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RESUMEN

La humedad del suelo (SM, soil moisture) es una variable clave en el ciclo hidrolégico,
fundamental para una gran diversidad de aplicaciones desde la de gestion de recursos
hidricos y la productividad agricola, hasta la prediccién de la variabilidad climética.
Considerada una variable climatica esencial (ECV, essential climatic variable) por el
GCOS (Global Climate Observing System), en las Ultimas décadas se ha puesto de
manifiesto el interés creciente por disponer de bases de datos de SM de larga duracion,
continuas en el tiempo y el espacio. Ademas, el todavia incierto impacto del cambio
climatico en el ciclo hidroldgico del planeta realza la necesidad de comprender y definir
los cambios en la dindmica de la SM. Estos cambios son de particular interés en Europa,
donde se prevé que el calentamiento global afecte negativamente a los recursos hidricos.
Con animo de explorar diferentes métodos y enfoques de analisis para el estudio de la
tendencia de cambio de la SM, su interaccion con los patrones atmosféricos y la obtencion
de bases de datos apropiadas para el continente europeo, en esta tesis doctoral se han
planteado tres objetivos especificos.

En primer lugar, se destaca la necesidad de contar con bases de datos de SM continuas y
de larga duracion, tanto modelizadas como observacionales. Las misiones satelitales han
facilitado esta labor enormemente, sin embargo, la continuidad de las series se ve
comprometida debido a la existencia de lagunas en los datos, provocadas por diversos
factores como la presencia de nieve o interferencias de radiofrecuencia que no hacen
posible la medicion. Motivado por esta necesidad, el primer objetivo de esta tesis doctoral
busca comparar diferentes técnicas de gap-filling para estimar los valores ausentes en la
base de datos de SM satelital méas larga disponible en Europa, la proporcionada por la
Climate Change Initiative (CCI). Para ello, se evaluaron diferentes técnicas, desde las mas
sencillas como interpolaciones lineales o clbicas hasta técnicas mas complejas como
métodos autorregresivos (AR, autoregressive) o de aprendizaje automatico (ML, machine
learning) como las support vector machine (SVM) y los random forest (RF), donde se
evaluo el uso de diferentes variables de entrada relacionadas con la dindmica de la SM.
Todas estas técnicas fueron evaluadas tanto en el domino espacial como en el temporal.

En segundo lugar, el impacto del cambio climatico en la dindmica de la SM en Europa y la
magnitud de estos cambios es todavia incierto. Por ello, se definié como segundo objetivo
de esta tesis doctoral el estudio de las tendencias de la SM de los ultimos 30 afios en Europa
utilizando diferentes tests estadisticos, escalas temporales (anual y mensual) y bases de
datos. Los métodos utilizados fueron el test de Mann-Kendall (MK), ampliamente utilizado
y basado en el comportamiento mondtono, y el empirical mode decomposition (EMD),
basado en una descomposicion empirica de las series temporales. Ademas, se analizé la
tendencia de los principales atributos que caracterizan la sequia agricola (inicio, duracion
e intensidad). La significacion estadistica de las tendencias y sus signos fueron evaluados




en los diferentes tipos de clima presentes en el continente europeo, segun la clasificacion
de Kdppen-Geiger.

En tercer y altimo lugar, es sabido que la variabilidad de la SM esta intimamente ligada a
los procesos atmosféricos. Sin embargo, muchos aspectos sobre las interacciones entre los
sistemas suelo-atmosfera ain son inciertos. Aunque en Europa estan bien definidas las
teleconexiones atmosféricas, la relacion de los diferentes patrones de circulacion
atmosférica con la SM no ha recibido especial atencion. Ademas, rara vez se han analizado
sus relaciones causales. En este contexto, se planteé como tercer y Gltimo objetivo de esta
tesis doctoral el analisis de la influencia y las relaciones causales entre la North Atlantic
Oscillation (NAO), la Arctic Oscillation (AO) y EI Nifio Southern Oscillation (ENSO) y la
variabilidad de la SM en Europa. Para ello, se consideraron dos bases de datos de SM y se
evaluaron, a una escala de tiempo mensual, la correlacion y las relaciones causales entre
los patrones atmosféricos y la SM.

Los resultados obtenidos en esta tesis han permitido, por un lado, evaluar diferentes
técnicas para el relleno de lagunas de datos de series satelitales de forma precisa. Los SVM
aplicados al dominio espacial, utilizando la textura y las series de SM anteriores como
inputs, han demostrado ser una buena herramienta para hacer frente a la limitacién de las
lagunas de datos presentes en las series satelitales. Por otro lado, haciendo uso de datos
procedentes de la modelizacion se ha podido observar una tendencia general a condiciones
méas secas en el suelo en casi todo el continente europeo en los Ultimos 30 afios,
independientemente del tipo de clima, la escala temporal analizada o el método aplicado.
También se ha encontrado un incremento de la intensidad y la duracion de le periodos de
sequia agricola. Por altimo, los resultados de esta tesis han demostrado que existe una
relacion causal predominantemente negativa entre la NAO y AO, y la variabilidad de la
SM en la mayor parte de Europa, sin apenas retraso temporal, mientras que con ENSO se
observlo una respuesta retardada de uno o dos meses en Europa central y noroeste. Los
resultados obtenidos en esta tesis aportan nuevos conocimientos sobre los cambios que ha
experimentado la SM en Europa y su interaccion con los patrones atmosféricos, poniendo
de manifiesto la importancia de la aplicacion de metodologias avanzadas para llevar a cabo
estos andlisis, asi como de obtener bases de datos apropiadas para los mismos.



ABSTRACT

Soil moisture (SM) is a key variable in the hydrological cycle, essential for a wide variety
of applications from water resource management and agricultural productivity to the
climate variability forecast. Considered an essential climatic variable (ECV) by the GCOS
(Global Climate Observing System), in recent decades there has been an increasing interest
in having long-term SM databases continuous over time and space. In addition, the still
uncertain impact of climate change on the hydrological cycle highlights the need to
understand and define the changes in the SM dynamics. These changes are of particular
interest in Europe, where global warming is expected to negatively affect water resources.
To explore different methods and analysis approaches for the study of the SM change trend,
its interaction with atmospheric patterns, and obtaining appropriate databases for the
European continent, three specific objectives have been proposed in this doctoral thesis.

First, the need of having continuous and long-term SM databases, both modeled and
observational, is highlighted. Satellite missions have considerably facilitated this
challenge; however, the continuity of the series is compromised due to the existence of
gaps in the data, caused by several factors such as the presence of snow or radio frequency
interference that prevents from having measurements. Motivated by this need, the first
objective of this doctoral thesis sought to compare different gap-filling techniques to
estimate the missing values in the longest satellite SM database available in Europe, the
one provided by the Climate Change Initiative (CCI). For this, different techniques were
evaluated, from the simplest such as linear or cubic interpolations to more complex
techniques such as autoregressive (AR) or machine learning (ML) methods, such as the
support vector machine (SVM) and random forest (RF), evaluating the use of different
input variables related to SM dynamics. All these techniques were applied in both the
spatial and temporal domains.

Second, the impact of climate change on the SM dynamics in Europe and the magnitude of
its changes is still uncertain. Therefore, the second objective of this doctoral thesis was the
study of SM trends over the last 30 years in Europe using different statistical tests, time
scales (annual and monthly) and databases. The methods utilized were the Mann-Kendall
(MK) test, widely used and based on monotonic behavior, and the empirical mode
decomposition (EMD), based on an empirical decomposition of time series. In addition,
the trend of the main attributes that characterize agricultural drought (onset, duration, and
intensity) were analyzed. The statistical significance of the trends and their signs were
evaluated in the different types of climates of Europe, according to the Kdppen-Geiger
classification.

Third and last, it is known that the variability of the SM is closely linked to atmospheric
processes. However, many aspects of the interactions between soil-atmosphere systems are
still uncertain. Although atmospheric teleconnections are well defined in Europe, the
relationship of the different atmospheric circulation patterns with SM has not received




special attention. In addition, their causal relationships have rarely been analyzed. In this
context, the third and final objective of this doctoral thesis was to analyze the influence and
causal relationships between the North Atlantic Oscillation (NAO), the Arctic Oscillation
(AO) and the El Nifio Southern Oscillation (ENSO) with SM variability in Europe. For this,
two SM databases were considered and the correlation and causal relationships between
atmospheric patterns and SM were evaluated on a monthly time scale.

The results obtained in this thesis have allowed, on the one hand, to evaluate different
approaches for filling data gaps in satellite series accurately. SVMs applied to the spatial
domain, using soil texture and previous SM series as inputs, have proven to be a good tool
to deal with the limitation of data gaps present in satellite series. On the other hand, using
data from modeling, it has been possible to observe a general trend towards drier conditions
in the soil in almost the entire European continent in the last 30 years, regardless of the type
of climate, the time scale analyzed, or the method applied. An increase in the intensity and
duration of agricultural drought has also been found. Finally, the results of this thesis have
shown that there is a predominantly negative causal relationship between the NAO and AO,
and the SM variability in most of Europe, with hardly any time delay, while wit ENSO a
delayed response of one or two months was observed with in central and northwestern
Europe. The results obtained in this thesis provide new insights into the changes that SM
has experienced in Europe and its interaction with atmospheric patterns, highlighting the
importance of applying advanced methodologies to carry out these types of analyses, as
well as obtaining appropriate data for them.
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CAPITULO 1 - INTRODUCCION OBJETIVOS Y METODOS

1.1. Motivacion

El agua es uno de los recursos naturales méas importantes para los organismos vivos. Esta
se encuentra en continuo movimiento describiendo un ciclo, denominado ciclo hidrolégico,
que expresa el intercambio continuo de agua entre sus diferentes fuentes de
almacenamiento. Aunque el agua cubre tres cuartas partes de la superficie terrestre solo el
2.5% es dulce (Igor Shiklomanov, 1993), siendo ésta clave en la sostenibilidad de la
biosfera y la vida humana. El agua dulce se encuentra principalmente almacenada bajo la
superficie terrestre o en forma de hielo en los glaciares, mientras que Unicamente el 1.3%
estd almacenada en la superficie, presente en los diferentes estados. Esta agua superficial
se encuentra mayoritariamente en forma de hielo y nieve, mientras que, el agua en estado
gaseoso es la menos abundante y esta almacenada en la atmdésfera. El resto permanece en
estado liquido, presente en rios, lagos, pantanos, almacenada en el suelo o en los seres vivos
(Figura 1.1).
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Figura 1.1 Distribucién del agua en la Tierra. Informacién obtenida de Igor Shiklomanov (1993).

Aunque representa un pequefio porcentaje del agua del planeta, el agua almacenada en el
suelo, conocida como humedad del suelo (SM, soil moisture), constituye uno de los
componentes mas relevantes dentro del ciclo hidroldgico, ya que ejerce control sobre el
intercambio de agua y energia entre el suelo y la atmdsfera, gobierna la infiltracion, la
escorrentia y la evapotranspiracion, y se comporta como un mecanismo de almacenamiento
de la precipitacion (McColl et al., 2017; Seneviratne et al., 2010). Como consecuencia,
ejerce una gran influencia en el desarrollo de eventos extremos como sequias e
inundaciones (Martinez-Fernandez et al., 2015; Piles et al., 2022; Wanders et al., 2014).
Ademas, expresa la cantidad de agua disponible para las plantas y esta implicada en el
desarrollo de multiples procesos bioldgicos, siendo una variable clave en la gestion de los
recursos hidricos, la productividad agricola o el seguimiento de la salud de los ecosistemas
(Entekhabi et al., 2014). Por todo ello, en el afio 2010, el Global Climate Observing System
(GCQOS) incorpord la variable SM dentro de las variables climéticas esenciales (ECV,
essential climate variable), reconociendo la importancia y la necesidad de obtener series
de datos adecuadas de esta variable (GCOS, 2010).

El interés por monitorizar la SM es un asunto reciente con respecto al de otras variables
hidro-climaticas, pues hasta cerca de comienzos del S.XXI no se disponia de la tecnologia




para su medicion, sobre todo de forma remota. Ademas, la dindmica de la SM es compleja
y su variabilidad espacial y temporal depende de diversos factores geograficos,
ambientales, meteorologicos y climaticos (Yoo and Kim, 2004). Por ello, diferentes
técnicas de medicion pueden proporcionar series de datos de caracteristicas distintas en
cuanto a la cobertura y resolucion, tanto espacial como temporal, la capa del suelo que
consideran para su estimacion, o las incertidumbres asociadas. En las ultimas décadas se
han desarrollado diferentes técnicas capaces de proporcionar estimaciones de SM con
sensores remotos. En concreto, avances tanto cientificos como tecnoldgicos en el uso de
las microondas para la estimacion de esta variable permitio el desarrollo y lanzamiento de
las dos primeras misiones espaciales dedicadas a medir la SM: la mision Soil Moisture
Ocean Salinity (SMOS) de la Agencia Espacial Europea (ESA, European Space Agency)
(Kerr et al., 2012, 2010, 2001) y la misién Soil Moisture Active and Passive (SMAP) de la
NASA (National Aeronautics and Space Administration) (Bindlish et al., 2015; Entekhabi
et al., 2010a). Existen también otras misiones satelitales con bandas de microondas que,
aunque no fueron lanzadas con el objetivo de estimar la SM, son sensibles a esta variable.
La Climate Change Initiative (CCI) de la ESA ha podido combinar todas las estimaciones
provenientes de los diferentes sensores capaces de estimar esta variable hasta generar una
serie climatica de SM con cobertura global y duracién de mas de 30 afios (Dorigo et al.,
2017; Gruber et al., 2019). El desarrollo de los sensores remotos en plataformas satelitales
ha permitido evolucionar de las series de datos de medidas in situ, obtenidas mediante
sensores en estaciones puntuales, a poder monitorizar esta variable de forma continua en el
tiempo vy el espacio (Piles et al., 2019; Wigneron et al., 2003), demostrando ser una
herramienta fundamental. No obstante, algunos aspectos de la monitorizacion de esta
variable pueden aun ser mejorados (Kerr et al., 2016). Es el caso de las lagunas de datos,
provocadas por diversos factores como son la contaminacion por interferencia de
radiofrecuencia (RFI, radio frequency interference), o la dificultad de recuperacién de los
datos en alta topografia, en regiones con vegetacion muy densa y bajo determinadas
condiciones climaticas (Cui et al., 2019). Esta limitacidn condiciona el uso de las series de
datos satelitales de SM en un gran nimero de aplicaciones. Por ello, el estudio de diferentes
técnicas capaces de hacer frente a dicha restriccion es un tema relevante y de creciente
interés en la comunidad cientifica.

Por otra parte, ademas de los datos observacionales, los datos provenientes de modelos
también poseen un enorme potencial para monitorizar y estudiar esta variable, sus
variaciones y conexiones en los diferentes procesos de intercambio de agua y energia suelo-
atmosfera. Series de datos de SM han sido desarrolladas por la comunidad cientifica a
través de diferentes modelos de distintas caracteristicas (Brocca et al., 2014). Esta
aproximacion posee la ventaja de poder proporcionar series continuas en el espacio y en el
tiempo, para largos periodos y sin lagunas de datos. Ademas, los recientes avances
tecnolégicos han permitido disponer de una mayor capacidad de computacion y
almacenamiento, permitiendo obtener series de SM a resoluciones espaciales mas finas, de
hasta 5 km x 5 km, como en el caso del modelo LISFLOOD (de Roo et al., 2000; van der
Knijff et al., 2010). Las estimaciones de los modelos estan condicionadas por la precision
de cada uno, ya que diferentes enfoques en el modelado conducen a distintas
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representaciones de esta variable (Brocca et al., 2017). Para hacer frente a esto, las series
de datos de reandlisis permiten realizar una correccion continua de las predicciones del
modelo utilizando observaciones complementarias (Medina-Gonzélez et al., 2015). Este
método aprovecha el potencial de utilizar en conjunto las series satelitales y las de
modelizacidn, para beneficiarse de las ventajas de ambos (Parajka et al., 2006), como es el
caso de ERA5-Land (ERA5L) (Mufioz-Sabater et al., 2021). Sin embargo, también existen
fuentes de incertidumbre relacionadas principalmente con la incorporacion de las series
satelitales a los modelos (Mufioz-Sabater et al., 2021). De este modo, aunque actualmente
existen diversas bases de datos de SM con diferentes caracteristicas validas para una
multitud de aplicaciones (Beck et al., 2020; Peng et al., 2021), aun existen aspectos que
pueden ser mejorados. Por ello es fundamental, por un lado, estudiar y hacer frente a las
limitaciones de los productos existentes y, por otro lado, hacer uso de los diferentes
recursos de datos de manera complementaria para poder aprovechar las diferentes ventajas
y evaluar las posibles limitaciones de cada uno.

Una de las aplicaciones fundamentales de estos datos es el estudio de los cambios que ha
experimentado la SM. Como consecuencia del cambio climatico, se prevé una gran
alteracion de muchos procesos ambientales y econdémicos (Grillakis, 2019). No obstante,
su impacto en los recursos hidricos del planeta todavia es incierto en muchos casos, por lo
que conocer y definir la tendencia de cambio de las diferentes variables hidro-climaticas es
un asunto urgente. En particular, definir los cambios en la dinamica de la SM es una tarea
fundamental debido al papel que juega esta variable en el ciclo hidrologico (Seneviratne et
al., 2010). En comparacion con otras variables, no son muchos los estudios que han
analizado la tendencia de la SM a escala climética, principalmente debido a la escasa
disponibilidad hasta hace poco y, en algunos casos, todavia, de bases de datos adecuadas.
Estos estudios, en general, o bien tienen un alcance global (Dorigo et al., 2012), o bien se
han centrado en areas de especial interés como el Sahel, Australia, India 0 América del
Norte (Sheffield and Wood, 2007), en donde, sin duda, los problemas son acuciantes. Es
notable que, a pesar del aumento previsto del riesgo de sequia en el continente europeo
(Spinoni et al., 2018), y el notable aumento en las olas de calor, recientemente identificada
como un punto caliente (heatwave hotspot) (Rousi et al., 2022), esta region no ha recibido
la misma atencién. Ademas, el uso extendido de métodos que asumen un comportamiento
lineal en las variables, el estudio de diferentes periodos y el uso de diferentes bases de datos
puede llevar en muchos casos a una dificil reconciliacion de los resultados. En particular,
en Europa se han observado pocas tendencias en la SM cuando se ha asumido un
comportamiento lineal (Albergel et al., 2013; Dorigo et al., 2012; Zawadzki and Ke¢dzior,
2014). Sin embargo, debido al incremento de las temperaturas (Luterbacher et al., 2004) y
los diferentes patrones de cambio observados en la precipitacion del continente (Caloiero
et al., 2018), cabe pensar que la dinAmica de la SM también se esta viendo afectada, y por
lo tanto es un asunto de enorme interés definir y cuantificar la tendencia de estos cambios.

Si bien los diferentes factores que gobiernan los cambios en la dindmica de la SM se han
estudiado desde diferentes perspectivas (Daly and Porporato, 2005), algunos aspectos sobre
las interacciones suelo-atmdsfera ain son inciertos (Boé, 2013). Es el caso de la relacion
entre los patrones de circulacion atmosférica y la SM; aungue es bien sabido que éstos




influyen en gran medida en las condiciones climaticas en todo el mundo (Hurrell and van
Loon, 1997), su relacién con la SM no ha sido todavia estudiada en profundidad. En
concreto, en Europa diversos estudios han definido la relacion entre los patrones de
circulacién atmosféricay las condiciones generales de temperatura y precipitacion, es decir,
basados en teleconexiones atmosféricas (Bronnimann, 2007; Trigo et al., 2002). Ademas,
en muchos casos se ha asumido que estas relaciones explican los cambios en las diferentes
variables estudiadas, pero rara vez se han analizado sus relaciones causales (Runge et al.,
2019a). Esto revela la necesidad de estudiar las posibles relaciones causa-efecto entre los
cambios en la dinamica de la SM y los patrones de circulacion atmosfeérica.

En resumen, habiendo puesto de manifiesto la importancia de la SM para muchas
aplicaciones y conociendo los factores, todavia presentes, que limitan la comprension de
su dindmica y sus variaciones como consecuencia del cambio climético, la aportacion de
nuevos enfoques y conocimiento sobre ello es fundamental para una buena gestion de los
recursos hidricos. Motivada por las diferentes lagunas en los temas expuestos, esta tesis
presenta la aplicacion de diferentes métodos para abordar las lagunas de las series de datos
satelitales, la identificacidn de tendencias de la SM y la relacidn que esta variable tiene con
los patrones de circulacion atmosférica. De esta manera, se pretende contribuir al mejor
conocimiento de una variable esencial en una region de especial interés como es el
continente europeo.
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1.2. Objetivos

Bajo el escenario de cambio climatico, y su todavia incierto impacto en los recursos
hidricos del continente europeo, se plantea como objetivo general de esta tesis aportar
nuevas herramientas, enfoques de andlisis y conocimiento sobre una de las variables claves
del ciclo hidrolégico: la SM. Para ello, se han planteado tres objetivos especificos basados
tanto en el estudio de los cambios de esta variable y su interaccion con los patrones
atmosféericos como en la obtencidn de bases de datos adecuadas para poder abordar este
tipo de estudios. Estos objetivos especificos son:

1. Evaluar diferentes técnicas de relleno de lagunas de datos en la base de datos de SM
satelital mas larga disponible, la base de datos de la ESA CCI, en Europa.

2. Estudiar la tendencia de la SM en Europa durante las Gltimas tres décadas (1991 a
2020) comparando diferentes métodos, resoluciones temporales y bases de datos.

3. Evaluar la respuesta de la SM a los principales patrones de circulacion atmosférica
en Europa para el periodo 1991-2020. Los patrones considerados son la North
Atlantic Oscillation (NAO), la Arctic Oscillation (AO) y EI Nifio Southern
Oscillation (ENSO).




1.3. Humedad del suelo

El suelo se define como la capa externa de la superficie terrestre formada por la
desintegracion, descomposicion y recomposicion del material mineral y diferentes residuos
organicos (Hillel, 2003). Las particulas minerales poseen diferentes tamafios que definen
la textura del suelo y lo convierten en un sistema poroso capaz de almacenar gases y agua
(Wang, 2018). El agua contenida en el suelo se puede clasificar como agua ligada,
aludiendo a las moléculas estrechamente unidas a las particulas del suelo, y el agua libre,
en referencia a las moléculas que pueden moverse libremente dentro del suelo (Wang,
2018). Esta se distribuye a través de la seccion vertical, o perfil, y define dos capas en
funcidn de su contenido, la zona saturada, aquella en la que los poros estan completamente
rellenos de agua, y la zona no saturada o zona vadosa, aquella entre la superficie y el limite
superior de la zona saturada, denominado nivel freatico (Figura 1.2). La SM, por tanto, se
define como la cantidad de agua, libre o ligada, que esta contenida en la zona no saturada
del suelo (Seneviratne et al., 2010).

Superficie

Nivel freatico

Figura 1.2 Capas del perfil del suelo definidas en funcién de la distribucion del agua.

La SM, generalmente representada como 6, se puede cuantificar de forma gravimétrica
(6g), es decir, como la masa de agua relativa a la masa del suelo (Ec. 1.1) expresada
comunmente en tanto por ciento (%), o de forma volumétrica (6v), como el volumen de
agua relativo al volumen de suelo (Ec. 1.2) (Hillel, 2003). La forma volumétrica suele ser
la mas comun y, generalmente, se expresa en m3 - m=3.
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La distribucion espacial del agua en el suelo, tanto horizontal como vertical, es muy
variable debido a la heterogénea distribucion de los factores fisicos que determinan la
capacidad de un suelo para retener agua, como la textura, la topografia o la cobertura
vegetal (Hillel, 1998). Esto implica que la SM estimada para diferentes volimenes puede
ser diferente (Hillel, 1998). Ademaés, es muy variable en el tiempo debido a la falta de
uniformidad de las precipitaciones, que constituyen la principal fuente natural de
incorporacion de agua al suelo, y la evapotranspiracion, referida a la perdida de agua en el
suelo por evaporacion y por transpiracion de las plantas (Engman, 1990).

Se diferencian, generalmente, dos capas dependiendo de la profundidad del suelo a la que
se estime esta variable. La superficial, normalmente se refiere a los primeros 5 cm del suelo
(Bao et al., 2018), especialmente en el caso de la SM satelital, aunque ésta puede llegar a
representar hasta los primeros 15-25 cm (Feldman et al., 2022). Y la zona radicular, que se
refiere a la capa del suelo donde se encuentran las raices de las plantas. Aunque la
profundidad de la zona radicular es variable ya que depende del tipo de vegetacion y de la
longitud de las raices, es comun asumir 100 cm para estimar la SM en dicha capa (Martinez-
Fernandez et al., 2019; Reichle et al., 2017). La SM, tanto superficial como radicular, se
puede estimar mediante diferentes técnicas que se comentaran mas adelante en este
capitulo.

1.3.1. Humedad del suelo: una essential climate variable (ECV)

Aunque la SM representa una proporcion muy pequefia del agua dentro del ciclo
hidrol6gico, es una variable clave en diversos procesos bioldgicos, biogeoquimicos,
hidrolégicos y climéticos (Civeira, 2019). Es una variable fundamental para diversas
aplicaciones tales como el pronostico de la variabilidad meteoroldgica y climatica, la
monitorizacién de areas de inundacion o sequia, la gestion de diferentes recursos hidricos,
la productividad agricola o el seguimiento de la salud de los ecosistemas (Entekhabi et al.,
2014).

Por un lado, juega un papel crucial en el acoplamiento de los sistemas suelo-atmosfera
controlando el intercambio de agua y energia entre los dos sistemas. La SM ejerce un
impacto significativo en la tasa de evapotranspiracion, las condiciones térmicas del suelo y
el albedo de la superficie (Cheng et al., 2017), y contribuye al reciclaje de la precipitacién
o la formacion de nubes (Dominguez et al., 2006; Sehgal et al., 2021) asi como a la
persistencia del clima en la tierra (Entekhabi et al., 1996). Ademas, influye en el desarrollo
y la duracion de eventos extremos como sequias, inundaciones y olas de calor (Piles et al.,
2022). Como consecuencia, el conocimiento del contenido de agua del suelo mejora la
prediccién de las variables climéaticas en los modelos, pudiendo ayudar a cuantificar el
impacto del cambio climatico y el calentamiento global en la aparicion de estos fenomenos
(Hollmann et al., 2013).

Por otro lado, esta variable controla la distribucion del agua procedente de la lluvia,
funcionando como un componente de almacenamiento del agua en el suelo. Ejerce un gran
impacto en la generacion de escorrentia (Botter et al., 2007) y por tanto en la variabilidad




10

del caudal de los rios, la circulacion de agua a otras areas y a la degradacion de la capa
superior del suelo por erosion (Kerr, 2007). Ademas, gobierna la infiltracion y la recarga
de los acuiferos (Wagner et al., 2007). Esto convierte a la SM en un factor clave para
comprender muchos procesos hidrolégicos y para numerosas aplicaciones de gestion de los
recursos hidricos, como la mejora de predicciones de modelos hidroldgicos y la estimacion
de escorrentia (Brocca et al., 2012; Fidal and Kjeldsen, 2020).

