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Abstract
Soil moisture is known for its outstanding persistence characteristics. Through its integrative
behavior it can accumulate anomalies of the atmospheric forcing. The resulting soil moisture
persistence (or memory) may last from weeks to months, which is especially remarkable in
comparison with that of variables such as precipitation and temperature. This underlines the
potential value of soil moisture for weather and climate forecasting as a rare quantity that is
potentially predictable on (sub-)seasonal time scales. Soil moisture is moreover important in
this context as it may affect, depending on the conditions, many other variables of the climate
system. These include e.g. runoff, evapotranspiration and temperature, which are impacted
by soil moisture through the land water and energy balances. Despite the importance of soil
moisture, a comprehensive study of soil moisture and its persistence characteristics is necessarily limited by the sparsity of available observations. Models cannot fully compensate for
this because their representations of soil moisture dynamics differ and cannot be validated
against measurements.
The aim of this thesis is to assess soil moisture memory characteristics in Europe, its drivers,
and its implications for the predictability of land surface variables (soil moisture itself, streamflow, evapotranspiration, and temperature). To overcome the issues induced by the scarcity
of soil moisture observations, an alternative approach is developed and used to estimate soil
moisture based on widely available streamflow observations. This approach is then used to
study temporal and spatial characteristics of soil moisture persistence in Switzerland and Europe.
In a first step, I study the general magnitude of soil moisture persistence and its temporal and
spatial variations from available observations in Central Europe and derive two main controls:

• the ratio between initial soil moisture variability and the variability of the subsequent
forcing (precipitation minus runoff minus evapotranspiration), which captures the impact of the climate regime and of soil and vegetation characteristics, and

• the correlation between initial soil moisture and subsequent forcing, which reflects the
impact of land-atmosphere interactions and propagating forcing persistence.
The forcing is dominated by precipitation, such that its dynamics and its link with soil moisture can explain most of the variations in soil moisture persistence.

i

ii
To overcome the problem of limited soil moisture observations and hardly comparable model
results the second part of this thesis introduces an approach to derive information on soil moisture dynamics from streamflow observations using a conceptual simple water balance model
that is forced with observed precipitation and radiation. For this purpose, it is assumed that
runoff normalized with precipitation and evapotranspiration normalized with net radiation are
simple functions of soil moisture. These dependencies are fitted by comparing modeled and
observed streamflow. The results show that even if the model is optimized with respect to
streamflow, it produces soil moisture dynamics that are well in line with observations.
In the third part of the thesis, the developed model is applied to >100 catchments with nearnatural streamflow dynamics in Switzerland and Europe. This allows the derivation of a spatial
picture of soil moisture persistence across the continent. As the simple water balance model
also computes streamflow and evapotranspiration data, these are used to point out that soil
moisture persistence may be translated to these quantities, depending on the variability of the
atmospheric forcing and the coupling strength between soil moisture and both streamflow and
evapotranspiration. Furthermore, introducing the mean recovery time from anomalous conditions as a new measure of persistence, I show that strong anomalies last longer, i.e. persistence
increases in the case of extreme events.
The fourth part of this thesis focuses on the potential predictability of soil moisture and
streamflow. For this purpose, the simple water balance model is forced with atmospheric
forcing forecasts from the European centre of medium-range weather forecasting (ECMWF)
to derive forecasts of soil moisture and streamflow. The results reveal that streamflow is well
predictable, on average, about one week ahead and soil moisture even twice as long, pointing
out the practical relevance of hydrological persistence for e.g. agricultural and water resources
applications. A comparison of the importance of the initial (soil moisture and snow) conditions versus that of the forcing forecasts shows that streamflow forecasts benefit mostly from
accurate forcing forecasts (of which the precipitation forecast is most important), whereas soil
moisture forecast skill relies more on the initial (soil moisture) conditions.
Soil moisture predictability is also important in the context of weather and climate forecasting. To illustrate this, I determine in the last part of the thesis an assumed linear relationship
between soil moisture and temperature in each investigated catchment and use it to translate
soil moisture forecasts into temperature forecasts which are then compared with the respective
ECMWF forecasts. For lead times of >2 weeks this simple approach performs equally well
in some regions, especially in cases of strong initial soil moisture anomalies, as this allows a
strong control of temperature extremes through soil moisture feedbacks.
Overall, this thesis demonstrates the relevance of soil moisture persistence for the land climate
system and for hydrological forecasting. I furthermore illustrate that it even has implications
for weather and climate forecasting in general. The persistence varies depending on the characteristics of land (soil, vegetation) and climate, and on their potential interaction. The fact
that soil moisture is linked with runoff allows the derivation of soil moisture dynamics from
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streamflow measurements; this approach constitutes an important avenue to model soil moisture based on observations and to foster future hydrological research and model development.

Zusammenfassung
Die Bodenfeuchte ist eine bisher unterschätzte Grösse für Wetter- und Klimavorhersagen.
Durch den Wasser- und Energiekreislauf ist sie mit vielen anderen Variablen des Land-KlimaSystems wie beispielsweise Abfluss, Evapotranspiration und Temperatur gekoppelt. Desweiteren spiegelt die Bodenfeuchte durch die Wasserspeicherkapazität des Bodens vergangene
Wetterereignisse und -anomalien lange wider. Diese Persistenz (oft auch engl. ‚memory‘,
Gedächtnis) kann Wochen oder Monate andauern und ist damit deutlich grösser als bei anderen Grössen wie Niederschlag und Temperatur. Dadurch ist Bodenfeuchte eine der wenigen
Grössen, die potenziell auf einer (sub-)saisonalen Zeitskala vorhersagbar sind. Leider liegen
nur wenige Beobachtungen zu Bodenfeuchte und ihren Persistenzeigenschaften vor, was zu
unterschiedlichen Modellierungsansätzen geführt hat, die jedoch kaum zu validieren sind.
Es ist daher das Ziel dieser Dissertation einen alternativen Ansatz zur Bodenfeuchtemodellierung basierend auf besser verfügbaren Abflussmessungen zu entwickeln. Dieses Modell
soll schweiz- und europaweit angewendet werden, um die zeitlichen und räumlichen Eigenschaften der Bodenfeuchtepersistenz zu untersuchen. Desweiteren werden die Vorhersagbarkeit von Bodenfeuchte und die Auswirkungen der Bodenfeuchtepersistenz auf andere Variablen des Land-Klima-Systems wie Abfluss, Evapotranspiration und Temperatur quantifiziert.
Im ersten Teil dieser Dissertation wird die generelle Stärke der Bodenfeuchtepersistenz, sowie
ihre räumliche und zeitliche Variation mit verfügbaren Beobachtungen aus Zentraleuropa
analysiert. Dabei ermitteln wir die folgenden zwei wesentlichen Einflussgrössen:
• das Verhältnis der Variabilität der anfänglichen Bodenfeuchte zur Variabilität des darauffolgenden atmosphärischen Antriebs (d.h. verbleibender Niederschlag nach Abzug
von Abfluss und Evapotranspiration), welches den Einfluss des Klimaregimes, der Bodeneigenschaften und der Vegetation widerspiegelt sowie

• die Korrelation der anfänglichen Bodenfeuchte mit dem darauffolgenden atmosphärischen
Antrieb, welche den Einfluss von Land-Atmosphäre Wechselwirkungen und der Persistenz des atmosphärischen Antriebs beschreibt.
Der atmosphärische Antrieb wird vom Niederschlag dominiert, sodass dessen Dynamik und
Kopplung mit der Bodenfeuchte einen Grossteil der Variationen der Bodenfeuchtepersistenz
erklären können.
Im zweiten Teil wird darauf aufbauend ein konzeptionelles Wasserbilanzmodell zur Berechnung von Bodenfeuchte, Abfluss und Evapotranspiration eingeführt. Dieses Modell wird mit
v
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Beobachtungen von Niederschlag und Nettostrahlung angetrieben und mit Hilfe von Abflussmessungen kalibriert, jeweils für ein Einzugsgebiet. Es wird vereinfachend angenommen, dass
Abfluss (normalisiert mit Niederschlag) und Evapotranspiration (normalisiert mit Nettostrahlung)
einfache Funktionen der Bodenfeuchte sind. Dieses beobachtungsbasierte Modell kann beobachtete
Bodenfeuchteveränderungen reproduzieren, somit bietet es eine Alternative zu (nicht mit Bodenfeuchte validierten) klassischen Landmodellen und (kaum vorhandenen) direkten Bodenfeuchtebeobachtungen.
Im dritten Teil wird das Wasserbilanzmodell in mehr als 100 Einzugsgebieten in der Schweiz
und in Europa angewendet, in denen die natürliche Dynamik des Abflusses möglichst wenig
anthropogen beeinflusst ist. Damit wird die räumliche Verteilung der kontinentalen Bodenfeuchtepersistenz bestimmt. Dabei wird gezeigt, dass die Bodenfeuchtepersistenz sich übertragen kann auf Abfluss und Evapotranspiration, abhängig von der Stärke der Kopplung mit
Bodenfeuchte und der Variabilität des atmosphärischen Antriebs. Zusätzlich wird die mittlere
Erholungszeit von anomalen Bedingungen als neue Grösse zur Messung der Bodenfeuchtepersistenz eingeführt, um letztere als Zeitspanne ausdrücken zu können. Weiterhin kann mit
diesem Ansatz gezeigt werden, dass die Persistenz bei Extremereignissen wie Trockenheit
oder starken Niederschlägen grösser ist.
Im vierten Teil dieser Dissertation wird die Vorhersagbarkeit von Bodenfeuchte und Abfluss
untersucht. Dafür wird das oben genannte Wasserbilanzmodell angewendet und für den
Vorhersagezeitraum mit Vorhersagen von Niederschlags- und Nettostrahlungsprognosen aus
Wetterberichten des europäischen Zentrums für mittelfristige Wettervorhersage (EZMW) angetrieben. Abfluss kann damit im Mittel ungefähr eine Woche im Voraus verlässlich vorhergesagt werden und Bodenfeuchte sogar zwei Wochen. Desweiteren wird die Relevanz der Anfangsbedingungen (Bodenfeuchte und Schneehöhe) verglichen mit der des Wetterberichts in
Bezug auf die Vorhersagegenauigkeit von Bodenfeuchte und Abfluss. Die Vorhersage des
Abflusses hängt hauptsächlich vom Wetterbericht ab, wobei der Niederschlag den grössten
Einfluss hat. Die Vorhersage der Bodenfeuchte hingegen beruht stärker auf den Anfangsbedingungen, insbesondere auf der anfänglichen Bodenfeuchte.
Im letzten Teil dieser Arbeit wird die Bedeutung der Bodenfeuchte für die Wettervorhersage
generell und für die Temperaturvorhersage im Speziellen verdeutlicht. Mit Hilfe von linearen
Funktionen zwischen Bodenfeuchte aus dem Wasserbilanzmodell und beobachteten Temperaturen werden die erwähnten Bodenfeuchtevorhersagen in Temperaturvorhersagen überführt. Diese werden mit den dazugehörigen EZMW Vorhersagen verglichen. Für Vorhersagezeiträume über 2 Wochen ist dieser einfache Ansatz dank der Bodenfeuchtepersistenz
in manchen Einzugsgebieten ähnlich gut. Besonders im Falle von starken anfänglichen Bodenfeuchteanomalien, denn unter solchen Bedingungen ist die Temperatur stärker mit der
Bodenfeuchte gekoppelt.
Diese Dissertation demonstriert die Relevanz von Bodenfeuchtepersistenz für das Land-KlimaSystem und für hydrologische sowie Wetter- und Klima- Vorhersagen. Die Persistenz vari-
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iert in Abhängigkeit von den Eigenschaften der Landoberfläche (Boden, Vegetation) und des
Klimas, sowie von deren Wechselwirkungen. Es wird gezeigt, dass die Kopplung der Bodenfeuchte mit Abfluss die zuverlässige Bestimmung von Bodenfeuchteveränderungen aus
Abflussmessungen ermöglicht. Dieser Ansatz bietet eine wichtige Möglichkeit die Bodenfeuchte beobachtungsbasiert zu modellieren und dadurch die hydrologische Forschung und
Modellentwicklung zu unterstützen.
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Chapter 1
Introduction
1.1

Importance of soil moisture persistence in the climate
system

Soil moisture exhibits outstanding persistence characteristics (Delworth and Manabe 1988,
Entin et al. 2000, Koster and Suarez 2001, Seneviratne et al. 2010). The soil as a large
reservoir can accumulate deficits and surpluses of moisture that may result for instance from
precipitation or radiation anomalies. This integrative behavior allows the soil moisture content
to ’remember’ past anomalies. The corresponding soil moisture persistence may last from
weeks to months or even longer in the case of extreme events (Entin et al. 2000, Seneviratne
et al. 2012). This ability is especially remarkable in comparison with the weak persistence of
other variables of the climate system such as temperature and precipitation (Kim et al. 2012).
As already reported by Lorenz (1963), the atmosphere is a chaotic system which makes (sub-)
seasonal forecasting very difficult. Therefore, weather and climate forecasting should especially rely on information that we can predict weeks to months ahead. One important variable
in this context is sea-surface temperature (SST); its distinct persistence characteristics were
highlighted in a landmark study by Frankignoul and Hasselmann (1977), who described that
random atmospheric forcing may produce pronounced low-frequency variability (i.e. persistence) in SST. Whereas SST also impacts the weather on land, another important quantity in
this respect is soil moisture. In an early study, Delworth and Manabe (1988) pointed out that
the same mechanism that produces persistence in SST also applies to soil moisture. Koster
et al. (2000) later disentangled the contributions of ocean- and land-induced precipitation variability, identifying that the role of the land boundary conditions is larger than that of oceans
in mid-latitude regions. Further studies confirmed the importance of (initial) soil moisture
for weather and climate predictions and illustrated the added value of a realistic soil moisture
initialization, especially on longer time scales and in the case of large initial soil moisture
anomalies (Koster et al. 2011, van den Hurk et al. 2012).
Depending on the conditions, soil moisture may be linked with many climate variables, which
makes it a key variable in the climate system (see Seneviratne et al. 2010 for a review). As
illustrated in Figure 1.1, soil moisture may be coupled to runoff or evapotranspiration (depending on the conditions) through the land water balance. Through these relationships, soil
moisture also influences the land energy balance, in particular the partitioning between the
1
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Figure 1.1: Land water balance (left) and land energy balance (right) as illustrated by Seneviratne et al. (2010). On the left hand side, incoming precipitation (P) is partly stored in the
soil (dS/dt) and partly it leaves the soil through evapotranspiration (E), streamflow (Rs ) and/or
sub-surface runoff (Rg ). On the right hand side, incoming net short-wave radiation (SWnet )
is partly reflected, partly stored in the soil or transported into the deep soil (dH/dt and G,
respectively), and/or partly transformed into outgoing long-wave radiation (LWnet ), sensible
and latent heat flux (SH and LH).

sensible and latent heat fluxes (Seneviratne et al. 2010) resulting in additional feedbacks with
temperature (Seneviratne et al. 2006b, Hirschi et al. 2011, Mueller and Seneviratne 2012),
or precipitation (Beljaars et al. 1996, Koster et al. 2004a, Dirmeyer et al. 2009, Hohenegger et al. 2009, Santanello et al. 2009, Findell et al. 2011, Taylor et al. 2011). Under dry
conditions, for example, evapotranspiration from plants and soils is limited by the availability of soil water (Eagleson 1978, Koster and Milly 1997, Koster et al. 2004a, Bisselink and
Dolman 2009, Teuling et al. 2009). This limitation also impacts sensible heat flux and hence,
surface temperature. As a consequence, soil moisture may control the magnitude (Fischer
et al. 2007, Mueller and Seneviratne 2012) or persistence (Lorenz et al. 2010) of heat waves.
Under wet conditions, on the other hand, runoff depends on the remaining water storage capacity of the soil (Koster and Milly 1997, Botter et al. 2007, Kirchner 2009). In the case of a
wet soil, the amount and variability of streamflow increases as less water can be stored in the
soil to buffer precipitation. Therefore soil moisture may also control the magnitude and occurrence of floods. Given the outstanding persistence of soil moisture, long-lasting soil moisture anomalies may be translated to the atmosphere through their impacts on the land-energy
balance, making soil moisture an important variable in weather and climate forecasting. Especially when predicting the evolution of extreme events, information on soil wetness is of
crucial importance.
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Historical studies on soil moisture persistence
Approach of Delworth and Manabe

A first comprehensive framework to investigate soil moisture persistence was proposed by
Delworth and Manabe in 1988. They describe soil moisture persistence as a first-order Markov
process:
dw (t)
Epot
=−
w (t) + P − Q
(1.1)
dt
cs
where precipitation (including snow melt) and runoff, P and Q, respectively, as random processes force soil moisture, w (t). Additionally, soil moisture variations are dampened by
Epot
evapotranspiration,
w (t), to yield distinct low-frequency variations, i.e. persistence. Epot
cs
refers to potential evapotranspiration and is normalized with the water holding capacity of the
(model’s) soil, cs . Delworth and Manabe (1988) (referred to as DM88 in the following) use
the autocorrelation function to derive a measure of the strength of the soil moisture persistence:
Epot
−
tlag
r (tlag ) = e cs
(1.2)
where r denotes the autocorrelation at lead time tlag . The strength of the soil moisture persistence can be quantified through the decay time scale of the autocorrelation function, i.e.
1
the time lag after which the autocorrelation is reduced to . From Equation (1.2), this time
e
Epot
. According to DM88 the soil moisture persistence is therefore
scale can be expressed as
cs
mostly determined by the amount of potential evapotranspiration, but also by precipitation and
runoff, as illustrated in Figure 1.2. High potential evapotranspiration leads to a fast dissipation
of soil moisture anomalies and hence a weak persistence whereas low potential evapotranspiration yields strong soil moisture persistence. If, however, potential evapotranspiration is
smaller than precipitation, runoff occurs that reduces persistence again as it forces soil moisture towards its mean state. DM88 compute decay time scales across the globe between 1 and
10 months, but they underline that these results should not be overstated as they are model
dependent; for example soil and vegetation characteristics and the consequently modeled soil
moisture variability are recognized to impact soil moisture persistence.
In the following years, many studies applied and validated the DM88 framework, mainly
with soil moisture observations from the former Soviet Union. Vinnikov and Yeserkepova
(1990) used the DM88 framework to investigate a large observational soil moisture data set
from the South-West of the former Soviet Union. They found a good agreement between
Epot
decay time scales computed from the observed time series and predicted by
and report
cs
decay time scales between one and five months. They furthermore report that state-of-the-art
general circulation models (GCM) of that time captured observed seasonal variations but not
the observed soil moisture regime in the investigated region.
Vinnikov et al. (1996) further validated the DM88 framework and used it to investigate soil
moisture variability and persistence in different depths and for different land covers using data
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Figure 1.2: Dependency of soil moisture persistence on potential evapotranspiration (x-axis),
precipitation (daily rates pointing at the graphs) and runoff (solid vs. dashed lines) as proposed by Delworth and Manabe (1988). Soil moisture persistence is expressed as decay time
scale of the autocorrelation function.
from a site in north-eastern Russia. They report persistence time scales of about 3 months,
in good agreement with Equation (1.2) and independently of depth and land cover. The ratio
between high and low frequency soil moisture variability (which can be seen as a measure of
persistence) was found to decrease with depth and to be lower for forest than for grassland.
Using a very large observational data set with data from numerous stations located in Russia,
China, Mongolia and the United States, Entin et al. (2000) also apply the DM88 framework
and derive soil moisture persistence time scales ranging from 1 to 2.5 months with no clear
differences between the investigated regions. They confirm a decreasing ratio between high
and low frequency soil moisture variability with depth reported by Vinnikov et al. (1996), but
in contrast to that earlier study they also find slightly stronger persistence in greater depths.
Moreover, modeling studies by Schlosser and Milly (2002) and Wu and Dickinson (2004) used
the DM88 framework with data from coupled land-atmosphere models, studying predictability and persistence of soil moisture, respectively. In good agreement with observation-based
studies they report respective time scales ranging from 0.5 to 10 months depending on climate
regime (latitude), season and soil depth.

1.2.2

Approach of Koster and Suarez

In the DM88 framework, the meteorological forcing and the soil and vegetation characteristics
were (correctly) recognized as main controls of soil moisture persistence. However, there are
important limitations to this framework. It does (i) not account for seasonal variations of
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the atmospheric forcing and it (ii) assumes random atmospheric forcing with no persistence.
Furthermore, (iii) the framework does not allow to separate the effects of different controls of
soil moisture persistence.
Addressing these shortcomings, Koster and Suarez (2001) introduced a new framework in
which they use the water balance equation
wn+1,y = wn,y + Pn,y − En,y − Qn,y
(1.3)
to derive an equation for the autocorrelation of soil moisture as a measure of the strength of
its persistence (referred to as ’memory’ in that study):


an Pn cn Rn
2−
−
σwn 
cov(wn , Fn ) 
cs
cs


ρ(wn , wn+lag ) =
(1.4)
+

σwn+lag 
σw2 n
an Pn cn Rn
2+
+
cs
cs
Here, wn,y denotes soil moisture at the beginning of time step n in year y, and Pn,y , Rn,y , En,y
and Qn,y denote the accumulated precipitation, net radiation, evapotranspiration and runoff
during time step n, respectively. The variability σwn and the mean precipitation and radiation,
Pn and Rn , respectively, are computed over all values at time step n in all considered years. Fn
represents a complicated forcing term that depends on precipitation and radiation means and
anomalies, on cs , wn , wn+lag and on the fitted parameters an , bn , cn and dn . These parameters
are determined from assumed linear relationships following an approach introduced by Koster
and Milly (1997):
Qn,y
wn,y + wn+lag,y
= an
+ bn
(1.5)
Pn,y
2
En,y
wn,y + wn+lag,y
+ dn
= cn
Rn,y
2

(1.6)

From Equation (1.4) Koster and Suarez (2001) (referred to as KS01 in the following) infer 4
controls of soil moisture memory: (i) the seasonality of soil moisture variability as induced
by non-stationary precipitation and net radiation, (ii) the runoff, and (iii) evapotranspiration
sensitivity to soil moisture, which tend to deplete existing soil moisture anomalies (illustrated
in Figure 1.3), and (iv) the correlation between initial soil moisture and subsequent forcing,
as induced by e.g. persistence in the forcing or land-atmosphere interactions. They apply and
validate their approach with global soil moisture data from an atmospheric general circulation
model, identifying the relative importance of the 4 controls in different regions of the world.
In the following years, several modeling studies used the framework of KS01 to analyze soil
moisture persistence and proved that Equation (1.4) is a good approximation for the autocorrelation of soil moisture (e.g. Mahanama and Koster 2003, Mahanama and Koster 2005,
Seneviratne et al. 2006a).
Wu et al. (2002) and Wu and Dickinson (2004) confirm the results obtained with the KS01
framework in other studies using cross-spectral analysis. Applying this method with observations from the United States and with model data with global coverage, they point out
the respective importance of different controls of soil moisture persistence like precipitation,
runoff and evapotranspiration.
Recently, Seneviratne and Koster (2012) proposed a revised version of the KS01 framework.
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Figure 1.3: Fitted dependencies of runoff (normalized with precipitation) and evapotranspiration (normalized with net radiation) on soil moisture in the Mentue catchment in western
Switzerland. The background histograms show the soil moisture distributions in different seasons which illustrate the varying sensitivity of normalized runoff and evapotranspiration with
respect to soil moisture. This figure is discussed in more detail in Section 5.2.1.

