2022JG007140, 2023b.

Zhao, L. and Yang, Z. L.: Multi-sensor land data assimilation: Toward a robust global soil
moisture and snow estimation, Remote Sensing of Environment, 216, 13-27,
10.1016/j.rse.2018.06.033, 2018.

Zhao, W., Wen, F., Wang, Q., Sanchez, N., and Piles, M.: Seamless downscaling of the ESA CCI
soil moisture data at the daily scale with MODIS land products, J Hydrol, 603,
10.1016/j.jhydrol.2021.126930, 2021b.

Zhao, Z. and Wang, K.: Capability of Existing Drought Indices in Reflecting Agricultural Drought
in China, Journal of Geophysical Research: Biogeosciences, 126, 10.1029/2020JG006064,
2021.

Zheng, C. L, lJia, L., and Hu, G. C.: Global land surface evapotranspiration monitoring by
ETMonitor model driven by multi-source satellite earth observations, J Hydrol, 613,
10.1016/j.jhydrol.2022.128444, 2022.

Zheng, L., Qi, Y., Qin, Z., Xu, X., and Dong, J.: Assessing albedo dynamics and its environmental
controls of grasslands over the Tibetan Plateau, Agr Forest Meteorol, 307,
10.1016/j.agrformet.2021.108479, 2021.

118



3 . . Version 2
soil moisture Climate Assessment Report (CAR)
~ CCi Date 19-09-2024

Vv

Zheng, X. M., Zhao, K., Ding, Y. L., Jiang, T., Zhang, S. Y., and Jin, M. J.: The spatiotemporal
patterns of surface soil moisture in Northeast China based on remote sensing products, J
Water Clim Change, 7, 708-720, 10.2166/wcc.2016.106, 2016.

Zhong, M., Jiang, T., Hong, Y., and Yang, X. H.: Performance of multi-level association rule
mining for the relationship between causal factor patterns and flash flood magnitudes in a
humid area, Geomatics Natural Hazards & Risk, 10, 1967-1987,
10.1080/19475705.2019.1655102, 2019.

Zhou, D. K., Larar, A. M., and Liu, X.: Evaluation of soil moisture estimated from IASI
measurements, Proc Spie, 10783, 10.1117/12.2323196, 2018.

Zhou, H., Geng, G., Yang, J., Hu, H., Sheng, L., and Lou, W.: Improving Soil Moisture Estimation
via Assimilation of Remote Sensing Product into the DSSAT Crop Model and Its Effect on
Agricultural Drought Monitoring, Remote Sensing, 14, 10.3390/rs14133187, 2022.

Zhou, J., Wen, J., Wang, X,, Jia, D. Y., and Chen, J. L.: Analysis of the Qinghai-Xizang Plateau
Monsoon Evolution and Its Linkages with Soil Moisture, Remote Sensing, 8,
10.3390/rs8060493, 2016.

Zhou, J., Yang, K., Crow, W. T., Dong, J., Zhao, L., Feng, H., Zou, M., Lu, H., Tang, R., and Jiang,
Y.: Potential of remote sensing surface temperature- and evapotranspiration-based land-
atmosphere coupling metrics for land surface model calibration, Remote Sensing of
Environment, 291, 10.1016/j.rse.2023.113557, 2023.

Zhou, K. K., Li, J. Z., Zhang, T., and Kang, A. Q.: The use of combined soil moisture data to
characterize agricultural drought conditions and the relationship among different drought
types in China, Agr Water Manage, 243, 10.1016/j.agwat.2020.106479, 2021a.

Zhou, W., Guan, K. Y., Peng, B., Shi, J. C., Jiang, C. Y., Wardlow, B., Pan, M., Kimball, J. S., Franz,
T.E., Gentine, P., He, M. Z,, and Zhang, J. W.: Connections between the hydrological cycle and
crop yield in the rainfed US Corn Belt, J Hydrol, 590, 10.1016/j.jhydrol.2020.125398, 2020.

Zhou, Y. F., Zaitchik, B. F., Kumar, S. V., Arsenault, K. R., Matin, M. A., Qamer, F. M., Zamora,
R. A., and Shakya, K.: Developing a hydrological monitoring and sub-seasonal to seasonal
forecasting system for South and Southeast Asian river basins, Hydrol Earth Syst Sc, 25, 41-61,
10.5194/hess-25-41-2021, 2021b.

Zhu, B. W,, Xie, X. H., Meng, S. S., Ly, C. Y., and Yao, Y.: Sensitivity of soil moisture to
precipitation and temperature over China: Present state and future projection, Science of the
Total Environment, 705, 10.1016/j.scitotenv.2019.135774, 2020a.

Zhu, B. W, Xie, X. H., Lu, C. Y., Lei, T. J., Wang, Y. B., Jia, K., and Yao, Y. J.: Extensive Evaluation
of a Continental-Scale High-Resolution Hydrological Model Using Remote Sensing and
Ground-Based Observations, Remote Sensing, 13, 10.3390/rs13071247, 2021.

119



- i i Version 2
s soil moisture Climate Assessment Report (CAR)
i cci Date 19-09-2024

Zhu, C,, Cui, E. Q., and Xia, J. Y.: Both day and night warming reduce tree growth in extremely
dry soils, Environ Res Lett, 15, 10.1088/1748-9326/aba65e, 2020b.

Zhu, C. X,, Li, S.J., Hagan, D. F. T., Wei, X. K., Feng, D. H., Lu, J., Ullah, W., and Wang, G. J.: Long-
Term Characteristics of Surface Soil Moisture over the Tibetan Plateau and Its Response to
Climate Change, Remote Sensing, 15, 10.3390/rs15184414, 2023.

Zhu, Y., Liu, Y., Ma, X. Y., Ren, L. L., and Singh, V. P.: Drought Analysis in the Yellow River Basin
Based on a Short-Scalar Palmer Drought Severity Index, Water-Sui, 10, 10.3390/w10111526,
2018.

Zhuang, R. D,, Zeng, Y. J., Manfreda, S., and Su, Z. B.: Quantifying Long-Term Land Surface and
Root Zone Soil Moisture over Tibetan Plateau, Remote Sensing, 12, 10.3390/rs12030509,
2020.

Zhuo, L., Dai, Q., Han, D. W,, Chen, N. S., Zhao, B. R., and Berti, M.: Evaluation of Remotely
Sensed Soil Moisture for Landslide Hazard Assessment, leee Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, 12, 162-173, 10.1109/Jstars.2018.2883361,
2019.

Zohaib, M., Kim, H., and Choi, M.: Evaluating the patterns of spatiotemporal trends of root
zone soil moisture in major climate regions in East Asia, ] Geophys Res-Atmos, 122, 7705-7722,
10.1002/2016jd026379, 2017.

Zwieback, S., Paulik, C., and Wagner, W.: Frozen Soil Detection Based on Advanced
Scatterometer Observations and Air Temperature Data as Part of Soil Moisture Retrieval,
Remote Sensing, 7, 3206-3231, 10.3390/rs70303206, 2015.

Aadhar, S. and Mishra, V.: The 2022 mega heatwave in South Asia in the observed and
projected future climate, Environ Res Lett, 18, 10.1088/1748-9326/acf778, 2023.

120