Ademas, la medicion o estimacion de la SM permite conocer el volumen de agua disponible
para las plantas. Por este motivo, es una variable que juega un papel fundamental en
aplicaciones vinculadas al desarrollo y crecimiento de la vegetacion (Gonzalez-Zamora et
al., 2021; Martinez-Fernandez et al., 2019). Como tal, esta variable ejerce una gran
influencia en la produccion agricola (Gaona et al., 2022; Gonzélez-Zamora et al., 2022) y
es de gran utilidad en sistemas de gestion del riego (Brocca et al., 2018).

Como consecuencia, es una variable clave en la organizacion de los ecosistemas naturales
y la biodiversidad (Medina-Gonzélez et al., 2015). De forma directa o indirecta, juega un
papel muy importante en la salud de los ecosistemas ya que influye en la respiracion
microbiana del suelo (Manzoni et al., 2012), siendo una variable muy ligada al ciclo del
carbono (Scholze et al., 2016). Ademas, controla el flujo de productos quimicos hacia los
acuiferos (Martinez-Fernandez and Ceballos, 2003) y advierte del peligro de incendios
forestales (Bartsch et al., 2009).

Todas estas aplicaciones son de una enorme relevancia para el medio ambiente, la sociedad,
la salud o la economia. Por este motivo, y desde muchos puntos de vista, disponer de datos
de SM con la precision y resolucion espacial y temporal adecuadas es imperativo
(Entekhabi et al., 2014). Como resultado, en el afio 2010 el GCOS incluy6 la SM entre las
ECVs (GCOS, 2010), estableciendo una serie de requisitos para la monitorizacion de esta
variable mediante sensores remotos, que se explicardn mas adelante. Esto propicié el
lanzamiento de las dos primeras misiones espaciales dedicadas a la medicion de esta
variable.

1.3.2. Dindmica de la humedad del suelo

La variable SM posee una enorme variabilidad espacial y temporal dominada por diversos
factores como la topografia, las caracteristicas del suelo, la cobertura vegetal, la
precipitacion, la evapotranspiracion o la escorrentia superficial y subterranea (Yoo and
Kim, 2004). Por consiguiente, la dinamica del balance hidrico del suelo resulta
extremadamente compleja (Daly and Porporato, 2005). Sin embargo, conocer esta
dindmica y sus cambios a diferentes escalas espaciales y temporales es fundamental para
una multitud de aplicaciones (de Jeu et al., 2008).

La SM es una variable de estado, es decir, expresa el contenido de humedad en un lugar
del espacio en un momento determinado. El agua en el suelo se mueve de los puntos mas
himedos a los més secos, generando diferentes flujos de agua cuyos gradientes estan, en
general, controlados por la energia potencial (Daly and Porporato, 2005). El balance total
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de todos estos flujos, tanto de aporte como de pérdida de agua al suelo, constituye su
balance hidrico, y permite conocer la dindmica de la SM.

Considerando un sistema con vegetacion, el balance hidrico del suelo puede representarse
de forma simple mediante el esquema de la Figura 1.3. La precipitacion constituye la mayor
aportacion natural de agua al suelo (Martin et al., 2015). El agua que precipita serd
infiltrada, almacenada o desplazada por la superficie en forma de escorrentia. Esto vendra
determinado, por un lado, por diversos factores como la intensidad de la lluvia, el contenido
de humedad previo en el suelo, las caracteristicas geogréaficas y fisicas del suelo, y la
cantidad y tipo de vegetacion. Por otro lado, las pérdidas, dominadas por la absorcion de
las raices y la evapotranspiracion (Daly and Porporato, 2005), también determinaran esta
dindmica. Por tanto, mediante el computo del balance de todos estos flujos se puede
determinar y estudiar la dinamica de la SM.

Evapotranspiracion

Precipitacion

Escorrentia

Infiltracion

Absorcion

Figura 1.3 Esquema del balance hidrico del suelo en un sistema con vegetacion.

Sin embargo, la dindmica real del agua es mucho mas compleja, y los flujos de agua en el
suelo son muy irregulares en el tiempo (Engman, 1990). Por consiguiente, obtener una
representacion coherente de todos los procesos involucrados en el balance hidrico y a todas
las escalas espaciales y temporales es una tarea dificil de abordar (Daly and Porporato,
2005). Ademas, las interacciones con los diferentes factores que dominan la variabilidad
de la SM pueden seguir un comportamiento no lineal (Entin et al., 2000). Por ello, obtener
una representacion lo mas precisa posible es una tarea fundamental (McColl et al., 2017).

Uno de los atributos que describe la dinamica de la SM es la memoria, definida como el
tiempo que tarda el suelo en disipar una anomalia, positiva 0 negativa, de su
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almacenamiento de agua (McColl et al., 2017). La magnitud de este atributo es
considerable, ya que, una anomalia en la SM puede tardar en disiparse desde dias hasta
meses. Esto influye en la generacion de anomalias atmosféricas como tormentas, sequias o
inundaciones (Orth and Seneviratne, 2012). Ademas, este atributo esti estrechamente
relacionado con las caracteristicas del suelo, como la textura y el contenido de materia
organica (Martinez-Fernandez et al., 2021).

Debido a la alta variabilidad de la SM, el andlisis de las diferentes escalas espaciales y
temporales es fundamental para explicar la variacion de esta variable. La variacion espacial
de la SM esta controlada por factores de pequefia escala, generalmente de la superficie
terrestre como el tipo de suelo, la topografia y la vegetacion, y por componentes de gran
escala, generalmente meteoroldgicos como la precipitacion y la evapotranspiracion (Entin
et al., 2000). Sin embargo, la variabilidad temporal es, en muchos casos, mayor que la
espacial (Broccaetal., 2010). Es sabido que las series temporales de las diferentes variables
hidro-climaticas poseen diferentes componentes, generados por distintos mecanismos
fisicos y a diferentes escalas temporales; estos componentes son el ruido, la periodicidad y
la tendencia (Yevjevieh, 1987). La identificacion de cada componente y los mecanismos
que influyen en sus cambios es fundamental para entender su dindmica. En especial, la
identificacion de tendencias en series hidroldgicas es un problema de gran interés (Sang et
al., 2013), debido a la incertidumbre del impacto del cambio climéatico sobre el ciclo
hidrolégico (Almendra-Martin et al., 2022). Motivado por esta cuestion, el Capitulo 3 de
esta tesis presenta un estudio pionero en la identificacion de tendencias de la SM en Europa
en las dltimas 3 décadas.

1.3.3. Cambio climético y humedad del suelo

El clima se define por el Intergovernmental Panel on Climate Change (IPCC) como el
tiempo meteoroldgico promedio durante un periodo determinado, siendo 30 afios el
intervalo comun establecido por la World Meteorological Organization (WMO). En este
contexto, se define el cambio climatico como un cambio en el estado del clima y que
persiste durante un periodo prolongado (IPCC, 2007). Actualmente, se esta
experimentando un pronunciado cambio climéatico provocado por el calentamiento global
de la Tierra (Thuiller, 2007). Los cambios observados en la composicién y dinamica de la
atmosfera son lo suficientemente abruptos como para superar los limites de la variabilidad
natural, lo que indica que la accién del ser humano esta constituyendo la fuente principal
de cambio (Karl and Trenberth, 2003). Sin embargo, las tasas de cambio y el impacto del
calentamiento global a largo plazo en los diferentes sistemas terrestres y, por tanto, en la
sociedad y en la economia son todavia inciertos.

La circulacion global de la atmosfera es responsable de la distribucion de los diferentes
climas en el mundo. Es por esto, que el estudio del cambio climético se basa, en gran
medida, en el estudio de los cambios atmosféricos. Al mismo tiempo, el clima ejerce una
influencia fundamental en la mayoria de los procesos naturales, por ello, es esencial
conocer las conexiones entre la atmosfera y el resto de los sistemas terrestres. En particular,
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el aumento constante de la temperatura global acelera los procesos hidrologicos, ya que
aumenta la capacidad de retencion de agua de la atmosfera, la evapotranspiracion y la
fusion de nieve y hielo, alterando, por tanto, los patrones de precipitacion (Trenberth,
2011). Se estima que la temperatura media global puede llegar a aumentar hasta 4 °C para
finales de siglo (Thuiller, 2007). Como consecuencia, se prevé una intensificacion de los
fendmenos climaticos extremos, como las sequias o inundaciones (IPCC, 2022).

Si bien se han realizado numerosos esfuerzos para estudiar los impactos del cambio
climatico en el ciclo del agua (Jiménez Cisneros et al., 2014), la SM no ha recibido especial
atencion, en gran medida por la escasa disponibilidad de bases de datos adecuadas. El
patrén global de cambio en la SM estudiado hasta ahora es incierto y las predicciones sobre
la magnitud de sus cambios abarcan un amplio rango de posibilidades (Wang, 2005). Se
sabe que los cambios en la SM son inducidos por forzamientos regionales, como cambios
en el uso de suelo, y globales, como cambios en la circulacion atmosférica (Seneviratne et
al., 2010). Sin embargo, en lo que se refiere a la influencia que ejercen los patrones de
circulacion atmosférica en la SM, se ha prestado poca atencion (Trnka et al., 2009b).
Motivado por esta cuestion, en el Capitulo 4 de esta tesis se presenta un estudio novedoso
en esta materia a escala europea. Comprender estas relaciones es de especial interés en esta
region ya que las predicciones futuras a largo plazo mas representativas anuncian una fuerte
disminucion del contenido de humedad en el suelo en verano (Seneviratne et al., 2010) y
una intensificacion de extremos hidrol6gicos como las sequias (Grillakis, 2019).

1.3.4. Sequia agricola

La sequia se define como un periodo prolongado de escasez de recursos hidricos capaz de
provocar efectos adversos sobre el medio natural, la sociedad y los sistemas productivos
(Berg and Sheffield, 2018), y constituye uno de los riesgos naturales con mayores
consecuencias sobre los ecosistemas (Archaux and Wolters, 2006) y las actividades
humanas (Wilhite, 2000). Se diferencian varios tipos de sequia dependiendo del proceso
hidrolégico que las origina y el ambito natural al que afecta. En primer lugar, la sequia
meteoroldgica, que se refiere a la sequia generada por la reduccion de la precipitacion
durante un periodo prolongado (Hayes et al., 2011). Si esta reduccion de la precipitacion
persiste, diferentes recursos hidricos, superficiales o subterraneos, llegan a verse afectados.
En este supuesto, si, por un lado, el caudal de los arroyos y rios, o el nivel de los lagos,
pantanos y aguas subterraneas se reducen de forma andémala por un periodo de tiempo,
estariamos hablando de sequia hidrolégica (Van Loon, 2015). Por otro lado, si es la SM la
qgue se ve reducida llegando a afectar negativamente al rendimiento de los cultivos,
estariamos hablando de sequia agricola (Martinez-Fernandez et al., 2015; Sanchez et al.,
2018).

La sequia agricola suele tener un mayor impacto econdmico y social, ya que afecta
directamente a la produccion agricola, pudiendo contribuir a la escasez regional de
alimentos (Sheffield et al., 2014). Por este motivo, monitorizar el alcance de su impacto es
clave para reducir sus posibles repercusiones. Sin embargo, este impacto no es inmediato

13



14

ni facilmente cuantificable (Kumar and Panu, 1997). Los indices de sequia constituyen la
forma mas comdn para caracterizar estos eventos. En la actualidad existen una multitud de
ellos basados en diferentes variables y que caracterizan los diferentes tipos de sequia (Liu
etal., 2016).

En el caso de la sequia agricola, atendiendo a su definicion se advierte la conveniencia del
uso de la SM para caracterizar este fendmeno (Martinez-Fernandez et al., 2015; Salvia et
al., 2021; Sanchez et al., 2016). Sin embargo, en el pasado, generalmente se han empleado
indices basados en datos atmosféricos, como la lluvia o la temperatura (Quiring and
Papakryiakou, 2003). Esto se ha debido, en gran medida, a la escasez de bases de datos de
SM adecuadas. Actualmente, las bases de datos existentes han permitido el desarrollo de
nuevos métodos que permiten monitorizar y evaluar la sequia agricola a través de la SM
(Tabla 1.1). La mayoria de ellos estan basados en un reescalado de la SM en relacion con
propiedades especificas del suelo (Mladenova et al., 2020). Uno de los indices de uso mas
frecuente, es la anomalia de la SM, ya que es un indice simple de obtener y adecuado para
monitorizar la sequia agricola. Por este motivo, es el método estandar utilizado por el
European drought observatory (EDO) (Toreti et al., 2022).

Tabla 1.1 Ejemplos de indices de sequia agricola basados en la SM.

indice de sequia Abreviacién Referencia
Soil moisture index SMI (Hunt et al., 2009; Sridhar et al., 2008)
Soil water deficit index SWDI (Martinez-Fernandez et al., 2015)
Standardized soil moisture anomaly index SZI (Zhang et al., 2015)
Soil moisture agricultural drought index SMADI (Sénchez et al., 2018)
Soil moisture deficit index SMDI (Narasimhan and Srinivasan, 2005)
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1.4. Técnicas y métodos para la monitorizacion de la
humedad del suelo

La importancia de monitorizar la SM es un asunto al que se le ha puesto especial atencion
durante las Gltimas décadas (Wigneron et al., 1998). Disponer de series de datos precisas
de esta variable es fundamental para una multitud de aplicaciones como el estudio de su
dindmica, su interaccion con los ecosistemas, la atmosfera y las diferentes variables hidro-
climaticas, la gestion del agua en agricultura o el estudio de sus cambios a largo plazo.
Existen varios métodos o técnicas que permiten medir o estimar, directa o indirectamente,
el contenido de agua del suelo (Dorigo et al., 2011; Robinson et al., 2008; Susha Lekshmi
et al., 2014). Por la naturaleza de estos métodos, las series obtenidas abarcan una gran
diversidad de coberturas temporales y espaciales, caracteristicas intrinsecas y errores
asociados (Beck et al., 2020; Brocca et al., 2017). A lo largo de esta seccion se describen
los metodos més relevantes utilizados para monitorizar esta variable y las posibles
limitaciones y ventajas asociadas a cada uno.

1.4.1. Redes de estaciones in situ

Las observaciones in situ se refieren a aquellas tomadas de forma directa en el lugar o sitio
en que se encuentra la magnitud a medir. En el caso de la SM, las que se realizan en el
mismo suelo. Durante los dltimos casi 90 afios, se han desarrollado varias técnicas e
instrumentos que permiten obtener series de datos in situ de esta variable (Walker et al.,
2004b).

El Gnico método directo para medir la SM es el denominado gravimétrico, que consiste en
estimar la pérdida de peso de una muestra de suelo de masa conocida después de secarla
(Reynolds, 1970). Se trata de un método muy preciso, sin embargo, es destructivo y
requiere mucho tiempo, por lo que no permite obtener un muestreo repetitivo de un lugar
(Munoz-Carpena et al., 2004; Walker et al., 2004b). Como se trata del unico enfoque
directo, las medidas gravimétricas constituyen los valores de referencia para calibrar las
estimaciones de SM obtenidas con otros métodos de medida.

Los métodos indirectos son métodos no invasivos que se basan en medidas de propiedades
fisicas del suelo més faciles de obtener y que estan relacionadas con el contenido de agua
(Gonzélez-Zamora, 2017). Una de las técnicas indirectas mas utilizadas en el pasado para
obtener datos in situ de SM han sido las sondas de neutrones, cuyas medidas se basan en la
interaccion de los neutrones de una fuente radiactiva con los &tomos de hidrégeno del agua
del suelo (Susha Lekshmi et al., 2014). Otro ejemplo son los sensores electromagnéticos,
basados en medidas de la permitividad dieléctrica del suelo. Estos métodos destacan sobre
el resto ya que permiten obtener medidas de la humedad de suelo continuas, en tiempo real
y para una gran diversidad de sustratos a diferentes profundidades (Iturria et al., 2019). Se
diferencian dos técnicas, una basada en la reflectometria de dominio de tiempo (TDR, time
domain reflectometry) y otra basada en la capacitancia o la reflectometria de dominio de
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frecuencia (FDR, frequency domain reflectometry) (Vaz et al., 2013). En general, los
sensores TDR son mas precisos que los sensores FDR, sin embargo, estos ultimos son mas
asequibles en cuanto a su coste (Seneviratne et al., 2010). Este tipo de sensores se pueden
instalar a lo largo del perfil del suelo, pudiendo obtener medidas de humedad a diferentes
profundidades. El uso de estos sensores y de otros muchos (Mufioz-Carpena et al., 2004;
Robinson et al., 2008), ha ido creciendo a lo largo de los afios tanto en tareas y experimentos
de campo especificos como para el monitoreo permanente o temporal de la SM en regiones
especificas. Para este ultimo caso, es relevante destacar el papel que juegan las redes de
estaciones de SM.

Existen numerosas redes de estaciones in situ distribuidas por todo el mundo que
monitorizan la SM. Las caracteristicas de estas redes son muy diversas en funcion de la
localizacion geografica, los sensores utilizados o su extension espacial (Robock et al.,
2000). Ademas, la cobertura temporal de datos de cada red es muy variable ya que estan
gestionadas por un gran nimero de organizaciones diferentes (Dorigo et al., 2011). Estas
redes son de gran utilidad para diferentes aplicaciones, por ese motivo, en el afio 2000 se
creo el Global Soil Moisture Data Bank (Robock et al., 2000), que reunia los datos de hasta
600 estaciones instaladas por todo el mundo. Actualmente la International Soil Moisture
Network (ISMN), y desde hace ya una década, es quien realiza la tarea de preservar una
base de datos de SM in situ mundial, agrupando la mayoria de las series obtenidas por las
distintas redes existentes (Dorigo et al., 2021, 2011). Aunque existen redes de estaciones
de SM repartidas por todo el mundo, la mayoria se encuentran ubicadas en regiones de
latitudes medias. En concreto, en Europa se localizan 28 redes diferentes (Dorigo et al.,
2021) (Figura 1.4).
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Figura 1.4 Localizacién de las redes de estaciones in situ de SM de la ISMN. Imagen obtenida de
https://www.geo.tuwien.ac.at/insitu/data_viewer/.
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La cobertura espacial de las series de datos de SM in situ, al tratarse de medidas puntuales,
es limitada. Sin embargo, juegan un papel fundamental en la validacion de observaciones
remotas 0 modelos de SM a diversas escalas (Loew et al., 2017; Mufioz-Sabater et al., 2021;
Séanchez et al., 2020). Ademas, estos dispositivos permiten obtener datos tanto de SM de la
superficie como de la zona radicular.

1.4.2. Teledeteccion: observaciones con satélite

La teledeteccion constituye una técnica de medicién indirecta que permite obtener, de
forma remota, informacion basada en la radiacion electromagnética emitida o reflejada por
el objeto que se quiere medir (Schmugge et al., 2002). Analizando la interaccién de la
cubierta terrestre con la radiacion electromagnética a lo largo de todo el espectro
electromagnético se pueden monitorizar una gran diversidad de parametros y variables de
forma global y espacialmente continua (Chuvieco, 1990). Esta informacion se obtiene a
través de sensores a bordo de diferentes dispositivos aéreos o espaciales y se recoge en
forma de iméagenes. La SM se puede estimar mediante técnicas de teledeteccion estudiando
la respuesta espectral del suelo en diferentes rangos del espectro electromagnético, desde
el visible hasta el rango de las microondas (Engman, 1990). Estas técnicas han supuesto un
enorme avance para la monitorizacion de la SM, y, por tanto, para una gran diversidad de
aplicaciones como la modelizacion climética o de procesos hidroldgicos, el pronostico de
inundaciones, o la monitorizacion de sequias (Peng et al., 2021). Actualmente, se pueden
obtener estimaciones remotas de la SM de forma global cada 3 dias (Panciera et al., 2014).

1.4.2.1. Observaciones con sensores de microondas

La regidn de las microondas en el espectro electromagnético comprende las longitudes de
onda desde 1 m hasta 1 mm (frecuencias entre 300 MHz y 300 GHz). Las estimaciones de
la SM en este rango del espectro se basan en la medida de la constante dieléctrica a partir
de la emisividad o retrodispersion de la superficie (de Jeu et al., 2008). Las microondas no
se ven atenuadas por la atmosfera y tienen mas capacidad de penetracion en la vegetacion
que ondas de longitud de onda mas corta (frecuencias mas altas). Ademas, la medicion es
independiente de la iluminacion solar, esto permite obtener estimaciones diurnas o
nocturnas en cualquier situacion climatica y en una gran variedad de ecosistemas
(Schmugge et al., 2002). Sin embargo, la profundidad del suelo accesible a las microondas
disminuye con el aumento de la frecuencia y el contenido de SM, por lo que las
estimaciones de SM en este rango del espectro electromagnético se obtienen Unicamente
para la capa mas superficial del suelo, cominmente establecida como los primeros 5 cm
(Wigneron et al., 2003), aunque recientemente se estd observando que puede llegar a
representar la humedad de hasta 15-25 cm de profundidad (Feldman et al., 2022).

Las bandas de microondas méas importantes para la estimacion de la SM son las que se
encuentran entre 1y 20 GHz: la banda L (1-2 GHz), la banda C (4-8 GHz), la banda X (8-
12 GHz), la banda Ky (12-18 GHz) y la banda K (18-27 GHz) (Jackson, 2005; Wagner et
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al., 2007). Numerosos estudios han demostrado que la banda L es mas adecuada para la
estimacion de la SM (Kerr, 2007), pero puesto que las primeras misiones espaciales en
banda L dedicadas a la estimacion de la SM se lanzaron en 2009 (SMQOS) y 2014 (SMAP)
es necesario utilizar observaciones de diferentes bandas para construir la serie climéatica
(Dorigo et al., 2015; Li et al., 2021; Piles et al., 2019).

Se diferencian dos técnicas de teledeteccion de microondas, pasiva si se examina la
radiacion electromagnética emitida naturalmente por la superficie del suelo y activa si se
examina la radiacion dispersada por el suelo después de haber sido sometido a una fuente
de radiacion conocida (Jackson, 2005). El estudio de la aplicacién de estas técnicas para
estimar la SM se remonta a los afios 70 (Eagleman and Lin, 1976; Schmugge et al., 1974).

1.4.2.1.1. Sensores pasivos

El radiometro de microondas es el sensor pasivo que recoge la radiacion electromagnética
emitida es ese rango del espectro. Para estimar la SM, esta radiacion se expresa en términos
de la temperatura de brillo, que es proporcional al producto entre la temperatura superficial
y la emisividad de la superficie (Engman, 1990).

Conocida la emisividad del suelo se puede obtener su reflectividad y por tanto la constante
dieléctrica, que esta directamente relacionada con el contenido de agua en el suelo (Dobson
etal., 1985). Sin embargo, la emisividad también depende de otros factores como la textura
del suelo, la rugosidad de la superficie y la vegetacion, lo que hace que la relacion entre la
SM vy la emisividad sea compleja y no lineal (Dobson et al., 1985; Jackson and O’Neill,
1987). En la literatura se han propuesto diferentes algoritmos de recuperacion de la SM a
partir de la radiometria de microondas (Chan et al., 2016; Chaubell et al., 2022; Fernandez-
Moran et al., 2017; Jackson, 1993; Jackson et al., 1995; Jackson and O’Neill, 1987; Njoku
and Entekhabi, 1996; Owe et al., 2008; Wigneron et al., 1998). Estas técnicas pueden
proporcionar series espacialmente continuas de SM de alta precision (Ahmad et al., 2011).
Sin embargo, estos sensores poseen una limitacion con respecto a la resolucion espacial, ya
que es proporcional al diametro de la antena e inversamente proporcional a la longitud de
onda (Kerr et al., 2016). Esto conlleva limitaciones tecnoldgicas que explican el hecho de
que, aunque se conoce desde los afios 1980 que la banda L (la de mayor longitud de onda)
es la dptima para estimar la SM, hasta la pasada década no haya sido posible lanzar las
primeras misiones espaciales dedicadas a la estimacion global de esta variable.

La primera mision satelital enviada con el propésito de estimar la SM se lanzo el 2 de
noviembre de 2009 y sigue operativa actualmente. Se trata de la mision SMOS de la ESA,
que lleva a bordo el primer radiémetro de microondas en banda L lanzado al espacio (Kerr
etal., 2012, 2010, 2001). Las misiones SAC-D/Aquarius y SMAP de la NASA, fueron las
siguientes enviadas al espacio que incluian radiometros en banda L, pero equipadas también
con sensores activos para aprovechar el potencial de ambas técnicas (Bindlish et al., 2015;
Entekhabi et al., 2010a). Aunque su proposito no fuera la estimacion de la SM, existen
desde el afio 1978 diferentes radiometros a bordo de misiones espaciales operando en las
frecuencias C, X y K de microondas que han permitido estimar esta variable, por ejemplo,
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la banda C en el Scanning Multichannel Microwave Radiometer (SMMR) (Gloersen and
Barath, 1977), la banda X en el Advanced Microwave Scanning Radiometer - Earth
Observing System (AMSR-E) (Kawanishi et al., 2003) o la banda K en el Special Sensor
Microwave Imager (SSM/I) (Jackson, 1997). La futura mision Copernicus Imaging
Microwave Radiometer (CIMR), con fecha prevista de lanzamiento en 2027, proporcionara
de manera operacional observaciones pasivas en las bandas L, C, X, Ky K, de microondas
que permitirdn la obtencion de mapas globales de SM con una revisita diaria y una
resolucion espacial entre 60, 15 y 5 km, dependiendo de la banda utilizada (Piles et al.,
2021).

1.4.2.1.2. Sensores activos

La técnica de teledeteccion activa se basa en la medida de la retrodispersion o backscatter
de la superficie a medir. La retrodispersion representa la cantidad de radiacion enviada por
el sensor activo que refleja la superficie, conocida la longitud de onda, el angulo de
incidencia y la polarizacion de la sefial enviada (Ahmad et al., 2011). Al igual que con los
sensores pasivos, la estimacién de la SM se basa en la relacion que existe entre la
reflectividad del suelo y su contenido de humedad. La retrodispersion total medida por el
sensor se compone de la retrodispersion de la vegetacion y la del suelo, sujeta a la
atenuacion de la cubierta vegetal (Engman, 1990), pero también es sensible a atributos de
la geometria de la superficie como la rugosidad del suelo o la distribucion de la vegetacion.
Se han desarrollado muchos modelos tedricos y empiricos que permiten estimar la SM a
partir el coeficiente de retrodispersién (Dobson and Ulaby, 1986; Dubois et al., 1995;
Quesney, 2000; Wang and Qu, 2009).