To disentangle the effects of soil moisture variability and forcing variability they replace the
σwn
in Equation (1.4) because it accounts only implicitly for the non-stationarity
term
σwn+lag
of the forcing. Furthermore, to make this equation independent of soil moisture at time step
n+lag, they use explicit formulations of Equations (1.5) and (1.6) and yield a revised equation
for the autocorrelation of soil moisture:



an Pn cn Rn
+
σwn 1 −
+ σΦn ρ (wn , Φn )
cs
cs
ρ(wn , wn+lag ) = s
2



an P n c n R n
an Pn cn Rn
+
+ 2σwn 1 −
+
σwn 1 −
σΦn ρ (wn , Φn ) + σΦ2 n
cs
cs
cs
cs
(1.7)
where Φn refers to a forcing term that is independent of soil moisture (in contrast to KS01):
Φn,y

1
=
cs



Pn − Qn
En
Pn,y −
Rn,y
Pn
Rn


(1.8)

From Equation (1.7), Seneviratne and Koster (2012) identify similar controls of soil moisture
persistence as KS01, except for the seasonality of the soil moisture variability, which they
disentangle in contributions of initial soil moisture variability and of forcing variability during
the considered time frame, as displayed in Figure 1.4. Moreover, they validate Equation (1.7)
with model simulations from atmospheric global circulation models.
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Figure 1.4: Illustration from Seneviratne and Koster (2012) showing the effects of both soil
moisture variability σwn and forcing variability σΦn on soil moisture memory.

1.3

Considering soil moisture persistence from different perspectives

As discussed above, soil moisture persistence can be quantified in different ways. Depending on the particular study it may be expressed as a persistence time scale, as correlation
coefficient, or as forecast skill. In the following, these measures are introduced.

1.3.1

Decay time scale of soil moisture anomalies

DM88 introduced the decay time scale of the autocorrelation function of soil moisture as a
measure of persistence (Section 1.2.1). It ranges from zero (no persistence) to infinity (infinite persistence). This measure was widely used in the following years in many of the
above-mentioned studies. It is very straightforward to understand, because it is expressed as a
time period. Furthermore this measure allows to characterize the strength of the soil moisture
persistence with a single number, which is easy to handle and ensures comparability.

1.3.2

Soil moisture autocorrelation

KS01 quantified soil moisture persistence as a discrete rather than continuous autocorrelation
function, namely as the correlation of soil moisture values at time step n in all years with the
respective values at time step n + lag (Section 1.2.2). This inter-annual correlation (called
’memory’ in KS01) ranges from zero (no memory) to one (infinite memory). It was used by
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Figure 1.5: Evolution of soil moisture persistence in observations of total column soil moisture expressed as inter-annual correlation for lead times between 3 and 40 days. Colors
denote different sites (refer to Chapter 2 for a more detailed description of these sites), and
the line styles indicate different seasons (for spring we do not consider March and for fall
we exclude November to avoid impacts of snow). The thick gray lines indicate exponential
functions.

numerous modeling studies in recent years as mentioned above. We also use it in most of the
following chapters. Unlike DM88, it does not assume an exponential decay of the correlation with lag time, therefore this approach is well suited to study soil moisture persistence at
different lag times. This allows to characterize the persistence more comprehensive, e.g. to
investigate how (strongly) it decreases with lead time. Moreover this measure may be used
to study the seasonal cycle of soil moisture persistence as it can be computed for any interval
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[n, n + lag] of the year.
Figure 1.5 illustrates soil moisture autocorrelations from observations at 5 sites in spring,
summer and fall. It compares the decay of the strength of the soil moisture persistence to
exponential functions and shows that the decay is generally roughly exponential as assumed
by DM88. However, there are exceptions which highlight the usefulness of the inter-annual
correlation that allows to capture deviations from an exponential shape.

1.3.3

Predictability of soil moisture

Soil moisture persistence is also related to the notion of soil moisture predictability, because
persistence induces predictability. It is measured as the potential skill of soil moisture forecasts. Recent studies based on soil moisture predictability illustrated its potential contribution
to weather and climate forecasts (Koster et al. 2011, van den Hurk et al. 2012) or its potential
usefulness for agricultural decisions (Calanca et al. 2011). The boundaries of this quantity
depend on the employed skill measure, the anomaly correlation coefficient we use in Chapters 5 and 6 ranges from zero (no skill) to one (perfect skill). Forecasts skills are hardly
comparable between different studies as they depend on the forecast setup (e.g. persistence
forecast or forecast with climatological forcing) and the possibly applied model. Furthermore
different measures of forecast skill may complicate the comparability (for instance relative
inter-ensemble variance, as used by Schlosser and Milly 2002 versus ranked probability skill
score, as used by Calanca et al. 2011).

1.3.4

Average lifetime of soil moisture anomalies

In Chapter 4 we introduce another approach to compute a persistence time scale; instead
of using the (not necessarily exponentially shaped) autocorrelation function of DM88, we
compute it as a mean recovery time from anomalies exceeding a certain threshold. This allows
us to study the persistence of weak versus strong soil moisture anomalies. Like the DM88
decay time scale it is very straightforward to interpret and to evaluate and as we show later this
measure corresponds well with the widely used KS01 autocorrelation (Figure 4.11), which
itself is an indicator of potential soil moisture predictability (Figure 5.14).

1.4

Modeling soil moisture persistence

Reliable long-term soil moisture data are an essential requirement to study soil moisture persistence. For this purpose, past studies mostly used observations from the former Soviet
Union, Mongolia, China and Illinois, because they constituted the only observational data basis at the time. These observations were taken only in weekly to monthly intervals, with varying sampling frequency depending to location and season (e.g. Robock et al. 2000). Therefore
with these data soil moisture persistence can only be studied on a monthly time scale and with
the assumption that a few measurements in each month represent a monthly average.
To compensate for the lack of available measurements and to be able to study soil moisture
persistence also on shorter time scales and in other regions (e.g. Europe), many other past

10

CHAPTER 1. INTRODUCTION

Figure 1.6: Comparison of soil moisture memory and its main controls in observations (upper row) and in two versions of the Community Land Model Version 4 (CLM4, lower rows)
at Oensingen. The main controls are initial soil moisture variability, precipitation variability
and the correlation between initial soil moisture and subsequently accumulated precipitation,
as identified by Orth and Seneviratne 2012. Soil moisture memory is expressed as autocorrelation as introduced by KS01. All quantities are displayed for every half-monthly interval
from March until November and for lag times between 5 and 40 days.

studies employed different kinds of models, such as land models, coupled land-atmosphere
models or atmospheric global circulation models. However, these models strongly differ in
their representation of soil moisture dynamics, making it difficult to compare the results of
different models and studies (Koster et al. 2009). Moreover, the models cannot be thoroughly
validated in many regions of the world due to the above-mentioned lack of observations (see
e.g. Seneviratne et al. (2006a) for a validation of AGCMs in regions with observed soil moisture). As a first step to obtain realistic soil moisture data from Switzerland, we tested a stateof-the-art land model (Community Land Model (CLM), Oleson et al. 2008, Lawrence et al.
2011) at selected sites with observed soil and vegetation characteristics (instead of satellitebased and/or interpolated maps) and observed meteorological forcing (instead of re-analysis).
Even with such accurate boundary conditions and forcing data, the model was not able to reproduce observed soil moisture dynamics as illustrated in Figure 1.6 for the Swiss site Oensingen. It shows a strong underestimation of soil moisture memory in the default version of
CLM4 due to a strongly underestimated soil moisture variability σwn . However, lowering the
hydraulic conductivity of the model soil improves the results. As such a site-specific calibration of the model is only possible with soil moisture observations, the model was not found to
be suitable as a tool to investigate soil moisture persistence due to its underlying deficiencies
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in the parametrization of the model (Decker and Zeng 2009, Lawrence et al. 2011).
To overcome the limited availability of observations and the modeling problems, we introduce
in this thesis an observation-based modeling approach (Chapter 3) that is based on abundantly
available runoff observations used for calibration, and precipitation and radiation observations
to run the model. We show that these observations can be utilized to reproduce observed soil
moisture dynamics and to study soil moisture persistence on a daily time scale across Europe.

1.5

Goals of this thesis

Building upon the current state of research outlined in the previous subsections, the general
objective of this thesis is to study soil moisture persistence in Switzerland and Europe with
comprehensive and realistic soil moisture data, as well as its associated predictability and its
implications for other variables of the climate system such as streamflow, evapotranspiration
and temperature. Here, I shortly outline how this objective is approached step-by-step in the
studies presented in Chapters 2-6. These chapters are followed by the conclusions of this
thesis in Chapter 7.

• Chapter 2: Analysis of soil moisture memory from observations in Europe
In this chapter we compare the KS01 framework to the revised version of Seneviratne
and Koster (2012). Based on these studies, we introduce an alternative approach to
identify the controls of soil moisture persistence from an autocorrelation equation that
does not rely on the linearity assumptions stated in Equations (1.5) and (1.6). This
way, we identify two main controls of soil moisture persistence. Using data from five
unique sites located across Europe that include soil moisture observations together with
the respective atmospheric forcing and surface flux measurements, we investigate variations of soil moisture persistence with respect to season and wetness, and show that
the new approach yields memory estimates that compare very well with observations as
it does not include any assumptions of evapotranspiration and runoff depending on soil
moisture.

• Chapter 3: Inferring soil moisture memory from streamflow observations using a
simple water balance model
This study introduces and validates a conceptual observation-based approach to infer
soil moisture from observations of streamflow, precipitation and radiation based on a
previous study by Koster and Mahanama (2012). The employed simple water balance
model assumes that runoff (normalized by precipitation) and evapotranspiration (normalized by net radiation) depend solely on soil moisture; respective polynomial dependencies are fitted for each catchment by comparing modeled and observed streamflow.
This approach compensates for a lack of (daily) soil moisture observations and a limited
ability of even state-of-the-art land models to correctly simulate soil moisture variability. We illustrate the validity of the approach by investigating the spatial distribution of
soil moisture persistence and its main controls across Switzerland.

12
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• Chapter 4: Propagation of soil moisture memory to streamflow and evapotranspiration in Europe
Using the above-described modeling approach, we illustrate and analyze in this paper
the persistence of soil moisture, streamflow and evapotranspiration across Europe with
daily and monthly data from >100 catchments in 11 countries. Consistent with the key
role of soil moisture in the climate system, we find that persistence in streamflow and
evapotranspiration is linked to soil moisture persistence depending on the respective
coupling strength of those variables to soil moisture memory. To study the hydrological
persistence during dry and wet conditions, we introduce the recovery time scale as a
new measure of persistence. It quantifies the mean duration required to recover from
anomalous conditions that exceed a certain threshold.

• Chapter 5: Predictability of soil moisture and streamflow on sub-seasonal time
scales: A case study
Given the strong persistence of soil moisture and streamflow reported by the other chapters, this study aims at illustrating the related hydrological predictability in Switzerland.
For this purpose, we employ an extended version of the simple water balance model that
accounts for snow. Using forcing forecasts of precipitation, radiation and temperature
issued by the European centre of medium-range weather forecasting (ECMWF), we
conduct several forecasting experiments with lead times of up to 32 days. We find
that soil moisture and streamflow forecast skills benefit mostly from (i) information on
initial (soil moisture and snow) conditions and (ii) an accurate precipitation forecast.
The former is more important for soil moisture forecasts, whereas the latter is more
important for streamflow forecasts.

• Chapter 6: Using soil moisture forecasts for sub-seasonal summer temperature predictions in Europe
Based on the outstanding persistence of soil moisture and on its relationship with temperature, we use in this chapter soil moisture forecasts developed in the previous chapter
to predict weekly-averaged temperature. The aim of this study is to point out the practical relevance of soil moisture persistence even beyond hydrological applications. For
this purpose, we translate soil moisture forecasts into temperature forecasts through
linear relationships computed from observed temperatures and soil moisture from the
simple water balance model. These temperature forecasts show skill up to two weeks
lead time in most catchments across Europe, underlining the validity of the simple translation approach. For the maximum lead time of 4 weeks the temperature forecasts even
show slightly higher skill compared to the corresponding ECMWF product.

Chapter 2
Analysis of soil moisture memory from
observations in Europe
(Article published in Journal of Geophysical Research, 117, D15115)
Rene Orth and Sonia I. Seneviratne
Institute for Atmospheric and Climate Science, ETH Zurich,
Universitätsstrasse 16, CH-8092 Zurich, Switzerland

Abstract
Soil moisture is known to show distinctive persistence characteristics compared to other quantities in the climate system. As soil moisture is governing land-atmosphere feedbacks to a
large extent, its persistence can provide potential to improve seasonal climate predictions. So
far, many modeling studies have investigated the nature of soil moisture memory, with consistent, but model-dependent results. This study investigates soil moisture memory in long-term
observational records based on data from five stations across Europe. We investigate spatial and seasonal variations in soil moisture memory and identify their main climatic drivers.
Also, we test an existing framework and introduce an extension thereof to approximate soil
moisture memory and evaluate the contributions of its driving processes.
At the analyzed five sites, we identify the variability of initial soil moisture divided by that
of the accumulated forcing over the considered time frame as a main driver of soil moisture
memory that reflects the impact of the precipitation regime and of soil and vegetation characteristics. Another important driver is found to be the correlation of initial soil moisture with
subsequent forcing that captures forcing memory as it propagates to the soil and also landatmosphere interactions. Thereby, the role of precipitation is found to be dominant for the
forcing. In contrast to results from previous modeling studies, the runoff and evapotranspiration sensitivities to soil moisture are found to have only a minor influence on soil moisture
persistence at the analyzed sites. For the central European sites, the seasonal cycles of soil
moisture memory display a maximum in late summer and a minimum in spring. An opposite
seasonal cycle is found at the analyzed site in Italy. High soil moisture memory is shown to
last up to 40 days in some seasons at most sites. Extremely dry or wet states of the soil tend
to increase soil moisture memory, suggesting enhanced prediction potential during extreme
events at most sites considered in this study.
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2.1

Introduction

Over land, a significant amount of water is stored in the soil, of which soil moisture in the top
meter has the largest influence on the atmosphere through various interactions (e.g. Seneviratne et al. 2010). This quantity shows somewhat shorter but similar long-term “memory”
(or persistence) effects as sea surface temperature as a result of its integrative behavior (e.g.
Delworth and Manabe 1988, Vinnikov and Yeserkepova 1990, Entin et al. 2000, Koster and
Suarez 2001, Chen and Kumar 2002, Schlosser and Milly 2002, Wu et al. 2002, Wu and
Dickinson 2004, Seneviratne et al. 2006a, Lo and Famiglietti 2010, Seneviratne and Koster
2012).
Persistence of soil moisture is relevant for the climate system, since soil moisture influences
the partitioning between the latent and sensible heat fluxes at the surface and therefore the
near-surface atmospheric conditions, boundary layer stability and possibly precipitation (e.g.
Betts 2004, Ek and Holtslag 2004, Hohenegger et al. 2009, Santanello et al. 2009, Findell
et al. 2011, Taylor et al. 2011; see also Seneviratne et al. 2010 for an overview). These feedbacks have also been shown to be relevant for the occurrence of extreme events, in particular
heat waves (e.g. Seneviratne et al. 2006b, Diffenbaugh et al. 2007, Fischer et al. 2007, Vautard et al. 2007, Haarsma et al. 2009, Jaeger and Seneviratne 2011, Hirschi et al. 2011). In
turn soil moisture is influenced by meteorological forcings such as precipitation and radiation.
Moreover both soil moisture and its atmospheric forcing can be impacted by large-scale circulation anomalies which may induce apparent persistence in the system independently of soil
moisture effects (Wei et al. 2008, Orlowsky and Seneviratne 2010). Because of its impacts on
the atmosphere, soil moisture memory can affect the atmospheric persistence, a property that
could be relevant for seasonal forecasting. Nevertheless, a realistic soil moisture initialization
is generally not considered in operational seasonal forecasts over Europe, although the recent
GLACE2 experiment (Koster et al. 2010b) shows skill in this region (van den Hurk et al.
2012).
The main focus of this study is to investigate the characteristics of soil moisture memory using long-term observations from five sites across Europe. Building upon approaches by Koster
and Suarez (2001), hereafter referred to as KS01, and Seneviratne and Koster (2012), hereafter referred to as SK12, we test various approaches to calculate the memory analytically.
We focus on the disentangling of the role of factors contributing to soil moisture memory, and
we also analyze seasonal variations in soil moisture memory to identify when it is most useful to consider a realistic soil moisture initialization for applications in seasonal forecasting.
Furthermore we investigate the behavior of soil moisture memory under extreme conditions,
which is important with regard to the persistence of droughts and heat waves (e.g. Lorenz
et al. 2010, Seneviratne et al. 2012) and the forecasting of these phenomena.

2.2

Methodology: Soil moisture memory analysis

We assess soil moisture memory from the lag correlation of soil moisture over specific time
frames using multi-year data. This means that from a given time series the soil moisture values
of all years y at time step n (where n denotes a particular day of the year) are correlated with
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Figure 2.1: Illustration of calculation of lag correlation. All soil moisture anomalies at a
particular day n (for instance 1 July as chosen here) of all available years are correlated with
the respective anomalies at day n + lag. The anomalies displayed here are no real data, the
curves are for illustration purpose only.
all values at time step n + lag as illustrated in Figure 2.1. Following this approach, there
is no difference between computing the respective correlations for soil moisture or for its
anomalies (deviations from the multi-year mean at the respective days), as using the anomalies
would only imply a constant offset that would not affect the computed correlation. This offset
is the difference between the climatological values between the two considered time steps.
Formally, we thus consider the analysis of ρ(wn , wn+lag ) with:
cov(wn , wn+lag )
(2.1)
ρ(wn , wn+lag ) =
σwn σwn+lag
The framework first proposed by KS01 and later refined by SK12 allows an assessment of the
contributions of various processes to soil moisture memory. Its starting point is the following
equation describing the soil water balance:
cs wn+lag,y = cs wn,y + Pn,y − En,y − Qn,y
(2.2)
where cs denotes the water-holding capacity of the soil, wn,y is the soil moisture content at
the beginning of time period n in year y, Pn,y is the accumulated precipitation during time
period [n, n + lag] and En,y and Qn,y are accumulated evapotranspiration and runoff during
that same time period. Runoff in this context and in the following is the sum of baseflow and
streamflow. Note that some applications consider the computation of memory for ensemble
simulations over a single year (e.g. Seneviratne et al. 2006a), whereby the ’y’ subscript refers
there to the respective ensemble members.
Starting from Equation (2.2), KS01 and SK12 use different approaches to estimate evapotranspiration and runoff as a function of the precipitation and radiation forcing and of soil
moisture feedbacks, and ultimately derive approximations of soil moisture memory that relate
it to its various drivers. These approaches and the resulting soil moisture memory equation
are detailed in the following subsections.
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2.2.1

Approach of Koster and Suarez

Based on earlier results from Koster and Milly (1997), KS01 assume that runoff normalized by
precipitation, and evapotranspiration (ET) normalized by radiation, respectively, both linearly
depend on mean soil moisture over the considered time frame:
Qn,y
wn,y + wn+lag,y
= an
+ bn
(2.3)
Pn,y
2
En,y
wn,y + wn+lag,y
= cn
+ dn
Rn,y
2

(2.4)

Using these relations to replace ET and runoff in Equation (2.2) they derive the following
expression for soil moisture memory:


σwn
cov(wn , Fn )
An +
ρ(wn , wn+lag ) =
(2.5)
σwn+lag
σw2 n
where Fn is a forcing function defined as:
wn,y + wn+lag,y
wn,y + wn+lag,y
2(cn
2 − 2(an
+ bn )
+ dn )
2
2
Pn,y −
Rn,y
Fn,y =
2cs + an Pn + cn Rn
2cs + an Pn + cn Rn

(2.6)

and An is equal to:
an Pn cn Rn
−
cs
cs
An =
an Pn cn Rn
+
2+
cs
cs
2−

(2.7)

Following this approach, KS01 identify the following 4 main drivers for soil moisture memory:
σwn
(1)
: ratio of soil moisture variabilities of two consecutive time steps (referred
σwn+lag
to as seasonality term; captures for instance changes in the variability of the atmospheric
forcing or changes in the impact of the atmospheric forcing on soil moisture)
(2)

an P n
: runoff term
cs

(3)

cn Rn
: ET term
cs

(4)

cov(wn , Fn )
: covariance between initial soil moisture and forcing
σw2 n

2.2.2

Approach of Seneviratne and Koster

2.2.2.1

Expression for soil moisture variability at the following time step

SK12 suggested a revised framework to address
a conceptual
limitation of the KS01 Equation


σwn
(2.5), namely that the seasonality term
, though a factor of the equation, is not
σwn+lag
monotonically linked with soil moisture memory, and can be in particular both high and low
in conditions of low memory (see also Seneviratne et al. 2006a and SK12 for a discussion).
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To address this issue, they derive an equation for the variability of soil moisture at time step
n + lag expressed as a standard deviation, which leads to a new expression for soil moisture
memory:
σwn An + σFn ρ(wn , Fn )
ρ(wn , wn+lag ) = q
(2.8)
σw2 n A2n + 2σwn An σFn ρ(wn , Fn ) + σF2 n
2.2.2.2

Explicit versus semi-implicit equations for ET and runoff dependencies on soil
moisture

The revised framework of SK12 also contains alternative versions of Equations (2.3) and (2.4)
that use explicit formulations, i.e. do not depend on soil moisture content at the end of the
time frame:
Qn,y
= an wn,y + bn
(2.9)
Pn,y
En,y
= cn wn,y + dn
Rn,y

(2.10)

As for Equation (2.3), the linearity assumption in (2.9) does not consider runoff that occurs
decoupled from precipitation events as slow drainage. Equations (2.9) and (2.10) together with
the replacement of σwn+lag described in Section 2.2.1 render the final resulting soil moisture
memory equation fully explicit, i.e. independent of information from time step n + 1. Using
(2.9) and (2.10) and following the same steps as KS01, SK12 derive the following forcing
function:


1 Pn − Qn
En
Φn,y =
Pn,y −
Rn,y
(2.11)
cs
Pn
Rn
which is then used to derive their final soil moisture memory equation:
σwn (1 − αn ) + σΦn ρ(wn , Φn )
ρ(wn , wn+lag ) = q
(σwn (1 − αn ))2 + 2σwn (1 − αn )σΦn ρ(wn , Φn ) + σΦ2 n
2.2.2.3

(2.12)

Implications of the revised SK12 framework

The SK12 Equation (2.12) provides a better disentangling of the role of the forcing for the
resulting soil moisture memory, which was in part indirectly captured by the seasonality term
in the KS01 approach. From Equation (2.12) 5 terms are found to drive soil moisture memory:
(1)

an P n
: dependence of runoff on soil moisture
cs

(2)

cn Rn
: dependence of ET on soil moisture
cs

(3) ρ(wn , Φn ): correlation between soil moisture and the forcing
(4) σwn : initial soil moisture variability
(5) σΦn : forcing variability.
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The first 3 terms were already captured in the KS01 approach, but the last 2 terms were
previously mixed in the seasonality term (see discussion in SK12). Note that the effects of the
an Pn cn Rn
dependencies of runoff and ET on soil moisture are combined in (1 − αn ) = 1−
+
.
cs
cs
It should be noted that Equation (2.12) can also be rewritten as:
s
σΦ2 n (1 − ρ(wn , Φn )2 )
ρ(wn , wn+lag ) = 1 −
(2.13)
(σwn (1 − αn ))2 + 2σwn (1 − αn )σΦn ρ(wn , Φn ) + σΦ2 n
which points out the special importance of the correlation and forcing variability terms. Hence,
a high soil moisture memory requires a strong correlation of soil moisture with subsequent
forcing or a low forcing variation.