El radar de apertura sintética (SAR, Synthetic Aperture Radar) es el sensor activo méas
comun para estimar la SM debido a su fina resolucion espacial, del orden de las decenas de
metros (Wigneron et al., 1998). Sin embargo, poseen una menor frecuencia de revisita y
mayor sensibilidad a la geometria de la superficie que los sensores pasivos. La mayoria de
los sensores activos han trabajado en la banda C de microondas, como los de las misiones
European Remote Sensing (ERS-1 y ERS-2), Environmental Satellite (ENVISAT) de la
ESA (Altese et al., 1996; Paloscia et al., 2008; Walker et al., 2004a) y Meteorological
Operational satellite (MetOp) de la European Organisation for the Exploitation of
Meteorological Satellites (EUMETSAT) (Bartalis et al., 2007). Algunas misiones han
incluido sensores activos de microondas en banda L como el Japanese Earth Resources
Satellite (JERS-1) de la NASDA (National Space Development Agency of Japan)
(Narayanan and Hegde, 1995) y, SMAP y Aquarius de la NASA en combinacion con
radiébmetros de microondas (Bindlish et al., 2015; Entekhabi et al., 2010a). Ademas, la
futura mision de la NASA e ISRO (Indian Space Research Organization) NISAR (NASA-
ISRO SAR) con fecha de lanzamiento 2023, junto con la futura mision ROSE-L del
programa de observacion de la Tierra de la Unidén Europea Copernicus con fecha de
lanzamiento 2027, permitiran consolidar las técnicas y productos de SM con sensores
activos de microondas.
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1.4.2.1.3. Climate Change Initiative

La observacion de la Tierra a través de técnicas de teledeteccion ha supuesto una enorme
fuente de informacién de los sistemas terrestres y ha permitido mejorar nuestra
comprension sobre su dindmica y sus interacciones. Ademas, la capacidad de estas técnicas
de monitorizar globalmente una gran diversidad de variables ha facilitado la comprension,
modelizacion y prediccion de muchos procesos hidro-climaticos. Con el fin de permitir la
monitorizacion del clima a largo plazo, el GCOS estableci6 una serie de requisitos para los
productos satelitales de las ECVs (GCOS, 2016). En este contexto, la ESA inicid en el afio
2010 la CClI, cuyo objetivo es aprovechar todo el potencial de los datos procedentes de
teledeteccion de observacion de la Tierra que han proporcionado las diferentes misiones
tanto de la ESA como de terceros (Hollmann et al., 2013). De las 50 ECVs establecidas por
el GCOS, actualmente CCI proporciona series de datos de teledeteccion para 22 de ellas,
entre las que se incluye la SM (https://climate.esa.int/).
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Figura 1.5 Cronologia de los sensores de teledeteccion de microondas pasivos (rojo) y activos
(azul) utilizados para generar el producto de SM de CCI v07.1. Imagen obtenida de https://esa-
soilmoisture-cci.org/node/93.

Las series de datos de SM de CCI se basan en un algoritmo de fusién que armoniza las
estimaciones de esta variable obtenidas con sensores de microondas activos y pasivos desde
el afio 1978. El resultado son 3 productos, uno derivado Unicamente de los sensores pasivos
(PASSIVE), otro de los sensores activos (ACTIVE) y un ultimo producto combinado
(COMBINED). Todos ellos se producen con una resolucion temporal diaria y en una malla
regular de 0,25° (Dorigo et al., 2017; Gruber et al., 2019). Por el momento, se han publicado
hasta 13 versiones diferentes con el objeto de actualizar las series de datos, incorporando
nuevos sensores al algoritmo o mejorando las técnicas utilizadas para su armonizacion.



CAPITULO 1 - INTRODUCCION OBJETIVOS Y METODOS

Actualmente, la version mas reciente es la v07.1, publicada en mayo del afio 2022, que
utiliza un total de 12 sensores pasivos y 5 activos (Figura 1.5y Tablas 1.2 y 1.3). Hoy por
hoy, es la base de SM satelital de mas larga duracion que existe.

Las especificaciones de los diversos sensores incluidos en el algoritmo son muy diferentes,
por lo que, para obtener datos de calidad en el proceso de fusion es necesario caracterizar
los errores de las estimaciones de SM procedentes de cada sensor, realizar correcciones del
sesgo Yy reescalar las series de datos (Scanlon et al., 2022). Se ha observado que la fusion
de varios productos generalmente ha superado a los de un solo sensor, y que su calidad ha
ido mejorando con cada nueva version (Dorigo et al., 2017).

Tabla 1.2 Descripcidn de los sensores pasivos incluidos en el algoritmo del producto de SM de
CCI v07.1 (Scanlon et al., 2022).

Sensor Plataforma Periodo Fre_cuencia de Resc_>|ucién Cobert_ura
microondas espacial (km?) espacial

SMMR Nimbus 7 11/1978 — 08/1987 6.6 GHz 150x150 Global
SSM/I DMSP 09/1987 — 12/2007 19.3 GHz 69 x 43 Global

T™MI TRMM 01/1998 — 12/2013 10.7 GHz 59 x 36 N40 - S40
AMSR-E Aqua 07/2002 - 10/2011 6.9/10.7 GHz 76 x 44 Global
AMSR2 GCOM-W1 05/2012 —12/2019 | 6.925/10.65 GHz 35x 62 Global
Windsat Coriolis 10/2007 - 07/2012 6.8/10.7 GHz 25x 35 Global
MIRAS SMOS 01/2010 - 12/2021 1.4 GHz 40 x 40 Global
SMAP SMAP 04/2015 - 12/2021 1.4GHz 38 x 49 Global

GMI GPM 03/2014 — 12/2021 10.7 GHz 19x 32 N70 - S70
MWRI FY-3B 06/2011 — 08/2019 10.7 GHz 51 x 85 Global
MWRI FY-3C 06/2011 — 08/2019 10.7 GHz 51 x 85 Global
MWRI FY-3D 06/2011 — 08/2019 10.7 GHz 51 x 85 Global

Tabla 1.3 Descripcién de los sensores activos incluidos en el algoritmo del producto de SM de
CClI v07.1 (Scanlon et al., 2022).

. Frecuencia de Resolucion Cobertura
Sensor Plataforma Periodo : - 5 )

microondas espacial (km?) espacial
AMI-WS ERS1/2 07/1991 - 12/2006 5.3 GHz 50 x 50 Global
AMS-WS ERS2 05/1997 — 02/2007 5.3 GHz 25x 25 Global
ASCAT Metop-A 01/2007 — 12/2020 5.3 GHz 25 x 25 Global
ASCAT Metop-B 11/2012 — 12/2021 5.3 GHz 25 x 25 Global
ASCAT Metop-C 11/2018 — 12/2021 5.3 GHz 25 x 25 Global
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Figura 1.6 Periodo homogéneo maés largo del producto de SM de CClI COMBINED v04.4 antes
(arriba) y después (abajo) de la correccion de las roturas (Scanlon et al., 2022).

Los productos de SM de CCI han sido ampliamente validados (Al-Yaari et al., 2019;
Dorigo et al., 2015; Gonzalez-Zamora et al., 2019) y usados para diversas aplicaciones
(Dorigo et al., 2012; Martinez-Fernandez et al., 2019; Nicolai-Shaw et al., 2017). Sin
embargo, existen algunas limitaciones intrinsecas al método de estimacion de la SM como
son las lagunas de datos, causadas por diversos factores como los tiempos de revisita de los
satélites, presencia de hielo, nieve o0 vegetacion muy densa y contaminacion por RFI, entre
otros (Almendra-Martin et al., 2021b). Motivado por el gran potencial para la investigacién
emprendida en esta tesis doctoral de esta base de datos, el Capitulo 2 expone un estudio
pionero sobre la comparacion de diferentes métodos para hacer frente esta limitacidn
considerando tanto aproximaciones temporales como espaciales, como diferentes
conjuntos de variables de entrada.

Recientemente, y durante el transcurso del desarrollo de esta tesis, se ha puesto de
manifiesto una limitacion debida al propio algoritmo de fusion. Preimesberger et al. (2021)
observaron discontinuidades o breaks en las series de datos como resultado de la fusion de
los diferentes sensores a lo largo del tiempo. En su sexta version se incorpora un nuevo
producto auxiliar obtenido a partir del COMBINED y que ha sido sometido a un método
de deteccién y correccion de estas discontinuidades (Break-adjusted COMBINED)
(Scanlon et al., 2022). Aunque las mejoras han sido significativas, existen todavia muchas
regiones en el mundo donde aun se observan discontinuidades o artefactos debidas
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principalmente a cambios en la cantidad de datos (sensores) disponibles para la estimacion
de SM en un determinado periodo. Como resultado, el periodo homogeéneo total disponible
es muy diverso espacialmente y en algunos casos limita considerablemente la duracién
temporal de la serie climéatica. Concretamente, en Europa no se han podido obtener periodos
homogéneos con duracion mayor de 20 afios (Figura 1.6).

1.4.2.2. Observaciones en el rango visible e infrarrojo

Aunque no son los métodos méas comunes, la SM se puede estimar de forma indirecta a
partir de observaciones remotas con sensores que trabajan en los rangos visible, infrarrojo
cercano (NIR, near infrared), infrarrojo de onda corta (SWIR, shortwave-infrared) e
infrarrojo térmico (TIR, thermal infrared) del espectro electromagnético (Petropoulos et
al., 2015; Wang and Qu, 2009; Zhang and Zhou, 2016).

Diversos estudios han observado una relacion entre la reflectividad de diferentes suelos en
las bandas del visible NIR y SWIR y su contenido de humedad (Dalal and Henry, 1986;
Leone and Sommer, 2000; Weidong et al., 2002). Sin embargo, las caracteristicas
espectrales del suelo dependen de muchos otros factores ademas del contenido de agua, lo
que lleva en muchos casos a una dificil calibracién y por tanto estimaciones deficientes
(Lobell and Asner, 2002). Por otro lado, las bandas del visible y NIR proporcionan
informacidn sobre el estado vy el estrés hidrico de la vegetacion (Bannari et al., 1995). Las
condiciones de sequia pueden, por tanto, estimarse a través de indices de vegetacion como
el normalized difference vegetation index (NDVI). De esta forma se pueden estimar indices
de sequia a partir del estado de la vegetacion y estimar asi el contenido de humedad en el
suelo. Sin embargo, la precision de este enfoque depende del tipo de vegetacion o
ecosistema en el que se aplique y en el retardo de la respuesta de la vegetacion a la escasez
de agua (Zhang and Zhou, 2016).

Sensores de teledeteccion con bandas en el TIR también permiten obtener estimaciones de
la SM basadas en la influencia que esta variable ejerce en las variaciones de la temperatura
de la superficie del suelo (LST, land surface temperature). Los métodos mas comunes son
los basados en la inercia térmica, propiedad fisica intrinseca al suelo definida como la
resistencia a las variaciones de temperatura (Zhang and Zhou, 2016). Estos métodos se
basan en principios fisicos bien definidos que relacionan las propiedades térmicas del suelo
con su contenido de agua. De esta forma se puede estimar la SM a partir de los cambios o
la amplitud diurna de la LST (Price, 1980). Sin embargo, unicamente es aplicable en
regiones con poca 0 muy escasa cobertura vegetal (Wang and Qu, 2009).

Como se ha expuesto, la SM guarda una estrecha relacion con el estado de la vegetacién y
con las caracteristicas térmicas del suelo. Por tanto, también es posible estimar el contenido
de SM combinando ambos parametros, la LST y el estado de la vegetacion estimado a partir
de indices de vegetacion, en concreto el NDVI. La representacion grafica de valores de
LST frente al NDVI consiste en una dispersion de puntos que definen un triangulo,
conocido como el “Triangulo Universal” (Gillies and Carlson, 1995; Heim, 2002) y que
auna la relacion entre estas dos variables y la SM.
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Actualmente, muchos de los sensores de teledeteccion que trabajan en este rango del
espectro electromagnético proporcionan imagenes de alta resolucién espacial, sin embargo,
estas ondas tienen una escasa capacidad de penetracion en la superficie del suelo, y las
ondas son absorbidas por las nubes o la vegetacion densa (Zhang and Zhou, 2016), lo que
imposibilita en muchos casos su aplicacion. En especial, las nubes se consideran un tipo de
contaminacion de datos que en la mayoria de los casos supone la pérdida de estos (Shen et
al., 2014). Ademas, este este rango del espectro, a excepcion del TIR, depende de la
iluminacién del sol, por lo que no se pueden obtener medidas durante la noche (Wagner et
al., 2007). Debido a estas limitaciones la continuidad espaciotemporal de los datos se ve
comprometida con estos métodos. No obstante, la informacion obtenida con sensores de
teledeteccion que trabajan en este rango del espectro electromagnético se ha utilizado,
complementariamente con los sensores de microondas, para obtener estimaciones de SM
con una resolucion espacial mas fina a través de técnicas de downscaling (Piles et al., 2011,
Sanchez-Ruiz et al., 2014).

1.4.3. Humedad del suelo modelizada

Una de las técnicas mas comunes para estimar series de datos en una infinidad de campos,
es la modelizacion. Un modelo representa, de forma simplificada, el comportamiento de un
sistema y permite estimar la respuesta de diferentes variables (output) a partir de diversos
factores que condicionan su variabilidad (inputs). La SM se ha estimado a través de una
multitud de modelos con diferentes caracteristicas y diferente grado de complejidad,
requerimiento de datos o cobertura espacial, entre otras.

En el caso de las variables hidrolégicas, los modelos hidroldgicos representan la parte del
sistema terrestre que controla el movimiento y almacenamiento del agua. De este modo, un
modelo hidroldgico consiste en una representacion simplificada, fisica 0 matematica, del
ciclo hidrolégico terrestre. Su objetivo general es simular los flujos de energia, humedad u
otra materia a través de los limites del sistema considerado, siendo la cuenca el sistema méas
comun en modelizacion hidrolégica (Solomatine and Wagener, 2011). Sin embargo, en el
pasado, estos modelos casi nunca consideraban la SM (Engman, 1990) y la usaban
principalmente para estimar la escorrentia o el caudal. Se trata de los conocidos como
modelos de lluvia-escorrentia (Birkel and Barahona, 2019).

Los modelos hidroldgicos se pueden clasificar en base al enfoque usado para la simulacion
de los procesos en tres clases diferentes (Brocca et al., 2014). Por un lado, los modelos de
base fisica, que abordan la solucion de la ecuacion de Richard, ecuacion no lineal que
describe la transferencia del flujo en medios porosos y no saturados (Ross, 1990). Un
ejemplo, es el modelo Systéme Hydrologique Européen (SHE) conocido como uno de los
modelos hidrologicos mas complejos (Abbott et al., 1986). Por otro lado, los modelos
estadisticos, que basan las simulaciones en el tratamiento estadistico de los datos, como,
por ejemplo, modelos basados en técnicas de machine learning (ML) (Jiang and Cotton,
2004). Por ultimo, los modelos conceptuales, construidos sobre la base de relaciones
empiricas observadas o supuestas entre diferentes variables hidrolégicas (Liu et al., 2017).
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Estas relaciones suelen estar basadas en el balance hidrico o energético del suelo
(Rodriguez-Iturbe et al., 1999; Sheikh et al., 2009). Ejemplos de modelos conceptuales son
el modelo Soil Water Balance (SWB) desarrollado por Brocca et al. (2008), el HBV
(Hydrologiska Byrans Vattenbalansavdelning) (Bergstrom, 1976) o, con una base mas
fisica, el TOPMODEL (Beven and Kirkby, 1979). Estos ultimos han sido los més utilizados
para simular la SM, ya que, debido a las simplificaciones en la representacion del sistema,
permiten estimar esta variable de forma precisa y sin necesidad de conjuntos de datos
detallados para su calibracion y parametrizacion (Brocca et al., 2014).

En las Gltimas décadas, en paralelo al desarrollo de los modelos hidrologicos, la necesidad
de disponer de datos sobre los recursos hidricos motivéd el desarrollo de otro tipo de
modelos con un enfoque diferente (Overgaard et al., 2006). Entre los limites de la
modelizacion atmosférica e hidroldgica, nacen los modelos de superficie terrestre (LSM,
land surface model). Los LSM tienen como objetivo simular la dindmica de la superficie
terrestre y su papel dentro del sistema terrestre. Estos modelos consisten en modelos
numeéricos que resuelven los flujos acoplados de agua, energia y carbono entre la superficie
terrestre y la atmdsfera, dentro de un contexto de forzamientos (Fisher and Koven, 2020).
Los LSM originalmente se desarrollaron para actividades de prediccién y modelizacion
atmosfeérica-climatica, por lo que exigen condiciones de contorno fisicas para representar
la influencia de la superficie terrestre en los procesos meteorolégicos. Como consecuencia,
es necesario un forzamiento atmosférico para poder proporcionar las condiciones de
contorno adecuadas y obtener los pardmetros asociados al modelo (Ek, 2018). El desarrollo
de este tipo de modelos ha permitido ir incorporando las representaciones de diferentes
procesos, entre ellas la dindmica de la SM (Fisher and Koven, 2020). Ademas, los LSM
actualmente incorporan la dinamica del agua en las capas mas profundas, incluidos los
acuiferos, y los flujos horizontales, lo que mejora la representacion de la variabilidad de la
SM (Maxwell et al., 2007). La integracidn de estos procesos ha permitido la aplicabilidad
de los LSM a una amplia gama de aplicaciones hidroldgicas (Yassin et al., 2019). Este tipo
de modelos se han convertido en una herramienta fundamental, proclamandose como una
alternativa atractiva a los modelos hidroldgicos conceptuales (Overgaard et al., 2006).

A pesar de su enorme desarrollo, existen todavia retos a los que tanto los modelos
hidrol6gicos como los LSM deben hacer frente. Un ejemplo es la resolucién espacial
(Bierkens et al., 2015), que en el pasado ha estado marcada por la resolucion espacial de
los modelos meteoroldgicos (20 km) y climéaticos (100 km) (Wood et al., 2011). Los
avances experimentados en las Ultimas décadas, tanto en capacidad de computacién como
en capacidad de almacenamiento, han permitido modelizar la SM en grandes superficies a
una resolucion espacial mas fina. Un ejemplo es el modelo LISFLOOD, un modelo
hidroldgico espacialmente distribuido, pero con base fisica, ya que el uso de sistemas de
informacion geografica (geographical information system, GIS) permite desarrollar
modelos de transporte (de Roo et al., 2000). Desarrollado por el Joint Research Centre
(JRC) para la simulacion de procesos hidrologicos en grandes cuencas fluviales europeas,
proporciona series de SM a una resolucion espacial de 5 km x 5 km (van der Knijff et al.,
2010).
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En resumen, la modelizacion posee la ventaja de ser capaz de proporcionar series continuas
en el espacio y en el tiempo, para largos periodos, sin lagunas de datos, y posibilita estimar
la SM a diferentes profundidades. Sin embargo, la resolucion y cobertura espaciotemporal
dependen de la estructura y las caracteristicas del modelo. Ademas, las estimaciones estan
condicionadas por la precision y disponibilidad de los datos de entrada, y por la adecuacion
del modelo (Holgate et al., 2016). Este dltimo factor estd intimamente ligado a la
parametrizacion de diferentes sistemas dentro del modelo, que en algunos casos puede ser
extremadamente compleja (Brocca et al., 2017). Por este motivo, aunque los datos de SM
modelizados se presentan como una destacada herramienta para humerosas aplicaciones,
deben ser tratados con precaucion considerando los posibles errores asociados a las series
de datos. Diferentes enfoques de modelado conducen a diferentes representaciones de la
SM (Brocca et al., 2017). Esto hace imprescindible una correcta validacion de las bases de
datos y por tanto la continuidad y disponibilidad de las redes de estaciones in situ.

1.4.3.1. Asimilacion de datos: reanalisis

Como se ha expuesto, las series de SM modelizada pueden no ser adecuadas para
determinadas aplicaciones, ya que las diversas incertidumbres asociadas a los modelos
pueden suponen una limitacion a la hora de proveer estimaciones lo suficientemente
precisas. Por este motivo, cada vez es mas frecuente el uso de métodos que permiten una
correccion continua de las predicciones del modelo utilizando observaciones
complementarias (Medina-Gonzalez et al., 2015). Este procedimiento se denomina
asimilacion de datos y permite integrar las estimaciones, tanto de satélite como in situ, en
los modelos (Boni et al., 2001; Georgakakos and Baumer, 1996). De esta forma se obtienen
las llamadas series de datos de reanélisis.

Inicialmente la asimilacién de datos se desarrolld para la prediccion meteoroldgica, pero
posteriormente comenzd a aplicarse en la modelizacién de los sistemas de la superficie
terrestre (Parajka et al., 2006). Gracias a las extensas series de datos proporcionadas por
los sensores de teledeteccion, actualmente podemos disponer de observaciones temporal y
espacialmente continuas de numerosas variables. Haciendo uso de estas series, es posible
integrar los datos satelitales de manera consistente con estimaciones de modelos. De esta
manera, la asimilacion de datos aprovecha el potencial de los dos métodos de estimacién
de la SM, teledeteccion y modelizacion, para beneficiarse de las ventajas de ambos (Parajka
et al., 2006). Ejemplos de bases de datos de reanalisis de superficie terrestre que estiman la
SM son el Global Offline Land-surface Dataset (GOLD) (Dirmeyer and Tan, 2001), el
Modern-Era Retrospective Analysis for Research and Applications - Land (MERRA-Land)
(Reichle et al., 2011) o los ECMWEF Re-Analysis (ERA), como ERA-Interim/Land
(Balsamo et al., 2015) y su version mejorada ERASL (Mufioz-Sabater et al., 2021).

Esta técnica puede mitigar errores intrinsecos a los modelos y mejorar la representacion de
los sistemas hidricos y de la superficie terrestre alli donde existen observaciones (Albergel
et al., 2012). Sin embargo, las bases de datos de estas observaciones también poseen sus
propias fuentes de error que pueden dar lugar a incoherencias temporales y espaciales
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cuando se incorporan a los modelos (Mufioz-Sabater et al., 2021). Ademas, esta técnica
esta sujeta a la disponibilidad de estas observaciones. Por lo que, se hace imprescindible la
disponibilidad de redes de estaciones in situ y de datos satelitales para una correcta
validacion de las series de datos.

27



28

1.5. Métodos estadisticos para el analisis de la evolucion de
la humedad del suelo

1.5.1. Técnicas de regresion para la reconstruccion de series

Las series de datos satelitales de SM han demostrado un gran potencial para una multitud
de aplicaciones, ya que ofrecen estimaciones precisas espacial y temporalmente continuas.
Sin embargo, una de las limitaciones mas significativas es la existencia de lagunas de datos,
algo que condiciona sobremanera su uso para el analisis de las variaciones de la SM. Esta
limitacion esta presente en todas las series de datos provenientes de estimaciones a partir
de sensores, ya sean in situ o remotos. La ausencia de datos en las series puede ser debida
a una multitud de factores. Por ejemplo, en las redes in situ, el fallo de un sensor,
observaciones interrumpidas o inexactas, o problemas con la trasferencia de datos pueden
provocar perdidas de datos (Dumedah and Coulibaly, 2011). En el caso de los sensores de
teledeteccion que estiman la SM, la contaminacién por RFI, los diferentes tiempos de
revisita del satélite, la presencia de hielo, nieve y vegetacién muy densa, o la complejidad
y alta incertidumbre de recuperacion en zonas costeras y areas montafiosas, provocan
perdidas de datos (Almendra-Martin et al., 2021b).

Varios trabajos han estudiado como afrontar esta limitacion evaluando la precision de
diferentes técnicas capaces de rellenar estas lagunas a diversas escalas espaciales y
temporales. En el caso de las series in situ, se han aplicado desde técnicas simples como el
reemplazo con promedios diarios 0 mensuales, hasta técnicas mas complejas como el
kriging o las redes neuronales (Dumedah et al., 2014; Dumedah and Coulibaly, 2011; Ford
and Quiring, 2014; Kornelsen and Coulibaly, 2014). Algunas de estas técnicas también se
han aplicado a la reconstruccién de las lagunas de datos en imagenes de teledeteccion, sin
embargo, la heterogeneidad espacial y temporal de los datos ausentes incorpora una
dificultad con respecto a las series in situ. Por este motivo, las técnicas basadas en
geoestadistica (Llamas et al., 2020) o inteligencia artificial (Cui et al., 2019, 2016; Salcedo-
Sanz et al., 2020) han destacado sobre otras. Como algunos de estos métodos requieren
variables de referencia (inputs), una herramienta recurrente en la literatura ha sido el uso
de otras bases de datos de SM, ya sean in situ (Xing et al., 2017; Zhang and Chen, 2016),
de modelos (Xiao et al., 2016) o de satélite (Liu et al., 2020). Sin embargo, métodos mas
simples como las interpolaciones (Militino et al., 2019) o el suavizado de series (G. Wang
et al., 2012), también han sido comunmente empleados.

En esta tesis se ha evaluado la capacidad de diferentes métodos de relleno de lagunas de
datos en los dominios temporal y espacial, desde los mas simples, como la regresion lineal,
hasta los méas sofisticados como los basados en ML. Estos métodos incluyen la
interpolacion lineal y cubica, un modelo autorregresivo (autoregressive, AR), las support
vector machine (SVM) y los random forest (RF). Las interpolaciones en el dominio
espacial se basaron en la triangulacion de Delaunay (de Berg et al., 2008) y en el dominio
temporal se realizaron por splines (Fritsch and Carlson, 1980). Ademas, en el dominio
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temporal se aplico un modelo AR, que estima los valores faltantes mediante una
extrapolacion iterativa (Rigling, 2012). Las SVM se emplearon utilizando su enfoque a
problemas de regresion. EI fundamento de este método consiste en encontrar una funcion
de regresion optima, lo méas plana posible y que minimice el riesgo empirico o error fijando
previamente un maximo de desviacion ¢ del valor real (Smola and Scholkopf, 2004). Por
altimo, los RF, también aplicados a problemas de regresion, consisten en un conjunto de
arboles de decision independientes, entrenados con una muestra aleatoria distinta, pero con
la misma distribucion en todos los arboles (Breiman, 2001). Estos dos ultimos métodos
requieren series de datos de diferentes variables (inputs) que permitan entrenar los modelos.
Ademas, la seleccion de estas variables juega un papel fundamental en la precision de las
estimaciones. La seleccion de variables empleadas se presenta en el Capitulo 2 junto con
una explicacion detallada de los métodos mencionados.

1.5.2. Técnicas para la deteccion de tendencias

Segun la teoria de la hidrologia estocastica, las variaciones de las variables hidroldgicas
estdn causadas por diferentes mecanismos fisicos que actlan a diferentes escalas
temporales, por lo que se pueden diferenciar distintos componentes en una serie temporal:
la estocasticidad o ruido, la periodicidad y la tendencia (Yevjevieh, 1987). Para identificar
con precision los diferentes componentes de las series hidroldgicas, se han empleado en la
literatura diferentes métodos. Sin embargo, la identificacion de tendencias en series
temporales de variables hidroldgicas no es una tarea simple debido a su naturaleza no lineal
y no estacionaria (Sang et al., 2018).

(Sang et al., 2013) clasifica los métodos mas comunes para la identificacion de tendencias
en cuatro categorias. En primer lugar, los métodos basados en el ajuste de datos, como el
ajuste por minimos cuadrados o por maxima verosimilitud. Estos métodos son simples,
pero requieren una funcion predefinida y sus parametros pueden llevar asociadas
incertidumbres, lo que hace que sean subjetivos y poco fiables en algunos casos. La
segunda categoria se refiere a los métodos basados en el dominio temporal, como la prueba
de Mann-Kendall (MK), el coeficiente de correlacion de Spearman o la regresion lineal. El
uso de estos métodos estd muy extendido. En concreto, el test de MK es el método més
comun para el analisis de tendencias de variables hidro-climaticas (Gocic and Trajkovic,
2013; Yue et al., 2002), entre ellas la SM (Albergel et al., 2013; An et al., 2016; Dorigo et
al., 2012). Es un método simple y no paramétrico capaz de tratar series de datos con
lagunas, sin embargo, no es robusto frente a la autocorrelacion de las series (Hamed and
Rao, 1998), observada en la mayoria de las variables hidro-climaticas. La tercera categoria
se refiere a los métodos basados en el dominio de frecuencias, como el test de medias
moviles o la trasformada de Fourier. Estos metodos requieren establecer, a priori, una
escala de tiempo predeterminada, ya que se basan en suposiciones de estacionariedad y
linealidad. Sin embargo, los cambios observados en las variables hidrologicas suelen
mostrar un comportamiento no lineal y no estacionario (Coulibaly and Baldwin, 2005). Por
altimo, los métodos basados en ambos dominios, temporal y de frecuencias, como el test
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basado en wavelets o el empirical mode decomposition (EMD). El uso de estos métodos
estd cada vez mas extendido, siendo su principal atractivo que permiten analizar datos no
estacionarios e identificar procesos no lineales a través de la descomposicién de las series
(Sang et al., 2018, 2014).

Diferentes métodos pueden llevar a diferentes resultados. Ademas, las tendencias dependen
en gran medida del periodo de estudio y la escala temporal analizada (Gudmundsson and
Seneviratne, 2015; Hansel et al., 2019), especialmente cuando se aplican enfoques lineales.
Esto hace que los resultados obtenidos por diferentes estudios no sean directamente
comparables y por tanto deban interpretarse con precaucion. En esta tesis se hace uso de
dos métodos diferentes para analizar las tendencias de las 3 ultimas décadas de la SM y de
la sequia agricola en Europa a diferentes escalas temporales. Este analisis se presenta en el
Capitulo 3, que, ademas, incluye una descripcion detallada de ambos métodos. Estos son,
por un lado, el mas utilizado en la literatura y basado en el comportamiento mondétono de
las series temporales, el MK, y, por otro lado, un método no lineal, que ha demostrado un
gran potencial en la deteccidn de tendencias de series hidro-climéticas, el EMD (Sang et
al., 2014).

Cabe destacar que el estudio de tendencias requiere disponer de series de datos con una
cobertura temporal suficientemente larga. Ademas, es necesario tener en cuenta que son
pocos los métodos capaces de tratar con series de datos incompletas, como, por ejemplo,
las series satelitales. Por este motivo, las bases de datos apropiadas para el estudio de
tendencias de la SM son limitadas. Aunque la serie de SM de CCI presenta un gran
potencial para este tipo de estudios, y aun completando en gran medida las lagunas de datos
(Almendra-Martin et al., 2021b), las discontinuidades provocadas por la fusion de los
diferentes sensores (Preimesberger et al., 2021) limitan la duracion de las series y por tanto
su aplicabilidad en algunas zonas, como es el caso del continente europeo (ver Figura 1.6).
Por este motivo, actualmente las series de modelos o reanalisis generalmente resultan mas
apropiadas para el estudio de las tendencias SM que las series observacionales.

1.5.3. Métodos de causalidad

Las preguntas que motivan la mayoria de los estudios de diversos campos de investigacion
no son de naturaleza asociativa sino causal (Pearl, 2009). En el contexto de esta tesis, las
relaciones causales pueden ayudar a comprender mejor las variaciones del contenido de
agua del suelo a partir de los mecanismos fisicos implicados en las interacciones entre la
SM y la atmosfera. Los métodos de identificacion de relaciones causales han demostrado
un gran potencial para estudiar sistemas dindmicos complejos, ya que permiten obtener mas
informacidn que los analisis de correlacion (Runge et al., 2019a). Sin embargo, no es facil
formalizar un concepto general de causalidad.

La definicion de Granger (Granger, 1969) es probablemente la mas utilizada, ya que
permite estudiar las relaciones causa-efecto de forma empirica sin necesidad de un modelo
y cuantifica la asociacion entre variables. La prueba de causalidad de Granger se basa en la
capacidad de una serie temporal en predecir otra omitiendo parte de su pasado. Sin
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embargo, esta formulacion en ocasiones ha generado desconfianza ya que puede conducir
a causalidades erroneas cuando no se incluyen determinadas variables que poseen vinculos
indirectos (Eichler, 2012). Ademas, si se aumenta el nimero de variables, la alta
dimensionalidad del conjunto de datos conduce a un poder de deteccion muy bajo (Runge
et al., 2019b). Aunque existen otros métodos capaces de hacer frente al problema de la alta
dimensionalidad, como la regresion de Lasso (Tibshirani, 1996) que combina un modelo
de regresion con un procedimiento de seleccion de pardmetros y permite realizar una
seleccion de variables, este metodo se define principalmente en el contexto de la prediccion
y no del descubrimiento causal.

Mas recientemente, la combinacion de la estadistica con los algoritmos de ML ha definido
los structural causal models (SCM) (Pearl, 1995). En ellos se emplean modelos gréaficos
que identifican los efectos causales asumiendo la condicién causal de Markov (Hausman
and Woodward, 1999). Esta establece, a grandes rasgos, que en un modelo grafico una
variable Y es independiente de cualquier otra condicionada a las causas directas de Y
(Runge et al., 2019a). Estos métodos son capaces de estimar los vinculos causales entre
variables y su retraso o lag temporal (Runge et al., 2019b). Un ejemplo es el algoritmo PC
(Ilamado asi por sus inventores Peter y Clark) (Spirtes and Glymour, 1991), que parte de
un grafico completamente conectado y prueba la eliminacion de vinculos de forma iterativa.
La independencia condicional se puede probar de manera flexible con diferentes tipos de
pruebas lineales y no lineales (Zhang et al., 2011). En esta tesis se ha empleado el método
PCMCI, desarrollado por Runge et al. (2019b), para estudiar las relaciones causales entre
la SMy los principales patrones de circulacion atmosférica en Europa. En el Capitulo 3 se
presenta este estudio, junto con una explicacion mas detallada del PCMCI, que recibe el
nombre por la combinacion del PC y el test momentary conditional independence (MCI).
Este método ha demostrado ser preciso a la hora de identificar los vinculos causales, y mas
robusto frente a la no estacionariedad que otros métodos como Lasso y PC. Ademas, a
diferencia de la prueba de causalidad de Granger, este método presenta la ventaja de poder
identificar vinculos causales si la causalidad ocurre en el intervalo temporal de muestreo
observable (Runge, 2020).

Las lagunas en las series de datos pueden limitar la identificacion de relaciones causales
con algunos métodos, o incluso imposibilitar su aplicacion. Esto refleja la idoneidad del
uso de bases de datos de SM provenientes de la modelizacién y/o el reanalisis. Ademas,
una corta longitud de las series puede presentar limitaciones al estudiar la influencia de
fendmenos como ENSO. Esto restringe el uso de series satelitales, ya que, aun completando
en gran medida las lagunas de datos de la serie satelital mas larga disponible, la CCl SM,
las discontinuidades provocadas por la fusion de los diferentes sensores (Preimesberger et
al., 2021) limitan su duracion.
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CAPITULO 2 - COMPARISON OF GAP-FILLING TECHNIQUES APPLIED TO THE CCI SOIL MOISTURE
DATABASE IN SOUTHERN EUROPE

Resumen

La humedad del suelo (soil moisutre, SM) es una variable clave que juega un papel
importante en las interacciones tierra-atmosfera. La monitorizacion de SM es crucial para
muchas aplicaciones y puede ayudar a determinar el impacto del cambio climatico. Por lo
tanto, es fundamental contar con bases de datos de esta variable continuas y largas en el
tiempo. Las misiones satelitales han contribuido a esta tarea; sin embargo, la continuidad
de las series se ve comprometida debido a las lagunas de datos provocadas por diferentes
factores, como el tiempo de revisita, la presencia de hielo estacional o la contaminacion por
interferencia de radiofrecuencia (RFI, radio frequency interference). En este trabajo, se
evalUa la aplicabilidad de diferentes técnicas de gap-filling al producto combinado SM de
la Climate Change Initiative (CCI) de la European Space Agency (ESA), la informacién
satelital de SM mas larga disponible. Los métodos utilizados fueron la interpolacion lineal,
cUbica y autorregresiva y las support vector machines (SVM). Este estudio se centr6 en el
sur de Europa entre los afios 2003-2015. Los diferentes métodos se aplicaron en los
dominios temporal y espacial y se evaluaron mediante la técnica holdout cross-validation.
Para poder estimar SM se introdujeron un conjunto de variables al modelo SVM, a saber,
la temperatura de la superficie terrestre, la precipitacion, el normalized difference
vegetation index (NDVI), la evaporacion potencial, la textura del suelo y las coordenadas
geogréficas. Para las SVM, se consideraron varias combinaciones de estas variables,
incluido un andlisis de componentes principales (PCA, principal component analysis) con
todas ellas. Aunque los diferentes métodos muestran un buen resultado, en general, el
método SVM supera al resto. Utilizar la SM del dia anterior (SM+.1) es clave para obtener
buenas estimaciones. La mediana del coeficiente de correlacién (R) obtenida con SVM y
las series de SMr.1 en el analisis temporal fue de 0,83 y el RMSE de 0,025 m®m™3. Se
obtuvieron resultados similares en el andlisis espacial, siendo el mejor resultado (R = 0.88;
RMSE = 0.024 m®m™2) el obtenido con el modelo SVM vy utilizando las series de SM.1 y
las variables estaticas. El uso de PCA con las variables de entrada no fue satisfactorio y los
métodos de interpolacién fallaron cuando se trataba de grandes lagunas de datos espaciales
o temporales. También se realiz6 una validacién de la serie CCl SM con datos SM in situ
de cuatro redes localizadas en Espaiia, Francia, Alemania e Italia, y no se observaron
diferencias sustanciales entre los resultados obtenidos con la serie original y con la
reconstruida. Ademas, los mejores inputs obtenidos con las SVM se utilizaron para evaluar
el método de random forest (RF) en el dominio temporal y espacial. Este método mostré
una buena capacidad para estimar los valores de SM en el dominio temporal, pero en menor
medida que SVM, mientras que para el dominio espacial no parecid ser tan preciso. Los
resultados obtenidos confirman que se puede abordar de manera eficiente el relleno de las
lagunas espacio-temporales en las bases de datos observacionales de SM utilizando el
método SVM, vy las series temporales anteriores de SM y la textura del suelo como
informacién de respaldo.

Palabras clave: Gap-filling, Humedad del suelo, CCl, Support vector machines
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Abstract

Soil moisture (SM) is a key variable that plays an important role in land-atmosphere
interactions. Monitoring SM is crucial for many applications and can help to determine the
impact of climate change. Therefore, it is essential to have continuous and long-term
databases for this variable. Satellite missions have contributed to this; however, the
continuity of the series is compromised due to the data gaps derived by different factors,
including revisit time, presence of seasonal ice or Radio Frequency Interference (RFI)
contamination. In this work, the applicability of different gap-filling techniques is evaluated
on the European Space Agency (ESA) Climate Change Initiative (CCI) SM combined
product, which is the longest available satellite-based SM data record. The methods used
were linear, cubic and autoregressive interpolation and support vector machines (SVMs).
This study focused on Southern Europe and spanned the years 2003-2015. The different
methods were applied in the temporal and spatial domains and evaluated using the holdout
cross-validation technigue. A set of variables was introduced in the SVM model to estimate
SM, namely, land surface temperature, precipitation, normalized difference vegetation
index (NDVI), potential evaporation, soil texture and geographical coordinates. For the
SVMs, several combinations of these variables were considered, including a principal
component analysis (PCA) containing all of them. Although the different methods show a
generally good performance, the SVM method outperforms the rest. Using the SM of the
precedent day (SMk.1) is key to obtain good estimates. The median value of the correlation
coefficient (R) obtained with the SVM and the SMt-1 series in the temporal analysis was
0.83, and the RMSE was 0.025 m3m~3, Similar results were obtained in the spatial analysis,
with the best performance (R = 0.88; RMSE = 0.024 m®m3) obtained by the SVM using
the SM.1 series and the static variables. The application of PCA to input variables was not
beneficial, and the interpolation methods failed when dealing with large spatial or temporal
gaps. A validation of the CCI SM series with in situ SM data from four networks located
in Spain, France, Germany and Italy was also performed and no substantial differences
were observed between results obtained with the original and with the reconstructed series.
In addition, best inputs obtained with SVM were used to evaluate the random forest (RF)
method in the temporal and spatial domain. This method showed a good ability to estimate
soil moisture values in the temporal domain but to a lesser extent than SVM while for the
spatial domain it did not seem to be as accurate. Our results confirm that we can efficiently
deal with spatio-temporal gaps on observational SM databases using the SVM method and
the past time series and soil texture as supporting information.

Keywords: Gap-filling, Soil moisture, CCI, Support vector machines
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2.1. Introduction

Soil moisture (SM) is a relevant variable in land-atmosphere interactions as it controls the
water, energy and carbon cycles, behaves as storage for precipitation, governs runoff and
limits plant transpiration (Seneviratne et al., 2010). It is also a crucial variable in
agricultural applications (Champagne et al., 2019) and many environmental studies, such
as flood forecasting (Brocca et al., 2011), drought monitoring (Liu et al., 2019; Martinez-
Fernandez et al., 2016) and evaporation modelling (Miralles et al., 2011). Given its
importance within the Earth system, SM was listed as one of the 50 essential climate
variables (ECVs) by the Global Climate Observing System (GCOS, 2010) in 2010, and
many efforts have been dedicated to the global mapping of SM in recent decades. Several
SM products have been developed and validated with different objectives, characteristics
and data sources (Beck et al., 2020). Examples include the International Soil Moisture
Network (ISMN) (Dorigo et al., 2011), which consists of soil moisture series from in situ
networks from all over the world. This soil moisture database is extremely useful, but has
obvious limitations in terms of spatial coverage. Other approaches are the microwave active
or passive satellite missions (e.g., Soil Moisture Ocean Salinity, SMOS, and Soil Moisture
Active and Passive, SMAP) that provide a continuous spatio-temporal monitoring of this
variable. The estimations are based on the high sensitivity of the brightness temperature
measured by passive sensors, or the radar backscattering coefficient measured by active
sensors, to the dielectric constant of soil, which is directly related to the soil moisture
content. However, the retrieval of the variable can be complex due to various factors such
as dense vegetation (Jackson, 1993). Furthermore, by merging different soil moisture
estimations from different remote sensing missions, multi-satellite databases can be
obtained (e.g., Soil Moisture Operational Products System, SMOPS, and Climate Change
Initiative, CCI). These kind of products present the advantage of having a better spatio-
temporal coverage than those obtained with just one sensor. Lastly, land surface models
and reanalysis products (e.g., ERA5-Land and Global Land Data Assimilation System,
GLDAS) provide a complete spatio-temporal coverage, since soil moisture is estimated by
mathematical models incorporating also other variables.

The CCI programme from the European Space Agency (ESA) aims to provide long-term
observational datasets of biogeophysical variables by taking advantage of the satellite
measurements acquired during the observational era, i.e., from 1970's to the present
(https://www.esa-soilmoisture-cci.org). These variables are all integrated in the Copernicus
Climate Change Service (C3S), a Copernicus Earth Observation Programme service
focused on climate research that provides climate information and data
(https://climate.copernicus.eu). SM is one of these variables (hereafter CCI SM). The CCI
SM product integrates SM products from four active and seven passive microwave satellite
sensors, making the largest available existing observational SM data record (Dorigo et al.,
2017; Gruber et al., 2019, 2017). This database has been extensively validated in different
regions of the world including Southern Europe (Al-Yaari et al., 2019; An et al., 2016;
Dorigo et al., 2015; Gonzalez-Zamora et al., 2019; Ikonen et al., 2018; McNally et al.,
2016). All these studies found great accordance between the CCI product and the different
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in situ or reanalysis soil moisture series, although with some uncertainties, especially for
the first years of the period when the data series have more gaps. Furthermore, CCI is
extensively used for different applications, such as the study of global trends in SM (Feng,
2016; Qiu et al., 2016; Wang et al., 2016), precipitation estimations (Ciabatta et al., 2018),
crop models (Sakai et al., 2016), the relationship between drought and climatic variables
(Nicolai-Shaw et al., 2017), the assessment of the impact of El Nifio drought conditions
(Dorigo et al., 2016) or even tree growth tracking (Martinez-Fernandez et al., 2019).

The ESA CCI SM product quality has steadily increased with each successive release, and
the merged products generally outperform the single-sensor input products (Dorigo et al.,
2017). Nevertheless, this database poses some limitations for several applications. For
example, higher spatial resolutions are required to serve regional applications. This
problem has been addressed in some studies that applied downscaling techniques to
microwave-based SM products (Mascaro et al., 2011; Peng et al., 2017; Piles et al., 2016,
2014; Srivastava et al., 2013). Additionally, many studies have problems dealing with the
spatio-temporal gaps in the data, which are caused by a variety of factors (e.g., RFI
contamination, different satellite revisit times, presence of ice or snow, high uncertainty of
retrievals in coastal and mountain areas). Several methods have been proposed in the
literature to overcome this non-uniform effective sampling of SM observational data at
different spatial and temporal scales. For in situ SM databases, some studies have compared
a suite of different gap-filling methods (Dumedah et al., 2014; Dumedah and Coulibaly,
2011; Ford and Quiring, 2014; Kornelsen and Coulibaly, 2014). Regarding satellite images,
Zhang and Chen (2016) proposed the satellite and in situ sensor collaborated reconstruction
(SICR) method for filling Gaofeng-1 SM gaps. They classified the missing pixels based on
their characteristics and their similarity or proximity to the in situ data and established four
rules for the reconstruction based on linear regression or ordinary kriging. Xing et al. (2017)
improved the SICR method by applying machine-learning techniques. While the two
methodologies offer good results, they can be applied only to regions where in situ SM data
exist. Xiao et al. (2016) proposed a way to efficiently reconstruct the satellite series by
using the GLDAS Noah model but only in one-year period. In that study, satellite data were
used to estimate the model control variables, and meteorological data were incorporated to
force the model to simulate the temporal dynamics. Wang et al. (2012) applied a penalized
least square method based on three-dimensional discrete cosine transformation to the
Advanced Microwave Scanning Radiometer - Earth Observing System (AMSR-E) SM
product, which was originally proposed by Garcia (2010) for smoothing multidimensional
data with missing values. This methodology enables the simultaneous consideration of
spatial and temporal database information but leads to poor predictions when the spatial
differences are large. Furthermore, Cui et al. (2016) proposed a reconstruction of the
Fengyun-3B Microwave Radiation Imager (FY-3B/MWRI) SM product using Moderate
Resolution Imaging Spectroradiometer (MODIS) products by applying artificial neural
networks (ANNS). This method was able to capture the SM dynamics, but they found
uncertainties regarding the algorithm, which should be improved in the freezing-thaw
period.
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Despite the previous research aimed at completing SM databases, only a few have been
applied to the challenging case of the long-term multi-satellite CCI SM product. In Llamas
et al. (2020), three spatial methodologies were evaluated over a region in the U.S. Midwest:
ordinary kriging, regression kriging and general linear models (GLMSs). These methods are
based on the spatial distribution of SM or its relationship with other variables (temperature
and precipitation) and show good performance, especially the two kriging approaches. Cui
et al. (2019) applied a modified algorithm from Cui et al. (2016) to the CCl SM product in
the Tibetan Plateau. This method was based on a general regression neural network
(GRNN) and used the SM, land surface temperature (LST), normalized difference
vegetation index (NDVI), albedo and digital elevation model (DEM) as inputs. Liu et al.
(2020) proposed the use of SMAP data to complete the CCI gaps. While the resampled
SMAP SM series proved to be able to reasonably fill CCl SM gaps, the complete series
reconstruction depends upon the availability of SMAP data.

Studies comparing the performance of different gap-filling methodologies to SM databases
are limited, and they only partially address the specific case of long-term multi-satellite
observational SM series. In this study we aim to bridge this gap by analysing the
performance of gap-filling methodologies with different levels of complexity to the ESA
CCI1 SM product: from simple ones, such as linear interpolation, to more sophisticated ones,
such as those based on machine learning (ML). We selected ML techniques since they can
integrate multivariate information and have been shown to excel in a variety of SM
applications, from nonparametric and nonlinear classification to regression techniques
(Lary et al., 2016). Specifically, the support vector machines (SVMs) for regression
problems allow good generalization even with small training datasets (Ali et al., 2015;
Mountrakis et al., 2011) and, in some cases, work better than ANNs (Ahmad et al., 2010).
The effectiveness of SVMs to fill temporal gaps in ground-based observation databases has
been proven elsewhere (Gill et al., 2006), but they have not been previously used to
complete satellite databases.

Knowledge of the SM spatial distribution and its dynamics, anomalies and trends across
time is fundamental to assess and quantify the impact of climate change on the water cycle.
This highlights the need to fill the data gaps and improve the temporal sampling and
observation density of the current observational soil moisture databases spanning the last
40 years. This work evaluates a suite of gap-filling methods of varying complexities for the
case of long-term satellite-based SM databases (the CCI SM). This research is focused on
the Southern part of Europe and covers spatial and temporal domains. Among the wide
range of possible features that could explain the SM variability, the LST, NDVI,
precipitation, potential evaporation and soil texture were chosen and used as inputs for the
SVM models. The remainder of this article is organized as follows. Section 2.2.1 provides
a description of the databases used in this study; Section 2.2.2 introduces the methods, the
developed models and the overall validation strategy. Section 2.3 shows the results
obtained by the different methods in the temporal and spatial domains and discusses the
best results obtained in each analysis and their applicability. Conclusions and perspectives
from this article are provided in Section 2.4.
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2.2. Material and methods

2.2.1. Datasets

The CCI SM product is based on a merging algorithm that harmonizes the SM retrievals
from available active and passive microwave sensors. The single-sensor SM products are
merged into three different products depending on the type of sensors used: the active, the
passive and the combination of the two. All products are provided in global daily maps in
a regular grid of 0.25° (Dorigo et al., 2017). This merging algorithm has been updated and
improved in the different versions of the product, which incorporate an increasing number
of microwave sensors (Gruber et al., 2019, 2017). In this study, the combined product of
the latest version (v4.5) was used, and only the data with best quality were considered. This
was achieved by screening out data with reported inconsistencies by using the quality flag
variable. The CCI SM product also provides SM uncertainty values that are used to interpret
the results. The combined product covers a 40-year period (November 1978 to December
2018) and includes eleven microwave sensors, seven of which are passive and four of which
are active (Figure 2.1), with different technical characteristics and coverage periods
(Gruber et al., 2019). The availability of a number of sensors for specific time periods leads
to important differences in spatiotemporal coverage, resulting in periods when a single
operating sensor was used to retrieve global SM but also in periods when up to five
simultaneous estimations were merged. Due to this fact, the spatiotemporal distribution of
data gaps is highly heterogeneous.
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Figure 2.1 Timeline of the passive (orange) and active (blue) microwave sensors that generate the
CCI SM product for version v4.5 and its annual percentage of available data in Southern Europe.
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For the study area, the south of Europe, the percentage of data availability did not exceeded
20% in the first 20 years of the series (Figure 2.1). The amount of available data
significantly increased notably to 40-50% in 2002-2003, when AMSR-E was added.
Therefore, two periods can be clearly distinguished in the series in terms of data
availability, with the tipping point being 2003. For this reason and due to the limited
availability of complementary databases in the first period, this study focuses on the second
period, i.e., 2003-2015. In this period, there was an increasing trend in data coverage over
time until 2012, when AMSR-E operations ceased. The percentage of available data
increased again in 2013 with AMSR-2 data, reaching a plateau of approximately 80%
lasting until the end of the series. The mean percentage of SM data over Southern Europe
for the study period is 62%, but its spatial distribution is non-homogeneous; some coastal
pixels and mountain regions are the ones with the lowest percentage of data (see Figure
2.2a). But the majority of the area of study has between 70 and 80% of available data
(Figure 2.2b). The temporal distribution and the gap length are also irregular. While the
most common gaps last one or two days, there are also gaps of more than one year (Figure
2.2¢).
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Figure 2.2 Temporal coverage of data available for the study period (2003-2015) (a). Its probability
density function (b). Histogram of the data gap lengths for the period (2003-2015) in Southern
Europe (c).
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Several atmospheric, geophysical and hydrological variables are related to SM and can help
capture its variability across space and time (Korres et al., 2013; Sandholt et al., 2002;
Wang et al., 2007, 2017). In this study, the LST, NDVI, precipitation (P), potential
evaporation (Ep) and soil texture were used to estimate the missing values of the CCl SM
database (Table 2.1). The databases of these variables were chosen with the criteria of
providing the longest temporal coverage and the fewest data gaps. Furthermore, remote
sensing estimations rather than models were chosen when possible to avoid including
additional uncertainties in the SM estimations. In addition, values were filtered using the
provided quality flags to keep only the pixels with the highest quality. Due to the spatial
resolution differences among the products used, all databases were projected to the WGS84
coordinate system and resampled into a common 0.25° grid by averaging the pixel values.
This is a common and well-accepted practice when dealing with coarse resolution remote
sensing data (Liu et al., 2020; Qu et al., 2019; Sandholt et al., 2002). In addition, the 16-
day NDVI product was interpolated and the hourly LST product was averaged to obtain
daily series. In situ SM data were also used to validate the CCI SM reconstructed series
following the methodology of Gonzalez-Zamora et al. (2019). For this, four SM networks
of the ISMN over the south of Europe were used: REMEDHUS network (Gonzalez-Zamora
et al., 2016) located in Spain, the TERENO network (Zacharias et al., 2011) in Germany,
the UMBRIA network (Brocca et al., 2008) in Italy, and the ORACLE network (Tallec et
al., 2015) in France.

Table 2.1 Characteristics of the datasets used in the study.