2.2.3

Computing soil moisture memory without assuming runoff and
ET dependencies on soil moisture

In addition to the previously highlighted approaches, we consider and derive here a further
equation for soil moisture memory directly using runoff and ET as an input and which thus
forgoes assumptions about runoff and ET dependencies on soil moisture. As the only error
sources in this case are the measurement uncertainties of the involved quantities, this approach
will help to assess the impact of the mismatch between observations of forcing quantities and
the soil moisture measurements on the estimated soil moisture memory. Furthermore it will
allow us to determine drivers of soil moisture from an expression that contains no underlying
assumptions.
At first we combine the latter 3 terms of Equation (2.2) to a forcing term for soil moisture:
Gn,y = Pn,y − En,y − Qn,y
(2.14)
Note that this “soil moisture forcing” is not equivalent to the “atmospheric” forcing terms
derived by KS01 and SK12, Fn,y and Φn,y , which are based on precipitation and radiation.
Besides the atmospheric forcing it includes the forcing of runoff and ET modulated by soil
moisture feedbacks.
Introducing the soil moisture forcing into Equation (2.2) and subtracting the time mean we
derive:
0
0
cs wn+lag,y
= cs wn,y
+ G0n,y
(2.15)
Following the steps of SK12, we can derive an expression for σwn+1 from Equation (2.15),
then square it, take the time mean, and finally the square root of the resulting expression. This
yields:
q
σwn+lag =

2
(cs σwn )2 + 2cs σwn σGn ρ(wn , Gn ) + σG
n

(2.16)

0
Similarly to KS01 we multiply Equation (2.15) with wn,y
, take the time mean and divide the
resulting expression by σwn to derive an equation for soil moisture memory:
cs σwn + σGn ρ(wn , Gn )
(2.17)
ρ(wn , wn+lag ) = q
2
(cs σwn )2 + 2cs σwn σGn ρ(wn , Gn ) + σG
n
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Combining the standard deviation of the initial soil moisture and the forcing in a ratio κn as
in SK12 yields:
cs σwn
(2.18)
κn =
σ Gn
Using κn , we can then rewrite (2.17)s
as:
ρ(wn , wn+lag ) =

κ2n + 2κn ρ(wn , Gn ) + ρ(wn , Gn )2
κ2n + 2κn ρ(wn , Gn ) + 1

(2.19)

From this comprehensive equation two main drivers of soil moisture memory can be identified:
(1) κn : initial soil moisture variability normalized with the (soil moisture) forcing variability
(2) ρ(wn , Gn ): correlation between initial soil moisture and subsequent (soil moisture)
forcing
In order to disentangle the effects of precipitation, runoff and ET, it is interesting to consider
the form of Equation (2.19) when the effects of runoff and ET are neglected in the forcing
term Gn,y . In that case (2.19) simplifies
s to:
κ˜2n + 2κ˜n ρ(wn , Pn ) + ρ(wn , Pn )2
ρ(wn , wn+lag ) =
(2.20)
κ˜2n + 2κ˜n ρ(wn , Pn ) + 1
with
κ˜n =

cs σwn
σ Pn

(2.21)

The κ˜n term is now identical to that suggested by Mahanama et al. (2012). It can be seen
as a simplified version of the broader SK12 κn term introduced above, for the case that soil
moisture is mostly affected by precipitation.

2.2.4

Summary of all applied approaches

Regular approaches All approaches described above are summarized in Table 2.1. The
application of these separate approaches will allow us to: 1) identify the role of respective
drivers of soil moisture memory; 2) separate the influences of the new features introduced
by SK12 compared to the KS01 framework; 3) determine the impact of the measurement
uncertainties of all involved quantities using the new approach introduced in Section 2.2.3.
Simplified approaches All the approaches listed in Table 2.1 have in common that they
depend on soil moisture variability, runoff, ET, and the correlation (or covariance in approach
1) between soil moisture and some forcing, which differs across the approaches. Whereas
the importance of soil moisture variability for soil moisture memory is obvious, we can additionally test the effect of the other quantities as we neglect each of them separately leading to
simplified equations for all approaches as shown in Table 2.2.
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Number

1

2

3
4

Table 2.1: Overview of the characteristics of all evaluated approaches.
Assuming
Assuming
Replacing
Equaimplicit ET explicit ET
Publiσwn+lag
Approach
and runoff
and runoff Forcing
cation
analytition
dependendependencally
cies
cies
Fn
√
KS01
KS01
(2.5)
(eq.
1.5)
Fn
√
√
SK12
SK12
(2.8)
(eq.
explicit
1.5)
Φn
√
√
SK12
SK12
(2.12)
(eq.
complete
1.8)
√
no
This
Gn (eq.
(2.19)
assumptions
study
2.15)

Table 2.2: Simplified terms for ρ(wn , wn+lag ) for each approach after neglecting runoff and
ET and the correlation (or covariance) between soil moisture and forcing, respectively.
Neglecting correlation
Approach
between
Neglecting runoff and ET
soil moisture and forcing
σwn

1

σwn+lag



cov(wn , Fn )
1+
σw2 n

2

σwn + σFn ρ(wn , Fn )
q
σw2 n + 2σwn σFn ρ(wn , Fn ) + σF2 n

3

σwn + σΦn ρ(wn , Φn )
q
σw2 n + 2σwn σΦn ρ(wn , Φn ) + σΦ2 n

s
4

σwn An
σwn+lag



κ˜2n + 2κ˜n ρ(wn , Pn ) + ρ(wn , Pn )2
κ˜2 + 2κ˜n ρ(wn , Pn ) + 1
n

with κ˜n from Equation (2.21)

σ A
q wn n
σw2 n A2n + σF2 n

σwn (1 − αn )
q

(σwn (1 − αn ))2 + σΦ2 n

s

κ2n
κ2n + 1
with κn from Equation (2.18)
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Table 2.3: Soil moisture observations used from the investigated sites, including indication of
land cover and soil types as well as references describing the sites in more detail.
Land
Station
Data period
Soil type
Reference
SM
cover
measurement
depths (m)
0.08, 0.15,
Falkenberg Oct. 2002 sandy
grassland
0.3, 0.45, 0.6,
(GER)
2008
clay loam
0.9
Beyrich
Kehrigk
2009
2003 - 2008
forest
0.1, 0.3, 0.9
(loamy) sand
(GER)
Oensingen
0.05, 0.1, 0.3,
Ammann
2002 - 2007
grassland
clay
(CH)
0.5
et al. 2010
Rietholz0.05, 0.15,
Seneviratne
1994 - 2007
grassland (clay) loam
bach
0.55
et al. 2012
(CH)
San
Tirone
2004 - 2010
forest
sand
0.1, 0.45
Rossore
2003
(ITA)
Table 2.4: Runoff measurements at the investigated sites.
Station
Runoff station (distance and direction Catchment area
rel. to SM station in km)
Falkenberg (GER)
runoff difference between Lieberose
25km²
Kehrigk (GER)
(27 south) and Doberburg (23 south)
Oensingen (CH)
runoff difference between Brügg (43
3433km²
west) and Brugg (38 east)
Rietholzbach (CH)
Mosnang (1.5)
3.3km²
San Rossore (ITA)
Vicopisano (25 east)
8228km²

2.3

Analyzed data

Contrary to previous analyzes (KS01, Seneviratne et al. 2006a, SK12), the present study
focuses on the analysis of soil moisture memory characteristics from observations rather than
model data. This implies significant restrictions in the length of the data record. The analyzed
datasets and details of data handling related to these limitations are described in this section.

2.3.1

Investigated sites

The locations of the five sites considered in this study are shown in Figure 2.2. They include
Rietholzbach and Oensingen in Switzerland, Falkenberg and Kehrigk in Germany, and San
Rossore in Italy. The sites are distributed across different climate regimes, thus allowing us to
analyze soil moisture memory characteristics under different climatic conditions. The characteristics of the sites are summarized in Tables 2.3 and 2.4. General information on the sites
and datasets can be found in the publications listed therein. Especially interesting is the com-
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Figure 2.2: Location of the investigated sites.
bination of a grassland and a forest site only ca. 10 km apart in northern Germany (Falkenberg
and Kehrigk). As required by the applied frameworks (see preceding section), we use daily
observations of soil moisture, latent heat flux, radiation, streamflow and precipitation. Note
that we use here the observed streamflow even if it is not exactly the same as the runoff used
in the approaches introduced earlier. We also consider daily observations of temperature to
compare the memory of soil moisture to that of a typical atmospheric variable.
The evapotranspiration measurements used in this study are either based on lysimeter measurements (Rietholzbach) or eddy-covariance measurements (other sites). In the case of the
eddy-covariance measurements the data was corrected for the known energy balance closure
error (e.g. Wilson et al. 2002, Foken et al. 2006, Franssen et al. 2010). Hourly latent and sensible heat flux have been corrected to equal net radiation, keeping the original Bowen ratio if
both were positive. Otherwise the energy balance error was attributed to both fluxes according
to the strength of their dependency on net radiation (expressed as regression slope). During
nighttime the whole error was attributed to sensible heat flux. Moreover, the soil moisture
data from Rietholzbach had to be linearly detrended to compensate for a problem with the
sensors (see also Seneviratne et al. 2012).
As there was no net radiation data available for Rietholzbach, we used instead satellite data
measured within the NASA/GEWEX SRB project for this site. Net radiation at San Rossore
was only available for the first 3 years and we thus also used satellite data for that site. However, as the satellite data only extends until 2007 we used observed solar radiation for the
remaining years which we scaled to fit the mean and standard deviation of the satellite net
radiation of the other years. The satellite-derived net radiation was measured with a resolution of 1°(latitude) x 2° (longitude) at the latitude of Rietholzbach and of 1°(latitude) x 1°
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(longitude) at the latitude of San Rossore. To test the representativeness of the satellite data
for the San Rossore and Rietholzbach sites we compared the solar radiation measured at the
ground with that measured by the satellite and found good agreement (correlations between
anomalies of 0.90 at Rietholzbach and 0.79 at San Rossore, not shown). Furthermore also the
ground-based observations of net radiation compare well with satellite measurements (correlations between anomalies of 0.7, 0.58 and 0.66 at Oensingen, Falkenberg and Kehrigk,
respectively, not shown).

2.3.2

Temporal aggregation of data

The calculation of soil moisture memory is illustrated in Figure 2.1. To compute the memory
of a particular day and with a particular lag, time series of soil moisture anomalies from this
particular day in all available years are correlated with the anomalies at day+lag. Hence, the
memory is expressed as an inter-annual correlation (see Section 2.2). A weakness of this
definition, which also plays a role for the computation of the above-described approaches,
is that the memory depends only on particular mean daily soil moisture values which might
partly not be representative for the adjacent days. In addition, because the considered time
series are relatively short the computed inter-annual statistics are not very robust. For this
reason, we use the following approach to aggregate the results on several days within given
time windows.
The computations for each half-monthly interval make use of the respective interval as well as
of the 30 days that precede and that follow the interval. These half-monthly intervals extend
from the beginning of March until mid-November. We do not compute correlations in winter
as observed soil moisture values become questionable in frozen soil and as snow cover is not
included in Equation (2.2). To derive the soil moisture memory for any half-monthly interval,
the first correlation is computed between soil moisture values from day ninterval start −30 days
and day ninterval start − 30 days + lag and the last correlation results from values from day
ninterval end + 30 days − lag and day ninterval end + 30 days. The lag correlation for a given
half-monthly interval is then the median of all these correlation values. Using the median
makes the estimates robust against outliers. No lag correlation estimate is calculated if more
than 50% of all the correlations of a half-monthly interval cannot be computed due to gaps in
the source data. Moreover, by computing the 25% and the 75% quantile we can determine the
robustness of the estimate with the corresponding inter-quartile range.
All the other correlations, variances and the regressions in Equations (2.5) to (2.19) are also
computed as the median from half-monthly intervals together with the 30 preceding and following days. Each regression is furthermore checked for the significance of the calculated
slope. If the p-value of a two-sided t-test exceeds 0.2, the slope is set to zero, as this threshold
indicates that it does not significantly differ from zero. The intercept is then set to the mean
of all the ratios used in the particular regression.
There are cases where the observed and estimated soil moisture memory exceed the range
between 0 and 1. Especially the KS01 approach yields at some sites correlations higher than
1, whereas (slightly) negative correlations are seen across all approaches and also in the observed soil moisture memory. These values are then set to 1 and 0, respectively. Obviously a
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Figure 2.3: Evolution of water-holding capacities over different time lags at all sites.
correlation higher than 1 does not make sense. Additionally, none of the negative correlations
are significant.

2.3.3

Estimation of soil water-holding capacity

The water-holding capacity of the soil, cs , is calculated as the value that minimizes the sum of
the squared errors of the daily water balances, similarly to KS01 who used instead a monthly
water balance. The estimated water-holding capacities are shown in Figure 2.3. The highest
cs value is found for Kehrigk’s forest soil, whereas the smallest value is obtained for the San
Rossore site that is also forested. The reason for this latter result might be that the forest is
less dense at this site, and that the soil is sandy as it is near the sea. There is an increase
in the estimated water-holding capacities towards longer time lags as on longer time scales
a larger portion of the soil is affected by processes that exchange soil moisture between the
atmosphere, soil and groundwater.

2.4

Results

In the following we refer to ’observed’ soil moisture memory as the memory calculated from
the soil moisture measurements and to ’approximated’ memory as the memory computed
using the approaches described in Section 2.2.

2.4.1

Observed soil moisture memory

An evolution of soil moisture memory at all sites and for all months between March and
November from short to long time lags between 5 and 40 days is displayed in Figure 2.4.
The soil moisture memory generally weakens for increasing time lags but not to the same
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Figure 2.4: Soil moisture memory compared to ET and temperature memory, computed directly from the respective observations as described in Section 2.3.2. Displayed for all sites,
all months from March until November and all time lags between 5 to 40 days in steps of 5
days. The upper row shows the actual soil moisture memory estimates expressed as lag correlation. The second and third row show the uncertainty of the soil moisture memory estimates
(computed as described in Section 2.3.2) expressed as the range between the 75%-quartile
and median (second row) and between the median and the 25%-quartile (third row). The
lower two rows show ET and temperature memory estimates, also expressed as lag correlation and using the same color-coding as for soil moisture memory. Dots indicate a memory
that is significantly different from zero on the 10%-level.
extent among all seasons, which enhances the seasonal cycle of soil moisture memory for
longer time lags. Even after 40 days the memory left is significant for some months at all sites
(dotted pixels). Interestingly we find a generally weaker memory at Rietholzbach, especially
in comparison to Oensingen, although the two sites are only 150 km apart. This finding will
be analyzed in the following subsections using the above-described approaches. Also land
cover seems to impact the memory as it is generally weaker at the German Kehrigk forest site
compared to the nearby Falkenberg grassland site. The seasonal cycles, however, are similar
at these two sites. Comparing the characteristics of soil moisture memory at the Italian site
to that of the other sites, we find that the overall memory is a bit lower there and that the
seasonal cycle is different with a pronounced minimum in summer and a maximum in spring
that extends to long time lags. Figure 2.4 also shows the uncertainties of the computed lag
correlations as described in Section 2.3.2. They are generally higher if soil moisture memory
is weak. For Falkenberg and San Rossore a decreasing memory with increasing time lag is
preceded by an increased lower half of the inter-quartile range.
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Figure 2.5: Comparison between observed and approximated soil moisture memory involving
all approaches listed in Table 2.1 and described in Section 2.2 for all sites, all months between
March and November and all time lags from 5 to 40 days in steps of 5 days. Black shading
indicates insufficient data availability and gray shading denotes correlation estimates outside
the plotting range.

Furthermore the memories of ET and temperature are also displayed in Figure 2.4. These
memories are never significantly different from zero (except for two points at Kehrigk indicating some weak ET memory there, which might be related to the forest land cover). This
underlines the distinctiveness of the memory of soil moisture compared to other variables of
the climate system. Nevertheless on a time scale of 5 days there is some temperature memory,
and at the two forest sites Kehrigk and San Rossore a weak ET memory is found even for
longer time lags.
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Figure 2.6: Same as Figure 2.5, but here we plot the differences of approximated minus
observed soil moisture memory for each approach. The root mean squared error (RMSE) for
each field was computed over all plotted lags and months.

2.4.2

Approximated soil moisture memory

Figure 2.5 shows the evolution of the approximated soil moisture memory for all approaches
listed in Table 2.1 and described in Sections 2.2.1 - 2.2.3. Additionally, Figure 2.6 shows the
respective differences of the approximated soil moisture memories with respect to observed
soil moisture memory. As in Figure 2.4 the memory is shown at all sites over time lags
from 5 days to 40 days and over all months from March through November. The root mean
squared errors (RMSE) displayed for each approach at each site in Figure 2.6 allow for a more
objective comparison of the performances of the approaches.
Because of the summer precipitation minimum at the San Rossore site there is not enough
precipitation data to compute meaningful memory estimates at small time lags. Furthermore
the missing estimates in spring at Falkenberg and Kehrigk can be explained by gaps in the ET
data. Estimates of the KS01 approach cannot be computed for November, as they use σn+lag
and we are not considering winter soil moisture.
Overall all approaches capture the general magnitude of the soil moisture memory at each
site. Moreover they are able to simulate the memory decay with increasing time lag. At San
Rossore observed and approximated memories match especially well.
Approach 4 should compare perfectly to the observed soil moisture memory in the case of a
perfect match between the soil moisture observations and the observed soil moisture forcing
quantities (see Equation (2.14)) as it has no underlying assumptions. It shows that overall a
good estimation of soil moisture memory is possible using observed precipitation, streamflow
and ET. However, there are relatively large underestimations at Rietholzbach in spring and
autumn, which might be due to snowmelt as this term is not accounted for in the approaches
(see also Seneviratne et al. 2012 regarding mismatches of the lysimeter evapotranspiration and
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catchment-wide streamflow in periods of snowmelt). The same pattern of underestimation is
found at Kehrigk. Furthermore the spring minimum at Falkenberg is only partly captured.
The other approaches that assume (normalized) runoff and ET to depend on soil moisture
partly differ significantly from approach 4. They completely miss the spring minimum at
Oensingen and show overestimations at that time for Rietholzbach. At Falkenberg and Kehrigk
approaches 1, 2 and 3 also miss most of the spring minima. Overall, these three approaches
tend to overestimate the soil moisture memory, most obviously in approach 1, whereas approach 3 performs most accurately of the three.

2.4.3

Impact of runoff and ET on soil moisture memory

2.4.3.1

Runoff and ET terms in approaches of KS01 and SK12

The runoff and ET terms of approaches KS01 and SK12 that were described in Sections 2.2.1
and 2.2.2.3, respectively, are shown in Figure 2.7.
As described in Section 2.3.2 the computations of the regression coefficients that are used in
the derivations of the runoff and ET terms are not using all slopes, but only significant slopes
with a p-value lower than 0.2. The dots indicate if the median of the p-values of all slopes of
a particular month and time lag is lower than 0.2. If so, values displayed are (very) similar to
the values used in the computation of the approaches. Results with no dots imply that many
regression slopes were not significant and therefore set to zero, resulting in a smaller value
being used in the computation compared to the values shown in the figure.
The values of the runoff and ET terms for both approaches look similar, suggesting a minor
impact of the different assumed runoff and ET dependencies. Overall the runoff term is usually larger and has therefore more impact on the memory at all sites in both approaches. Especially large values are found at Rietholzbach, and also at Oensingen runoff seems to slightly
limit soil moisture memory. Whereas no impact is found at Falkenberg and San Rossore, the
runoff term at Kehrigk is positive in spring and negative in summer, suggesting a weakening
of soil moisture memory in spring and a strengthening in summer (discussed further in the
following subsection). Evapotranspiration only plays a role at Kehrigk and San Rossore in
limiting the memory. In the case of San Rossore, this might be due to the Mediterranean climate regime which is characterized by a soil moisture-limited evapotranspiration regime (e.g.
Teuling et al. 2009, Seneviratne et al. 2010). At Kehrigk, the prominent role of evapotranspiration in spring may be explained with increased activity of the forest.
The R2 values are distinctively higher when there is an impact of runoff or ET on soil moisture
memory, suggesting that the assumptions of KS01 and SK12 fit partly well the observations
investigated in this study. Partly very low explained fractions of variance have no significant
impact on the estimation of the memory as the runoff and ET terms are also mostly low then.
2.4.3.2

Neglecting the influence of runoff and ET on soil moisture memory

The differences of soil moisture memory approximated with the tested approaches using simplifications neglecting runoff and ET are presented in Figure 2.8. The corresponding expressions for the soil moisture memory are listed in Table 2.2.
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Figure 2.7: Runoff (
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Figure 2.8: Differences in approximated soil moisture memory resulting from neglecting the
impact of runoff and ET in all approaches. Computed with respect to the estimates displayed
in Figure 2.5.
Overall there are only small changes in the approximated soil moisture memory suggesting a
mostly negligible influence of the runoff and ET dependencies on soil moisture persistence.
Note, however, that the positive differences are limited as the estimated memory is already
close to 1 in some catchments in some months (see Figure 2.5). Even if this partly explains
the small signal in Figure 2.8, runoff and ET are still of minor importance as the memory is
high in these cases and therefore not limited by these quantities. Only at Rietholzbach we
find clearly more memory when neglecting runoff and ET, especially in late summer and autumn which compares well with the comparatively strong concomitant impact of runoff on
soil moisture memory found in Figure 2.7. However, this effect is not seen in approach 4,
so it is likely due to the linear assumptions regarding the runoff and ET sensitivities to soil
moisture in the other approaches. Another mismatch between the approaches is the strong
impact of runoff and ET in autumn at Kehrigk which is seen only in approach 4.
Consistently among all approaches there is some small impact of ET in autumn at San Rossore
according to Figure 2.7. This figure also shows an impact of both runoff and ET in spring and
summer at Kehrigk, which is confirmed in Figure 2.8, but is only weak. Therefore runoff is
not a significant driver for soil moisture memory at Kehrigk even if the runoff term suggested
this. In fact, we cannot think of a physical mechanism that could explain a strengthening of
the memory through runoff.
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Figure 2.9: Differences in approximated soil moisture memory resulting from neglecting
the impact of the correlation between initial soil moisture and subsequent forcing in all approaches. Computed with respect to the estimates displayed in Figure 2.5.
Note the caveat here that it might be possible that the difference between the streamflow
observations we use here and the runoff (=streamflow+baseflow) that is actually used in the
all approaches impacts our analysis.