Variable | Units Product Spatlél Temporal Tempo.ral Reference
resolution coverage resolution
(Dorigo et al., 2017;
CCI SM 1978/11/01 -
3m-3 o
SM m3m combined v4.5 0.25 2018/12/31 1d Gruber et al., 2019,
2017)
LSA-001 CM R 1991/01/01 - (Duguay-Tetzlaff et
LST K SAF 0.05 2015/12/31 1h al., 2017)
GPM IMERG
Final R 2000/06/01 - (Huffman et al.,
P mm Precipitation 01 Present 1d 2020)
L3 v06
NDVI | - | MoD13A2v6 | 1km | 2000028116y | (Didanetal., 2015)
Present
Ep mm/d GLEAMET 0.25° 2003/01/01 - 1d (Martens et al., 2017;
v33b 2018/09/30 Miralles et al., 2011)
European Soil
. Data Centre .
Ballabi l.
tei(t)Lljlre % (ESDAC) 0L A (Ba 26‘8 1% etal.
LUCAS )
topsoil
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2.2.2. Gap-filling techniques

The gap-filling techniques chosen for this study were (i) linear interpolation, (ii) cubic
interpolation, (iii) SVMs and (iv) SVMs combined with PCA. Furthermore, in the SVMs,
an analysis of different combinations of input variables was carried out. The combination
of inputs with the best accuracy was used to evaluate the random forest (RF) method. With
the aim of evaluating the performance of the different methods, a holdout cross-validation
was performed with nine replicates (Browne, 2000; Pérez-Planells et al., 2015). SM values
were separated into the training and the test subsets (70% and 30% of the existing values,
respectively). The partition of the datasets randomly reproduced the spatiotemporal
distribution of the CClI SM gaps of the study area and is the same for all the methods to
ensure robustness and consistency in the inter-comparisons. Once the reconstructed SM
series were obtained from the training set, the new values were validated with the test set.
The statistics calculated for the validation assessment with the test set were the Pearson
correlation coefficient (R), the average error bias, the root mean square error (RMSE) and
the centered RMSE (cRMSE). The last three are expressed in volumetric units (m3m™3).
These metrics are commonly used in satellite SM validation exercises (Entekhabi et al.,
2010b).

2.2.2.1. Interpolation methods

For the spatial domain, the objective was to complete each daily map of the CCl SM series.
Delaunay triangulation-based 2-D linear interpolation (LI) and cubic interpolation (CI)
were carried out to achieve this goal. Additionally, the missing values in the temporal
domain (i.e., from each pixel time series) were estimated by using an LI and a Cl by splines.
This last algorithm preserves the monotony of the data in an interval by using a cubic
function (Fritsch and Carlson, 1980).

For the temporal domain, an autoregressive (AR) model was used. This model performs
interactive gap-filling to the temporal missing values by extrapolating data iteratively and
has proven to obtain statistically consistent results (Rigling, 2012).

2.2.2.2. Support vector machine method

SVMs are based on statistical learning theory (Vapnik, 1995) and are commonly used for
different applications, such as classification, regression estimation or pattern recognition
(Camps-Valls et al., 2004; Gomez-Chova et al., 2010; Pal, 2006; Xie et al., 2008) . This
technique was first developed for classification problems with the idea of obtaining the
optimum separating hyperplane that maximizes the margin between patterns. Only the
points that lie in the margin define the hyperplane, i.e., the data points most difficult to
classify (Dibike et al., 2001). Later, it was developed for regression problems, where the
goal consists of finding a function f(x) that describes the dependency between the inputs
(x;) and the target output y with at most an & deviation and at the same time being as flat
as possible (Smola and Scholkopf, 2004). Last, to consider nonlinear relationships, the
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kernel functions were added to the SVM algorithm. In this study, a Gaussian kernel
function was used for that purpose and all the input variables were standardized before their
incorporation to the models.
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Figure 2.3 Relationship between the ESA CCI SM and complementary variables LST, P, NDVI
and Ep (from top to bottom). Maps on the left column show the type of series with the strongest
correlation with SM for each pixel. Maps in the middle column show the value of the Pearson
correlation coefficient (R) of the majoritarian type of series in the left maps. The maps on the right
column show the difference between the maximum R and the second highest R.

The SVM method has been extensively used in the remote sensing field due to its ability to
generalize (Mountrakis et al., 2011), even with small training datasets. It has also proven
to be a useful tool in SM estimation (Ahmad et al., 2010; Gill et al., 2006). Here, we
implement the SVM model to estimate the missing values of the CCI SM series using all
the variables of Table 2.1 as inputs. Khellouk et al. (2019) used these same variables to
model SM with multiple linear regression methods. Nevertheless, not all the relationships
between these variables and SM are linear, and sometimes disagreements exist between the
changes in these variables and the SM response (Daly and Porporato, 2005). For this reason,
a previous evaluation of these relationships was made. The level of correlation between the
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SM series and the complementary variables (X) series was studied in four different
scenarios (the coincident series X;, the series one day before X;_;, the series two days
before X;_, and the series smoothed by averaging with a centered 30-day window Xs,4).
For each pixel, the correlation of SM with the different series of each variable was
determined. The series with the highest correlation was identified, and the difference
between the maximum correlation and the second highest correlation was calculated for
each variable (Figure 2.3). In view of the results, the series of LST3od, Pt-1, NDV 304 and
Ept-1 were chosen since they provided the highest correlation for most of the pixels in the
south of Europe. For NDVI, we decided to use the coincident series since it was already a
smoothed series due to the daily interpolation of 16-day average values, and the differences
obtained between the two maximum correlations were not remarkable.

In order to evaluate the ability of the SVM algorithm to estimate missing SM values, input
variables were grouped. This approach allowed us to detect the crucial input variables for
the SM estimation or those that could be expendable in the model. The groups were chosen
based on the type of variables used; dynamic d (LST, P, NDVI and Ep), static s (soil texture
and coordinates) or all of them a and on whether they used the SM.1 series h. Thus, six
groups were created for the spatial study S (Sdh, Sd, Ssh, Ss, Sah and Sa) and two were
created for the temporal study T, where dynamic variables were used (Td and Tdh) (see
Table 2.2).

A combination of SVM with PCA was also carried out. All input variables were considered
for the analysis, i.e., group Sah for spatial and group Tdh for temporal. The components
explaining up to 95% of the variance were used as inputs to the SVM model.

Table 2.2 Groups of input variables used to estimate missing SM values with the SVM model in
the spatial and temporal domains.

SVM Inputs

Sah SMt1 +LST30¢ + Pr.g + NDVIsgq + Epra + Soil texture + Latitude + Longitude
Sa LST30q + Pt + NDVIsog + Epr1 + Soil texture + Latitude + Longitude
Ssh SM¢1 + Soil texture + Latitude + Longitude

Spatial

Ss Soil texture + Latitude + Longitude

Sdh SMyt.1 +LST30q + Pt.1 + NDVl3gq + Ept.l
Sd LSTs0d + Pt + NDVI; + Epra

Tdh SMi.1 +LST30q + Pt + NDVlsgg + Ept-l

Temporal

Td LSTs0d + Pr.1 + NDVlzoq + Eprs

2.2.2.3. Random forest method

The RF consists on a combination of independent tree predictors that depend on random
vectors with the same distribution for all trees but that are sampled independently (Breiman,
2001). As the SVM, this method can be applied to both classification (Pal, 2005) and
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regression problems (Mutanga et al., 2012). In this study, the RF regression with 500 tree
predictors was used to fill CClI SM gaps. The accuracy of the method was measured in the
same way as for the other methods, thus the internal errors and correlation of the RF model
were not considered. This ensured the results obtained with the different approaches are
comparable. The combinations of input variables chosen for the spatial and temporal
domain were the ones leading to the best estimates of SM using the SVMs.
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2.3. Results and discussion

2.3.1. Temporal analysis

Six different approaches were evaluated (LI, Cl, AR, SVM-Tdh, SVM-Td and SVM-PCA)
to complete the CCl SM missing data in the temporal domain, i.e., to complete the time
series of each pixel individually. The obtained parameters in the cross-validation analysis
(Figure 2.4) show a good relationship between the estimated SM and the original SM CCI
series for most of the pixels. The medians of R obtained in each approach range between
0.64 and 0.82 for Cl and SVM-Tdbh, respectively. The medians of the biases are practically
zero in all cases. Some pixels provided negative (underestimation) and positive
(overestimation) biases, but they very rarely exceeded 0.01 m®m~2 in absolute values. There
were hardly any differences between the RMSE and cRMSE due to the low bias; its
medians range from 0.036 to 0.026 m®m~3 for SVM with PCA and SVM-Tdh, respectively.
These results are in line with those reported by Dumedah et al. (2014). The simplest
methods resulted in the lowest accuracy, and the best results were obtained using a
nonlinear autoregressive neural network, comparable to SVM-Tdh. When validation with
the in situ SM series was performed (see Table 2.3), good accordance was obtained with
SM CCI combined v4.5 product despite of the data gaps. Moreover, when reconstructed
series were validated, the results obtained were also very similar to all the approaches.
However, the correlation increases in most cases with the reconstructed CCI series by the
SVM-Tdh, while the bias slightly increases or decreases, depending on the network. These
results confirm that the SVM-Tdh method allows us to recreate the temporal dynamics of
the original series without introducing significant errors.

Table 2.3 Validation of the CCI SM series, original and reconstructed in the temporal domain, with
in situ networks (ORA, ORACLE; TER, TERENO; REM, REMEDHUS; UMB, UMBRIA).

R BIAS (m*m?3)
CCISM

ORA | TER | REM | UMB | ORA | TER | REM UMB
Original 051 | 063 0.83 063 | -0014 | 0019 | -0099 | -0.004
LI 050 | 0.60 0.84 066 | -0015 | 0019 | -0.100 | 0.001
Cl 050 | 059 0.84 066 | -0015 | 0019 | -0.100 | 0.001
AR 050 | 0.62 0.84 068 | -0015 | 0018 | -0.101 | 0.001
SVM Tdh 049 | 065 0.84 071 | -0.016 | 0018 | -0.100 | -0.001
SVM Td 048 | 064 0.83 070 | -0.016 | 0018 | -0.101 | -0.001
SVM PCA 050 | 0.65 0.82 067 | -0014 | 0018 | -0101 | -0.001
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Figure 2.4 Statistical parameters of the cross-validation obtained for the six approaches of the CCl
SM gap-filling procedure in the temporal domain.
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While the obtained statistical scores seem to prove the effectiveness of all methods, a
further examination of the results reveals that some of them might not be adequate. The LI,
Cl and AR methods have the advantage of being simple algorithms that require little
processing time and do not need any auxiliary variables. However, we observed that their
accuracy was compromised when dealing with large gaps (Figure 2.5). Among ML-based
algorithms, the SVM with the original variables (no PCA applied) could capture the
temporal dynamics, while the SVM with PCA failed. These results suggest that PCA is not
well suited for this problem, perhaps because all variables are interdependent or because
the number of variables used in the PCA is not high enough and the resulting principal
components introduce noise to the SVM models. The SVM without PCA worked best, the
chosen variables had already shown their ability to capture the SM dynamics (Khellouk et
al., 2019), and the SVM could reproduce it. A clear improvement is seen when the SM.1
series is incorporated into the SVM, in agreement with previous studies (Gill et al., 2006).
Thus, the SVM-Tdh has proven to be the most efficient and accurate approach. The R
obtained is higher than 0.7 in 85% of the study area, similar to that obtained by Cui et al.
(2019) and Wang et al. (2012). An analysis of the spatial distributions of R showed that the
poorest values were located in mountainous regions and highest values of RMSE were
obtained in coastal areas and in the Balkan Peninsula (Figure 2.6). We observed that values
of R lower than 0.6 corresponded to pixels with noisy SM series, i.e., with non-seasonal
behaviour or with a high uncertainty of the original CCI SM values. This result suggests
that the gap-filling performance depends on the quality of the original SM values to some
extent. In fact, the mean CCI SM uncertainty and the RMSE obtained for each pixel showed
a correlation coefficient of 0.78. A negative relationship between the correlation coefficient
of the gap-filling method and the percentage of available data also exists but is lower (R =
-0.64). This result could be attributed directly to the introduction of the SM series in the
algorithm. However, this was also observed with all the methods. Ahmad et al. (2010)
obtained lower accuracies at stations with a high vegetation density using SVMs. In this
study no significant relationship was found between the accuracy and the mean values of
NDVI, but a relationship was found between the RMSE obtained with all the methods and
Ep mean values (R ranging between 0.51 and 0.64).
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Figure 2.6 Spatial distribution of R (right) and RMSE (left) obtained with SVM Tdh in the temporal
series study.
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Table 2.4 Median values of the best combination for each group for the input variable combination
analysis in the temporal domain.

N° Variables Combination R bias RMSE cRMSE
(m3m3) (m3m3) (m3m3)

5 SMt1, LST304, P, NDVl304, Ep 0.834 0.000 0.025 0.025

4 SMt1, LSTs04, P, NDVlzog 0.831 0.000 0.026 0.025

3 SM.1, LST30q, P 0.826 0.000 0.026 0.026

2 SMe.1, LST304 0.798 0.000 0.026 0.026

1 SM 0.755 -0.001 0.028 0.028

The SVM-Tdh has been proven to be accurate enough to complete the CCI SM series gaps
for the study period. However, the availability of complementary databases with a
coincident period is probably a limitation to complete the 40-year series. The SVMs do not
determine the influence of each input variable on the output variable. However, with the
aim of exploring whether some of the input variables would be expendable or crucial, all
possible combinations were performed, starting with all of them and progressively
eliminating one at a time until only the SM¢.1 remained, similar to what (Yang et al., 2006)
did. A total of 16 combinations were tested, and they were separated into groups based on
the number of variables, which ranged from 5 to 1. The best results were obtained with the
five variables (Table 2.4), i.e., with the original SMV-Tdh approach, but hardly any
differences were observed with the remaining combinations. The accuracy was slightly
reduced as the number of variables decreased.

Moreover, it was observed that the variables of the best datasets were consistent, showing
more importance to LST, followed by P, NDVI and Ep (not shown). These results imply
that it is possible to obtain good performance with the SVM model even if some of the
input variables are not available. As expected, using only SM is not enough, and the results
obtained in this case are equivalent to those obtained with simple interpolations.

2.3.2. Spatial analysis

For the spatial domain, missing values were estimated by applying a total of nine
approaches to each CCI SM daily image. These methods were LI, Cl, SVM-Sah, SVM-Sa,
SVM-Ssh, SVM-Ss, SVM-Sdh, SVM-Sd and SVM with PCA (Table 2.2). The results of
the cross-validation analysis show that most methods yield adequate SM estimations
(Figure 2.7). The median values of R ranged between 0.48 and 0.88 for SVM with PCA
and SVM-Ssh, respectively. The bias values, as for the temporal domain, are practically
zero in all cases, implying few differences between the RMSE and cRMSE values. The
RMSE and cRMSE medians range between 0.043 and 0.024 m®m~3 for SVM with PCA
and SVM-Ssh, respectively. These results are similar to those obtained by (Llamas et al.,
2020), who reported higher RMSE values than those obtained with SVM-Ssh and similar
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correlation coefficients with the ordinary kriging and regression kriging methods. In
addition, their results with the generalized linear models showed lower R and higher RMSE
than those obtained with LI and CU. Although our results cannot be directly comparable as
they were focused on different study regions, they nonetheless provide an idea about the
quality of each method to estimate the missing CCI SM values. The results obtained in the
validation with in situ data (see Table 2.5) showed lower correlations between the
reconstructed series and the ground measurements when using any of the interpolation
methods. However, SVMs without using SM1 series offer similar results as the
interpolations approaches (Figure 2.7). When the SM.1 is used, the reconstructed series
validation results barely differ from the ones obtained with the original series, confirming
a good ability to estimate the CCl SM missing values in this input data configuration.

Again, it was observed that the SVM method performed better than the other methods but
only when SM¢1 was used. SVM with PCA, as was found with the temporal domain,
showed the poorest SM estimations (Figure 2.8). In addition, similar results were obtained
with SVM-Sd (i.e., dynamic variables as inputs and without the SM.1 series). Hence, it
follows that the SVM method is not capable of accurately simulating the spatial dynamics
of SM without previous information on SM. Nevertheless, when static variables are added
to the SVM (Sah, Ssh), the results improve.
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Figure 2.7 Statistical parameters of the cross-validation obtained for the nine approaches of the CCl
SM gap-filling procedure in the spatial domain.




Table 2.5 Validation of the CCI SM series, original and reconstructed in the spatial domain, with
in situ networks (ORA, ORACLE; TER, TERENO; REM, REMEDHUS; UMB, UMBRIA).

R BIAS (m3m?)
CCI SM

ORA TER REM UMB ORA TER REM UMB
Original 0.51 0.63 0.83 0.63 -0.014 0.019 -0.099 -0.004
LI 0.50 0.56 0.80 0.63 -0.015 0.021 -0.095 -0.003
Cl 0.49 0.55 0.79 0.62 -0.015 0.021 -0.095 -0.002
SVM Sah 0.51 0.64 0.83 0.66 -0.012 0.019 -0.099 -0.001
SVM Sa 0.50 0.63 0.82 0.68 -0.014 0.020 -0.098 -0.008
SVM Ssh 0.51 0.64 0.83 0.66 -0.012 0.019 -0.099 -0.001
SVM Ss 0.51 0.62 0.82 0.67 -0.014 0.021 -0.098 -0.011
SVM Sdh 0.51 0.64 0.83 0.66 -0.012 0.019 -0.099 0.000
SVM Sd 0.50 0.64 0.82 0.70 -0.014 0.020 -0.098 -0.005
SVM PCA 0.51 0.65 0.81 0.63 -0.014 0.017 -0.096 -0.007
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Figure 2.8 A transect for latitude 47.875° of the November 10, 2012, SM series reconstruction for
each spatial approach. The original CCl SM series (black) and the reconstructed series according
to a test set (blue).
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These variables describe the soil properties and place SM values in space. SVM-Ssh
obtained slightly better results than did SVM-Sah. Although differences in accuracy are
small, SVM-Ssh has the advantage of using the lowest number of variables. Furthermore,
the constraint of the availability of auxiliary databases with a coincident period with that
of the CCI SM series disappears. To our knowledge, this is the first study that applies ML
techniques in the spatial domain to estimate SM; therefore, we cannot compare our obtained
results with those obtained using similar approaches. It should be noted that although the
vast majority of gap-filling studies do not consider the use of only static layers, our results
show that this could be a promising rapid and good approach to address this problem.

An analysis for assessing the relevance of the input variables was also carried out for SVM-
Ssh, the best performing approach in the spatial domain. Six variables were combined and
evaluated in groups, as was done for the temporal domain. In total, 32 combinations in 6
groups were studied, always using the SMt.1. The best result obtained for each group was
very similar in all cases (Table 2.6). Unlike the temporal study, the most accurate
estimations were not obtained with the original combination of variables, that is, with the
six variables, but with using only the geographic coordinates of each pixel and the sand
content. This result implies that the SVM method could be simplified by reducing the
number of input variables and reach comparable performances.

Table 2.6 Median values of the best combination for each group for the input variable combination
analysis in the spatial domain.

N° Variables Combination R bias RMSE cRMSE
(m*m3) | (m*m3) | (m*m?)

6 SMe1, sand, clay, silt, lat., lon. 0.875 0.000 0.024 0.024

5 SMt.4, sand, silt, lat., lon. 0.878 0.000 0.024 0.024

4 SMt4, sand, lat., lon. 0.879 0.000 0.024 0.024

3 SM¢, lat., lon. 0.869 0.000 0.025 0.025

2 SM¢, lat., 0.836 0.000 0.027 0.027

1 SMt1 0.818 0.000 0.029 0.029

2.3.3. Random forest with the best combination of input variables

The selection of the input variables to the SVM has been key to obtain good estimates of
SM. To test the capacity of other non-linear approaches to estimating CCl SM missing
values, RF was evaluated using the best combination of input variables obtained with
SVMs for spatial and temporal domains. Thus, for the temporal domain, the variables of
the SVM-Tdh approach were used and for the spatial, the coordinates and the sand content
together with the SMx.1 series were used. The results (Figure 2.9) show that for the temporal
domain the correlation is similar to that obtained with the SVM-Tdh, while the errors are
slightly higher with a median of RMSE = 0.029 m®m3. RF has proven to be a good tool
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when estimating SM series in other studies (Long et al., 2019; Zhao et al., 2018) and results
obtained here are in line with them. However, the SVM showed to be more accurate. On
the contrary, the RF in spatial domain do not seem to be as accurate as SVM. The median
of R obtained with RF is 0.76, while with SVM is 0.88. The bias and the errors obtained
with RF are also higher, which indicates that RF in the spatial domain is not able to
generalize as well as the SVM.
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Figure 2.9 Statistical parameters of the cross-validation obtained for RF and SVM with best
combination of input variables in the spatial (S) and temporal (T) domain.

2.3.4. Comparison of the most accurate spatial and temporal
approaches

In general, all the methods and the different approaches studied in this work have proven
to be valid gap-filling techniques for the CCI SM series. However, some of them
reconstructed the time series with greater precision, specifically the SVM methods. For the
temporal domain study, the SVM using all the dynamic auxiliary variables and the SMt-1
as inputs provided the best results. For the spatial domain study, the SVM with only the
coordinates, sand content and SM of the day before as inputs was the most efficient. The
percentiles of the parameters obtained in the cross-validation analysis were calculated with
the aim of comparing the performances of the two approaches (Figure 2.10). The
correlation was greater for the spatial approach in all of the cases, and the RMSE was
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slightly lower. In addition, we observed that the temporal approach presented more outliers
than the spatial approach. This result is possibly due its relationship with the uncertainty of
the original CCl SM value in the temporal approach, while the spatial approach unifies all
the pixels and, consequently, leads to more stable estimates. Despite being an uncommon
approach, in terms of accuracy, the SVM applied in the spatial domain seems to be more
appropriate to reconstruct CCl SM series.

Regarding the applicability of the methods, on the one hand, the temporal approach enables
the completion of the series of each pixel, while the spatial approach depends on the
availability of the SM value of the day before. Hence, it would be necessary to iteratively
calculate the SM as is done in the temporal approach, but the quantification of the accuracy
of each model would not be plausible since many SVM models would be mixed (one for
each day). On the other hand, the spatial approach has the advantage of using only static
auxiliary variables and could be used seamlessly to complete the 40 years of the CCl SM
series. However, the precision of the method likely decreases in the early years of the series,
where data availability is very low. This should be the subject of further research.
Additionally, the spatial approach cannot be conducted on days where no SM value is
available in an entire region, unlike the temporal approach where there will always be
values for a given pixel. In summary, the performance of the two kinds of approaches may
be linked to the data availability for a specific region and period, but the two are
complementary and show great potential in terms of estimating the missing values in the
CCI SM database.
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Figure 2.10 Percentiles of the cross-validation analysis parameters for the most accurate temporal
(blue) and spatial (orange) approaches evaluated in this work.
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2.4. Conclusions

The CCI SM database is currently the longest available data record of satellite soil moisture.
However, its applicability is often compromised due to its spatiotemporal gaps, which
depend mostly on the available satellites across its 40-year period. In this paper, gap-filling
techniques of different complexities have been applied to ESA CCl SM data over Southern
Europe for the period 2003-2015. Methods focused on the spatial and temporal domains
have been explored and compared. Our results show that interpolation methods in both the
temporal and the spatial domains have the advantage of being simple. However, when
dealing with large spatial or temporal gaps, they failed. The autoregressive method in the
temporal study somewhat improved the estimates obtained by the interpolations but could
not address the large data gaps. In contrast, SVMs have proven to be a very robust technique
for estimating missing values, especially in the spatial domain, and the accuracy of the
estimates hardly depends on the gap length. The effectiveness of the SVMs had previously
been tested on in situ SM databases but never on satellite databases. The choice of input
variables for the SVM has been shown to have an impact on the method's performance.
Using the SM.1 series has proven to be key to obtaining good estimations in both temporal
and spatial analysis. The application of PCA to input variables did not improve the
performance and actually led to significantly worse results. In addition, the RF were not
able to reproduce the spatial dynamics of the SM as well as the SVM did, and the obtained
precision was slightly lower than the SVM when applied in the temporal domain.

For the temporal study, it was observed that the chosen variables were able to reproduce
the SM dynamics. In particular, LST and precipitation proved to be a crucial variable since
the accuracy always decreased when it was not incorporated. This result suggests that
SVMs are able to capture the nonlinear relationship between the dynamics of the two
variables. Interestingly, the variables used in the temporal approaches did not prove to be
as useful in the spatial domain, where the best results were obtained with variables
describing the spatial distribution of soil physical properties and antecedent SM. When
evaluating the relevance of input variables, we obtained the best results when only the
coordinates together with sand content and the SM one day before were incorporated into
the SVM. This approach presents an advantage since the number of input variables is
reduced, and therefore, the SVM model is simplified. However, it has been shown that the
two approaches are complementary, so a combination of them could resolve some of their
limitations. This assumption might be addressed in future studies.

The applicability of all the methods has been validated, and the results are satisfactory. We
proved that, despite being an uncommon approach, the SVMs in the spatial domain, with
the appropriate input variables, can be a suitable method used to fill the gaps in the CCI
SM database. Thus, this approach can be used to obtain a long-term SM satellite-derived
series with homogeneous coverage, meaning there are fewer limitations in applications
where data gaps are a problem. Overall, our results demonstrate the applicability of ML
approaches for gap-filling multidecadal soil moisture observational data records and
highlight the value of exploiting both the temporal and the spatial domains.
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Resumen

El impacto del cambio climéatico en la dindmica de la humedad del suelo (SM, soil
moisture) es incierto. Durante las Ultimas décadas se han estudiado los cambios de la SM
de la Tierra, de forma global y en diferentes regiones, pero Europa ha recibido poca
atencion. Ademas, la mayoria de los trabajos previos han evaluado solo el comportamiento
monotdnico de los cambios de la SM, algo que supone una asuncion taxativa y que no
siempre es valida. En este trabajo se argumenta que este hecho, junto con el uso de escalas
temporales largas, ha dificultado la observacion de patrones claros en las tendencias de la
SM en el continente. En este trabajo, se estudian las tendencias de la SM de Europa en un
periodo de 30 afios, desde 1991 hasta 2020, usando dos bases de datos complementarias,
una del proyecto de reanalisis ERA5-Land y otra del modelo LISFLOOD. Se consideraron
y aplicaron dos enfoques basados en rangos y una descomposicién empirica a las series de
anomalias mensuales y anuales de SM. La clasificacion de Kopen-Geiger ayudd a analizar
la distribucion de las tendencias de las anomalias de SM entre los diferentes climas
europeos. Los resultados obtenidos con ambas bases de datos, métodos y escalas
temporales fueron consistentes, siendo el método de descomposicion empirica el que,
generalmente, detectaba mas tendencias significativas. Los resultados muestran una
tendencia decreciente general de la SM, independientemente del tipo de clima, pero méas
intensa en Europa del este y central. Ademas, el método basado en rangos detectd6 menos
tendencias positivas significativas, lo que sugiere que los cambios a condiciones més
hdmedas tienen un comportamiento no monotdnico. Las diferencias mas notables se
obtuvieron con el método de descomposicion empirica cuando se compararon las diferentes
escalas temporales. Por esa razon, se realizé un andlisis intra mensual para aclarar los
diferentes patrones. Un aumento en tendencias significativas se observo en el mes de abril
y en el otofio (septiembre-octubre-noviembre). Ademas, se realizd un andlisis similar para
estudiar las tendencias de las caracteristicas sequias extremas (duracién, intensidad y
comienzo) y se obtuvieron resultados consistentes, siendo el método de descomposicion
empirica el que detectd mas tendencias significativas. Esta investigacion muestra un
aumento general de la duracion y la intensidad de las sequias extremas en el continente
europeo, tendiendo a retrasarse unos pocos dias por afio en las zonas aridas y templadas.

Palabras clave: Humedad del suelo, Tendencias, Sequia, Duracion, Intensidad, Onset,
Mann-Kendall, Empirical mode decomposition
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Abstract

The impact of climate change on soil moisture (SM) dynamics is uncertain. Changes in the
Earth's SM during recent decades have been studied globally and in different regions, but
little attention has been given to Europe. In addition, most previous works have just relied
on a monotonic behavior of SM changes, which is a strong assumption and not always
valid. We argue that this fact, together with the use of large temporal scales, has prevented
the observation of clear patterns of SM trends over the continent. In this work, we study
European SM trends for a 30-year period, from 1991 to 2020, using two complementary
databases, one from reanalysis project ERA5-Land and the other from the model
LISFLOOD. Both rank-based and empirical decomposition approaches have been
considered and applied to monthly and annual series of SM anomalies. The Képpen-Geiger
classification allowed us to analyze the distribution of SM anomaly trends in the separate
European climates. The results obtained with both databases, methods and temporal scales
were consistent, with the empirical decomposition method generally detecting more
significant trends. Our results show a general decreasing trend of SM, regardless of climate
type but more intense in Eastern and Central Europe. In addition, the rank-based method
detected fewer positive trends, suggesting a non-monotonic behavior in changes to wetter
conditions. The most notable differences were obtained with the empirical decomposition
method when comparing the different temporal scales. Hence, an intramonthly analysis was
conducted to provide insight into the different patterns. An increase in significant trends
was observed in April and the autumn (September—October-November). Furthermore, we
conducted a similar analysis to study trends in extreme drought characteristics (annual
duration, intensity and onset) and we obtained consistent results, with the empirical
decomposition method detecting more significant trends. Our investigations show a general
increase in the duration and intensity of extreme droughts over the European continent,
tending to be delayed a few days per year in arid and temperate regions.

Keywords: Soil moisture, Trends, Drought, Duration, Intensity, Onset, Mann-Kendall,
Empirical mode decomposition
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3.1. Introduction

Soil moisture (SM) is considered an essential climate variable (GCOS, 2010). It exerts
control on the water and energy exchange between the soil and the atmosphere, as it
behaves as a storage component for precipitation and induces persistence in the climate
system (Martinez-Fernandez et al., 2021; Piles et al., 2022; Seneviratne et al., 2010).
Climate change is predicted to disrupt many environmental and, therefore, social and
economic processes (Grillakis, 2019). Subsequently, it is likely that SM dynamics will also
be affected and thereby alter the availability of water for plants (Kramer, 1944), the runoff
yield (Merz and Plate, 1997) or the intensity and frequency of droughts (Martinez-
Fernandez et al., 2015). However, the magnitude and extent of these changes are still
uncertain (Cheng et al., 2017).

There are several studies dedicated to the study of the SM trend, both on global (Albergel
et al., 2013; Dorigo et al., 2012; Feng and Zhang, 2015; Piles et al., 2019; Sheffield and
Wood, 2007) and regional scales (An et al., 2016; Li et al., 2015; Qiu et al., 2016; Rahmani
et al., 2016; Trnka et al., 2009b; Zawadzki and Kedzior, 2014). Most of those studies just
analyzed a monotonic trend, but SM, as many hydroclimatic variables, exhibits nonlinear
and non-stationary changes (Bai et al., 2015). Additionally, the computed trends are known
to strongly depend on the period of study (Hénsel et al., 2019; Sang et al., 2014) and the
temporal scale analyzed (Gudmundsson and Seneviratne, 2015; Sang et al., 2021),
especially when monotonic approaches are used. Hence, the extended use of methods that
just account monotonic behavior to estimate SM changes has led in some cases to
discrepancies between trends of series with different time scales or periods, which are
difficult to interpret and reconcile (Dai, 2013). In particular, few trends have been observed
in Europe when monotonic behavior is assumed (Albergel et al., 2013; Cammalleri et al.,
2016; Dorigo et al., 2012; Zawadzki and Kedzior, 2014). In contrast, trends in drought
indices, runoff, temperature, precipitation or evaporation have shown statistical
significance in this region (Gudmundsson and Seneviratne, 2015; Hansel et al., 2019;
Jaagus et al., 2021; Masseroni et al., 2021; Song et al., 2020; Vautard et al., 2007), which
suggests that the existence of similar trends in SM would be expected. Some studies have
reported SM changes in recent decades throughout Europe. For example, Cammalleri et al.
(2016) found differences between the year-average deficit water in most of the European
soil surface. In regional studies, Almendra-Martin et al. (2021a) observed a general
decreasing trend of SM in the Iberian Peninsula, and (Trnka et al., 2009a) analyzed SM
derived by precipitation and temperature in situ series in the Czech Republic and found a
larger number of climatic stations with significant trends.

Although some studies have analyzed nonlinear trends of hydroclimatic variables (Adarsh
and Janga Reddy, 2019; Bordi et al., 2009; Carmona and Poveda, 2014; Wei et al., 2018),
only a few are focused on SM series. Deng et al. (2020) found a change in the SM trend at
the global scale in 2001 with a changing rate twice that of the previous period. Pan et al.
(2019) proposed a nonlinear approach to estimate trends based on a polynomial fit.
However, the general best fit they obtained was a first-degree polynomial, namely, a linear
approach. Trend identification in hydrologic time series is not a trivial task (Bordi et al.,
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2009; Sang et al., 2013), and many novel methods have been used to accurately identify
components in its series (Sang et al., 2014), but very few of them have accounted for
nonlinear SM behavior (Bueso et al., 2020a; Cheng and Huang, 2016; Piles et al., 2019).

Unlike other hydroclimatic variables, the study of SM trends has not received special
attention until recent years due to a lack of long-term and continuous databases. For the
stable records of climate, it is considered that a climatological-length series is needed
(Merchant et al., 2014), and few databases of SM have that length. Remote sensing
databases, such as the European Space Agency Climate Change Initiative (CCI) SM,
provide spatial-temporal continuous series. However, some limitations are found in such
databases, such as data gaps (Almendra-Martin et al., 2021b) or breaks due to its merging
algorithm (Preimesberger et al., 2021). In contrast, the latest advances in land surface
modelling and assimilation of observations in reanalysis ensure the completeness of
separate variables at the global scale, such as SM, to enhance research in climate change
studies (Mufioz-Sabater et al., 2021).

The main objective of this work is to study the trend of SM in Europe during the last three
decades (1991 to 2020). The studies published thus far on the SM trend have been on a
global scale, focusing the analysis on areas of special interest such as the Sahel, Australia,
India or North America (Sheffield and Wood, 2007). However, too little attention has been
given to Europe despite the expected increased risk of drought on the continent (Naumann
etal., 2021). The second objective of the study is the comparison between a rank-based and
an empirical decomposition approach in the analysis of SM trends. For these purposes, SM
trends from two databases, one from modelling and the other from reanalysis, have been
studied over Europe. Two methods were used: a widely used method based on monotonic
behavior, the Mann-Kendall (MK), and a novel nonlinear method, the empirical mode
decomposition (EMD). The statistical significance of trends and their signs were evaluated
in the different types of climate, according to the Képpen-Geiger classification. In addition,
the study was conducted at different time scales (monthly and annually) to gain a full
understanding of the changes in temporal SM temporal dynamics that occurred in Europe
during the last 30 years, from 1991 to 2020.
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3.2. Material and methods

3.2.1. Soil moisture data

Two different SM databases were used, both provided by the Copernicus Climate Change
Service (C3S) but with different sources and characteristics. On the one hand, the European
Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis project ERA5-Land
provides several land variable series, including SM. The land surface reanalysis describes
the water and energy cycles over land by using the Hydrology Tiled ECMWF Scheme for
Surface Exchanges over Land (HTESSEL) (Balsamo et al., 2009), and derives the
atmospheric forcing from ERAS5 (Mufioz-Sabater et al., 2021). ERA5-Land (for simplicity,
hereafter ERASL) is indirectly influenced by several sources of assimilated observations,
satellite and in situ (Hersbach et al., 2020), through the atmospheric forcing. The series are
provided from 1981 to the present with hourly temporal resolution and a regular grid of
0.1°. SM is estimated in 4 depth layers from 0 to 289 cm. In this work, only surface (0—
7 cm) SM was studied; thus, only the first layer of the product and the data at 12 am and
12 pm were used.

On the other hand, the SM series from the hydrological rainfall-runoff model LISFLOOD
(LF) were also used. This model was developed by the floods group of the Natural Hazards
Project of the Joint Research Centre (JRC) of the European Commission (van der Knijff et
al.,, 2010) and is used in the Copernicus European Drought Observatory (EDO)
(https://edo.jrc.ec.europa.eu) and the European Flood Awareness System (EFAS) (Smith
et al., 2016). The model can simulate the long-term water balance by considering several
processes such as snow melt, infiltration, interception of rainfall, evaporation or soil
moisture exchange between the soil layers, among others Commission (van der Knijff et
al., 2010). In this work, the dataset produced by EFAS was used, which was produced with
gridded observational meteorological data (Smith et al., 2016). The SM series are provided
daily since 1991 to present with a spatial resolution of 5 x 5 km (de Roo et al., 2000). SM
is estimated for 3 depth layers, but only the first layer, which refers to the first 5 cm of the
soil, was considered in this study.

Both databases have been validated (Laguardia and Niemeyer, 2008; Li et al., 2020) and
widely used for several applications (Gonzalez-Zamora et al., 2021; Zhang et al., 2021),
including the study of SM trends (Almendra-Martin et al., 2021a; Cammalleri et al., 2016).
Validation studies have shown accurate estimations of SM for both products in the region
of study except for high latitudes and the Alps because of the poor performance in
heterogeneous landscapes and topography regions, the presence of ice cover and the limited
availability of satellite data (Laguardia and Niemeyer, 2008; Li et al., 2020). In this work,
a comparison between both products was conducted (results not shown). The LF database
was resampled into the ERAS5L grid by calculating the spatial average, and the series were
compared. A good correlation was obtained, with a median value of Pearson correlation
coefficient of 0.67. The poorest values were obtained for the Alps and the Scandinavian
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Peninsula, in line with previous works (Laguardia and Niemeyer, 2008; Li et al., 2020).
Therefore, these regions were filtered using auxiliary databases.

Taking all of this into account, trends of SM anomaly series were evaluated for the study
period, 1991-2020, and the monthly and annual temporal scales were analyzed. Thus, first,
the daily series of both products were averaged into these scales. Then, anomalies were
calculated by subtracting the monthly and annual mean calculated using the entire period
of study for each pixel.

3.2.2. Auxiliary data and mask

Some regions were excluded from the study due to different factors, such as irrigation
management, areas with permanent or seasonal ice cover or regions where estimations of
SM are not such accurate. For this reason, ancillary databases were used to create a mask
that filters these areas.

For the irrigated areas, the Digital Global Map of Irrigation Areas of the Food and
Agriculture Organization (FAO) was used. It consists of a global map with a spatial
resolution of 5 arc minutes that provides the percentage area irrigated (Siebert et al., 2005).
In this study, pixels with >10% irrigation area were masked.

The Kdppen-Geiger classification was used both to study the distribution of SM anomaly
trends in the different European climates and to mask regions with less accurate SM values
due to the presence of ice cover. This classification uses 3 categories to describe the various
types of climates worldwide (Peel et al., 2007). The first category contains 5 main classes
that are subdivided into 30 different types of climates. In this work, the map developed by
Beck et al. (2018) with a spatial resolution of 1 km was used. This map was resampled into
LF and ERASL grids using a majority filter. The rest of the climate subdivisions were
merged into their more general categories until each class represented at least 1% of the
area of study.

Table 3.1 Percentages of coverage in Europe of each Kdppen-Geiger climate type and the mask
used in the study in both SM databases spatial resolution.

Koppen-Geiger LF (%) ERASL (%)
Cold - without dry season - warm summer (Dfb) 44 46
Cold - without dry season - hot summer (Dfa) 3 3
Temperate - without dry season (Cf) 22 22
Temperate - dry summer (Cs) 9 8
Arid (B) 5 5
Mask 18 17
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Figure 3.1 Spatial distribution of the Kdppen-Geiger climate types and the mask used in the study.

Therefore, the mask was created by incorporating all the pixels considered irrigated areas
and those with polar and cold — without dry season — very cold winter climate. In this way,
those regions with low accuracy SM estimations for both products are excluded. The final
classification used to study the SM trend distribution is shown in Table 3.1, and a map with
the spatial distribution of each class is shown in Figure 3.1.

3.2.3. Drought attributes series

Since SM changes have a direct impact on the various types of droughts, their trends were
also studied by analyzing the main attributes that characterize drought, namely, onset,
duration and intensity. According to Sheffield and Wood (2007), a drought is defined as a
period with SM quantile values below an arbitrary threshold. In this study, the threshold
was set in the 10" percentile (qi0) of the daily series of each pixel, corresponding to severe
drought (Sheffield and Wood, 2008). Annual series were obtained for each attribute. Thus,
duration (D) was calculated as the number of days in a year that SM had values below qao.
Onset series were calculated as the first day of the year on which SM presented a value
below the threshold and was maintained for at least seven consecutive days. The 7-day
criterium was chosen to avoid a flash drought occurring before the dry season from setting
the representative onset of a specific year. Finally, intensity series were calculated as the
mean magnitude over the drought duration of each year, with the magnitude of the deviation
below the threshold.

67



68

3.2.4. Trend analysis

Hydrological trend identification is a challenging task usually investigated under the
assumption of monotonic behavior in their interannual changes (Sang et al., 2013), but
hydroclimatic series are known to change nonmonotonically. Linear trends can be heavily
influenced by the period and the temporal scale of the study (Pan et al., 2019; Sang et al.,
2018). Monotonic approximations, in turn, have also been proposed to study hydroclimatic
series trends in the literature and have shown consistent results (Albergel et al., 2013;
Dorigo et al., 2012; Li et al., 2015). In this work, two methodologies were considered to
evaluate SM anomaly trends to consider both strategies, monotonic and nonmonotonic.
Both methods were applied to the entire annual and monthly series of SM anomaly. In
addition, interannual changes were computed for SM anomaly series by separately
analyzing trends for each month.

3.2.4.1. Mann-Kendall test

The MK test (Kendall, 1948; Mann, 1945) is a nonparametric test widely used to detect
trends. It identifies the monotonic upwards or downwards trend of a series and determines
if it has statistical significance at a given level. The null hypothesis assumes that a given
series has no trend, i.e., it is independently distributed. To accept or reject the null
hypothesis, the statistic S, which determines the sign of the trend, is calculated of the
following form:

S = f zn: sgn(xj — xl-) (3.1)

i=1 j=it+1

where x refers to the points of a series of lengths n, and sgn() is the sign function that
makes the test robust against outliers (Asfaw et al., 2018). The significance of the trend at
a given significance level is given by the Z parameter obtained as follows:

S—-1
—_ S>0
Jvar(S)
S+1
$<0

Jvar(S)

where var refers to the variance. In this study, the significance level was set to 0.05, which
implies that with absolute values of Z greater than 1.96, the null hypothesis is rejected, and
the trend can be considered significant. One limitation of the MK is the chance of obtaining
a significant trend with autocorrelated series (Hamed and Rao, 1998); however, we deal
with this problem here by analyzing the anomalies of SM series, which is a common
practice to avoid seasonal effects when analyzing SM trends (Albergel et al., 2013).
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3.2.4.2. Empirical Mode Decomposition

The EMD is a method developed by Huang et al. (1998) for the analysis of nonlinear and
nonstationary data. It allows the decomposition of a series into a number of intrinsic mode
functions (IMFs) by empirically identifying the intrinsic oscillatory modes (Figure 3.2a).
An IMF meets that (i) its number of extrema and its number of zero crossings must either
be equal or differ at most by one, and that (ii) at any point, the mean value of the envelopes
defined by the local maxima and by the local minima is zero (Narayanankutty et al., 2010).
The decomposition is performed through a shifting process using only local extrema. For a
signal x(t), first, all the local extrema are identified. These local maxima and minima are
connected with a suitable curve-fitting method. In this work, the piecewise-cubic Hermite
interpolation polynomials method was used. The first component is obtained by subtracting
the local mean curve of the upper and lower envelopes. The obtained component is treated
as the original signal, and these steps are repeated until the envelopes are symmetric with
respect to zero mean under certain criteria (Wu and Huang, 2009). The final component is
designated as one IMF (C;), and it is defined as follows: ry = x(t) — C;. The shifting
process is repeated using r, as the signal, and it is completed when the last component
obtained becomes a monotonic function, the residual (R,,), from which no more IMF can
be extracted. Thus, the EMD decomposes a signal x(t) of the following form:

x(£) = Z Ci+R, (3.3)

where the residual R,, represents the monotonic trend of the entire period of the series. This
resulting trend is analyzed, as in the MK method, by its sign and its significance.

To differentiate the IMFs that provide a physically meaningful representation of the
fundamental processes from those that represent the inherent noise in the data,
characteristics of noise need first to be established (Wu and Huang, 2005). Wu and Huang
(2005, 2004) studied the characteristics of white noise by using EMD and proposed a
method to test the statistical significance based on deduced analytic expressions that
describe the statistical characteristics of white noise. Thus, as the IMFs separate physical
processes of a series at various time scales and give its temporal variation without a linear
assumption, the mean period of the nth IMF (T},) can be estimated as the ratio between the
number of data (N) and the number of extrema of the series:

N

= 3.4
" N2extrema (34)
And the energy density (E,,) of the nth IMF (C,,) is defined as:
N
. Z c 35
=5 2160 (35)
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Figure 3.2 EMD is applied to an annual SM anomaly series as an example. (a) IMFs C1, C2 and
C3 and the residual Rn (blue) obtained in the decomposition of a series x (black). (b) Representation
of the a priori (blue stars) and a posteriori (red stars) significance tests with the spread lines at a
95% confidence level (black lines).

The authors established the spread of the energy densities of white noise by using the Monte
Carlo method for different series of length (N). With this, they studied the relationship
between the mean period (T;,) and the energy density (E,,) and defined its spread function.
In this way, they designed a test to evaluate the significance of each IMF. First, the
normalized series (between -1 and 1) is decomposed using EMD (Figure 3.2a), and the
mean period and the energy density of each component is obtained. Then, the upper and
lower lines of the spread function (black lines in Figure 3.2b) of the energy distribution at
a confidence level are calculated using the analytical expressions defined in (Wu and Huang
(2004). Finally, the energy density of the IMFs and the spread function are compared (blue
stars in Figure 3.2b), if the energy is located between the upper and lower limits should be
considered to contain just noise. However, this is an a priori test, in which the noise level
of the data is unknown. For series in which it can be established that an IMF is just noise
as it contains little useful information (IMF1), its energy can be assigned to the 99%
confidence upper line (Wu and Huang, 2005). With its energy, the energies of the other
IMFs are rescaled (red stars in Figure 3.2b). In this a posteriori tests, the upper line of the
spread function (upper black line in Figure 3.2b) sets the significance threshold. The IMFs
with an energy above the threshold have physically meaningful representation. The a
posteriori test has been verified and is widely used to lay the significance down when using
the EMD (Adarsh and Janga Reddy, 2019; Lee and Ouarda, 2011; Wu and Huang, 2005).
To evaluate the significance of the trend, this test was applied to the residual as in Sang et
al. (2014).
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3.3. Results and discussion

3.3.1. Annual and monthly soil moisture anomalies trends

The results for both trend analysis (MK and EMD) and SM products (ERA5L and LF)
consistently agree on a general prevalence of negative trends, regardless of the type of
climate, which implies a change to drier conditions in most parts of the European continent
during the last 30 years (Figure 3.3, Figure 3.4). In general, the EMD method detects more
significant trends than MK, and the increase in significant trends when using EMD is
associated with an increase in positive trends. This fact could be related to the magnitude
of these trends, since the MK does not have the power to detect small trends masked by
other components of the series (Sang et al., 2014). This may imply that in regions showing
an increase of SM with the EMD but not with MK, the components of the series with a
nonmonotonic behavior have more weight than its long-term trend.

The spatial distribution of the obtained trends (Figure 3.3) indicates great consistency
between the methods and temporal scales of the analysis. With both SM products, positive
trends are mainly obtained in Scotland and northern Ireland, which implies a change to
wetter conditions, similar to what Bordi et al. (2009) obtained. Changes to drier conditions
are located in central and eastern Europe, in line with previous studies (Jaagus et al., 2021,
Trnka et al., 2009b). Thus, regions that show a wetting trend are generally located at higher
latitudes, in areas where the average moisture content is higher, and drying trends are
generally located in central and southern Europe. This is in line with the “dry gets drier,
wet gets wetter” trend paradigm studied by Feng and Zhang (2015). In contrast, very few
and limited regions show distinct trends depending on the SM product used, such as
Bulgaria, where a positive trend dominates with LF, and a negative trend with ERA5L or
the Italian Peninsula, where a negative trend is observed in monthly series with LF but
positive with ERAS5L.

LRASL monthly (MK) LRASL annual (MK) ERASL monthly (EMD) LRASL annual (LMD)

Figure 3.3 Spatial distribution of soil moisture anomaly trends obtained with ERA5L and LF for
monthly and annual series using MK and EMD methods.
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Figure 3.4 Percentage of pixels with significant trends (S, black line) and percentage of positive (P,
blue bar) or negative (N, orange bar) trends regarding the significant ones, of each SM database
and Kdppen-Geiger climate regions in Table 3.1. The results are shown for the two methods, EMD
and MK, and the two temporal scales, monthly and annual.

At temporal scales, the MK method shows more trends that are significant in monthly series
than in annual series. This could be related to the fact that the MK depends on the sample
size as well as on the magnitude of the trend to be identified (Adamowski et al., 2009; Sang
et al., 2014). However, this difference is also observed when using EMD. This implies
fewer interannual changes in this variable, similar to what (Piles et al., 2019) and what
Vicente-Serrano et al. (2021) saw when they analyzed SM and droughts trends respectively.
In the literature, trends have usually been analyzed at annual or seasonal scales and
assuming monotonic behavior; thus, significant long-term trends have barely been
observed in Europe (Albergel et al., 2013; Dorigo et al., 2012; Feng and Zhang, 2015).The
distribution of trends according to the type of climate is quite similar. Although some
patterns are observed, in all cases, they imply a change to drier conditions (Figure 3.4). In
general, higher percentages of significant trends are located in regions with cold climates
(Dfa and Dfb). When using MK, regions with temperate climates (Cs and Cf) present the
lowest percentages of significant trends, while with the EMD, this pattern is not observed.
Attending to products, higher percentages of significant trends in arid climate areas (B) and
temperate with dry summer climate areas (Cs) are observed with LF. Finally, when
comparing temporal scales, at monthly scale Cs region shows an abnormal positive trend
percentage with ERASL associated with positive trends obtained in Italy; however,
although the number of significant trends is very low, a high percentage of positive trends
are also obtained with this product at monthly scale with EMD.
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Comparative tables were elaborated to quantify the differences between the results obtained
with two methodologies (Table 3.2), temporal resolutions (Table 3.3), and products, similar
to Qiu et al. (2016), but analyzing only pixels with a significant trend. The match rate is
always higher than the discrepancies, with the negative trends being more consistent. On
the one hand, when comparing both methods, it is observed that EMD tends to detect
positive trends that MK considers negative (Table 3.2). Sang et al. (2014) obtained similar
results when analyzing precipitation series, and they observed that the MK test
underestimated the upwards trend. On the other hand, trends obtained with various
temporal scales applying MK present no discrepancies; however, the number of coinciding
significant trends is very low. In contrast, with EMD, higher values of significant trends
are obtained, and therefore, discrepancies increase, with its total percentage being greater
than that of positive coincident trends. These discrepancies again suggest that changes to
wetter conditions are occurring slightly enough to be masked by nonmonotonic
components of the series.

Table 3.2 Comparison of the percentage of trends obtained with the two methods, MK and EMD,
for the two SM databases used at annual and monthly time scales. Sign “+” indicates positive and
significant trends, and sign “-” indicates negative and significant trends.

ERASL LF
MK + MK - MK + MK -

EMD + 9 7 11 11
Monthly

EMD - 1 83 1 77

EMD + 3 2 12 7
Annual

EMD - 0 95 0 81

Table 3.3 Comparison in percentage of trends obtained for the two timescales, annual (A) and
monthly (M), for the two methods and SM databases used. Sign “+” indicates positive and
significant trends, and sign “-” indicates negative and significant trends.

ERAS5L LF
M + M - M + M -
A+ 15 9 16 12
EMD
A - 12 64 11 61
A+ 3 0 10 0
MK
A - 0 97 0 90




74

3.3.2. Monthly pattern of soil moisture anomalies trends

Despite the general consistency between results when using different approaches, some
variations have been observed that deserve particular attention. The most notable ones were
obtained when studying trends of the series with different temporal resolutions using the
empirical decomposition method. To clarify these differences, a dedicated analysis of
monthly changes and trends was performed. This approach revealed that most changes in
SM are not uniform among the year. For simplicity, only results obtained with the EMD
are shown (Figure 3.5, Figure 3.6), since very few significant trends were obtained with
MK for this analysis.

Again, trends obtained with both SM products are consistent. An increase in significant
negative trends is obtained in April over almost the entire continent with both products,
which implies a general decrease in SM during this month. These results are in concordance
with several studies that have detected drier springs in Europe over the last decades (Jaagus
et al., 2021; Trnka et al., 2009b; Vautard et al., 2007). In contrast, an increasing trend of
SM is obtained in the Iberian Peninsula for that same month, similar to what Almendra-
Martin et al. (2021a) observed using a rank-based approach. The same wet pattern in the
Iberian Peninsula (IP) and dry pattern elsewhere in Europe were obtained when analyzing
precipitation trends of climatic research unit (CRU) monthly anomaly series (Figure 3.A1),
which reinforces our obtained results with SM time series, i.e., a change in trend to wetter
conditions in April and May in the IP.