2.4.4

Impact of the correlation between soil moisture and subsequent
forcing on soil moisture memory

The differences of approximated soil moisture memory due to neglecting the correlation between initial soil moisture and the subsequent, approach-specific forcing are presented in Figure 2.9, and the corresponding expressions for the soil moisture memory are listed in Table
2.2.
In general also the impact of this correlation is small, suggesting a minor importance in driving soil moisture memory. In summer at all sites except Kehrigk the difference is slightly
negative, which means that it tends to strengthen the memory in that time period. This can be
seen especially in summer at all sites except Falkenberg and is also fairly consistent among
the different approaches.
However, there are also some months and sites where it weakens the memory like for instance
at Rietholzbach in spring and autumn (especially in approach 4), at Kehrigk in spring and at
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San Rossore in autumn.

2.5
2.5.1

Discussion
Evaluation and comparison of the approaches

As shown in Figure 2.5, approach 4 fits the observed memory best, which is expected as there
are no assumptions made in this approach to estimate runoff and ET dependencies on soil
moisture given that the observed runoff and ET are used in the computations. From comparing it with the observed soil moisture memory we can assess the impact of the measurement
uncertainties in all involved quantities and the resulting mismatch between soil moisture and
precipitation minus runoff minus ET (Equation 2.2).
The largest mismatches are found for Rietholzbach, especially in spring and autumn. Also
the spring minimum in soil moisture memory at Falkenberg cannot be fully reproduced when
using the (soil moisture) forcing quantities. Additionally, there are small differences predominantly in spring and autumn at the other three sites.
When comparing to the results of approach 4 we find that the assumptions made in approaches
1-3 impact the approximated memory at all sites, always leading to overestimations, but to a
varying extent. These overestimations are found to occur mostly in spring and autumn.
Comparing approaches 1-3 we find that the introduction of explicit linearity assumptions
(Equations (2.9) and (2.10)) as well as the explicit replacement for σwn+lag by SK12 lead
to lower and therefore more realistic soil moisture memory approximations. Part of the weak
performance

 found for the KS01 approach is due to a problem with the seasonality term
σwn
, which does not show a meaningful signal-to-noise-ratio in our study as the data
σwn+lag
records we analyze are rather short. The replacement of σwn+1 shows less noise and is therefore better applicable with the rather short data records considered here. For an analysis of
longer time series the performance of the KS01 approach would therefore likely improve.

2.5.2

Memory analysis

As suggested by all approaches the effect of runoff and ET on soil moisture memory is negligible at the analyzed sites. The strong impact at Rietholzbach found in approaches 1-3 in
Figure 2.8 is related to the comparatively large runoff term shown in Figure 2.7. In contrast
to this, approach 4 suggests that the weak memory found at Rietholzbach can be explained by
the impact of the correlation between initial soil moisture and subsequent forcing as shown
in Figure 2.9. As Rietholzbach is the only site with distinctively low memory we cannot assess if it is a general feature of approaches 1-3 that they approximate weak memories well
but erroneously attribute them to runoff and/or ET sensitivities to soil moisture due to their
underlying assumptions.
We now investigate the terms contributing to soil moisture memory using approach 4 (Equation (2.19)) Note that therefore ’forcing’ in the following is referring to the soil moisture
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Figure 2.10: Soil moisture memory computed directly from the respective observations (as
described in Section 2.3.2 and already shown in Figure 2.4) and from Equation (2.19), together with the evolution of its main drivers according to Equation (2.19) (including κn from
Equation (2.18)). Shown for all sites, all months from March until November and all time lags
between 5 to 40 days in steps of 5 days. Note that the forcing term refers to the soil moisture
forcing and therefore includes runoff and evapotranspiration.
forcing introduced in Equation (2.14). Soil moisture memory according to (2.19) depends
on κn (variability of initial soil moisture as compared to the variability of subsequent forcing)
and the correlation between initial soil moisture and the subsequent soil moisture forcing. The
respective importance of these two factors is discussed hereafter, also based on their seasonal
evolution shown in Figure 2.10:

• κn term: This seems to be the most important driver. It determines the overall seasonal
cycles and explains the different strength of the soil moisture memory across the 5 sites
investigated here. It decreases with increasing lag as the variance of accumulated precipitation increases (whereas the variance of initial soil moisture remains constant as
the same initial soil moisture is used for any time lag) and thereby explains the corresponding decreasing soil moisture memory. It obviously depends on the precipitation
regime and the water-holding capacity but also on soil type and vegetation cover.
When comparing Oensingen and Rietholzbach we find similar water-holding capacities
(Figure 2.3) and a similar precipitation regime as the 2 sites are only about 150 km
apart. Nevertheless the κn term is clearly different for the two sites which is due to the
different soil type (Table 2.3) that causes different soil moisture variances.
The impact of land cover causes differences between Falkenberg and Kehrigk (Table
2.3) which are only 10 km apart. As the forest buffers soil moisture variations, the re-
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sulting κn term is smaller, leading to a generally lower soil moisture memory in forest
soils.
A caveat of the κn term is that it is calculated with daily data and therefore not comparable to values calculated from weekly or monthly data, as a change of the time step
changes both the soil moisture and the forcing variances.

• Correlation between soil moisture and subsequent soil moisture forcing: As seen especially in summer at Oensingen, Falkenberg and Kehrigk this driver can alter the seasonal cycle as determined by the κn term. At all three locations the memory is weakest
in spring and increases thanks to the increasing correlation before the κn term increases
as well and keeps the memory high until autumn.
The last row in Figure 2.10 helps to understand the correlation between soil moisture
and soil moisture forcing. As seen from the similar patterns of the forcing memory and
of the correlation between soil moisture and soil moisture forcing (at Oensingen, Rietholzbach and in summer also at Falkenberg and Kehrigk), the correlation between soil
moisture and soil moisture forcing is mostly governed by the forcing memory. Previous
soil moisture forcing impacts initial soil moisture and therefore induces a correlation
with subsequent soil moisture forcing. However, at San Rossore and at Falkenberg and
Kehrigk in spring and autumn, the patterns are not similar indicating that the correlation
between initial soil moisture and subsequent soil moisture forcing is influenced by other
factors (e.g. land-atmosphere feedback).
Therefore this driver of soil moisture memory represents the memory added from persistence in the forcing and from land-atmosphere feedbacks.
Overall Figure 2.10 shows good correspondence between the main drivers of soil moisture
memory and the actual soil moisture memory computed with Equation (2.19). The evolution of the main drivers also matches well with the evolution of the observed soil moisture
memory, underlining the validity of these drivers. When neglecting impacts of runoff and
ET on soil moisture memory (Equation (2.20)), the drivers generally remain the same, but
the forcing simplifies to precipitation. Figure 2.11 shows the evolution of the main drivers of
soil moisture memory given this simplification. It shows similar patterns compared to Figure
2.10, suggesting a limited impact of runoff and ET on soil moisture memory, although some
differences are seen, especially at Rietholzbach (but not necessarily leading to a better representation of soil moisture memory when including these additional fluxes).
Comparing the lowest rows of both Figures we find similar patterns of precipitation memory
and forcing memory, suggesting that the memory of the soil moisture forcing is governed by
the memory in precipitation (which is related to patterns in the general circulation). Precipitation memory exceeds the forcing memory at Oensingen, Rietholzbach and San Rossore,
because runoff and ET compensate a given precipitation anomaly. At Falkenberg and Kehrigk
the forcing memory is higher than the precipitation memory, which points to runoff and ET
characteristics that intensify given precipitation anomalies. We also find occasionally negative estimates, which are due to the delayed response of runoff and ET to precipitation. Correspondingly, if we consider the memory of precipitation only, there are clearly less negative
estimates.
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Figure 2.11: Same as Figure 2.10 but for approximated soil moisture memory and main
drivers of soil moisture memory according to Equation (2.20) (including κ˜n from Equation
(2.21)).

2.5.3

Soil moisture memory under extreme conditions

As we cannot compute the memory of short periods with extreme soil moisture directly we use
here an indirect methodology that excludes short periods from the original data and investigates the changes in the remaining fraction of the time series. Supported by the findings in the
previous subsections and for an easier interpretation of the results, we use the simplification
of approach 4 that neglects the impact of runoff and ET on soil moisture memory.
For each soil moisture time series we exclude each half-monthly period with the surrounding
± 30 days one at a time. Then we compute the difference in memory of the remaining time
series to the original one for the respective period. Furthermore we calculate the mean soil
moisture difference between the excluded period and the inter-annual mean soil moisture in
that period in the original time series.
The result is shown in Figure 2.12. The x-axis always shows the anomaly of the remaining
time series after excluding a certain interval. So a wetter value means that a dry interval has
been excluded. The y-axis indicates the resulting anomaly in soil moisture memory. If there
is for instance a lower memory, this thus indicates that the excluded time period contributed
high memory to the time series.
The upper plots display the above-described analysis with data from Oensingen. The memory is especially decreased if dry periods are excluded (and thus the remaining time series is
wetter). This means that the memory is higher under dry conditions. The data reveal that it is
also higher under wet conditions, but to a lesser extent. This is well captured by the simplified
version of approach 4 which suggests that this is due to increases in soil moisture variability
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Figure 2.12: Particular months in particular years are removed to compute the soil moisture
memory and its drivers according to approach 6 with neglected runoff and ET. Then changes
of soil moisture memory its drivers compared to their values computed for the whole time
series are plotted against the resulting difference in soil moisture content after removing a
particular month. Difference of observed soil moisture memory (first column from the left),
difference of approximated soil moisture memory (second column), difference of soil moisture
variability (cs σwn , third column), difference of precipitation variability (σPn , fourth column)
and difference of correlation between soil moisture and precipitation (ρ(wn , Pn )), all versus
changes in soil moisture content. Different rows refer to different sites. Colors of the points
indicate the season of the excluded period, blue denotes spring, red summer and green autumn.
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and correlation with precipitation, respectively, under wet as well as under dry conditions.
Whereas an increase in soil moisture variability when including extremely dry/wet conditions
is obvious, it is interesting that we find an increased precipitation memory. The memory is
more strongly affected under dry conditions as precipitation variance remains relatively constant then (which makes it smaller relative to the decreased soil moisture variability) whereas
it increases under wet conditions and thereby weakens the memory increase. Another process
that might play a role for the increased memory in dry conditions (and which has not been
considered in the approaches considered in the previous sections) is the change of the physical properties of the soil which can make it more water repellent and thereby prolong a dry
anomaly (see also Seneviratne et al. 2012). Furthermore a stronger increase of soil moisture
memory under very dry conditions compared to very wet conditions makes sense as the soil
in Oensingen is comparatively wet and therefore dry periods can potentially be more extreme
than wet periods in terms of absolute values.
The second row shows also higher memory under dry conditions for Rietholzbach, although
the effect is less pronounced than in Oensingen. This is consistent with a recent analysis
that revealed that for instance the 2003 drought even led to a long-lasting dry soil moisture
anomaly at Rietholzbach (Seneviratne et al. 2012). The mechanism is the same as described
above. The chosen approach captures this feature well but also suggests an increased memory under wet conditions which is not seen in the observations. This is due to increased
precipitation memory, which is partly offset by increased precipitation variability as seen for
Oensingen. Whereas at the Swiss sites the memory is impacted by changes in soil moisture
in all seasons, at Falkenberg the memory increases under wet conditions only occasionally in
summer. This is due to an increased soil moisture variability and precipitation memory. For
Kehrigk there is no systematic change of soil moisture memory with respect to the soil moisture anomalies, which might be due to the buffering effect of the forest which prevents dry or
wet soil moisture extremes. At the Italian site we find the same behavior as for Falkenberg but
only occasionally in spring. As a parallel to the higher soil moisture memory at Oensingen
for dry extremes compared to wet extremes, this increase of memory especially in wet periods at Falkenberg and San Rossore can be explained by the usually dry (sandy) soils at these
two sites. These results highlight the importance of the climatic regime for the respective soil
moisture memory patterns, with higher memory in dry conditions at humid sites and higher
memory for humid conditions at dry sites.

2.6

Conclusions

Comparing lag correlations of soil moisture and those of atmosphere-related quantities, such
as ET and temperature at different time lags we identified distinctive memory characteristics
of soil moisture using observations from five sites across Europe. This underlines the importance of soil moisture in seasonal weather prediction related to its comparatively strong
memory found in previous studies (e.g. Koster et al. 2010b, Hirschi et al. 2011, van den Hurk
et al. 2012).
Several approaches have been tested to estimate soil moisture memory and its drivers analytically, starting from the framework proposed by KS01 and later refined by SK12. The overall
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framework is found to perform reasonably well also with observations, although the performance is somewhat limited due to the assumptions underlying the approaches. Improvements
are found when using the SK12 approach compared to the original KS01 version confirming that the disentangling of the KS01 seasonality term in SK12 leads to an improvement
of the soil moisture memory approximation. A newly proposed approach with no underlying assumptions for runoff and ET performs best over all sites. Using simplified versions of
all approaches we find that the influence of evapotranspiration and runoff is limited at most
analyzed sites for most seasons, whereas the correlation between soil moisture and the atmospheric forcing is slightly more important, especially according to the results of the latter
approach.
In conclusion, this study could validate a framework for the analysis of soil moisture memory
and its drivers, which was originally developed with model data. The results reveal interesting
findings, which are somewhat different from model-based conclusions, in particular regarding
the importance of evapotranspiration and runoff for soil moisture memory. Further studies for
other regions will help elucidate the extent to which these results may also be valid for other
climate regimes. It should be in particular noted that four out of the five sites are located in
comparatively humid regions, with only the San Rossore site located in a Mediterranean climate regime. Also the investigation of longer data records may allow to validate our findings
on longer time scales.
Using a simplified version of the best-performing approach with neglected runoff and evapotranspiration sensitivity terms, we show that soil moisture memory depends mainly on two
drivers at the analyzed sites: The correlation between initial soil moisture and subsequently
accumulated precipitation (which captures the propagation of precipitation memory into the
soil as well as land-atmosphere interactions), and the ratio of the variabilities of these quantities (which depends on soil and vegetation characteristics as well as the precipitation regime).
These drivers can explain most of the temporal and spatial variations of soil moisture memory at the sites investigated in this study. They can furthermore help to understand memory
differences due to soil type, vegetation cover or variations in climate regimes.
Under extremely dry and wet conditions soil moisture memory increases at several of the
sites. This suggests a partly increased prediction potential for droughts and floods compared
to average conditions. It would be useful to be able to test this finding with longer time series. Given the short time span of the data analyzed in this study, it is probable that even
larger memory effects could be identified for particularly strong extreme conditions with a
low period of recurrence, if longer data records were available to conduct these analyses.
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Abstract
Soil moisture is known for its integrative behavior and resulting memory characteristics. Soil
moisture anomalies can persist for weeks or even months into the future, making initial soil
moisture a potentially important contributor to skill in weather forecasting. A major difficulty
when investigating soil moisture and its memory using observations is the sparse availability
of long-term measurements and their limited spatial representativeness. In contrast, there is
an abundance of long-term streamflow measurements for catchments of various sizes across
the world. We investigate in this study whether such streamflow measurements can be used
to infer and characterize soil moisture memory in respective catchments. Our approach uses
a simple water balance model in which evapotranspiration and runoff ratios are expressed as
simple functions of soil moisture; optimized functions for the model are determined using
streamflow observations, and the optimized model in turn provides information on soil moisture memory on the catchment scale. The validity of the approach is demonstrated with data
from three heavily monitored catchments. The approach is then applied to streamflow data
in several small catchments across Switzerland to obtain a spatially distributed description
of soil moisture memory and to show how memory varies, for example, with altitude and
topography.
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3.1

Introduction

Among the variables of the climate system, soil moisture has potentially important memory
(persistence) characteristics. If soil moisture anomalies, as induced by precipitation anomalies, persist into subsequent weeks, and if these long-lasting anomalies are then translated to
the atmosphere through their impacts on the surface energy balance, soil moisture memory
may have profound implications for climate variability and prediction.
The role of soil moisture memory in climate, however, is still not completely understood.
Complexity arises, for example, from the fact that while a soil moisture persistence signal can
be translated to the atmosphere through evaporation anomalies (i.e., through soil moistureevapotranspiration coupling and land-atmosphere interactions), these evaporation anomalies
in turn act to reduce any original soil moisture anomaly; that is, a soil moisture anomaly,
when it affects the surface fluxes, also acts to limit its own lifetime (although positive feedbacks with precipitation could also enhance it, e.g. Koster and Suarez 2001). In considering
this balancing act, it is instructive to consider two competing and extreme scenarios. In the
first scenario, evaporation processes annihilate a soil moisture anomaly within a day or two of
its formation; soil moisture memory would then be small, and its effects on climate variability
would necessarily be minimal. In the second scenario, the soil moisture anomaly does not
affect evaporation or runoff and thereby persists indefinitely; here again, because the atmosphere or rivers cannot feel the anomaly, impacts on climate variability would necessarily be
small. Evidence exists to show that neither of these extremes wholly captures the way nature
works. In many regions, an important middle ground is achieved: soil moisture anomalies
have been observed to persist for weeks to months (Vinnikov and Yeserkepova 1990, Entin
et al. 2000, Seneviratne et al. 2006a), and their impacts on atmospheric variability do indeed
manifest themselves at those timescales, as demonstrated by various studies which quantify
the impact of soil moisture initialization on the skill of sub-seasonal precipitation and/or temperature forecasts (e.g., Viterbo and Betts 1999, Koster et al. 2004a, Douville 2010, Koster
et al. 2010b, Seneviratne et al. 2010) or identified lag correlations between surface moisture
deficits and temperature extremes (e.g., Hirschi et al. 2011, Mueller and Seneviratne 2012).
This memory, at the same time, also allows soil moisture initialization to contribute significant
skill to seasonal streamflow forecasts (e.g., Koster et al. 2010a, Mahanama et al. 2012).
The existence of this useful middle ground makes soil moisture memory worthy of careful
study. A critical step in this understanding is the characterization of memory and its variations across the globe. Unfortunately, such a characterization is not straightforward. A major
obstacle is the limited availability of long-term soil moisture measurements (e.g. Robock et al.
2000, Seneviratne et al. 2010, Dorigo et al. 2011). Ground measurements of soil moisture are
only available at the point scale, which implies some limitation in their spatial representativeness. Although spatial variability should not be overstated (e.g. Mittelbach and Seneviratne
2012), different hydrological dynamics may be active, for example, over adjacent grassland
and forest areas (Teuling et al. 2010b, Orth and Seneviratne 2012). Also, model estimates of
soil moisture cannot be used for persistence studies, given the dependence of simulated soil
moisture persistence on generally unvalidated model assumptions.
In contrast, streamflow measurements are widely available, they generally cover longer peri-
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ods, and they represent an integral of hydrological processes over an area. Because streamflow itself responds to soil moisture variations (see also Kirchner 2009 and Mahanama et al.
2012), it is natural to ask whether streamflow measurements contain useful information on
catchment-scale soil moisture anomalies and soil moisture memory. We address this question
in this paper. Using an adaptation of the simple water-balance model of Koster and Mahanama (2012), streamflow measurements are translated into fitted functional relationships
between soil moisture and both runoff and evapotranspiration. These fitted relationships in
turn provide estimates of soil moisture memory. The approach is successfully validated in
three heavily monitored catchments in central Europe and is then applied to several nearnatural catchments in Switzerland, providing a spatial picture of how soil moisture memory
varies across the country. The analysis shows how soil moisture memory is affected by both,
geomorphological controls (e.g., altitude, topography, and catchment size) as well as meteorological controls (e.g., dryness index and the potential for externally-induced memory from
the atmospheric forcing to be transmitted into the soil).

3.2
3.2.1

Methodology
Simple Water-balance Model

Koster and Mahanama (2012) (hereafter referred to as KM12) developed a simple waterbalance model to study the influence of soil moisture on hydroclimatic means and variability
on large spatial and temporal scales. We use a similar approach in the present study. However,
because we focus here on soil moisture memory in small catchments on daily to weekly time
scales, we introduce several new features to the model, as described below.
3.2.1.1

Water Balance Equation

As in KM12, the model used here is based on the following water balance equation (all variables expressed in mm water depth):
wn+4t = wn + (Pn − En − Qn ) 4t
(3.1)
where wn denotes the model’s sole prognostic variable: the total soil moisture content (in
mm) at time step n. The value of wn is altered by the accumulated precipitation Pn , evapotranspiration En , and runoff Qn (all in mm d−1 ) accumulated from time step n to n + 4t for
time step n to yield the soil moisture at the next time step, wn+4t . As in KM12, we run the
model here with a time step of one day (4t = 1d).
3.2.1.2

Evapotranspiration

As in KM12, we assume simple dependencies of evapotranspiration (normalized by net radiation (in W m−2 )) and runoff (normalized by precipitation) on soil moisture. We use the
following equation to capture the control of soil moisture on the ratio of evapotranspiration to
net radiation, or ET ratio:
 γ
λρw En
wn
= β0
with γ > 0 and β0 ≤ 1
(3.2)
Rn
cs
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where λ is the latent heat of vaporization (in J kg −1 ) and ρw is the density of water (in
kg m−3 ). Soil moisture is scaled by the soil water holding capacity cs (in mm) so that the
function operates on the degree of saturation (unitless). The unitless exponent γ ensures that
the function is strictly monotonically increasing, so that the ET ratio increases with soil moisture. The factor β0 (also unitless) reflects the residual plant and soil evaporative resistance
under conditions which are not soil moisture-limited (e.g. Seneviratne et al. 2010). This factor therefore prevents the complete conversion of available net radiation into ET even when
water is fully available (reflecting, for example, the fact that even with no water stress, transpiring water must still travel though the vegetation).