In addition, the percentage of significant trends rises during autumn (September—October-
November) for both products and in the winter (December—January-February) for the LF
product (Figure 3.6). Between these months, there is a fluctuation in the sign of the trends
obtained, which emphasizes the nonmonotonic behavior of SM at this temporal scale.
November and January show a predominance of decreasing trends in most of the European
territory, while for December and February, increasing trends in SM anomalies are mainly
observed. However, a constant pattern of increase in SM trends is obtained for the winters
in the northeastern region (Estonia, Latvia, Lithuania and Belarus), in concordance with
what Cammalleri et al. (2016) obtained and with the increase in the winter precipitation
observed by Jaagus et al. (2021) in this region. A decrease in significant trends is observed
in the summer (June—July-August) months; however, there is a predominance of negative
trends.
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Figure 3.5 Spatial distribution of SM anomaly trends (EMD) obtained with monthly ERASL series
for each month.
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Figure 3.6 Spatial distribution of SM anomaly trends (EMD) obtained with monthly LF series for
each month.
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3.3.3. Drought attribute trends

Trends in SM anomaly series have been detected; thus, changes in related drought
characteristics could be expected. To verify this, a similar analysis using MK and EMD
was conducted on drought attributes annual series of ERAS5SL and LF to identify their
changes during the last three decades. The EMD method also detected more significant
trends than MK, but more importantly, our results obtained with both methods show a
general increase in the duration and intensity of extreme droughts over the European
continent (Figure 3.7). These results are in agreement with the expected evolution based on
climate change models under different scenarios (Giorgi and Lionello, 2008; Grillakis,
2019; Spinoni et al., 2018). In addition, our results indicate that the onset of extreme
drought events, in general, tends to be delayed a few days per year in some regions,
especially with ERA5L in arid and temperate regions (Figure 3.A2).
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Figure 3.7 Percentage of pixels with significant trends (S, black line) and percentage of positive (P,
blue bar) or negative (N, orange bar) trends regarding the significant ones, of duration, intensity
and onset annual series of each SM database in each Kdppen-Geiger type of climate. The results
obtained with the two methods, EMD and MK.

In this analysis, the increase in significant trends when using EMD is associated with a
slightly increase in negative trends for intensity and duration attributes, which implies a
change to shorter and less intense droughts in some regions, mainly in Cf and Dfb climates.
Again, we could only detect these changes with the empirical decomposition method and
not with the MK approach, which suggests the convenience of using methods that account
with nonmonotonic behavior to analyze the trend in soil moisture anomalies.

When each type of climate trend is analyzed, different patterns in drought trends are
observed. Cf, Dfa and Dfb refer to climates without a dry season; therefore, lower changes
in droughts should be expected. Indeed, the results obtained with the intensity series present
the lowest percentages of significant trends, and almost half of them show a decreasing
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trend in intensity with EMD in Cf and Dfb. However, there is a general increase in the
duration of droughts in these regions, and the start of drought events tends to advance in
temperate climate Cf and some regions with a Dfb climate. A clear pattern is observed in
arid regions and regions with more intense, longer and increasingly delayed extreme
droughts, although the number of significant results depends upon the SM product used, as
LF detects more trends in duration series but less in onset than ERAS5L. Similar results were
obtained in regions with a Cs climate.

This general increase in the duration and intensity of extreme droughts is consistent with
several changes observed in the precipitation behavior over Europe in prior studies (de Luis
et al., 2011; Hansel et al., 2019; Hyncica and Huth, 2019), alongside the rise of average
temperature (Trenberth, 2011) and the consequent increase in potential evapotranspiration,
which, in turn, causes an increase in extreme events such as droughts (Hénsel et al., 2019;
Jaagus et al., 2021).
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3.4. Conclusions

In this work, the trend of SM in Europe in the last three decades was investigated using
rank-based and empirical decomposition approaches. For this, two SM databases, one from
modelling (LF) and the other from reanalysis (ERA5L), were used. Anomaly series of SM
were calculated at monthly and annual temporal scales and were analyzed using two
approaches: monotonic (MK) and nonmonotonic (EMD). Strong consistency was observed
between the results of both databases, methods and temporal scales. The distribution of SM
anomaly trends in the different European climates was also studied, and no clear pattern
was identified. The results showed a general change trend to drier conditions, mainly
located in Central and Eastern Europe. Although the MK method has been widely used to
study the trends of SM, the empirical decomposition approach detected more significant
trends. The patterns in SM that could be identified only with EMD are in accordance with
changes observed in other hydroclimatic variables on this continent during recent decades,
such as temperature, precipitation or evaporation. Furthermore, many of the trends
observed with EMD and not with MK are positive, while negative trends are more
consistent with both methods. This suggests that changes to wetter conditions can be
masked by a nonmonotonic behavior of the series.

The most notable differences in SM trends were obtained when comparing the results at
monthly and annual scales, especially when using the EMD method. Less significant trends
were observed at annual than at monthly scales, but significant ones showed in some
regions different signs depending on the temporal scale. To further scrutinize this
mismatch, interannual changes for each month series were analyzed using the EMD
method. A general decreasing trend in SM anomalies was obtained in April over the entire
continent, which implies a trend towards drier springs in Europe. Just the Iberian Peninsula
showed the opposite behavior with an increasing trend of SM in April. Autumn and winter
months showed a fluctuation in the sign of the trends, which emphasizes the nonmonotonic
behavior of changes in this variable in the months when the average SM is the highest. In
contrast, summer months showed fewer significant trends; however, the significant trends
indicate a trend towards drier conditions.

As several changes were observed in the SM series, related changes in the characteristics
of drought events could also be expected. To evaluate this hypothesis, the duration,
intensity and onset annual trends of extreme droughts in Europe were studied. The results
showed a prevalence of an increase in the duration and intensity of extreme droughts and a
few days of delayed onset per year. However, some change patterns in the different climate
regions of Europe could be observed only with the EMD method. Areas with climates
without dry season (Cf, Dfa and Dfb) showed the lowest percentage of significant trends in
intensity series, and almost half of the area showed a decreasing trend. However, the
duration of extreme droughts showed a general increasing trend, especially in the coldest
regions (Dfb). In arid regions, a clear pattern of increasingly longer, more intense and
delayed extreme droughts was observed. In this analysis, the EMD method again detects
more trends than MK, in particular, the negative (drier conditions) trends.
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SM trends have been commonly studied through approaches that just account for the
monotonic change and at large temporal scales. This has resulted in few to no changes in
patterns being detected when analyzing this variable in Europe during recent decades.
However, trends in related variables such as temperature or precipitation have been
observed due to the impact of climate change, so changes could also be expected in SM.
The empirical decomposition approach used in this work has revealed a large number of
trends that show a general decreasing SM pattern in Europe, reconciling the results
previously reported in the literature when analyzing the trends in intimately linked variables
such as temperature, precipitation or evaporation. The results of this work prove that
empirical decomposition approaches allow to account for the nonmonotonic behavior of
the series and can be a suitable tool to understand the changes in SM dynamics, as well as
the impact of climate change on this variable, which could be instrumental to better
understand subsequent changes in the Earth's water cycle.
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Figure 3. Al Spatial distribution of precipitation anomaly trends obtained with monthly CRU series
for each month.
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Figure 3. A2 Change in the extreme drought event onset trend expressed in days per year.
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Resumen

La humedad del suelo (SM, soil moisture) juega un papel clave en el ciclo del agua, y su
variabilidad esta intimamente ligada a los procesos acoplados entre la tierra y la atmosfera.
Tener un buen conocimiento sobre las interacciones suelo-atmdsfera es, por tanto, esencial
para determinar el impacto del cambio climatico en la SM. Sin embargo, muchos aspectos
sobre los intercambios de agua y energia entre el suelo y la atmdsfera son todavia inciertos.
En particular, se sabe que los patrones de circulacién atmosférica influyen en las
condiciones climaticas de Europa, pero su impacto en la SM rara vez ha sido estudiado.
Este estudio proporciona conocimiento sobre como los patrones atmosféricos influencian
la dindmica de la SM en Europa, donde se espera un incremento de las temperaturas y la
sequia agricola como impacto del cambio climético. Para ello, se analiz6 la influencia de
la North Atlantic Oscillation (NAO), la Arctic Oscillation (AO), y El Nifio Southern
Oscillation (ENSO) en la SM europea, incluyendo el desfase en la respuesta, para el
periodo 1991-2020 a una escala mensual. Se emplearon dos métodos: el analisis lagged-
correlation y un enfoque mas sofisticado de analisis de causalidad usando el PCMCI
(método PC combinado con el test momentary conditional independence (MCI)). Se
consideraron series de SM de dos bases de datos diferentes: el modelo hidrologico
LISFLOOD vy el conjunto de datos de reanélisis ERA5-Land. Los resultados obtenidos del
andlisis lagged-correlation muestran relacion significativa, predominantemente negativa,
entre laSM y NAO y AO en la mayor parte de Europa, y ninguna relacion significativa con
ENSO. Con el andlisis de causalidad, se encontraron patrones similares para NAO y AO,
sin embargo, el analisis con PCMCI revel6 patrones claros de influencia de ENSO en la
SM con una respuesta retardada de uno o dos meses en Europa central y noroeste. Los
resultados obtenidos en este trabajo ponen de manifiesto una relacion causal entre los
principales modos de oscilaciéon climatica interanual y la variacion de SM en Europa,
resaltando la importancia de contar con los patrones de circulacion atmosférica para
estudiar los actuales cambios regionales en los procesos relacionados con el agua del suelo.

Palabras clave: Humedad del suelo, North Atlantic Oscillation, Arctic oscillation, El Nifio
Southern Oscillation, Causalidad, Respuesta retrasada
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Abstract

Soil moisture (SM) plays a key role in the water cycle, and its variability is intimately
linked to coupled land-atmosphere processes. Having a good knowledge of soil-
atmospheric interactions is thus essential to assess the impact of climate change on SM;
however, many aspects of how water and energy exchanges occur in the soil-atmosphere
continuum are still uncertain. In particular, it is known that atmospheric circulation patterns
influence climate conditions over Europe but their impact on SM has only rarely been
studied. This study provides insight into how atmospheric patterns influence soil moisture
dynamics in Europe, where an increase in temperature and agricultural droughts are
expected as an impact of climate change. To do so, we analysed the influence of the North
Atlantic Oscillation (NAO), the Arctic Oscillation (AO), and the El Nifio Southern
Oscillation (ENSO) on European SM, including lagged responses, for the period 1991—
2020 at a monthly scale. Two methods have been used: a lagged correlation analysis and a
more sophisticated causality approach using the PCMCI (PC method combined with the
momentary conditional independence (MCI) test). SM series from two different databases
were considered: the hydrological model LISFLOOD and the reanalysis dataset ERA5-
Land. The results from the correlation analysis showed a significant, predominantly
negative relationships of SM with NAO and AO over almost all of Europe and no
significant relation with ENSO. With the causality analysis, similar patterns are obtained
for NAO and AO; however, the PCMCI analysis revealed clear patterns of ENSO
influencing SM with a delayed response of one-to-two months in central and northwest
Europe. The results obtained in this work highlight that there are causal relations between
the main modes of interannual climate oscillations and SM variations in Europe,
underlining the importance of accounting for global atmospheric circulations to study
current changes in regional soil water-related processes.

Keywords: Soil moisture, North Atlantic Oscillation, Arctic oscillation, EI Nifio Southern
Oscillation, Causality, Lagged response
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4.1. Introduction

The study of climate change impacts on different environmental systems has motivated
many works, especially on water-related systems (Arnell, 1999; Middelkoop et al., 2001).
Soil moisture (SM) is a key variable involved in many climatic, geophysical and biological
processes, so monitoring its dynamics and understanding its (causal) relations in these
processes are crucial. In addition, SM plays a very important role in the hydrological cycle,
as it modulates the water and energy exchanges within soil-atmosphere systems
(Seneviratne et al., 2010). Thus, knowledge of the evolution of this variable can help to
better understand the impact of climate change in these systems. SM dynamics and factors
that influence its variability have been widely analysed from different perspectives (Daly
and Porporato, 2005; Dorigo et al., 2012; Entekhabi et al., 1996; Martinez-Fernandez et al.,
2021; Piles et al., 2019). However, some issues about soil-atmosphere interactions are still
uncertain (Boé, 2013).

It is well-known that different atmospheric circulation patterns highly influence climate
conditions across the globe (Hurrell and van Loon, 1997; Lau and Yang, 2003). In
particular, several teleconnection patterns dominate European climate variability (Hurrell,
1995; Thompson and Wallace, 1998). Thus, changes in atmospheric circulation can be
related to changes in several climatic variables and the increase in extreme events during
recent decades over this continent (Horton et al., 2015; Kostopoulou and Jones, 2007;
Kysely, 2007; Moberg and Jones, 2005). The dominant modes of climate variability in the
Northern Hemisphere are the North Atlantic Oscillation (NAO) and the Arctic Oscillation
(AO) (Simpkins, 2021). However, some other patterns also induce changes in European
climate conditions, such as the El Nifio Southern Oscillation (ENSO) (Fraedrich and
Miller, 1992), the East Atlantic (EA) (Bastos et al., 2016) and the Scandinavian Pattern
(SCAND) (Casanueva et al., 2014). They induce changes in precipitation and temperature
(Hurrell et al., 2001; lonita et al., 2020; Scaife et al., 2008; Toreti et al., 2010; Trigo et al.,
2002) and, consequently, in related processes such as river flow (deCastro et al., 2006; Su
et al., 2018) and vegetation growth (D’Odorico et al., 2002; Gordo and Sanz, 2010).

One of the most disturbing natural hazards is droughts, as they exert a great impact on
human activities. They are complex phenomena influenced by several factors but they
always have an atmospheric inception (Vicente-Serrano et al., 2011), hence understanding
the atmospheric influence on droughts is crucial since it could help mitigating their damage
spread. In this context, several works have focused on studying the influence of
atmospheric circulation patterns on meteorological droughts in Europe (lonita et al., 2015;
Schubert et al., 2016; Vicente-Serrano et al., 2011). However, agricultural drought, defined
by the SM deficit, represents a more direct and immediate impact (Almendra-Martin et al.,
2021a; Salvia et al., 2021; Sanchez et al., 2018); thus, as a highly meaningful topic, this
work focuses on exploring the influence that atmospheric fluctuation patterns exert on SM.

In the past, little attention has been given to the effect that some atmospheric patterns exert
on SM, mainly because of the scarcity of long-term spatially continuous data series (de
Luca et al., 2020; Wang et al., 2011). Diverse works have modelled SM data in certain
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regions to perform this kind of analysis (Kurnik et al., 2015; Sheffield and Wood, 2008) or
analyse the drivers of this variable to relate their dynamics (Hassan and Nayak, 2020; lonita
et al., 2015; Mihlbauer et al., 2016). Remote sensing databases have also been used to
analyse this relationship. However, in such works, short study periods of only a few years
were used (Bueso et al., 2020a; Piles et al., 2019) since available data are relatively recent
and thus limited in time. Thus, the need for accurate long-term spatiotemporally continuous
SM databases is highlighted to achieve rigorous assessments of climate change impacts
(Thorne et al., 2018). Currently, there are SM databases available from modelling and
reanalysis suitable for this type of analysis (Beck et al., 2020; Miralles et al., 2014).

Although relationships between atmospheric circulation patterns and general dryness or
wetness conditions have been established in Europe, most are based on atmospheric
teleconnections (Bronnimann, 2007; Hurrell et al., 2001). Furthermore, it is assumed that
these relationships explain the variability of the different studied variables, but their causal
relationships have rarely been analysed (Runge et al., 2019a). A causal relationship was
found between ENSO, AO and NAO, and the streamflow of >30 % of the rivers in Europe
(Su et al., 2018). Furthermore, in some regions, causality studies showed additional
relationships between ENSO and climatic variables that were not detected with correlation
analysis (Silva et al., 2021). Several methods have been proposed in the literature to study
causality but are still rarely applied in Earth system science (Runge et al., 2019a).

Understanding the influence that atmospheric patterns exert on SM dynamics is key to
assessing the impact of climate change on this variable and, therefore, on issues such as the
occurrence of agricultural drought or groundwater recharge. This interest is highlighted in
Europe, as the predicted changes in climatic conditions suggest an increase in temperature
over all continents (Christensen et al., 2013), which can lead to an intensification of
hydrological extremes such as floods (Dankers and Feyen, 2008) or agricultural droughts
(Grillakis, 2019). Thus, the main objective of this work is to provide further knowledge of
how SM responds to the main atmospheric patterns in Europe. The two atmospheric
circulation patterns dominant in the Northern Hemisphere, the NAO and AO (Simpkins,
2021), and the phenomenon with more impact on global climate, ENSO (Bronnimann,
2007), were considered in this work. Two SM databases were used, for the period 1991
2020. We studied both the lagged influence that atmospheric patterns exert on SM and
causation, i.e., whether there is a causal relationship between the climate modes and SM
time series at a monthly time scale.
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4.2. Methods and dataset

4.2.1. Soil moisture databases

Two SM databases were considered in this study, one from the ERA5-Land reanalysis
(Mufioz-Sabater et al., 2021) and the other from the LISFLOOD hydrological model (van
der Knijff et al., 2010). Both databases have been widely used for different purposes, such
as flood forecasting (Wanders et al., 2014), growth vegetation studies (Gonzalez-Zamora
et al., 2021) and trend detection (Almendra-Martin et al., 2021a). The reanalysis database
used in this study is the ERA5-Land (hereafter, ERA5L) from the European Centre for
Medium-Range Weather Forecasts (ECMWEF). It provides a global series of different land
variables. These series are given on a regular grid of 0.1° with hourly time resolution from
1981 to the present (Mufioz-Sabater et al., 2021). As the surface SM is more demonstrative
of the soil-atmosphere coupling (Santanello et al., 2011), only the first layer of the product,
comprising the soil top 7 cm, was used. The second database used was the hydrological
rainfall-runoff model LISFLOOD (hereafter, LF), developed by the Natural Hazards
Project of the Joint Research Centre (JRC) of the European Commission (van der Knijff et
al., 2010). It provides SM data over Europe with a spatial resolution of 5 x 5 km every 6 h
from 1991 to the present (de Roo et al., 2000). These data are estimated for 3 depth layers,
but for this study, only the surface layer (5 cm) was considered. In addition, this database
has been rescaled to the ERAS5L grid so that the study results are comparable.

Both databases have been validated in previous works, obtaining good results (Laguardia
and Niemeyer, 2008; Mufoz-Sabater et al., 2021). However, in certain regions, the
accuracy of their products is compromised due to constraints when estimating SM in areas
with, for example, heterogeneous topography and permanent or seasonal ice cover
(Laguardia and Niemeyer, 2008; Li et al., 2020). To gain a robust understanding of the
similarity of these databases, a comparison was first performed between the LF and ERA5L
SM products (Figure 4.1a). Good correlation was generally obtained between the two
except in regions where the products show lower precision, such as high latitudes or great
mountain ranges (Laguardia and Niemeyer, 2008; Li et al., 2020). Due to the great
differences observed between products in these areas and the consequent uncertainty, we
decided to exclude them from this study; pixels showing correlation values lower than 0.5
were not considered (Figure 4.1b). Similar thresholds have been used in other studies to
ensure consistency in SM products and lower uncertainty (Preimesberger et al., 2021).
Once these areas were masked, the SM time series were averaged to obtain monthly values
for the study period, 1991-2020. Then, anomalies were computed for each pixel by
subtracting the monthly mean calculated using the entire period of study.
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Figure 4.1(a) Pearson correlation coefficient between the LF and ERA5L SM series. (b) Mask
applied to the SM products.

4.2.2. Teleconnection indices

The influence of three different atmospheric patterns on SM dynamics was studied, namely,
the NAO, AO and ENSO.

The NAO refers to a circulation of atmospheric mass over the North Atlantic Ocean. It is
typically monitored with the NAO index, defined as standardized differences in the surface
sea-level pressure between both poles from the dipole Icelandic Low - Azores High (Hurrell
et al., 2003). It entails a relevant source of interannual variability in the atmospheric
circulation (Walker and Bliss, 1932) and exerts a great impact on climate conditions over
most of the Northern Hemisphere, mainly in North America and Europe (Casanueva et al.,
2014; Hurrell et al., 2001; Scaife et al., 2008; Trigo et al., 2002; Y. H. Wang et al., 2012),
modulating patterns in wind, temperature and precipitation throughout the seasons but
especially during boreal winter (Bastos et al., 2016). A positive phase of NAO is defined
when low- and high-pressure anomalies exist over Iceland and Azores pressure centres,
respectively (Visbeck et al., 2001). The pressure gradient over the North Atlantic during
this phase is large, and an increase in west winds at midlatitudes is observed (Hurrell,
1995). This leads to colder and drier conditions in the Northwest Atlantic and
Mediterranean regions and warmer and wetter conditions in northern Europe and the
eastern United States (Visbeck et al., 2001). Conversely, a negative phase is defined by
high- and low-pressure anomalies in Iceland and Azores, respectively, and leads to opposite
climatic conditions. The NAO index has a high interseasonal variability; however, positive
and negative phases can last several months (Wang et al., 2010).

The AO is defined as a fluctuation of atmospheric pressure involving an exchange of
atmospheric mass between the Arctic and middle latitudes of the Northern Hemisphere
(Thompson and Wallace, 1998). The AO index refers to the first empirical orthogonal
function (EOF) of the atmospheric pressure anomalies between 20°N and 90°N latitudes
(Thompson and Wallace, 1998). Similar to the NAO, it influences the climate conditions
over most of the Northern Hemisphere, and both indices are highly correlated (Wanner et
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al., 2001). Two phases are also distinguished: positive and negative (Hanna et al., 2015).
During AO positive phases, lower atmospheric pressure anomalies over the Arctic and
higher atmospheric pressure anomalies over the northern Pacific and Atlantic Oceans are
observed. The mid-latitudes jet stream is located further north, steering ocean storms
northwards (Lindsey, 2009). Thus, wetter and colder conditions occur in Alaska, Scotland,
and Scandinavia, and drier and warmer conditions occur in North America, Europe, Siberia,
and East Asia (Daoyi and Shaowu, 2003). The opposite conditions are seen during the AO
negative phase.
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Figure 4.2 Time series of (a) NAO, (b) AO and (c) Nifio 3.4 indices for the study period (1991—
2020).
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ENSO refers to a coupled mode of the ocean-atmosphere defined by periodic fluctuations
in sea surface temperature (SST) and atmospheric circulation along the equator of the
Pacific Ocean (McPhaden et al., 2006). It is the dominant mode of interannual climate
variability on Earth (Bronnimann, 2007), as it directly or indirectly affects weather
conditions over many regions of the planet. There are different ways of monitoring ENSO,
depending on whether the atmospheric or the oceanic component is measured. On the one
hand, the atmospheric part is measured by the Southern Oscillation index (SOI), a
standardized index based on the difference between the sea level pressure at the Tahiti and
Darwin, Australia (Ropelewski and Jones, 1987). For monitoring the oceanic component,
SST is averaged over specific regions; thus, different indices and thresholds for ENSO are
defined (L’Heureux et al., 2019). The NOAA CPC uses the Nifio 3.4 region to define warm
(El Nifio) or cold (La Nifia) events. This region comprises from 5°N-5°S to 120°-170°W,
near the warm pool of the Pacific and main centres of convection (Trenberth, 1997). During
El Nifio events, SST anomalies above 0.5 °C are present in this region; thus, the ocean
surface in the central and eastern tropical Pacific Ocean becomes warmer. Rainfall
decreases over Indonesia and increases over the tropical Pacific (L’Heureux, 2014).
Conversely, during La Nifia events, SST anomalies below —0.5 °C are present. Easterly
winds along the equator become stronger, and rainfall increases over Indonesia and
decreases over the central tropical Pacific Ocean (L’Heureux, 2014). When the SST
anomalies are between the upper and lower thresholds, ENSO is considered to be in the
neutral phase.

This study used the monthly NAO, AO and Nifio 3.4 teleconnection indices time series
from the NOAA CPC [https://www.cpc.ncep.noaa.gov] for 1991-2020 (Figure 4.2).

4.2.3. Lagged-correlation and causality analysis

Correlation analysis is the most commonly used tool to study teleconnections (Anderson et
al., 2017; Comas-Bru and Mcdermott, 2014; deCastro et al., 2006; Scaife et al., 2008). This
analysis provides information about the strength of the relationship between two variables
and whether it is direct (positive) or indirect (negative). The correlation between
atmospheric patterns and SM could have a lagged effect due to decoupling between soil—
atmosphere systems even at the monthly scale. For this reason, in this study, a lagged
correlation analysis was carried out by computing the Pearson correlation coefficient
between teleconnection indices and SM anomaly series (Benesty et al., 2009). The
significance level was set at p < 0.05. This correlation analysis was computed iteratively
introducing a lag (t) from 0 to 6 months. Li et al. (2022) studied up to a 2-year lag between
several teleconnection patterns and terrestrial water storage and observed an approximately
5-month lag for most surface components. However, in this study, a lagged effect of
teleconnection indices on SM was considered for up to 6 months, as in similar studies
(Runge et al., 2019b; Silva et al., 2021; van Oldenborgh et al., 2000). Once the 7 R values
were obtained for each pixel, the maximum absolute value of R (Rmax) Was obtained,
considering only those with statistical significance. In this way, a significant Rmax for a
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given 1 can be obtained for each pixel. This kind of analysis has been widely used to study
lagged effects between decoupled variables (Peng et al., 2019; Xie et al., 2020).