3.2.1.3

Runoff and streamflow

Even if runoff in nature is controlled by many variables, we assume that it depends on precipitation and soil moisture only, accordingto the
αequation:
Qn
wn
=
with α ≥ 0
(3.3)
Pn
cs
Qn
Pn
increases monotonically with soil moisture. Note that runoff as defined here (which includes,
in effect, both overland flow and drainage to baseflow-producing groundwater) is distinct from
streamflow, as measured at a stream gauge site; the latter quantity includes delays associated
with the subsurface water transport to the streambeds and the transport of the surface water to
the stream gauge site. Based on sensitivity tests, we found that accounting explicitly for this
distinction between runoff and streamflow improves the model’s performance in comparison
to the KM12 version (not shown). We thus compute streamflow from the simulated runoff
values by imposing a delay characterized by a timescale τ :
t
1 −
(3.4)
Sn+t = Qn e τ
τ
where the streamflow Sn+t corresponds to the streamflow produced at time n + t associated
t
1 −
with the surface runoff formed at time n. The integral of e τ as t → ∞ equals 1, ensuring
τ α
wn
that the full complement of assumed runoff water (i.e., Pn
, from Equation (3.3)) does
cs
1
contribute to streamflow at some time. The parameter determines how quickly the runoff
τ
is transformed into streamflow, whereas τ corresponds to the recession time scale, expressed
in days. Using Equation (3.4), the streamflow accumulated over the m-th time step after the
precipitation event is:


t
m4t
(m + 1) 4t
 α Z m+4t
−
−
wn
1 −

τ
Sn+m4t =
Pn
e τ dt = Qn e τ − e
(3.5)
cs
τ
m
As with the exponent γ in (3.2), the unitless exponent α ensures that the runoff ratio

With this equation we can express the streamflow at any time step as the accumulation of the
effects of all runoff amounts generated during the preceding 60 time steps:
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60
X


i4t
(i + 1) 4t
−

τ
Qn−i4t e τ − e


−

(3.6)

i=0

Note that in order to make sure that all the generated runoff is transformed into streamflow,
we would in principle need to use an infinite number of time steps. Sixty time steps is an
arbitrary but tractable number that allows us to account for 99% or more of the runoff water.
3.2.1.4

Model Integration

Assuming that values for the five parameters in Equations (3.2) and (3.6) (namely, cs , β0 , γ,
α, and τ ) can be determined, Equation (3.1) can be driven with daily values of precipitation
and net radiation over any time period of interest to produce daily time series of total soil
moisture, wn , as well as daily time series of runoff and ET. In contrast to KM12, who used
monthly precipitation observations (equally distributed across the days of a given month)
and an observed seasonal climatology of net radiation to force their model, we employ daily
observations of precipitation and radiation. Unlike KM12, we do not include a snow layer in
the model as our study focuses on the growing season.
In fact, due to the limitation of using a daily (rather than a finer) time step, we integrate instead
an implicit form of Equation (3.1), a form that effectively computes the evaporation and runoff
for a given day based on the soil moisture content at the end of that day:
Pn − En − Qn
wn+4t − wn = Pn − En+4t − Qn+4t ≈
(3.7)
1 + En0 + Q0n
where the prime (0 ) indicates the derivative with respect to soil moisture, evaluated at wn .
Note that even with this correction, the time-discretized equation is still not perfectly solved
because the functions E (w) and Q (w) are not linear but (partly strongly) curved.
Running the model requires the initialization of the soil moisture prognostic variable. We
spin-up the model by integrating it over five years prior to the start of a simulation.

3.2.2

Optimization of streamflow, runoff and evapotranspiration parameters

We optimize the above model with daily data from 16 European catchments, three of which
have been previously examined in Orth and Seneviratne (2012) (hereafter referred to as
OS12). We use precipitation and radiation observations in these catchments to force the
model. We then identify, separately for each catchment, the optimal set of values for the
5 parameters in Equations (3.2) and (3.6), that is, the set of values that allows the modeled
streamflow Sn (Equation (3.6)) to agree most closely with observed streamflow.
The accuracy of the modeled streamflow is measured with a time correlation against observed
streamflow. The correlation period is limited to July through September to avoid any impact
of snow, which is not included in the model (May-September for warmer site San Rossore).
The absence of snow is supported by daily average temperatures that are always above 0 degrees Celsius during the correlation period. Note that while applied here to specific basins in
Switzerland, the simple water balance model is generally applicable to any region and time
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Table 3.1: Overview of step width of model parameters as used in the optimization procedure,
of their boundaries and the range of their respective estimates.
Maximum Minimum
Step
Lower
Upper
Parameter
value
value
width
limit
limit
found
found
water holding
capacity cs
30
30
500
80
(mm)
inverse
streamflow
recession
0.02
0.02
0.80
0.10
1
timescale
τ
(1/days)
runoff ratio
0.2
0.2
8.0
0.8
exponent α
ET ratio
0.03
0.03
1.05
0.03
exponent γ
max ET ratio
0.03
0.03
0.99
0.99
0.60
β0
period where streamflow is present.
One way to find the optimal set of values for the five parameters at each catchment would
be to run the model using all possible combinations of values. Capturing the optimal values
in this way with some accuracy, however, would be computationally prohibitive. To work
around this problem, we developed an alternative procedure (see supplementary material) to
reduce the number of model runs required to yield a reliable optimal parameter set (see Table
3.1).

3.2.3

Validation of approach: Soil moisture memory

The time series of simulated soil moisture produced with the optimal parameters, a reflection
of precipitation, radiation and streamflow information only, is compared to the observed soil
moisture in three highly monitored catchments to demonstrate that the precipitation, radiation,
and streamflow data can indeed be translated into useful information on local soil moisture
behavior. Because observed soil moisture information was not used at all in the calibration
exercise, this comparison serves as a valid test of our methodology.
The validation focuses in particular on soil moisture persistence. There are many ways of
quantifying soil moisture persistence; here, we compute it, for a given time of the year, as a
lag correlation for a given lead (see Koster and Suarez 2001, Seneviratne and Koster 2012,
and OS12) that ranges between 0 (no memory) and 1 (maximum memory). The memory we
compute at a given day with a given time lag is defined as:
 cov(wn , wn+tlag )
ρ wn , wn+tlag =
σwn σwn+tlag

(3.8)
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where cov(wn , wn+tlag ) denotes the covariance between soil moisture at days n and n + tlag
in all considered years and σwn refers to the standard deviation of soil moisture at day n using
also the values of all considered years. Due to the limited available number of years of soil
moisture observations (see Section 3.3.1), we in fact do some smoothing of the calculated
persistences, computing representative estimates for half-monthly intervals. To determine the
smoothed persistence for a given half-monthly interval, we use a "moving window" approach
(OS12) that also considers the 30 days prior to the half-monthly interval and the 30 days after
the end of the half-monthly interval. This can be expressed mathematically as:
!
tend +30−tlag
X


ρ wi , wi+tlag
ρ wn , wn+tlag = trimmed average
(3.9)
i=tstart −30

where tstart and tend refer to the beginning and end of the particular half-monthly time period.
The memory of that half monthly interval is then computed as a trimmed average of the
75 − tlag individual persistences, avoiding days with the 10% largest and 10% lowest values
(this last step differs from the approach of OS12, who take the median).
We compute the correlation for many different lags (from 1 to 40 days) in order to capture
more completely the character of the persistence. One region may show high correlations at
small lags and a rapid fall-off in correlation at longer lags, and another may show a fast fall-off
at short lags and a slower fall-off thereafter; our computations will capture such differences
in behavior. Thus, we calculate, from both observations and the simulations with optimized
parameters, the correlation between soil moisture on a given date n with that at a later date
(n + tlag ) across all years (Equation (3.9)). By computing a separate correlation for each
date across all years, we avoid examining artificial memory associated with the climatological
seasonal cycle of soil moisture. The higher the resulting correlation over a prescribed lag
time, the higher we deem the soil moisture memory at that lag, and vice versa. Soil moisture
memory is always decreasing with increasing time lag, because accumulated precipitation,
runoff and ET alter the soil moisture content (Equation (3.1)). To facilitate the interpretation
of soil moisture memory expressed as lag correlation, Orth and Seneviratne (2013a) compared
the lag correlation with a persistence time scale (computed as mean duration to recover from
anomalous conditions exceeding a certain threshold to normal conditions, expressed in days).
They report an exponential relationship, i.e. the persistence time scale changes exponentially
with linearly changing lag correlation.
Similarly to (3.9), but without time lag, we compute estimates for the standard deviations of
e.g. initial soil moisture over all estimates of day n of all years. Using the moving window
approach we obtain a number of estimates of which we take a trimmed average as a representative estimate for a particular half monthly interval.
Soil moisture persistences in this study are computed from April to October to exclude the
impact of snow cover, which is not included in the model. We therefore apply the model in
an extended period compared to the period July-September used for optimization to allow us
to show that the model also performs reasonably in months that are not used for calibration,
but that are still mostly snow-free (underlined by daily average temperatures above 0 degrees
Celsius on almost all days).
To compute uncertainties of the soil moisture memory estimates, we separate the whole time
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Table 3.2: Overview of measurements and conditions at the sites and catchments used for
validating the model as well as references describing the sites in more detail.
Station
Data period Land cover
Soil type
SM
measurement
depths (m)
Oensingen
2002 0.05, 0.1, 0.3,
grassland
clay
(CH)
2007
0.5
Rietholzbach
1994 0.05, 0.15,
grassland
(clay) loam
(CH)
2007
0.55
San Rossore
2004 forest
sand
0.1, 0.3, 0.45
(ITA)
2010

Station
Oensingen
(CH)
Rietholzbach
(CH)
San Rossore
(ITA)

Streamflow station
(distance and direction
rel. to SM station in
km)

Catchment
area

Satellite
radiation
coordinates

Brugg (38 east)

11726km²

47.5°N 7°E

Mosnang (1.5)

3.3km²

47.5°N 9°E

Vicopisano (25 east)

8228km²

43.5°N
11°E

Reference
Ammann
et al. 2010
Seneviratne
et al. 2012
Tirone
2003

period (24 years, see Section 3.3.2) into non-intersecting subsets of 3 years (period JulySeptember in each year as described in Section 3.2.2) and optimize the model in each catchment to yield one parameter set per subset for a particular catchment. This is done with 5
repetitions for each subset (instead of 20 used for the whole time series) due to computational
constraints. We apply all parameter sets of a particular catchment with the whole time series and derive respective soil moisture memories; from these memories we then compute the
standard deviations for every considered month and lag time.

3.3
3.3.1

Data
Data analyzed for model validation

To validate the model, we use data from the three heavily monitored catchments: Oensingen
(Switzerland), Rietholzbach (Switzerland) and San Rossore (Italy). The climate at the Swiss
sites is temperate humid, whereas San Rossore is characterized by Mediterranean climate.
Along with the stream gauge measurements for the full catchments, there is a site in each
catchment where ET, radiation and precipitation have been recorded. Detailed information on
the catchments and sites is provided in Table 3.2.
ET at Rietholzbach was measured using a weighing lysimeter (Seneviratne et al. 2012),
whereas the eddy-covariance flux measurement method (Baldocchi et al. 2001) was used at
the other two sites. As this latter method is known for its energy-balance closure error (e.g.
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Table 3.3: Overview of catchments where the model is applied.
Mean
Mean
Satellite
daily
Size
Mean
altitude (m
radiation
Catchment
stream(km²)
CTI
above sea
coordinates
flow
level)
(mm)
Aach
49
480
11.82
1.32
47.5°N 9°E
Broye
392
710
11.33
1.78
46.5°N 7°E
Cassarate
74
990
9.39
2.72
45.5°N 9°E
Emme
124
1189
10.03
3.01
46.5°N 7°E
Ergolz
261
590
10.99
1.25
47.5°N 7°E
Goldach
50
833
10.71
2.32
47.5°N 9°E
Guerbe
54
837
9.98
2.01
46.5°N 7°E
kleine Emme
477
1050
10.48
2.81
46.5°N 7°E
Langeten
60
766
11.37
1.79
47.5°N 7°E
Mentue
105
679
11.27
1.34
46.5°N 7°E
Murg
79
650
11.47
1.98
47.5°N 9°E
Sense
352
1068
10.5
2.18
46.5°N 7°E
Sitter
74
1252
10.18
4.06
47.5°N 9°E
Wilson et al. 2002, Foken et al. 2006, Franssen et al. 2010), we corrected the ET data with the
following procedure: Using hourly values, we increased sensible and latent heat flux to equal
net radiation while keeping the Bowen ratio constant (Twine et al. 2000). If the Bowen ratio
was negative both fluxes were adjusted with respect to the strength of their dependence on
net radiation instead. This strength was the slope obtained from the regression of all available
values of the particular flux against net radiation on a particular time of the day; the flux with
the higher slope was modified by the larger fraction of the energy balance deficit. Note that the
ET data from San Rossore could not be corrected as no data of sensible heat flux is available
for that site. Furthermore, we linearly detrended the soil moisture data from Rietholzbach to
address a known problem with the sensors there (see also Seneviratne et al. 2012).
At all three catchments, we use satellite-derived net radiation data obtained from the NASA/
GEWEX SRB project (http://eosweb.larc.nasa.gov/PRODOCS/srb/table_srb.html [accessed
on 26 March 2012]). Since these data only extend until 2007, we had to extrapolate net radiation from the available solar radiation measurements for the remaining 3 years at San Rossore.
These were scaled to match the mean and standard deviation of the satellite net radiation of
the previous 4 years. To evaluate the impact of this treatment we also applied such a scaling
to solar radiation measured at Oensingen and found only minor impacts on the results there,
predominantly on ET (not shown).

3.3.2

Data used for model application

Following validation, we apply the model to 13 near-natural catchments (i.e., catchments with
little or no known human impact on streamflow) across Switzerland for which detailed stream
gauge data are available. The catchments are located in a humid temperate climate, except for
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the Cassarate catchment in southern Switzerland where the climate is rather Mediterranean.
A summary of the catchment characteristics is provided in Table 3.3. The time period considered is 1984-2007.
For this period, we also obtained catchment-specific precipitation and radiation data. Precipitation forcing for the model was derived from several MeteoSwiss (Swiss Federal Office of
Meteorology and Climatology) rain gauges in and/or near each respective catchment. The
number of rain gauges per catchment depends on the size of the respective catchment and on
the density of the network in the particular region (see
http://www.meteoschweiz.admin.ch/web/de/klima/messsysteme/boden.Par.0049.
DownloadFile.tmp/karteniederschlagsmessnetz.pdf [accessed on 6 February 2013]). The measurements were weighted inversely according to their distance from the catchment in order to
compute an area-representative estimate. As only solar radiation was measured at the ground,
we used net radiation data from the NASA/GEWEX SRB project. A comparison of anomalies
of the solar radiation measured at the ground with that from SRB showed correlations between
0.8 and 0.9 for the different catchments, underlining the good match also reported by OS12.
In order to study the dependency of soil moisture memory on topography (hilliness), we
obtained values of mean compound topographic index (CTI; Moore et al. 1993) from the
HYDRO-1K dataset [http:// webgis.wr.usgs.gov/globalgis/ metadataqr/metadata/hydro1k.htm].
As a measure of topography for each catchment, the CTI is a function of slope as well as
upstream contributing area and increases with decreasing hilliness. Note that CTI is only
evaluated at the catchments used for application of the model and not at the three validation
catchments that include the very small Rietholzbach catchment. Therefore the 1km x 1km
resolution is sufficient to characterize, to first order, the CTI amongst the catchments examined.

3.4

Results

In this section we first describe the application and validation of the simple model methodology in three heavily monitored catchments (Sections 3.4.2 and 3.4.3). We show its satisfactory
ability to yield a realistic soil moisture memory despite its simplicity. In Section 3.4.4 we describe the application of the model in multiple catchments across Switzerland. This allows us
to study the main meteorological controls of soil moisture memory as well as its dependency
on altitude and topography.

3.4.1

Streamflow, runoff and evapotranspiration parameters

To summarize our methodology, we optimize the applied simple water balance model (i.e.,
we find optimized values for its five parameters) so that it reproduces well the time variations
in the daily streamflows measured in a given catchment when forced with local precipitation
and net radiation data. An overview of the fitted parameters in all catchments is provided in
Table 3.4.
A note about the parameter search is appropriate here. Two parameters, the ET ratio exponent
and maximum ET ratio, collide with their bounds in 2 and 9 catchments, respectively, out of
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Table 3.4: Overview of fitted parameters for all catchments.
inverse
runoff
ET
water
streamflow
ratio
ratio
holding
recession
Catchment
expoexpo1
capacity
timescale
nent
nent
cs (mm)
τ
α
γ
(1/days)
Catchments in
Oensingen
410
0.10
0.8
0.03
which model
Rietholzbach
140
0.80
4.4
0.42
is validated
San Rossore
500
0.14
3.6
0.03
Aach
230
0.62
8.0
0.78
Broye
200
0.36
5.8
0.42
Cassarate
410
0.36
6.8
0.33
Emme
80
0.74
1.4
0.27
Catchments in
Ergolz
290
0.54
5.6
0.90
which model
Goldach
350
0.60
6.8
0.75
is applied
Guerbe
170
0.44
4.2
1.05
kleine Emme
80
0.66
2.4
0.60
Langeten
320
0.52
4.0
0.06
Mentue
410
0.52
6.4
0.66
Murg
230
0.50
6.2
0.63
Sense
80
0.52
1.6
0.09
Sitter
170
0.56
7.4
0.90
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max
ET
ratio
β0
0.60
0.99
0.96
0.99
0.60
0.81
0.99
0.99
0.99
0.99
0.99
0.81
0.99
0.99
0.69
0.69

the 16 catchments considered in total in this study (see Table 3.1 for bounds and Table 3.4 for
fitted parameters). Concerning the maximum ET ratio, the fact that the optimum value of β0
is found to be exactly 1, an imposed bound for the parameter, does not reflect poorly on the
parameter estimation approach; the optimized value of 1 simply means that for the catchment
in question, all of the net radiation is converted to evaporation in wet conditions, a physically plausible scenario. Our requirement that β0 cannot exceed 1 is simply a reflection of
our assumption that net radiation provides the energy needed for evaporation. Whereas high
maximum ET ratios are not surprising in a radiation-limited regime that is characteristic for
Switzerland, we note the possibility that in nature, ET might (temporarily) exceed net radiation through processes that are not captured by our simple model, such as energy input from
warm air advection to Europe; therefore, the collisions experienced with the β0 term can be
said to reflect the limitations of our assumption. Note that both parameters that collide with
their bounds are related to radiation (Equation 3.2) and streamflow (through optimization procedure, see Section 3.2.2). Therefore it is furthermore possible that these collisions are due
to scale discrepancies between radiation and streamflow measurements and the consequent
mismatch in their temporal evolutions. However, the parameter collisions should, in any case,
not have a major impact on the resulting estimated soil moisture memory as indicated by supplemental tests (not shown) in which the bounds were removed (in conflict with the model’s
underlying assumptions) and the results were found to be generally similar. Furthermore we
note that despite the parameter collisions we find a good match between modeled and observed soil moisture memory as described in the following subsection.
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Figure 3.1: Soil moisture memory computed from observed and modeled soil moisture in the 3
validation catchments for lag times between 5 and 40 days. Values outside the plotting range
of the difference plots are shaded in gray.
To validate our optimization procedure, we applied it with higher (coarser) step widths for the
parameters and then compared the results with those obtained when all possible combinations
of parameters (assuming the same coarse spacing) were tested. This allowed us to compare
the resulting best parameter sets. Given the high computational effort the validation was done
only for the three catchments listed in Table 3.2. The best parameter sets found from both
procedures were identical for all three catchments (see Table 3.4 for parameter values), underlining the validity of the approach introduced in this study. As expected due to the larger
step width (lower accuracy), these parameter sets yield slightly lower correlations between
observed and modeled streamflow compared to the parameter sets found using the default
step widths (see Table 3.1).

3.4.2

Validation of estimated memory

In addition to generating realistic streamflows, the optimized model produces, as a matter of
course, a time series of daily soil moisture, from which soil moisture persistence measures
can be derived. Our methodology for converting streamflow measurements into soil moisture
information is deemed successful if the derived soil moisture persistences obtained from this
time series agree with those obtained using independent soil moisture measurements in the
catchment.
This validation test was performed in each of the three catchments described in Section 3.3.1.
Results are shown in Figure 3.1. Shown for each catchment are the modeled and observed persistences for different lags (out to 40 days) and for different times of the year (April through
October). Overall, the memory characteristics in the three catchments are well captured by the
model, with a reasonable representation in each of the seasonal cycle of soil moisture mem-
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ory and its decay with lag. The observed and simulated memory is comparatively strong at
Oensingen and San Rossore and weakest at Rietholzbach. The seasonal cycle of the observed
memory at San Rossore differs clearly from that of the other two sites, and this is captured by
the model. Difference plots are shown in the bottom row of the figure; there is no clear pattern
of over- and underestimation of memory in the simulation results. The relatively large difference between modeled and observed soil moisture memory in autumn at both Rietholzbach
and San Rossore is consistent with results of OS12 (Figure 6 of that paper), who used the
same atmospheric forcing data, and derived also a clearly underestimated soil moisture memory. In this previous study, the identified reason for this behavior was a mismatch between
precipitation and soil moisture observations in autumn at these two sites. This means that the
water balance is not closed with the employed observations, which could be due, for example,
to a higher spatial variability of precipitation or a stronger role of land cover in this season.
The model, using only information on locally measured precipitation, net radiation, and
streamflow, therefore successfully captures the distinctions between the catchments in their
soil moisture memory behavior. Despite its simplicity, it captures enough of the physical processes controlling memory to allow the translation of streamflow information into soil moisture information. Furthermore, the agreement in Figure 3.1 suggests (as does the reasonable
reproduction of soil moisture anomalies shown below) that the time behavior of the observed
site-based soil moisture anomalies is representative of that for soil moisture across the catchment containing the site; that is, soil moisture levels may be spatially heterogeneous within
a catchment but may nevertheless show similar temporal dynamics. This is consistent with
results from Mittelbach and Seneviratne (2012) for Switzerland based on measurements from
the Swiss Soil Moisture Experiment (SwissSMEX), which show that soil moisture dynamics
have a large regional footprint in that region, unlike absolute soil moisture that displays a
stronger spatial variability.
To illustrate further the impact of the fitted parameter set on the resulting soil moisture memory characteristics – in particular, to show the relative impacts on memory of the parameter
values and the meteorological forcing – we run the model at each of the three sites mentioned
above with the parameter set fitted for the particular site and also with the parameter sets fitted
for the other two sites. The results are displayed in Figure 3.2. We find that the parameter
set is more important for determining the resulting soil moisture memory than is the meteorological forcing. There are similarities between the actually modeled memory at Oensingen
and San Rossore and the resulting memory when using the parameter set or meteorological
forcing from another site. This can be explained by the roughly similar fitted parameters (see
Table 3.4). Generally the strong sensitivity of the memory with respect to the parameter set
underlines the ability of our simple model framework to yield a parameter set that is related
with realistic features of the studied catchments.
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Figure 3.2: Soil moisture memory computed for all possible combinations of meteorological
forcings and parameter sets from the 3 validation catchments as compared to observed soil
moisture memory displayed in the bottom row.

3.4.3

Hydrological states and fluxes

While the main goal of the tested methodology is the extraction of soil moisture memory
statistics, we can also validate the soil moisture, streamflow, and evapotranspiration time series produced by the optimized model against available observations in the three validation
catchments. Comparisons of the observed and simulated anomalies of these quantities are
provided in the top three rows of Figure 3.3. Mean seasonal cycles have been subtracted from
both the observed and simulated data in order to avoid an overestimation of model skill associated with the seasonal cycles inherent in the precipitation and net radiation forcing. While
this subtraction also prevents a proper evaluation of bias, such bias evaluations would, in any
case, be of limited usefulness: (i) significant biases are likely in the observed evaporation
data given the closure problem associated with eddy covariance measurements (see Section
3.3.1), (ii) biases in soil moisture are likely because the model uses an arbitrary wilting point
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Figure 3.3: The top rows show modeled soil moisture, streamflow and evapotranspiration
plotted against observations for data within the period July-September that was used to fit
the functions. The red lines are fitted through least-squares regressions. The bottom row
shows the functions of Equations (1.3) (black) and (3.6) (red) fitted for each catchment. These
are compared to weekly-averaged observed corresponding ratios plotted as points against
observed soil moisture (mean and variance adapted to model soil moisture).

(which doesn’t affect the temporal variability of the soil moisture it produces), (iii) observed
absolute soil moisture is also expected to vary strongly even on small spatial scales, only the
temporal dynamics should display a regional footprint (Mittelbach and Seneviratne 2012),
and (iv) biases in streamflow may occur especially in flat catchments through baseflow out of
the catchment away from the stream gauge.
Overall, the model seems to do especially well in estimating soil moisture variations, particularly for Oensingen (R2 = 0.78) but also for Rietholzbach (R2 = 0.62). Streamflows for these
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two sites are also reasonably reproduced (R2 values of 0.6 and 0.87, respectively), whereas
simulated ET values are somewhat less consistent with the observations, although still satisfactory at Rietholzbach (R2 = 0.58). The simulated values are always worse for the San
Rossore catchment, possibly due to (i) its larger size and the corresponding reduction in the
large-scale representativeness of its site-based precipitation forcing and (ii) the interpolation
of the radiative forcing (see lower part of Section 3.3.1). In the cases of comparatively low
R2 values, such as for ET at Oensingen and for all quantities at San Rossore, we find that the
model tends to underestimate the variability of the anomalies, as indicated by the regression
slopes that are clearly smaller than 1.
Corresponding scatter plots produced with data from June and October (not shown) show
comparable agreement between the model results and observations. This provides an independent evaluation of model performance, given that these months were not part of the fitting
period (see Section 3.2.2).
The bottom row in Figure 3.3 displays the optimized runoff functions (solid red lines) and
ET functions (solid black lines) at Oensingen, Rietholzbach and San Rossore. Every plotted
Sn
point represents either an observed streamflow ratio,
(in red), or an observed ET ratio,
Pn
λρw En
(in black), with the respective quantities (both the numerators and the denominators
Rn
separately) accumulated over a week to increase representativeness and to ensure comparability between runoff ratio as shown by the fitted function and streamflow ratio as shown by the
observations.
At first glance, the evaporation functions seem to disagree with the data. Here one must remember two key points: (i) no evaporation data were used in the optimization of the functions,
and (ii) the evaporation observations are subject to bias and, even after bias correction, are uncertain. Eddy-covariance measurements are known, for example, to produce underestimated
fluxes (e.g. Wilson et al. 2002, Foken et al. 2006, Franssen et al. 2010). Therefore we corrected the ET in order to close the energy balance through a modification of latent and sensible
heat fluxes as described in Section 3.3.1. Indeed, at Rietholzbach, where ET was measured
with a weighing lysimeter instead, the modeled ET ratio compares better to observations. At
San Rossore, the ET data could not be corrected because net radiation was not available over
the whole time period; the observed ET fluxes there are thus underestimated. (Such errors
might also explain the relatively poor comparison of ET anomalies at San Rossore in the third
row of Figure 3.3) At Oensingen, ET flux corrections may have led to excessive ratios, possibly because ET was measured over grassland whereas the optimized function represents the
whole catchment, which includes forested regions. Teuling et al. (2010b), using observations,
showed that forests in temperate Europe use water more conservatively than grassland, especially under extreme conditions (Figure 1 of that paper).
In contrast, the optimized runoff functions do capture, to first order, the observed streamflow
ratios. This makes sense, given that the streamflow measurements were used in the optimization procedure. The high fitted runoff ratio (especially for wet conditions) corresponds well
with the generally wet regime at Rietholzbach (annual precipitation ≈ 1500mm), such that
most of the precipitation can not be stored but runs off instead. There is nevertheless still
some bias seen in the optimal runoff functions and a substantial amount of scatter seen in the
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Figure 3.4: Fitted hydrographs (Equation (3.4)) in the 3 validation catchments.
streamflow ratio observations. Again, our use of available streamflow and precipitation observations is made difficult by the mismatch in their scales; because the functions are optimized
using data from July to September, we speculate that local thunderstorms and showers might
influence parts of a catchment not captured by the rain gauge or might over-emphasize smallscale storms falling over the rain gauges. Of course, even without a scale mismatch, scatter
in the plotted points will result from the fact that precipitation and streamflow measurements
each have their own errors, and these errors are compounded when the ratio is computed.
Again, some time shift between precipitation and streamflow is already implicitly included in
Equations 3.4-3.6 through the streamflow recession.
Summing up we note that generally the unimpressive agreement found in the bottom row
in Figure 3.3 is no surprise given the vastly different scales we consider (e.g. for streamflow and precipitation or of modeled, catchment-scale ET and observed, point-scale ET) and
the noted measurement uncertainties related to, for example, eddy-covariance ET measurements or point-scale precipitation measurements. When considering this unimpressive agreement, it is worth remembering that the optimization procedure focuses on finding the runoff
and evaporation functions that best reproduce the time variability of the observed streamflow
(through an R2 value), a reflection of the time dynamics of the local hydrological cycle, rather
than functions that are necessarily consistent with direct evaporation and streamflow measurements, as represented by the plotted points in the lowest row of Figure 3.3. Naturally, if the
latter approach were used, the functions chosen would agree much more strongly with those
plotted points. Of course, the latter approach requires soil moisture and evaporation information, which is what we want to avoid here, given the noted dearth of contemporaneous soil
moisture and evaporation data. While it is certainly possible that our optimization approach
does not produce the runoff function and ET function combination that best reproduces the
measured soil moisture memory, it does nevertheless produce a combination that reproduces
it reasonably well (Figure 3.1), and it does maintain the critical advantage of being based on
only streamflow, precipitation, and radiation information.
Note furthermore that the suitability of the optimization approach may vary depending on the
climate regime, as it becomes difficult, under dry conditions when streamflow variations are
small, to infer hydrological variability of a catchment from streamflow only (e.g. Teuling et al.
2010a).
For completeness, Figure 3.4 shows the hydrographs associated with the optimized values of
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Figure 3.5: Soil moisture memory of lag 30 days at all investigated catchments across Switzerland, averaged from April through October. The brownish background indicates the topography, with darker brown referring to higher altitudes.
τ for the three catchments. In the Rietholzbach catchment, the streamflow response falls off
most quickly, as might be expected given the catchment’s hilliness and relatively small size.
In the other two catchments, 2% of the water in a precipitation event is still running off two
weeks after the event.

3.4.4

Application to multiple Swiss catchments

The application of the methodology to precipitation, net radiation, and streamflow data in 13
catchments across Switzerland (Section 3.3.2) allows us to obtain an areal picture of soil moisture memory (30-day-lagged autocorrelation), as shown in Figure 3.5. The similar memories
found for adjacent catchments, even those with different sizes, provides additional support for
our approach. A signature of the alpine ridge (and its associated precipitation regime) is seen
in the memory distribution.
The highest memory is found for the Langeten catchment, which is located in the Swiss
plateau between the Alps and the Jura mountains. High memory is also found for the Mentue
(also in the Swiss plateau) and Ergolz (northern end of the Jura mountains) catchments. The
lowest memory is found in the highest catchments: Sitter, kleine Emme, Emme and Sense.
Overall, soil moisture memory seems to increase with increasing distance from the Alps, as
seen in the far west for the Broye and Mentue catchments and in the far east for the Murg,
Aach, Goldach and Sitter catchments. Despite the drier climate regime south of the Alps,
we find a similar strength of the soil moisture memory at Cassarate compared to catchments
along the northern alpine front.
Figures 3.6 and 3.7 summarize the results for all catchments, showing the optimized runoff
and ET functions (Column 1) and the corresponding soil moisture memories as a function of
season and lag (Column 2). The rows holding the catchment results are arranged in order of
average memory, starting with Langeten (the catchment with the strongest memory). The optimized functions differ significantly among the catchments, as does the absolute soil moisture
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Figure 3.6: Overview of fitted functions, soil moisture memory, its uncertainty (refer to text
σwn
for details), κ˜n =
and ρ(wn , Pn ) (as described in Section 3.4.4.1) for all catchments
σPn,y tlag
going from high soil moisture memory (top row) to low soil moisture memory (bottom row).
In the left hand side column the red curves correspond to the fitted runoff ratio functions,
the black lines show the fitted ET ratio functions and the vertical blue lines denote the 5%
and 95% quantile of all soil moisture values in the time frame between April and October.
Soil moisture memory, its uncertainty, κ˜n and ρ(wn , Pn ) are computed for all months between
April and October and for lag times between 5 and 40 days.
range. Correspondingly, the strength of the estimated soil moisture memory and its seasonal
cycle differ significantly across the catchments, especially in summer. In general, memory
seems to be strongest in autumn, for which considerable memory is often seen at 4-5 week
lags, and it is weakest in spring, which generally shows almost no significant memory beyond
2 weeks.
Figures 3.6 and 3.7 also display the uncertainties corresponding to the soil moisture memories, as derived with the methodology described in Section 3.2.3. They are mostly smaller
than 0.2, indicating that the computed memory patterns are robust with respect to parameter
sets obtained from different and independent subsets of the full time period analyzed. Espe-

CHAPTER 3. INFERRING SOIL MOISTURE MEMORY FROM STREAMFLOW
OBSERVATIONS USING A SIMPLE WATER BALANCE MODEL

58

SM Memory

J

A S O

st.dev.(SM)/st.dev.(Precip)
A M J

J

A S O

cor(SM,Precip)
A M J

J

A S O

lag (Days)
10
30

0.8
0.4

30
20
10

200

lag (Days)
10
30

0.8
0.4

100

30
20
10

200

lag (Days)
10
30

0.8
0.4
20

60

30
20
10

100

0.0

0.4

lag (Days)
10
30

0.8

40

50

100

30
20
10

150

0.4

lag (Days)
10
30

0.8

40

0.0

Emme

100

0.0

Sense

ET/R and Q/P
ET/R and Q/P

50

0

ET/R and Q/P

A M J

40

0

0

50

100

30
20
10

150

0.4

lag (Days)
10
30

0.8

40

0.0

Sitter

Memory Uncertainty

A S O

40

0

kleine Emme

50

0.0

Guerbe

ET/R and Q/P

0

ET/R and Q/P

J

40

0.0

Broye

ET/R and Q/P

A M J

0

50

100

150

30
20
10

200

Soil Moisture [mm]

A M J

J

A S O

0.0 0.2 0.4 0.6 0.8 1.0

lag correlation

A M J
0.0

0.1

J
0.2

A S O

A M J

J

0.3

0.2 0.5

1

0.4

st.dev.(lag corr.)

A S O

kappa

2

5

A M J
−0.3

−0.15

J

A S O
0.15

0.3

correlation

Figure 3.7: Continuation of Figure 3.6.
cially if the estimated memory is high, the uncertainties are low; therefore high soil moisture
memory as identified with the simple water balance model is particularly reliable.
3.4.4.1

Controls of soil moisture memory in Switzerland

OS12 identified two main controls of soil moisture memory at five sites in Central and Mediterranean Europe; (i) the ratio between the variability of initial soil moisture and subsequent
forcing, and (ii) the correlation between initial soil moisture and the subsequent forcing. They
also report that the forcing is dominated by precipitation, and thus we can express the first
control as the unitless ratio between the standard deviation of initial soil moisture and the
standard deviation of subsequent precipitation:
κ˜n =

σwn,y
σPn,y tlag

(3.10)

where Pn,y denotes accumulated precipitation (in mm d−1 ) between date n and n+tlag of year
y. It is multiplied with tlag to yield the accumulated precipitation during that interval. The
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Figure 3.8: Correlations of fitted model parameters (listed in Table 3.1) at all catchments
with respective soil moisture memory at a lag of 30 days. Dark gray corresponds to negative
correlations, light gray indicates positive correlations. Hatching indicates correlations that
are not significant on the 5% level (two-sided t-test).
standard deviations are computed as described in Section 3.2.3. Note that κ˜n also reflects the
impact of seasonal variations in precipitation. Given that precipitation dominates the forcing,
the second control identified in OS12 can be simplified to yield ρ(wn , Pn ). High values of
either of these controls are indicative of higher soil moisture memory. The first control, κ˜n ,
reflects the size of the anomaly to be erased relative to that of the precipitation available to
erase it, and the second describes how the effect of the precipitation may be diminished if its
magnitude is not independent of the initial anomaly.
The fourth and fifth columns of Figures 3.6 and 3.7 illustrate the values of these controls
at all catchments, for all months and lags considered. The ratio of the soil moisture and
precipitation variabilities decreases from the top to the bottom in both figures as the soil
moisture memory decreases, suggesting a connection. Confirming the results of OS12, also
comparatively high correlations between initial soil moisture and the subsequent precipitation
(a reflection, indeed, of memory in precipitation itself) seem to coincide with high memory in
most catchments.
Moreover these two figures show that the runoff optimization approach (Section 3.2.2) yields
functions of similar shape for nearby catchments (e.g. Mentue/Broye and Sitter/Goldach),
underlining the robustness of the simple model approach. However, despite such similarity in
the functions, we can sometimes find different strengths for the soil moisture memory, as in the
Mentue and Broye catchments, illustrating the importance of catchment-specific parameters
such as water holding capacity and maximum ET ratio.
Figure 3.8 shows the correlations between the optimized model parameters and the resulting
soil moisture memory (as shown in Figure 3.5). Water holding capacity is seen to be a strong
control of soil moisture memory, which is intuitively sensible; it has a direct impact on the
numerator of the standard deviation ratio discussed above. A second control of memory is the
runoff ratio exponent (even if of questionable statistical significance due to the relatively small
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Figure 3.9: The top row displays the soil moisture memories of lag 30 days of all 13 catchments plotted against altitude, CTI and dryness index including a least-squares fit and exσwn
plained fraction of variance. The same is shown in the lower row for the ratio κ˜n =
,
σPn,y tlag
also for a lag time of 30 days.
set of catchments). The higher this exponent, the greater the contrast in the impact of runoff on
soil moisture in wet and dry conditions. That is, for a high exponent, the dampening impact
of runoff on soil moisture anomalies is significantly reduced in drier conditions. OS12 found
that especially dry anomalies contribute to a higher soil moisture memory, which explains
why the runoff ratio exponent has such a large effect. It is important to note that these three
controls are not statistically independent, for otherwise they would explain too much of the
variance of soil moisture memory; a proper breakdown of the roles of these parameters and
how they vary with each other would require a substantially larger collection of analyzed
catchments.
3.4.4.2

Dependence of soil moisture memory on altitude, topography and dryness index

Investigating the dependency of soil moisture memory on altitude, topography and dryness
index allows us to separate the effects of soil and vegetation characteristics, morphology and
atmospheric forcing, respectively. Even if altitude and topography are usually related, here
they are to some extent independent due to the complex (pre-) alpine terrain of Switzerland.
The top row of Figure 3.9 demonstrates that memory decreases with altitude and with increased topography (expressed as CTI, see Section 3.3.2). The bottom row of the figure shows
a link between κ˜n (the aforementioned ratio of initial soil moisture variability to precipitation
variability shown in Equation (3.10)) and both altitude and topography. This κ˜n ratio was
identified in Section 3.4.4.1 as a main control of soil moisture memory, which is consistent
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with the shown dependencies on altitude and topography. The higher (or hillier) a catchment
is, the thinner the soil should be, leading to a decreased water holding capacity and therefore
a lower σwn and thus a lower κ˜n value. Even if topography and altitude are found to have the
same impact on soil moisture memory, the reasons may not be the same, since topography
as such only impacts soil moisture dynamics whereas altitude also reflects the varying atmospheric forcing (e.g. precipitation (variability) increasing with altitude and thereby reducing
soil moisture memory as described in the previous subsection).
We also investigated the link between mean soil moisture memory (as shown in Figure 3.5)
and catchment-specific dryness index, as illustrated with the plots on the right hand side of
R
Figure 3.9. The dryness index is computed as
, where λ is the latent heat of vaporization
λρw P
and R and P are long-term averages of annual net radiation and precipitation, respectively.
Soil moisture memory tends to increase with increasing dryness index, even if the diagnosed
relationship between the two is rather weak. Less precipitation leads to a lower variability and
thus a higher κ˜n value as shown in the Figure.
Comparing the influence of these three controls on soil moisture memory in Switzerland as
indicated by the R2 values, we find that altitude is of highest importance, followed by topography and dryness index.

3.5

Conclusions

In this study we modified the simple water-balance model proposed by Koster and Mahanama
(2012) to include such features as streamflow recession and an implicit form of the water
balance equation. We then applied the model to the analysis of soil moisture memory. Our
main tested hypothesis was whether such a simple model can be used to extract information
on soil moisture memory based on observations of precipitation, net radiation, and streamflow
alone, since these observations are much more plentiful than soil moisture observations.
Our approach was successfully validated using data from some of the relatively rare catchments for which soil moisture measurements and contemporaneous meteorological measurements are adequate. Using only precipitation, net radiation, and streamflow data, the model
captures the first order behavior of the observed soil moisture memory in terms of its variation
with season and the considered lag (Figure 3.1). The model also reproduces the observed soil
moisture anomalies reasonably well (Figure 3.3).
We then used the validated model to estimate the soil moisture memory within 13 near-natural
catchments across Switzerland. The resulting spatial distribution of estimated memory allowed an analysis of the controls on this memory. Our results support earlier propositions that
the main controls of memory in Central Europe are (i) the ratio of the standard deviations of
initial soil moisture and subsequent precipitation, and (ii) the correlation between the initial
soil moisture and the subsequent precipitation. Soil moisture memory in the vicinity of the
Alps appears to decrease with altitude and hilliness (as measured by CTI), possibly because
soils at higher elevations tend to be thinner.
The study with the 13 Swiss catchments demonstrates that the simple water balance model
can be used in conjunction with precipitation, net radiation, and streamflow measurements
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to estimate soil moisture memory and its controls even in the absence of direct soil moisture
measurements. Applying this methodology to catchments in other regions of the world could
help identify areas of strong soil moisture memory, that is, areas for which soil moisture
initialization has a chance to contribute to hydrological or meteorological prediction.

Supplementary material: Optimization procedure for identification of catchment-specific parameter sets
We first choose a random value for each parameter in Equations (3.2) and (3.6) from within a
prescribed acceptable range and add a prescribed step width (see Table 3.1) to yield a second
value for each parameter. We then run the model for all 25 = 32 combinations of parameters
to find the set which yields the highest correlation between modeled and observed streamflow.
After that, we rerun the model using another 25 = 32 combinations, assigning to each parameter the optimal value found before and this value with the respective step width subtracted (if
the lower value from before was the optimal value) or added (if the higher value from before
was the optimal value). This procedure is repeated until the same set of parameters is found
two times in a row.
This procedure, of course, guarantees only a local (rather than a global) optimum in the fivedimensional parameter space. We thus repeat the procedure 20 times, always starting with new
randomly chosen values for each parameter. This yields 20 local optima, of which many are
similar or even identical, underlining the robustness of this approach. Of these 20 local optima
we take the best as our parameter set for a given catchment. Our tests with the procedure
suggest that higher computational effort would probably not yield a different solution; given
the step widths applied to the parameters, we most likely indeed find the global optimum in
the five-dimensional parameter space.

Chapter 4
Propagation of soil moisture memory to
streamflow and evapotranspiration in
Europe
(Article in press in Hydrology and Earth System Sciences)
Rene Orth and Sonia I. Seneviratne
Institute for Atmospheric and Climate Science, ETH Zurich,
Universitätsstrasse 16, CH-8092 Zurich, Switzerland

Abstract
As a key variable of the land-climate system soil moisture is a main driver of streamflow and
evapotranspiration under certain conditions. Soil moisture furthermore exhibits outstanding
memory (persistence) characteristics. Many studies also report distinct low frequency variations for streamflow, which are likely related to soil moisture memory. Using data from over
100 near-natural catchments located across Europe we investigate in this study the connection
between soil moisture memory and the respective memory of streamflow and evapotranspiration on different time scales. For this purpose we use a simple water balance model in which
dependencies of runoff (normalized by precipitation) and evapotranspiration (normalized by
radiation) on soil moisture are fitted using streamflow observations. The model therefore allows us to compute the memory characteristics of soil moisture, streamflow and evapotranspiration on the catchment scale. We find considerable memory in soil moisture and streamflow
in many parts of the continent, and evapotranspiration also displays some memory at monthly
time scale in some catchments. We show that the memory of streamflow and evapotranspiration jointly depend on soil moisture memory and on the strength of the coupling of streamflow
and evapotranspiration to soil moisture. Furthermore we find that the coupling strengths of
streamflow and evapotranspiration to soil moisture depend on the shape of the fitted dependencies and on the variance of the meteorological forcing. To better interpret the magnitude of
the respective memories across Europe, we finally provide a new perspective on hydrological
memory by relating it to the mean duration required to recover from anomalies exceeding a
certain threshold.
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4.1

Introduction

Many past and recent publications have pointed out the remarkable persistence characteristics
of soil moisture (Delworth and Manabe 1988, Vinnikov and Yeserkepova 1990, Entin et al.
2000, Koster and Suarez 2001, Schlosser and Milly 2002, Wu and Dickinson 2004, Seneviratne et al. 2006a, Koster et al. 2010b, Seneviratne and Koster 2012). This soil moisture
persistence, hereafter referred to as “memory”, is caused by the integrative nature of soil
moisture as water storage. It has been found in observations and models, at point scale and
on continental scales. Furthermore also for other land-surface variables, persistence characteristics have been reported, even if less pronounced than for soil moisture. For instance
streamflow exhibits distinct low frequency variations that represent a memory resulting from
a recession behavior of the streamflow response following a precipitation event (RodriguezIturbe and Valdes 1979, Lins 1997, Labat 2008, Gudmundsson et al. 2011).
Given the important role of soil moisture in the water cycle and for land-atmosphere interactions (e.g. Seneviratne et al. 2010 for a review), the question arises if its memory may
propagate to other quantities that are at least partly driven by soil moisture. For example,
runoff and evapotranspiration may be highly dependent on soil moisture under certain conditions (Eagleson 1978, Koster and Milly 1997, Koster et al. 2004a, Botter et al. 2007, Bisselink
and Dolman 2009, Kirchner 2009, Teuling et al. 2009), therefore soil moisture memory may
induce persistence in these quantities.
This study investigates under which conditions and to which extent soil moisture memory
may propagate to streamflow and/or evapotranspiration. In case of streamflow, this question
is of high importance since it is relevant for flood prediction and water resource management.
An evapotranspiration memory has implications for the exchange of water between the land
and the atmosphere, as well as for near-surface temperature because evapotranspiration is
(negatively) related with sensible heat flux. Following the approach proposed in Orth et al.
(2013), we calibrate a simple hydrological model (Koster and Mahanama 2012) with streamflow measurements from 100 catchments across Europe to infer memory characteristics of
soil moisture, streamflow and evapotranspiration. Note that soil moisture as in the formulation of this model represents a large fraction of the terrestrial water content that is altered
by evapotranspiration, precipitation and surface runoff. We identify drivers and properties of
the propagation of soil moisture memory and investigate their dependencies on regional features. Moreover we determine favorable climate and land-atmosphere regimes that promote
memory propagation into the climate system. In the last part of this study we investigate how
the memories in soil moisture, streamflow and evapotranspiration change under dry and wet
conditions, which is especially relevant for the predictability of extreme events (Koster et al.
2010b, Mueller and Seneviratne 2012).
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Methodology
Simple water-balance model

We use a simple water-balance model adapted from Koster and Mahanama (2012) in this
study. The revised formulation employed here has been introduced and discussed in Orth
et al. (2013). As in that study, we run the model with a daily time step. The model is based
on the following water-balance equation:
Sn+4t = Sn + (Pn − En − Qn ) 4t