Although lagged correlation can be a suitable tool for this kind of study, the presence of
correlation between variables does not have to imply causation (Runge et al., 2019a).
Additionally, note that Pearson correlation only captures linear relationships. Causal
discovery consists of estimating the causal parents from a given time series data, meaning
statistically significant causal dependencies, their strength and lag (Runge et al., 2019b).
Identifying causal relationships between NAO, AO, ENSO and SM can help to better
understand soil-atmosphere system dynamics. The Granger causality method (Granger,
1969) has probably been the most widely used approach to study causal effects on Earth
dynamical systems (Bueso et al., 2020b; Gupta and Jain, 2021; Kodra et al., 2011; Morata-
Dolz et al., 2020; Zolghadr-Asli et al., 2021). However, Runge et al. (2019b) recently
proposed a causality method with significantly higher detection power than previous
methods. This method is called PCMCI since it combines the PC method (named after its
creators Peter and Clark) and the momentary conditional independence (MCI) test and
enables identification of both the existence of causal links and their strength (Runge et al.,
2019a). The PC method (Spirtes and Glymour, 1991) estimates the causal parents from a
series. This method uses a free parameter, the significance level aPC, to encompass the
inclusion of both causal parents with a high probability and some false-positive links
(Runge et al., 2019b). Then, the MCI test can remove irrelevant conditions even for highly
autocorrelated data (Runge et al., 2019b). Both the PC and the MCI can be implemented
with different conditional independence tests. In addition, to estimate time-lagged causal
links, another free parameter must be chosen, the maximum time delay tmax (Runge et al.,
2019b). To implement this method, the Python package Tigramite v4.2 (Kretschmer et al.,
2018; Nowack et al., 2020; Runge et al., 2019b) was used with the PCMCI and the partial
correlation conditional independence test. The resulting coefficient obtained by this test,
ranging between —1 and 1, represents the strength of the link. In this study, the free
parameter aPC, that ranges between 0 and 1, was chosen to be optimized for every pixel,
and the time-lagged links were considered up to the previous 6 months; thus, Tmax was set
to 6. The causal links were computed considering the teleconnection indices independently
together with the SM anomaly time series for each pixel. The strength of links (climate
index — SM) and their significance (set to p < 0.05) were tracked and, for the lagged
correlation analysis, the strongest significative causal links and the associated month were
recorded for each pixel.
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4.3. Results and discussion

4.3.1. Correlation analysis

The correlation between SM and teleconnection indices was calculated, and only R values
with statistical significance (p < 0.05) were considered. The results obtained with the
ERAGSL database (Figure 4.3) showed an extensive significant relationship between SM
anomalies and the NAO and AO indices over Europe. In addition, this relationship was, in
general, negative, which means that drier soil conditions are given during positive phases
of both NAO and AO, while wetter conditions are given during negative phases. As
expected, the results obtained with both indices were quite similar, since they are highly
linked patterns (Mares et al., 2002). However, there were exceptions. Direct relationships
were observed with AO in some regions, such as the British Isles, south of Finland and the
north coast of France, Netherlands and Germany, which are indirect with NAO. The
opposite occurred in southern France and the northern coast of Spain, where direct
relationships were obtained with NAO and indirect relationships were obtained with AO.
In contrast to Tabari and Willems (2018), who reported a stronger influence of NAO in
European precipitation than with AO, we obtained that, for SM, the strongest correlations
are with AO, with R values over or around —0.3 in the Iberian Peninsula, northern Italy, the
Great Hungarian Plain and the Black Sea coast. The NAO showed a more uniform pattern
in the area of study with similar correlation values, between —0.2 and —0.3, and very few
regions with direct relationships, mostly concentrated in areas of Scotland, around the
Pyrenees, Italy and the Balkans. The positive correlation over southern France was
consistent with those observed by Boé (2013). These results showed discrepancies with
other studies, which detected a relationship between positive phases of NAO and wetness
conditions in parts of central and northern Europe in winter (Schubert et al., 2016; Sheffield
and Wood, 2008; van der Schrier et al., 2006) when NAO shows more influence on
European climate. However, in summer, NAO exerts a great impact on northern Europe
(Bladé et al., 2012) with an increase in temperature (Folland et al., 2009) and reduced
precipitation during positive phases (Allan and Zveryaev, 2011), which agrees with the
negative correlations we obtained with SM. The negative correlation we obtained in
southern Europe is in line with the results of previous studies focused on the meteorological
drought response in Mediterranean areas (Mariotti and Dell’ Aquila, 2012; Mi Kim and
Raible, 2021; Sheffield and Wood, 2008; Vicente-Serrano et al., 2011).

The results obtained with the LF database for AO and NAO were similar (Figure 4.4),
although fewer significant correlation coefficients were observed. Interestingly, stronger
correlation values were obtained with AO mainly in Mediterranean regions, with R values
below —0.3. These results are aligned with those obtained by Hassan and Nayak (2020),
who related the positive phases of AO with the appearance of droughts in the Mediterranean
region.
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Figure 4.3 Results of the lagged correlation analysis between the ERA5SL SM and teleconnection
indices. The maps above show the maximum R-value and those below the lag in months in which
these maxima occur. The area without statistical significance (n.s., p < 0.05) is in grey.

Figure 4.4 Results of the lagged correlation analysis between the LF SM and teleconnection indices.
The maps above show the maximum R-value and those below the lag in months in which these
maxima occur. The area without statistical significance (n.s., p <0.05) is in grey.
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Regarding the relationship of ENSO with both SM databases, only a few areas showed a
significant correlation (Figure 4.3, Figure 4.4). These results can be explained by the fact
that atmospheric changes in the El Nifio region must be strong enough for this impact to be
reflected in Europe (Bronnimann, 2007), and during our study period, only two strong El
Nifio events (1997-1998 and 2015-2016; Figure 4.2c) and no strong La Nifia event
occurred (Hardiman et al., 2019). Similarly, a previous study did not observe a significant
relationship between modelled SM and the Southern Oscillation Index (SOI) in Europe for
a similar period (Miralles et al., 2014). With ERASL, indirect significant correlations were
obtained in central Europe with R values between —0.1 and —0.2, which implies that, in that
region, EI Nifio events lead to drier soils, while wetter conditions are given during La Nifia
events. Conversely, Bronnimann (2007) observed positive anomalies of precipitation
during strong El Nifio events and negative during strong La Nifia for this region, but they
only observed this during winter months. Direct correlations, meaning positive ENSO
causes positive SM anomalies, were obtained in a few areas of eastern Europe, Finland and
the Atlantic coast of the Iberian Peninsula. R values were, in general, lower than those
obtained with AO and NAO; however, stronger correlations were obtained north of the
Great Hungarian Plain, with R values below —0.2. The results obtained with the LF database
matched in sign with those obtained with ERASL, but the regions showing a significant
correlation were reduced.

The R-values obtained with the three indices are relatively small in absolute value;
however, it should be borne in mind that the influence of atmospheric anomalies in soil
hydrology is being analysed and that there are many processes between the two systems
that can dampen the strength of this relationship (Seneviratne et al., 2010). In addition,
although several efforts have been made by many researchers to study teleconnections
between atmospheric circulation and European climate (Brénnimann, 2007; Fraedrich and
Miiller, 1992), the results obtained in this study can be directly compared with only very
few other results that targeted SM, either at regional or global scales (Le and Bae, 2022;
Miralles et al., 2014; Sheffield and Wood, 2008). Although related variables in most cases
present similar results, SM does not always behave as other water-related atmospheric
variables, such as precipitation (Dai, 2011).

Some patterns could be observed when analysing the lag of maximum correlation obtained
for the indices and SM anomalies (Figures 4.3, 4.4). With the NAO, few regions presented
a lagged response of SM at a monthly scale for both databases. Nevertheless, more regions
showed a delay in the SM anomalies with respect to teleconnection indices with ERA5L
and not with LF. With ERASL, a general one-month lag in Northern Europe was observed.
A lag time of 4 months in southern Italy, the Great Hungarian Plain and the Balkans was
found, while a later response (5-6 months lag) was observed in the east of the Iberian
Peninsula and near the Danube mouth. For the AO, a prevalence of nonlagged effects also
existed; however, the spatial distribution was less homogeneous with ERA5L. A one-
month lag was mainly observed in western Europe, and a lag response of 3—4 months was
observed in central Europe. In addition, it could be observed, with both products, that most
regions with direct correlation presented a 6-month lag. Regarding ENSO, the lagged
effects were seen mainly in regions with a direct relationship.
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4.3.2. Causal discovery

A causality analysis was performed to investigate the existence of causal relationships
between the NAO, AO and ENSO with SM anomalies. The PCMCI method was applied
with a partial correlation conditional test and a maximum lag of 6 months. The results of
causal link (climate index — SM) strength are shown in Figure 4.5, Figure 4.6 for ERA5L
and LF, respectively. Both the AO and NAO results were quite similar to those obtained in
the lagged correlation with both products, with similar strength magnitudes and signs,
which indicates that the two indices are not only correlated to SM anomalies but are actually
causing them. Thus, our obtained results reveal that negative phases of NAO and AO cause
a general annual decrease in SM, beyond the broad presumption that winter (summer)
positive NAO favours an increase (decrease) in precipitation and subsequently SM over
central and northern Europe. According to this, the impact of climate change on
atmospheric circulation patterns may ultimately induce changes in SM interannual
variability. In this regard, an upwards trend in the AO has been reported since the 1960s
(Delworth and Dixon, 2000) as well as a trend towards more positive NAO winters in the
1990s (Hurrell et al., 2003). Additionally, Hanna et al. (2015) reported a significant
downwards trend in the summer NAO and an increase in variability in winter.
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Figure 4.5 Results of the causality analysis between the ERASL SM and teleconnection indices.
The maps above show the highest causal strength (teleconnection index — SM) and those below
the lag of those relations. The area without statistical significance (n.s., p < 0.05) is in grey.
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Figure 4.6 Results of the causality analysis between the LF SM and teleconnection indices. The
maps above show the highest causal strength (teleconnection index — SM) and those below the lag
of those relations. The area without statistical significance (n.s., p < 0.05) is in grey.

Causality and correlation do not necessarily have to coexist (Runge et al., 2019b), and this
is precisely what we observed with ENSO and SM anomalies. Larger areas showed a
significant causal relationship than in the lagged correlation analysis, especially with LF
(see Figures 4.5, 4.6). Silva et al. (2021) also identified more response areas to ENSO with
a causal method than with the correlation analysis. Negative causal relations appeared in
the British Isles and the Atlantic coast, implying that an increase (decrease) in SST in the
El Nifio 3.4 region causes drier (wetter) soil conditions in these regions. This agrees with
results found by Bronnimann (2007) during strong EI Nifio and La Nifia events; he reported
anomalies of low precipitation in those areas starting in Ireland during late autumn and
extending to the continent in late winter, when they are combined with high temperature
anomalies during El Nifio and opposite conditions during La Nifia. Positive causal relations
were obtained (only with LF) in the Balkan region and the Great Hungarian Plain, which
is also in agreement with that observed by Bronnimann (2007).

Regarding the lag of maximum causal strength, a similar pattern to that obtained with the
lagged correlation analysis was observed. There is a predominance of nonlagged effects
with the NAO and AO. Very few regions present a lagged response, especially with LF.
For the NAO, lags were mainly observed when the relationships were positive, while for
the AO, 6-month lagged causal relationships were located in the Baltic areas. With ENSO,
a clear pattern was observed, consistent with both SM products: negative causal
relationships showed a lag of 2 months, while positive ones showed a lag of 1 month.
Longer lagged responses were obtained with this phenomenon than with AO and NAO, as
could be expected, since different mechanisms occur between the equator of the Pacific
Ocean and North Atlantic regions before seeing the impact in Europe (Bronnimann, 2007).
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Buli¢ and Kucharski (2012) observed a lagged spring precipitation response to winter
ENSO in Europe but also a contemporaneous response in spring, which agrees with the 1—
2 month lag found here.

Causal discovery can help to better understand the processes interacting in the soil—
atmosphere continuum. This methodology has shown that the correlations obtained with
NAO and AO are indeed causal relationships and have allowed for a more in-depth analysis
of the SM response to ENSO, which is probably nonlinear and hence was not fully captured
by the correlation analysis. Nevertheless, the strength of the links obtained in this analysis
refers to the evaluation of only two variables (teleconnection index and SM). These causal
relationships could be analysed more precisely if more variables were incorporated, without
increasing the dimensions of the analysis too much for the detection power to be affected
(Runge et al., 2019b). However, performing this type of multivariable analysis would
require a spatial aggregation of the information, and the spatial patterns would depend on
the selected area and the method (Bueso et al., 2020a).
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4.4. Conclusions

In this study, the influences that the NAO, AO and ENSO exert on European SM have been
analysed. Monthly SM series were obtained from two different databases, one from the LF
model and the other from reanalysis ERA5L. The results showed that both AO and NAO
have a significant influence on European SM over almost the entire continent. The
relationship was predominantly negative and maximum with no lag, which implies drier
soil conditions in the positive phases and wetter conditions in the negative phases. The
strongest correlations were obtained with AO in the Mediterranean regions. Whereas a
direct relationship was expected with the NAO in Northern Europe, as NAO is traditionally
assumed to increase precipitation and colder conditions in the north, this region only
showed a direct relationship with AO with a lag of 6 months, while NAO showed a
uniformly indirect response over almost the entire continent. With ENSO, hardly any
correlation was observed, probably because ENSO influences the European climate
indirectly and nonlinearly. Although the spatial patterns observed for SM were, in general,
in line with those obtained in other works for water-related atmospheric variables, some
differences have been observed, which highlights the need for focusing studies specifically
on the SM response to atmospheric circulation patterns.

The analysis of causality between the teleconnection indices and SM was the second
objective of this study. This type of analysis has been applied in only a few studies of Earth
science. In this work, a novel method has been used, the PCMCI, which allows the
incorporation of conditional independence tests such as partial correlation. In the causality
study carried out, for AO and NAO, the results obtained have been very similar in strength,
sign and lag to those obtained in the correlation study. This result showed the causal effect
that both atmospheric patterns have on the SM dynamics, i.e., negative phases of NAO and
AO will cause a decrease in SM. Stronger causal relations were obtained with AO in
Mediterranean regions, which is important to consider due to the increasing risk of drought
occurrence in this region. For ENSO, the causality analysis allowed finding SM response
areas that were undetected by the correlation analysis. Direct links were observed in central
and northwestern Europe with a delayed effect of two months, and indirect links were
observed in the Balkan region with a delayed effect of 1 month.

Regarding both SM databases, the results obtained were very similar. However, slightly
stronger correlations and causal relationships were observed with the LF database.
Conversely, more surface area with significant correlations and more spatial patterns of
delayed response of SM were observed with the ERA5L data.

From the results of the present study, causal discovery methods are powerful methods to
help better understand soil-atmosphere interactions. However, the way of applying this
methodology in this work shows some limitations, and the results should be taken with
caution. In particular, only linear relationships and just two variables were considered here,
the teleconnection index and SM, while incorporating more variables and apply no linear
methods would probably enable a more precise evaluation of the causal relationships.
Additionally, we are treating time series separately, while spatiotemporal methods could
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also be considered. However, with a spatiotemporal approach, the spatial patterns would
depend on the spatially aggregated area or the method used to analyse all information
together.

This work highlights the importance of studies focused on SM dynamics and interactions,
since most studies are centred on precipitation, but the atmosphere does not always impact
all water-related variables in the same way, and SM is key to understanding its impact on
issues such as agricultural drought, runoff yield, groundwater recharge and many other
water-related processes. Undoubtedly, there is still work to be done to properly define the
causal relationships between soil-atmosphere systems, but advances in this field are
paramount to better understand the impact of climate change on SM dynamics and
consequently on agricultural drought.
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CAPITULO 5 - CONCLUSIONES Y LINEAS FUTURAS DE INVESTIGACION

5.1. Conclusiones / Conclusions

Conclusiones

El trabajo desarrollado en esta tesis ha evaluado diferentes metodologias con el objeto de
abordar asuntos que, hasta ahora, limitaban la comprension de algunos aspectos sobre la
SM y sus cambios como consecuencia del cambio climético en Europa. Esto se ha llevado
a cabo a traves de tres objetivos especificos basados tanto en la mejora de bases de datos
de esta variable, como en el estudio de sus cambios y la interaccién con los patrones
atmosfericos. En este capitulo se presentan las conclusiones obtenidas, resaltando las
principales contribuciones.

En primer lugar, en relacion con la limitacion que pueden suponer las lagunas de datos en
las series satelitales de SM, esta tesis ha evaluado diferentes técnicas de gap-filling en la
serie de datos satelital mas larga disponible, la ESA CCI SM. Los resultados obtenidos han
demostrado que, en general, los métodos mas simples, es decir, las interpolaciones, son
capaces de rellenar acertadamente las lagunas de datos, temporales o espaciales, siempre
que éstas no sean muy grandes. De la misma forma, los métodos autorregresivos, aunque
con mejor precision, tampoco demostraron ser apropiados para rellenar lagunas de datos
temporales de gran longitud. Esto no se observd con el método SVM, que, junto con una
seleccion Optima de las variables de entrada, ha demostrado ser una herramienta capaz de
estimar los datos ausentes en las series de CCI SM, independientemente de la longitud de
las lagunas en los datos. Ademas, se ha observado que la aplicacion de las SVM al dominio
espacial puede ofrecer mejores resultados que aplicando este método al dominio temporal,
Yy, que, en ambos casos, las estimaciones mejoran cuando se incorporan a los modelos las
series de SM del dia anterior. Por el contrario, el uso de un método de reduccién de
caracteristicas (el PCA) junto con las SVM, empeor6 en todos los casos las estimaciones
de SM. Aungue se ha observado un gran potencial en las técnicas de ML para rellenar las
lagunas, este trabajo demuestra que la seleccion de variables de entrada es asimismo clave
para obtener buenas estimaciones. Las SVM demostraron poder reproducir la dindmica
espacial o temporal de la SM mejor que otras técnicas ML mas sencillas como los RF.

En segundo lugar, el anélisis de la tendencia de la SM en Europa desarrollado en esta tesis
ha permitido definir y cuantificar los patrones de cambio de esta variable durante los
altimos 30 afos. Los resultados obtenidos con los diferentes métodos, bases de datos y
escalas temporales han mostrado una gran consistencia. Ademas, se ha observado que otros
métodos, alternativos a aquellos mas frecuentemente utilizados para el andlisis de
tendencias como es el test de MK, son capaces de determinar mas patrones de cambio en
variables con un comportamiento no lineal. En concreto, el EMD ha permitido identificar
un patron generalizado de cambio a condiciones mas secas en los suelos europeos, siendo
este cambio significativo en una gran extension de territorio. Este resultado permite
reconciliar los resultados obtenidos para otras variables estrechamente relacionadas con la
SM como la precipitacion, la evapotranspiracion o la temperatura. Sin embargo, no se ha
observado una dependencia de los patrones de cambio con los climas del continente.
Asimismo, las tendencias observadas en los atributos de la sequia agricola en Europa han
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mostrado de forma predominante un incremento en su duracion e intensidad, con un retraso
de unos pocos dias en su comienzo cada afio.

Por ultimo, se ha demostrado la necesidad de profundizar en la influencia que los patrones
de circulacion atmosférica pueden ejercer en la dindmica de la SM en Europa. Aunque,
muchos de los resultados obtenidos en el trabajo desarrollado en esta tesis estén en
consonancia con los obtenidos para otras variables hidro-climaticas, existen diferencias en
la respuesta de esta variable. Las correlaciones estudiadas han mostrado una relacion
predominantemente inversa e inmediata entre la NAO y la AO con la SM en casi todo el
continente. Por el contrario, apenas se observaron correlaciones significativas entre ENSO
y SM. Complementariamente, el estudio de las relaciones causales realizado en este trabajo
ha demostrado ser apropiado y de gran utilidad para definir la respuesta de la SM a NAO,
AO y ENSO. En esta tesis, se evaluaron las relaciones causales empleando un método
novedoso, el PCMCI, que no habia sido utilizado antes en el contexto de las interacciones
suelo-atmosfera. Aunque su aplicacion puede presentar limitaciones al estudiar las
relaciones lineales y Unicamente entre dos variables, los resultados han permitido
identificar relaciones causa-efecto entre NAO, AO, ENSO y la SM. Los resultados han
demostrado un enorme interés, por un lado, porque han demostrado que las correlaciones
obtenidas con NAO y AO implican una relacion causal con la SM. Y, por otro lado, porque
han permitido identificar regiones, no observadas en el analisis de correlacion, donde la
SM muestra una respuesta retrasada de uno o dos meses a ENSO.

Aunque su protagonismo ha estado en ocasiones enmascarado por otras variables
hidrologicas més faciles de monitorizar, como la precipitacion, en esta tesis se ha puesto
de manifiesto la importancia de poner el foco sobre la SM. El trabajo desarrollado ha
contribuido a evaluar el uso de diferentes métodos y bases de datos aplicables tanto a la
mejora de los mismos datos, como al estudio de sus cambios y sus interacciones con los
patrones atmosféricos en una region de especial interés como es el continente europeo.
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Conclusions

The work carried out in this thesis has evaluated different methodologies to address issues
that, until now, have limited the understanding of some aspects of SM and its changes due
to climate change in Europe. This has been done through three specific objectives based
both on the improvement of databases of this variable and on the study of its changes and
interaction with atmospheric patterns. This chapter reports the conclusions obtained,
highlighting the main contributions.

First, in relation to the limitation that data gaps of satellite SM series may entail, this thesis
has evaluated different gap-filling techniques in the longest satellite data series available,
the ESA CCI SM. The results obtained have shown that, in general, the simplest methods,
that is, interpolations, are capable of correctly filling the temporal and spatial data gaps if
they are not very large. Likewise, autoregressive methods, although with better precision,
did not prove to be appropriate for filling large temporal data gaps. This was not observed
with the SVM method, which, together with optimal input variables, has been shown to be
a suitable tool for estimating missing data in the CCl SM series, regardless of the gap
length. In addition, it has been observed that the application of the SVM to the spatial
domain can provide better results than applying this method in the temporal domain, and
that, in both cases, the estimates improve when series of SM from the previous day are
incorporated into the models. In contrast, the use of a feature reduction method (the PCA)
together with the SVMs worsened the SM estimates in all cases. Although great potential
has been observed in ML techniques to fill in the gaps, this work demonstrates that the
selection of input variables is key to obtaining good estimates. SVMs proved to be able to
reproduce the spatial or temporal dynamics of SM better than other simpler ML techniques
such as RF.

Second, the analysis of SM trends in Europe carried out in this thesis has allowed us to
define and quantify change patterns of this variable over the last 30 years. The results
obtained with the different methods, databases, and time scales have shown great
consistency. In addition, it has been observed that other methods, alternative to those most
frequently used for trend analysis, such as the MK test, can identify more patterns of change
in variables with non-linear behavior. Specifically, the EMD has allowed identifying a
generalized pattern of change to drier conditions in European soils, being this change
significant in a large area of the continent. This result allows us to reconcile other results
obtained for variables closely related to SM such as precipitation, evapotranspiration, or
temperature. However, differences between the change patterns in the different European
climates has not been observed. Likewise, the trends observed in the agricultural drought
attributes in Europe have predominantly shown an increase in its duration and intensity,
with a delay of a few days in its onset each year.

Finally, it has been shown the need to explore the influence that atmospheric circulation
patterns can have on the SM dynamics in Europe. Although many of the results obtained
in the work developed in this thesis are consistent with those obtained for other hydro-
climatic variables, there are differences in the response of this variable. The correlations
obtained have shown a predominantly inverse and unlagged relationship between the NAO
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and the AO with the SM in almost the entire continent. In contrast, hardly any significant
correlations were observed between ENSO and SM. Besides, the study of the causal
relationships carried out in this work has proven to be appropriate and very useful to define
the response of the SM to NAO, AO, and ENSO. In this thesis, causal relationships were
evaluated using a novel method, PCMCI, which had not been used before in the context of
soil-atmosphere interactions. Although its application may have limitations when studying
linear relationships and between only two variables, the results have allowed us to identify
cause-effect relationships between NAO, AO and ENSO, and SM. The results have shown
enormous interest, on the one hand, because they have shown that the correlations obtained
with NAO and AO imply a causal relationship with SM. And, on the other hand, because
it has allowed identifying regions where the SM shows a delayed response of one or two
months to ENSO, which was not observed in the correlation analysis.

Although its role has sometimes been masked by other hydrological variables that are easier
to monitor, such as precipitation, the importance of focusing on SM has been highlighted
in this thesis. The work carried out has contributed to evaluating the use of different
methods and databases applicable both to the improvement of the data and to the study of
its changes and its interactions with atmospheric patterns in a region of special interest such
as the European continent.
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5.2. Lineas futuras de investigacion

En esta tesis se han cumplido satisfactoriamente los objetivos planteados. No obstante,
durante su desarrollo se han puesto de manifiesto diferentes incertidumbres, que posibilitan
la definicion de nuevos objetivos para abordar en futuras investigaciones.

En lo que respecta al relleno de las lagunas de datos en las series satelitales, se ha
demostrado que las técnicas de ML junto con una buena seleccion de los datos de entrada
poseen un enorme potencial para hacer frente a esta limitacion. En particular los SVM han
sido capaces de estimar las lagunas de datos espaciales de forma precisa, pero algunos
aspectos pueden ser mejorados. Ejemplos de posibles mejoras pueden ser la optimizacién
de los hiperparametros del algoritmo o el uso de diferentes bases de datos de las variables
de entrada para cuantificar y minimizar los errores generados por éstas. Ademas, existen
diferentes técnicas de regresion de ML como los Gaussian Processes (GP) o las redes
neuronales (artificial neuronal networks, ANNSs), que podrian ofrecer estimaciones
precisas de los valores ausentes de la SM. Durante el transcurso de la tesis, para una
comunicacion de congreso, se ha podido realizar una primera exploracion de los GP
aplicados al relleno de las lagunas de datos de la base de datos ESA CCI SM, y han ofrecido
unos buenos resultados preliminares. Por ultimo, aunque los resultados obtenidos en esta
tesis se refieren Unicamente a esta base de datos satelital, algunas de las técnicas evaluadas
han demostrado un gran potencial y podrian ser aplicables a las series de SM maés recientes
como son las de SMOS o SMAP.

Por otro lado, en esta tesis se ha demostrado que tener en cuenta el comportamiento no
monotonico es fundamental en el estudio de tendencias de la SM. Sin dejar de lado a los
métodos clasicos como MK, se ha puesto de manifiesto la necesidad y utilidad de explorar
nuevos metodos para la deteccion de tendencias. La EMD ha demostrado ser un método
efectivo para identificar patrones de cambio no detectados por MK. Sin embargo, existen
otros posibles métodos no monotonicos como la transformada wavelet o la transformada
de Fourier que han mostrado un gran potencial al analizar las tendencias de otras variables
hidroclimaticas. Para una correcta conciliacion de resultados seria necesaria una
comparacion entre diferentes enfoques (test estadisticos, escalas temporales, bases de
datos, etc.). Por lo que una posible via de investigacion podria ser evaluar los resultados
obtenidos con otros métodos que tengan en cuenta la dinamica no monotonica. Ademas, en
esta tesis se han estudiado las tendencias de la SM en la capa mas superficial del suelo.
Dado que los datos de los modelos también proporcionan series de SM a distintas
profundidades, se podria analizar la tendencia de cambio en distintas capas del suelo y
estudiar si existen diferencias en cuanto al signo, magnitud y/o linealidad entre las
tendencias observadas en la capa mas superficial y las de la zona radicular.

Por ultimo, al estudiar la influencia que los patrones de circulacion atmosférica ejercen en
la variabilidad de la SM, se ha observado que los métodos de inferencia causal pueden ser
una buena herramienta. En el analisis desarrollado en esta tesis, inicamente se han tenido
en cuenta las relaciones lineales, sin embargo, el estudio de las relaciones no lineales podria
ofrecer informacién adicional, sobre todo para las relaciones entre la ENSO y la SM en
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Europa. Con respecto al anélisis de causalidad, es sabido que la correlacion no implica
causalidad, y no se pueden fundamentar relaciones causales Unicamente a traves de
asociaciones, ya que primero debe existir una suposicion causal. Sin embargo, los
resultados obtenidos en esta tesis han mostrado relaciones causales entre ENSO y SM sin
haber observado previamente una asociacion, por lo que estudiar en profundidad estas
diferencias seria un interesante objetivo que abordar. Una forma de llevar esto a cabo seria
la inclusion en el andlisis de mas variables que tengan una asociacion con la dinamica de
la SM, como la precipitacion o la evapotranspiracion, y estudiar las redes de relaciones
causales que ofrece el PCMCI. Para este tipo de enfoque seria necesaria una agregacion
espacial de la informacion, por lo que seria mas conveniente estudiar estas relaciones a una
escala regional. También se podrian explorar otros métodos de causalidad no lineales que
aprenden las relaciones directamente de las observaciones como el PCMCI junto con un
test de independencia condicional no lineal o el método kernel para la causalidad de
Granger.
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