(4.1)

where Sn , the only prognostic variable of the model (in mm), is the total terrestrial water content at the beginning of time step n. Between time step n and n + 4t, the water content is
changed by the accumulated precipitation Pn , evapotranspiration En , and streamflow Qn (all
in mm d−1 ), to yield an updated terrestrial water content Sn+4t at the beginning of the following time step. The employed simple model is highly conceptual, and that Sn is composed
of (i) an upper level storage, which represents the total soil moisture content, wn , and (ii) a
lower level storage, which represents groundwater, gn . Note that as the model is simple and
conceptual, this distinction is an approximation. Precipitation is distributed to both storages
and to streamflow. Note that snow is not considered in the simple water balance model. As in
Orth et al. 2013, we run the model in this study with a time step of one day (4t = 1d).
4.2.1.1

Evapotranspiration

In the simple water-balance model, evapotranspiration (normalized by net radiation) depends
on soil moisture (scaled with the water holding capacity) only:
 γ
λρw En
wn
= β0
with γ > 0 and β0 ≤ 1
(4.2)
Rn
cs
where Rn denotes net radiation (in W m−2 ), λ is the latent heat of vaporization (in J kg −1 ), ρw
is the density of water (in kg m−3 ) and cs is a model parameter that refers to the water holding
capacity of the soil (in mm). Another model parameter, β0 (unitless), allows to capture the
evaporative resistance of the soil and the vegetation, whereas the parameter γ (also unitless)
λρw En
ensures a strictly monotonically increasing evapotranspiration ratio
.
Rn
4.2.1.2

Streamflow and runoff

We distinguish in the simple water balance model between streamflow Qn and runoff Run
(note that this notation differs from Orth et al. (2013), where S ist used for streamflow and Q
denotes runoff). As already suggested by Wood et al. (1992), only a fraction of the precipitation can be stored in the soil, the remainder constitutes the runoff Run ; and this partitioning
depends on the soil moisture content:
 α
wn
Run
=
with α ≥ 0
(4.3)
Pn
cs
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Table 4.1: Overview of model parameter accuracies, boundaries and the range of their respective estimates.
Parameter
Accuracy
Lower
Upper
Minimum Maximum
limit
limit
value
value
found
found
water holding
30
20
2000
50
890
capacity cs
(mm)
inverse
0.02
0.02
0.04
0.78
streamflow
recession
1
timescale
τ
(1/days)
runoff
0.2
0
15
0.2
15
exponent α
ET exponent γ
0.03
0
0.03
3.87
max ET ratio
0.03
0.03
0.99
0.24
0.99
β0
Run
with increasing soil moisture.
Pn
The Streamflow Qn is computed from the simulated runoff Run with an imposed delay, as in
Orth et al. (2013):
t
1 −
Qn+t = Run e τ
(4.4)
τ
where τ refers to the delay time scale (in days) that determines the streamflow Qn+t at time
n + t which results from the runoff Run at time n. Note that the water retained with the
imposed delay is stored in the groundwater storage gn , before it enters the streamflow. The
t
1 −
integral of e τ equals 1 as t → ∞, such that all runoff is converted to streamflow.
τ
Such a distinction between runoff and streamflow was already suggested by Maillet (1905)
and allows us to account for the traveling time of surface runoff to the stream gauge site and
the transport of subsurface runoff to the stream. Runoff Run partly enters the streamflow
directly (surface runoff), and partly the groundwater storage (sub-surface runoff), depending
on the delay time scale τ . Streamflow, on the other hand, represents the water that leaves the
system (Equation (4.1)), which may stem from surface runoff or from groundwater discharge.
The total streamflow at any time step can be computed from the previously generated runoff
amounts:


(i + 1) 4t
i4t
60
X
−
−

τ
Qn =
Run−i4t e τ − e
(4.5)
where the exponent α ensures an increasing runoff ratio

i=0

As in Orth et al. (2013) we compute the streamflow from the runoff amounts generated
during the 60 preceding time steps to account for > 99% of the runoff water. As mentioned above, streamflow results from (i) surface runoff (in this case i = 0 and therefore
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1
−
= Run 1 − e τ , and (ii) from groundwater discharge (delayed runoff, i[1, 60]).


ace
Qsurf
n

To investigate the connection between streamflow and precipitation we furthermore define
here the cumulative weighted precipitation, which is the precipitation used to compute the
runoff amounts that contribute to streamflow
 at time n:

i4t
(i + 1) 4t
60
X
−
−

τ
Pn−i4t e τ − e
Pn∗ =
(4.6)
i=0

4.2.1.3

Parameter fitting

In total 5 model parameters (cs , α, τ, β0 , γ) have to be fitted to determine runoff, evapotranspiration and streamflow of a catchment. This is done for each catchment using the same
optimization approach as in Orth et al. (2013), whereby the optimal set of parameters is determined as the set that yields the best fit between modeled and observed streamflow among
25 estimated sets (representing local maxima in the five-dimensional parameter space). This
fit is evaluated as a correlation during July, August and September of all available years to
avoid an impact of snow, which is not included in the model. As in Orth et al. (2013), we
use a correlation to determine the fit because our focus is on the simulation of the temporal
evolution of soil moisture and streamflow rather than on their absolute amount (as the former
is more relevant to represent memory characteristics. Table 4.1 summarizes the accuracies
with which the parameters are fitted (i.e. the step width for each parameter as applied in the
optimization procedure), their upper and lower limits as well as maxima and minima of the
actual parameter values found for the catchments considered here (see Section 4.3). Note that
in contrast to Orth et al. (2013), we apply here upper limits to the exponents α and γ (15)
and the water holding capacity cs (2000 mm) to accelerate the optimization process and to
prevent unreasonable fitted parameter values.

4.2.2

Computation of slopes

To quantify the impact of soil moisture on streamflow and ET, we use the slopes of the runoff
and ET functions (Equations (4.2) and (4.3)) normalized with precipitation and net radiation,
respectively. These slopes are catchment-specific and depend only on the soil moisture content
and on the fitted parameters. They are computed as follows: For every daily soil moisture
value that occurs between May and September over the whole considered time period (see
Section 4.3) in a particular catchment we compute the respective slopes of the normalized
runoff and ET functions from their derivations with respect to soil moisture. Then we take the
mean of all the slopes to derive mean slopes for the runoff and ET function of each catchment.
These mean slopes represent the average sensitivity of runoff and ET to soil moisture in the
respective catchments.
As described and illustrated later in Section 4.4.2, the runoff and ET function slopes are
important variables for the soil moisture-streamflow and soil moisture-ET coupling strengths.
For instance, a slope of zero implies no impact of soil moisture, whereas a high slope implies
that soil moisture changes are readily translated into changes of streamflow or ET.
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4.2.3

Computation of memory

To determine the persistence of soil moisture, streamflow and ET produced by the simple
water-balance model, we calculate the respective memory as an inter-annual correlation over
a particular lag (see Koster and Suarez 2001 and Seneviratne and Koster 2012): For a given
quantity, the estimates of day n from all years are correlated with the estimates of day n +
tlag from all years. To derive representative memory estimates for half-monthly periods, we
compute inter-annual correlations for this period and for the preceding and subsequent 30
days (as introduced by Orth and Seneviratne 2012 and also applied by Orth et al. 2013). For
soil moisture memory, this corresponds to the following expression:
ρ wn , wn+tlag



1
=
tend − tstart + 60 − tlag

tend +30−tlag

X

ρ wi , wi+tlag



(4.7)

i=tstart −30

where tstart and tend refer to the respective start and end dates of the considered half-monthly
time period. Starting 30 days prior to the beginning of the half-monthly interval and finishing
30 − tlag days after the end of the half-monthly period, we obtain a number of correlations of
which we take a trimmed average (not shown in Equation (4.7). We avoid the 10% highest
and 10% lowest values, as in Orth et al. 2013) to yield a representative memory estimate for
the particular half-monthly period.
In order to study the connection between soil moisture memory and the memory of streamflow
and ET, respectively, we consider in the following 30-day-lag memories that are computed
as described above for all quantities. To assess the impact of the investigated time scale, we
perform the same analysis using monthly averaged data from which we compute the respective
1-month-lag memories.

4.2.4

Computation of persistence time scales

While memory is considered as lag correlation in the previous subsection and previous studies
(e.g. Koster and Suarez 2001, Orth and Seneviratne 2012), we relate the memories of soil
moisture, streamflow and ET in this study also to persistence time scales. This is more easily
interpretable and allows us to study the respective memories under different hydrological
conditions.
For the computation of this persistence time scale we proceed as follows: (i) We define “normal” conditions at a particular day as those differing at most by one standard deviation (computed over the values of that day from all years) from the mean of that day over all years; (ii)
We choose deviations of 1.33 and 1.66 standard deviations from the mean as thresholds for
medium and strong anomalies, respectively; (iii) We select all days of the time series between
May and September that exceed a threshold and calculate for each day the delay until which
the quantity of interest recovers to normal conditions; (iv) Finally, we take the mean of all
the durations to derive a mean persistence of anomalous conditions once they have exceeded
a certain threshold. Note that the time frame of May through September (point (iii) above)
is chosen in order to avoid cold season impacts such as snow and land cover changes. Comparing the persistence time scale to respective memories expressed as lag correlations, we can
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relate these correlations to mean recovery times from respective anomalies determined by a
chosen threshold.

4.2.5

Coupling of streamflow and evapotranspiration to soil moisture

As this study is investigating the propagation of memory from soil moisture to streamflow and
ET, it is necessary to assess the extent to which streamflow and ET are driven by soil moisture. For this purpose, we introduce a measure of the coupling strength between soil moisture and streamflow, or soil moisture and ET, respectively. We define the coupling strength
between soil moisture and streamflow (hereafter referred to as soil moisture-streamflow coupling strength) as their correlation, ρ (Qn , wn ). Similarly, to measure the coupling strength
between soil moisture and ET (hereafter referred to as soil moisture-ET coupling strength),
we use ρ (En , wn ).
The computation of these correlations is performed in a similar way as in Equation (4.7).
Instead of correlating estimates of a given quantity at day n from all years with the estimates
of day n + tlag from all years, we correlate estimates of one quantity at day n from all years
with estimates of the other quantity at the same day n of all years. Similar to memory, the
coupling strengths are also computed as representative estimates for half-monthly periods.
Using these estimates we can determine and compare the respective coupling strengths with
each other, in different seasons, and across the various catchments (see Section 4.3).

4.3

Data

In order to derive a spatially distributed evaluation of soil moisture, streamflow and ET memory across Europe we apply the simple water-balance model to near-natural catchments (i.e.
catchments with negligible human impact) located throughout Europe. The corresponding
streamflow data stem from a dataset compiled by Stahl et al. (2010), who collected data from
the European water archive (http://grdc.bafg.de [accessed on 16 July 2012]), from national
ministries and meteorological agencies, as well as from the WATCH project (http://www.euwatch.org [accessed on 16 July 2012]).
The simple model uses precipitation and radiation information as an input. We use satellitemeasured net radiation from the NASA/GEWEX SRB project (http://eosweb.larc.nasa.gov/
PRODOCS/srb/table_srb.html [accessed on 16 July 2012]). The precipitation data was obtained from the E-OBS dataset (http://eca.knmi.nl [accessed on 16 July 2012]), which is an
interpolation of rain gauge measurements on a regular grid across Europe. It was developed
by the ENSEMBLES project (http://ensembles-eu.metoffice.com [accessed on 16 July 2012]).
Note that this study therefore uses only observationally-based data. Given the different limitations in data availability of streamflow, precipitation and radiation, we consider a time period
of 17 years between 1984 and 2000.
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Figure 4.1: The colored large dots indicate the locations of the selected 100 catchments. The
color coding indicates the mean daily streamflow between May and September. The smaller
black dots indicate the locations of the remaining catchments of the Stahl et al. (2010) dataset,
as considered for the validation of streamflow (memory) in Section 4.4.1. The arrow points to
the Le Saulx catchment later considered in Section 4.4.2.

4.3.1

Selection of catchments

Given the large number of >400 catchments contained in the Stahl et al. (2010) dataset, we
had to select a subset for two reasons: (i) the parameter fitting procedure (Section 4.2.1.3) is
computationally demanding and (ii) in a few catchments the fitting procedure did not work
well, as seen from a low correlation between modeled and observed streamflow (probably due
to impacts of snow, which is not included in the model).
Running the parameter fitting procedure with 5 instead of 25 iterations (see Section 4.2.1.3)
for all catchments to reduce the computational effort (thereby increasing the risk that the resulting parameter set is only a local instead of a global maximum in the five-dimensional parameter space), we selected 100 catchments for this study, for which the streamflow optimization (see Section 4.2.1.3) yielded the highest correlations. For the selected 100 catchments
we then performed the parameter fitting procedure another 20 times to ensure that the global
optimum of the parameters is found. Corresponding information on name, coordinates, river,
size, altitude and mean streamflow of the considered catchments is provided in Appendix A.
Their locations together with their mean daily streamflow are displayed in Figure 4.1. The
catchments are well distributed across the continent, except for the south-east, thus allowing
an analysis of persistence across a large region. As can be inferred from Table 4.1, the range
of the fitted parameter values is larger compared to Orth et al. (2013) as we consider many
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more catchments, which are moreover distributed over a much wider area and across a broader
range of climate regimes.

4.4

Results

In this section we first present an evaluation of the simple model’s simulated streamflow and
its memory in the considered catchments, followed by a case study to illustrate the model
behavior under different hydrological conditions. Thereafter we investigate the connection
between soil moisture memory on the one hand and streamflow and ET memory on the other
hand, including an identification of the main drivers for these relationships. In the last part
of this section we present a different view on memory: We quantify its strength as a recovery
time from anomalous conditions and investigate its variations with extreme conditions.

4.4.1

Evaluation of modeled streamflow

The employed water-balance model was earlier validated at 13 Swiss catchments in Orth et al.

(2013), with a focus on soil moisture memory, ρ wn , wn+tlag . However, the present study

also focuses on streamflow memory, ρ Qn , Qn+tlag , and considers a much wider region that
covers a large fraction of Europe. Hence, we provide here an evaluation of the performance
of the simple water-balance model with respect to its representation of mean streamflow and

ρ Qn , Qn+tlag at the investigated catchments. To allow an independent validation we consider monthly averages for June and October in all catchments as these months are not part
of the optimization period in which the model is calibrated (see Section 4.2.1.3). The results
are displayed in Figure 4.2. Note that we investigate here the subset of catchments described
in Section 4.3.1 as well as the totality of the 430 catchments of the Stahl et al. (2010) dataset.
This allows us to show that the simple water balance model displays a meaningful performance in the catchments we disregard for the remainder of this study. Note that for the
excluded catchments we performed the parameter fitting procedure with 5 instead of 25 iterations (see Section 4.2.1.3) to reduce the computational effort (thereby increasing the risk that
the resulting parameter set is only a local instead of a global maximum in the five-dimensional
parameter space).
Considering all 430 catchments of the Stahl et al. (2010) dataset, we find a rough agreement of the modeled mean daily streamflow with observations in both months. The numerous
catchments where streamflow is underestimated (especially in June) are impacted by snow
melt and melting glaciers, which are both not accounted for in the model. The agreement is
better when only the 100 selected catchments are considered. The fitted regression lines are
closer to the identity line. The match is still slightly worse in June than in October as there
are some high-altitude catchments among the selected catchments (11% of the catchments
have an average altitude higher than 1000m above sea level, see Appendix A), which may
therefore be impacted by snow melt. The relatively good fit between modeled and observed
mean daily streamflow is an interesting feature, as only the correlation between modeled and
observed streamflow has been used for the calibration of the model. As shown on the right
hand side of Figure 4.2, the streamflow memory ρ (Qn , Qn+15 days ) is well captured by the

CHAPTER 4. PROPAGATION OF SOIL MOISTURE MEMORY TO STREAMFLOW
72
AND EVAPOTRANSPIRATION IN EUROPE

1.0

R² = 0.53 / 0.42
1:1

0.5

1

modeled streamflow memory
0.2
0.4
0.6
0.8

5

10

1:1

0.0

0.05

mean daily modeled streamflow (mm)

all catchments

R² = 0.53 / 0.55

0.1

0.5

1

5

0.0

10

mean daily observed streamflow (mm)

1.0

1.0

R² = 0.64 / 0.59
1:1

0.5

1

modeled streamflow memory
0.2
0.4
0.6
0.8

5

10

1:1

0.0

0.05

mean daily modeled streamflow (mm)

selected catchments

R² = 0.71 / 0.86

0.2
0.4
0.6
0.8
observed streamflow memory

0.1

0.5

1

5

10

mean daily observed streamflow (mm)

0.0

0.2
0.4
0.6
0.8
observed streamflow memory

1.0

Figure 4.2: The left plots show modeled versus observed mean daily streamflows for June
(in black) and October (in red). Note the logarithmic scale of both axes. The thick straight
lines are fitted with least-squared regression, R2 values shown on top are a result of this.
The right plots show the same, only for mean monthly streamflow memory ρ (Qn , Qn+15 days ).
The upper row shows results for all 441 catchments, the lower row only contains the selected
catchments.
model for most catchments, although the regression lines indicate a slight underestimation of
high ρ (Qn , Qn+15 days ) in both months. For the same reason discussed above, the explained
fraction of variance is slightly higher in October compared to June. Note that the explained
fraction of variance, R2 , is higher (0.8) when comparing ρ (Qn , Qn+15 days ) of the selected
catchments, averaged from May-September (as used in Sections 4.4.3 and 4.4.4). The agreement between modeled and observed ρ (Qn , Qn+15 days ) is better for the selected, reduced
number of catchments than for the totality of catchments, indicating that the quality of the
modeled ρ (Qn , Qn+15 days ) depends to some extent on the goodness of the streamflow op-
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Figure 4.3: Fitted water holding capacities for the selected catchments. Note the logarithmic
scale of the color-coding.
timization. This supports our selection of a subset of catchments (see Section 4.3.1), as it
shows that we can assume that the model captures hydrological processes better (and therefore also the persistence of the involved quantities) if the calibration allows to better reproduce
observed streamflow.
In order to further validate the simple water balance model and the parameter fitting procedure, we display the fitted water holding capacities in Figure 4.3. The fitted values fall in a
physically meaningful range. Furthermore, in many regions we find similar water holding capacities for nearby catchments, underlining the robustness of the parameter fitting approach.
Some few exceptions are probably due to the heterogeneous nature of soil and land cover
characteristics. Additionally, there are large-scale variations; in central Germany and across
France the storage capacity tends to be higher, whereas in the Alps and at the Norwegian coast
we find low water holding capacities.

4.4.2

Case Study - Le Saulx catchment

We illustrate the model behavior and the (modeled) relationships between soil moisture,
streamflow and ET under dry, average, and wet conditions based on a pronounced dry-down
period between April and July 1998 in the Le Saulx catchment. We chose this catchment
as example because it is located in eastern France where land cover and meteorological conditions are to some extent representative for central Europe, and moreover because of its
especially pronounced 1998 dry-down. Figure 4.4 shows in the upper part the runoff function
(normalized by precipitation) and ET function (normalized by net radiation) fitted for that
catchment based on the observed streamflow time series. As shown by the background his-
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togram, the soil moisture content during April through October (snow-free season) generally
ranges between 100 and 170 mm. At these soil moisture levels, the slope of the normalized ET
function is rather constant, indicating a constant sensitivity of normalized ET with respect to
soil moisture. In contrast, the slope of the normalized runoff function increases strongly over
this interval and therefore the sensitivity of normalized runoff to soil moisture varies with the
soil moisture content. Under dry conditions the soil moisture content occasionally decreases
to about 50 mm, which slightly increases the sensitivity of ET to soil moisture (as seen from
the slightly higher slope), and almost prevents any runoff (as the normalized runoff function
is almost zero for soil moisture values below about 80 mm). Under wet conditions the soil
moisture content may rise up to over 170 mm. Under such conditions, if the soil moisture
content is still lower than the water holding capacity of 170 mm, the runoff is very strongly
dependent on soil moisture, in contrast to ET that shows a decreased sensitivity under wet
conditions. However, beyond soil moisture values of 170 mm all precipitation is transformed
into runoff and therefore the streamflow does no longer vary with soil moisture but only with
precipitation. Note that the soil moisture content may exceed the water holding capacity of
170 mm as indicated by the background histogram. This is caused by a negative net radiation
forcing during winter, which induces negative ET (condensation) and therefore increasing soil
moisture; in some years it takes as long as April or May to remove this moisture surplus with
seasonally increasing net radiation. The fact that the increased soil moisture from condensation does not run off is a limitation of the model design; however, this limitation does not
impact the model behavior during the period May-September which this study focuses on.
Keeping these relationships in mind, the lower part of Figure 4.4 displays the evolution of
modeled soil moisture, streamflow and ET during the April-July 1998 dry-down period, together with the corresponding precipitation and net radiation forcing. The dashed red line
indicating the observed streamflow evolution compares well with the modeled streamflow in
terms of the temporal evolution (on which we focus, see Section 4.2.1.3), pointing out a reasonable performance of the model. The first month, April, is rather wet (high precipitation)
and cloudy (low net radiation). Consequently, the streamflow is high, responds strongly to
precipitation, and its evolution corresponds well with the soil moisture evolution, underlining
the high sensitivity to soil moisture discussed above (as soil moisture is still below the water
holding capacity). In contrast to streamflow, ET is lower, mostly driven by net radiation, and
displays a low sensitivity to changes in soil moisture. During May and June the catchment
experienced mostly sunny and dry conditions (high net radiation), only interrupted by low
to medium precipitation in late May and early June. Correspondingly the soil dries out remarkably. The streamflow therefore decreases to almost zero, showing almost no response
to the precipitation and the following slight increase of soil moisture. This illustrates the decoupling of streamflow from soil moisture under dry conditions. On the other hand, ET is
comparatively high and roughly follows the strong soil moisture decrease and the subsequent
stabilization, although net radiation is still the main driver, as a maximum in net radiation in
the second half of June causes a pronounced maximum in ET (even if soil moisture is decreasing). Finally, in July soil moisture has decreased to very low levels such that the ET level
is lower and, more importantly, despite strong day-to-day variations in net radiation, the ET
evolution corresponds more closely to soil moisture, but still also to net radiation (keeping in
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mind that the ET time series is smoothed with a 7-day running mean).

4.4.3

Propagation of soil moisture memory

In contrast to the previous subsections that focused on particular months, all quantities discussed in this subsection (memories, coupling strengths, variances) are computed as a mean of
all months between May and September. However, all mechanisms identified in the following
also play a role for seasonal cycles of the memories of (modeled) soil moisture, streamflow
and ET in the specific catchments.
4.4.3.1

Memory of soil moisture, streamflow and evapotranspiration

Figure 4.5 displays the 30-day-lag memories of soil moisture (ρ (wn , wn+30 days )), streamflow
(ρ (Qn , Qn+30 days )) and ET (ρ (En , En+30 days )) computed from daily data in all catchments
as compared to the respective 1-month-lag memories (e.g. ρ (wn , wn+1 month )) computed from
monthly averaged data. The memory patterns derived from daily and monthly data are very
similar. The 1-month-lag memories are higher, which results from the aggregation of the data
that minimizes the impact of day-to-day variations in the meteorological forcing.
As reported in numerous earlier studies (e.g. Delworth and Manabe 1988, Entin et al. 2000,
Robock et al. 2000, Koster and Suarez 2001, Orth and Seneviratne 2012) we find considerable persistence in soil moisture in almost all catchments. Largest ρ (wn , wn+30 days ) is found
across Central Europe (Germany, eastern France). We find generally low ρ (wn , wn+30 days )
in mountainous areas (Alps, Massif central, Scandinavian mountains). Note that these largescale patterns correspond with the spatial distribution of the fitted water holding capacities
shown in Figure 4.3, pointing out the importance of the storing capacity for ρ (wn , wn+30 days ).
Also similar to the fitted water holding capacities, besides large-scale gradients we find partly
high small-scale variations (Germany, Norway). This highlights the importance of local soil
and vegetation characteristics in comparison to the impact of the particular climate regime.
Interestingly, for streamflow we find medium memory in many parts of Europe, especially
in the Central Europe and in the South-West, where ρ (wn , wn+30 days ) is also highest. Apart
from these rather dominant large-scale variations we find small-scale variations, as can be
seen from the partly high memory differences between nearby catchments in central Europe, pointing out some importance of the role of local catchment characteristics also for
ρ (Qn , Qn+30 days ). Figure 4.5 shows moreover some memory in ET only for monthly data in
some catchments in southern France. Possible reasons for this feature will be discussed in the
following subsections.
4.4.3.2

Forcing memories and variabilities

As described in Section 4.2.1.1, streamflow depends on runoff (and therefore on soil moisture

and precipitation) and on the delay time scale τ (Equation (4.5)). Therefore ρ Qn , Qn+tlag

may result from propagating ρ wn , wn+tlag , but it is additionally induced by the delay time
scale. ET depends on soil moisture and net radiation (Equation (4.2)) and hence its memory


may stem from ρ wn , wn+tlag or ρ Rn , Rn+tlag .
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Figure 4.4: a) Fitted normalized runoff (Equation (1.3)) and ET (Equation (4.3)) functions
for the Le Saulx catchment in eastern France (indicated by an arrow in Figure 4.1). The
background histogram shows the relative abundance of soil moisture contents between April
and October.
b) Time series of forcing (net radiation at the top, precipitation at the bottom) and according
output of the simple model (soil moisture, streamflow and ET in between the forcings) from
the Le Saulx catchment during a pronounced dry-out period from April until July 1998. The
dashed red line indicates the evolution of the observed streamflow. The fitted water holding
capacity for this catchment is 170 mm, such that the normalized streamflow function reaches
1 at this soil moisture content. Note that the ET time series has been smoothed to facilitate
the readability of the graph such that each value represents the average of the current day, the
three preceding days and the three following days.
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Figure 4.5: Geographical distribution of mean May-September
memories of soil moisture

(ρ (wn , wn+lag ), upper row), streamflow (ρ Qn , Qn+tlag , center row) and ET (ρ (En , En+lag ),
lower row) for daily and monthly averaged data (all memories computed for a lag of 30 days
(daily data) or 1 month (monthly data)) computed as described in Section 4.2.3.
For daily data, net radiation memory and precipitation memory are negligible. Therefore
ET memory results almost entirely from soil moisture memory, whereas streamflow memory
is additionally impacted by the delay time scale. On the monthly time scale, however, we


find small but no longer negligible ρ Rn , Rn+tlag or ρ Pn , Pn+tlag which may be caused by
persisting patterns of the atmospheric circulation. Associated with that the forcing variabilities
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Figure 4.6: Streamflow (dots) and ET (triangles) memories ρ Qn , Qn+tlag and
ρ (En , En+lag ), respectively, of all selected catchments plotted versus the corresponding soil
moisture memories ρ (wn , wn+lag ) for daily and monthly averaged data (all memories computed for a lag of 30 days (daily data) or 1 month (monthly data)). The color coding denotes
the strength of the soil moisture-streamflow coupling ρ (Qn , wn ) and the soil moisture-ET
coupling ρ (En , wn ), respectively (see Section 4.2.5).
decrease towards longer time scales as day-to-day variations are averaged out. Note that the
variability of radiation decreases more strongly than that of Pn∗ as it already incorporates the
joint impact of many daily precipitation sums.

4.4.3.3

Controls of memory propagation


To assess the relationship of soil moisture memory, ρ wn , wn+tlag , with streamflow mem


ory, ρ Qn , Qn+tlag , and ET memory, ρ En , En+tlag , a scatter plot of ρ Qn , Qn+tlag and


ρ En , En+tlag from all selected catchments as a function of the corresponding ρ wn , wn+tlag
is displayed in Figure 4.6. Every point and every triangle represent one catchment. The
left plot is based on daily data and shows 30-day-lag memories whereas the right plot is
based on monthly data and shows 1-month-lag memories. In agreement with Figure 4.5, this


analysis shows that ρ En , En+tlag are generally lower than ρ Qn , Qn+tlag . With the help

of the dashed identity line we find that ρ Qn , Qn+tlag seems to be limited by the corre

sponding ρ wn , wn+tlag , which suggests that ρ Qn , Qn+tlag to some extent originates from


ρ wn , wn+tlag . However, in two catchments ρ Qn , Qn+tlag clearly exceeds the estimated



ρ wn , wn+tlag . This is because ρ Qn , Qn+tlag is not solely induced by ρ wn , wn+tlag ,
but it may also be generated through the transformation of runoff into streamflow (Equation
(4.5)), i.e. by (slow) transport of runoff water to the stream and in the stream towards the
stream gauge station; the corresponding delay time scale that is among the longest in these
two catchments. Depending on the size of the catchment, this may remove some of the variability of the runoff signal on the daily time scale.
Using color coding, Figure 4.6 shows the respective soil moisture-streamflow and soil moistureET coupling strengths (ρ (Qn , wn ) and ρ (En , wn ), respectively, see Section 4.2.5). The stream-
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Figure 4.7: Schematic view of propagation of soil moisture memory to streamflow memory
and ET memory. Red arrows denote positive impacts, blue arrows show negative impacts.
Only dependencies investigated in this study are shown.


flow memories ρ Qn , Qn+tlag are found to be dependent on ρ (Qn , wn ). Almost all catch
ments that show comparatively high ρ Qn , Qn+tlag , also show comparatively high ρ (Qn , wn )

together with relatively high soil moisture memory ρ wn , wn+tlag . This supports the above

described propagation of ρ wn , wn+tlag . For ET memory ρ En , En+tlag , the link to ρ (En , wn )

is less clear, nonetheless most of the catchments with comparatively high ρ En , En+tlag display a higher ρ (En , wn ) at the same time. In most catchments, ρ (En , wn ) is weaker than


ρ (Qn , wn ), which explains why ρ Qn , Qn+tlag exceeds ρ En , En+tlag .

Whereas the streamflow memory ρ Qn , Qn+tlag increases only slightly from daily to monthly

time scales, the ET memory ρ En , En+tlag increases much stronger. This is because ρ (En , wn )
increases stronger than ρ (Qn , wn ) for most catchments, thanks to the strong reduction in radiation variability with increasing time scale (see Section 4.4.3.2). These findings highlight
the importance of the time scale used in memory considerations. Although the forcing memories are no longer negligible on the monthly time scale (Section 4.4.3.2), Figure 4.6 illus

trates that ρ Qn , Qn+tlag and ρ En , En+tlag on the monthly time scale are mostly controlled

by soil moisture memory ρ wn , wn+tlag and the respective coupling strength, ρ (En , wn ) or
ρ (Qn , wn ), like on the daily time scale.
En
instead of ET on the daily time
When computing the memory of the evaporative fraction
Rn

scale (not shown) we find a far stronger memory which is of similar order as for ρ wn , wn+tlag ,

underlining the strong weakening impact of daily net radiation variability on ρ En , En+tlag .
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Run
is similar to ρ wn , wn+tlag on the daily time scale (not shown),
Pn
and therefore stronger than that of streamflow, which underlines the weakening impact of dayto-day precipitation variability.
Similarly, the memory of

Summing up, we have shown in this section that the streamflow and ET memories, ρ Qn , Qn+tlag


and ρ En , En+tlag depend on (i) soil moisture memory ρ wn , wn+tlag , which acts to some
extent as an upper limit, (ii) the strength of the coupling of streamflow and ET to soil moisture,
and (iii) the memory of the forcing (predominantly on longer time scales). Furthermore the

streamflow memory ρ Qn , Qn+tlag may be generated by the delay time scale τ reflecting the
conversion of runoff to streamflow. A schematic view of these dependencies is presented in
Figure 4.7, with positive relationships denoted by red arrows and negative relationships shown

with blue arrows. It illustrates that the forcing memory not only supports ρ Qn , Qn+tlag and


ρ En , En+tlag but also the soil moisture memory ρ wn , wn+tlag itself (Orth and Seneviratne 2012). Moreover the scheme includes controls of ρ (Qn , wn ) and ρ (En , wn ), which are
discussed in the following subsection together with a further discussion of Figure 4.7.

4.4.4

Soil moisture-streamflow and soil moisture-ET coupling

4.4.4.1

Geographical distribution

Figure 4.8 displays the geographical distribution of the two coupling strengths introduced in
Section 4.2.5 and computed with daily and monthly averaged data, respectively. The geographical patterns appear to be independent of the applied averaging time scale. As seen previously for the streamflow and ET memories, the soil moisture-streamflow coupling strengths
are similar for different time scales whereas the (absolute values of the) soil moisture-ET
coupling strengths increase significantly in many catchments with increasing (i.e. daily to
monthly) time scale. This is furthermore reflected in a clear increase of the standard deviation
of all respective soil moisture-ET coupling strengths from the daily to the monthly time scale.
The soil moisture-streamflow coupling ρ (Qn , wn ) is overall clearly stronger than the soil
moisture-ET coupling ρ (En , wn ). It is comparatively weak in coastal areas (Great Britain,
Norway) and rather strong in flat, continental regions (Germany, France). However, in coastal
areas around the Baltic sea (Denmark, Estonia, Finland) there is no reduction in ρ (Qn , wn ).
Overall, large-scale variations are dominant, although in some regions (e.g. Norway and Great
Britain) relatively large differences are found for some nearby catchments.
For the soil moisture-ET coupling, ρ (En , wn ), small-scale variations are more prominent than
large-scale variations, especially on the monthly time scale. In southern France the coupling
is particularly strong due to prevailing the dry regime in that region. Under such a regime, soil
moisture is rather low and the ET function slope is rather high (see Section 4.4.2). Negative
ρ (En , wn ), which is seen at the monthly time scale for some catchments in central and northern Europe, can be explained with very low slopes of the fitted ET ratio functions in these
catchments. As a consequence ET depends almost entirely on net radiation there, which is
usually negatively related with precipitation and hence soil moisture.



4.4. RESULTS

81

Daily data
−10

0

10

Monthly data
20

30

−10

0

10

20

30

70

70
mean = 0.76
st.dev. = 0.1

60

60

50

50

40

40

70

70

1.0

0.5

0.0
mean = 0.1
st.dev. = 0.12

mean = 0.14
st.dev. = 0.3

−0.5

latitude

ρ(En,wn)

60

ρ(Sn,wn) and ρ(En,wn)

latitude

ρ(Sn,wn)

mean = 0.66
st.dev. = 0.1

60

−1.0
50

50

40

40

−10

0

10

longitude

20

30

−10

0

10

20

30

longitude

Figure 4.8: Geographical distribution of mean May-September soil moisture-streamflow (upper row) and soil moisture-ET (lower row) coupling strengths ρ (Qn wn ) and ρ (En , wn ), respectively, for daily and monthly averaged data. Respective strengths are shown through the
color coding. In the upper left corner of each plot the mean and standard deviation over the
selected catchments are displayed.
4.4.4.2

Controls

Having shown that streamflow and ET memory are originating from soil moisture memory
and are furthermore controlled by the respective soil moisture-streamflow and soil moistureET coupling strengths, we analyze here the two coupling strengths themselves. Thereby we
determine which climatic regime or catchment characteristics support or inhibit memory propagation. As shown in Figure 4.7, we investigate and identify two controls for the coupling
strengths: (i) the sensitivity of runoff (normalized by precipitation) and ET (normalized by
net radiation) to soil moisture as measured by the mean slopes of the corresponding functions
(Equations (4.2) and (4.3); see also example in Figure 4.4), (ii) the variance of the forcing,
i.e. of cumulative weighted precipitation (Pn∗ , Eq. (4.6)) and net radiation (Rn ). We consider here the influence of the forcing variances on the translation of a soil moisture signal
into streamflow and/or ET. For instance even if the respective slope is high, the respective
coupling strength may be reduced by a high forcing variance.
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Figure 4.9: Soil moisture-streamflow (dots) and soil moisture-ET (triangles) coupling
strengths, ρ (Qn , wn ) and ρ (En , wn ), respectively, plotted against the respective runoff and
ET function slope (computed as described in Section 4.4.4.2) for daily and monthly averaged
data. The color coding denotes the variance of the weighted precipitation sum precipitation
(Pn∗ ) and of radiation, respectively. All involved quantities computed as means from MaySeptember. Points that do not fit with the range of the x- and/or y-axis are also included
together with an arrow pointing in the direction of their actual location and the true value
displayed next to it.
Figure 4.9 shows the impact of both above-described drivers on the two coupling strengths for
daily and monthly averaged data. Every point (streamflow) and every triangle (ET) represents
one catchment. The respective slopes of the fitted runoff and ET functions are plotted on the
y-axes and the forcing variances can be read from the color coding of the symbols.
Focusing on ET first, we find increasing ρ (En , wn ) with increasing mean slope of the ET
function on both time scales. The radiation variances are very similar in all catchments.
When comparing the variances at different time scales, we find a clear reduction towards the
longer, monthly time scale (see also Section 4.4.3.2). This is because day-to-day variations
are averaged out, which causes a stronger increase of ρ (En , wn ) with increasing slope of the
ET function.
Interestingly, ρ (Qn , wn ) does not increase with an increasing slope of the runoff function, but
instead decreases slightly on both considered time scales. Apart from the effect of the slope,
ρ (Qn , wn ) is moreover controlled by the variance of the atmospheric forcing (cumulative
weighted precipitation Pn∗ ). Different precipitation variances cause a gradient in the coupling
strengths of catchments with similar slopes. The rather strong role of the precipitation variance for ρ (Qn , wn ) compared to the role of the radiation variance for the soil moisture-ET
coupling is due to the much larger spread of the precipitation variances between all catchments, as shown in the color bars in Figure 4.9. Note, however, that the displayed variance of
Pn∗ is not strictly a forcing variance, as Pn∗ is determined in part by the delay time scale τ (see
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Equation (4.6)), which means consequently that τ may impact ρ (Qn , wn ).
The scheme in Figure 4.7 summarizes all the relationships investigated above. It illustrates
how ρ (Qn , wn ) and ρ (En , wn ) feed back on soil moisture memory. The stronger streamflow
and ET respond to soil moisture, the more they tend to dampen initial soil moisture anomalies.
For instance, a dry anomaly causes a decrease in streamflow and ET, whereas a wet soil
moisture anomaly would cause a strong increase, especially in streamflow (see Figure 4.4).
The impact of the initial soil moisture anomaly for the subsequent soil moisture memory is
discussed in Section 4.4.5. The variability of the forcings (precipitation and radiation) may
weaken the streamflow and ET memory, but this effect only plays a role in case of low slopes
of the runoff and ET functions, as seen especially for streamflow in Figure 4.9.
4.4.4.3

Differences between soil moisture-streamflow and soil moisture-ET coupling

As discussed in Section 4.4.3.3, streamflow memory exceeds ET memory in almost all catchments on the daily time scale, and in most catchments on the monthly time scale. This is
caused by the stronger coupling of streamflow to soil moisture (ρ (Qn , wn ) > ρ (En , wn )) in
most of the investigated catchments, with the slope of the runoff function typically exceeding
that of the ET function. Additionally, the forcing variabilities play a role. As described in
Section 4.4.3.3, they decrease with increasing time scale because day-to-day variations are
averaged out, but the radiation variability decreases more strongly, which explains why the
ET memory increases more than the streamflow memory with increasing time scale.
The higher runoff function slopes and the consequently stronger impact of streamflow on
soil moisture dynamics compared to the impact of ET on soil moisture dynamics are another
reason for the considerable spread of the triangles in Figure 4.9. Catchments with similar
ET function slopes may have very different runoff function slopes that impact soil moisture
dynamics differently, thereby causing different ρ (En , wn ). It should be noted that these results are likely dependent on the climatic region where the catchments are located, and that
the considered catchments are mostly located in central and northern Europe, i.e. in rather
radiation-limited conditions.

4.4.5

Relating memory to persistence time scales

In Section 4.2.4 we introduced a methodology to compute persistence time scales. Applying
this methodology to the (modeled) streamflow and soil moisture data from the 100 selected
catchments we derive maps of the mean persistences of dry and wet anomalies of medium and
high strength in Figure 4.10. The geographical patterns of the persistences compare generally
well to the mean memories derived from daily data as shown in Figure 4.5, suggesting consistency between the different approaches for memory computation. Note that partly strong
small-scale variations of persistence are due to the heterogeneous nature of soil and vegetation
characteristics. For soil moisture we find median persistences over the considered catchments
ranging from 17 to 25 days depending on the considered anomaly. For streamflow, the medians of the persistence time scales range between 5 and 7 days. Note that we do not investigate
ET persistence here as there is almost no memory on the daily time scale (Figure 4.5). We find
that it takes generally longer to recover to normal conditions from strong anomalies than from
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Figure 4.10: Overview of mean durations to recover from (very) dry/wet conditions (1.33 and
1.66 standard deviations away from the respective daily mean of the respective quantity) to
normal conditions (± 1 standard deviation around the mean) for (modeled) soil moisture and
streamflow. The results are based on daily data. In the upper left corner of each plot the
median over all selected catchments is displayed. Gray color indicates that no persistence
can be computed because the applied threshold is almost never reached.
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Figure 4.11: Comparison of memory estimates computed as lag correlation and as persistence time scale (based on anomalies of 1.33 standard deviations from the mean) for modeled
soil moisture and streamflow (left and middle) and observed streamflow (right). Red points
refer to persistence time scales estimated from dry anomalies whereas blue points are derived
from wet anomalies. The red and blue lines denote the respective linear least-squares fit. Note
the logarithmic scale of the persistence time scale.

medium anomalies. In other words, the stronger an initial anomaly, the more pronounced is
the following memory effect. While this is not unexpected, it has important implications for
the forecasts of extreme events, which should thus be more skillful than for close-to-normal
conditions. Also previous studies reported an enhanced soil moisture memory following hydrological extreme conditions (Koster et al. 2010b, Orth and Seneviratne 2012). This impact
of the initial soil moisture anomaly on the strength of the subsequent memory is also included
in the schematic provided in Figure 4.7.
We find that dry soil moisture anomalies persist longer, even if the difference to the persistence of wet anomalies is small in comparison to the absolute value of the persistences. The
reason for this may be that the climate in most of the European catchments considered here is
generally humid which means that dry anomalies can be very extreme whereas wet anomalies
are rather limited (as it cannot get much wetter). Unlike the soil moisture patterns, streamflow memory shows similar strength during dry and wet anomalies. While the propagating
soil moisture memory supports the streamflow memory especially during dry anomalies, this
result is due to the fact that ρ (Qn , wn ) is stronger under wet conditions (see Section 4.4.2),
which allows a better propagation of the soil moisture memory to streamflow (see Section
4.4.3.3). Note that streamflow persistences for strong, dry anomalies could not be computed
for all selected catchments, as in some catchments the respective threshold is only exceeded
on very few days. This is because streamflow values rather follow an exponential than a
normal distribution.
Figure 4.11 displays a comparison of memories computed as lag correlation and as persistence
time scales. As above, we focus on soil moisture and streamflow, and we additionally investigate observed streamflow. The reasonably high R2 values of the linear fits indicate consistency
between the two approaches. Only persistence time scales computed for dry (modeled and ob-
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served) streamflow anomalies correspond less well to the respective lag correlations due to the
exponential distribution of the streamflow values discussed above. Figure 4.11 shows further
that dry soil moisture anomalies persist longer than respective wet anomalies, whereas for
streamflow we find the opposite behavior. The results for modeled and observed streamflow
are similar, indicating a good representation of streamflow memory/persistence in the simple water balance model (which is not surprising, however, as the model is calibrated with
observed streamflow). The logarithmic scale of the persistence time scales indicates interestingly that persistence time scales increase exponentially for a linear increase in estimated lag
correlation. This underlines the red noise character of soil moisture, which was already highlighted by Delworth and Manabe (1988). Note that the findings of this figure are robust, even
if we consider persistence time scales related to other anomaly thresholds or lag correlations
of other time lags.

4.5

Conclusions

Using data from 100 catchments located across Europe we have shown that a simple water
balance model is able to simulate realistic streamflow as well as realistic streamflow memory
characteristics compared to observations, thereby expanding an earlier validation performed
by Orth et al. (2013).
Further, this study investigated the relationship of streamflow and ET memory to soil moisture memory. We showed that soil moisture memory to some extent serves as an upper bound
for streamflow and ET memory. Furthermore, we defined measures of the coupling between
soil moisture and streamflow, as well as between soil moisture and ET and found that their
strengths determine the memory strength of streamflow and ET, respectively. These findings
explain why one can infer that the memory propagates from soil moisture to streamflow and
ET as illustrated in Figure 4.7. As streamflow and ET are moreover driven by the meteorological forcing, also the (small) memories of cumulative weighted precipitation and net radiation
(only on the monthly time scale) play a (minor) role for the strength of their respective memories.
Comparing the results for daily and monthly time scales we generally find higher memory for
monthly averaged data of soil moisture, streamflow and ET. This is due to the reduced impact
of the day-to-day variations of the meteorological forcing.
Figure 4.7 moreover displays the special role of the soil moisture-streamflow and soil moistureET coupling strengths. We show that the soil moisture-ET coupling is mostly controlled by
the slope of the fitted (normalized) ET function whereas the soil moisture-streamflow coupling is strongly related to the variance of the weighted cumulative precipitation. In most
catchments, the ET function slope is smaller than the runoff function slope, which is the main
reason for the generally weaker coupling between soil moisture and ET, and the consequently
lower ET memory compared to that of streamflow.
In the last part of this study we introduced an alternative approach for computing memory to
study its dependency on different hydrological conditions. Instead of using a lag correlation,
we calculated the mean time required to recover from anomalous conditions above a certain
threshold to normal conditions. Applying this new methodology we found increased memory
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under more extreme conditions, as illustrated in Figure 4.7 by the positive impact of the initial
soil moisture anomaly on subsequent soil moisture memory. We further point out that soil
moisture memory is strongest for dry anomalies whereas streamflow memory is stronger during wet anomalies in the investigated catchments. These results have important implications
for sub-seasonal forecasts of dry and wet soil moisture and streamflow anomalies, including
drought and flood events. As the resulting persistence time scales are expressed in days, this
measure of memory is more easily interpretable, which is of particular relevance for a range of
applications. We show consistency between the two approaches, which is furthermore underlined by the consistency of the derived geographical patterns of soil moisture and streamflow
memory. We also find that the persistence time scales are exponentially related to the respective lag correlations, pointing out a special importance of high lag correlations identified for
soil moisture.
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Supplementary material: Overview of catchments
Catchment

Country

(river)

Gauging

Size

Mean

Mean

Catchment

station

(km²)

altitude

daily

centroid

(m above

stream-

sea level)

flow
(mm)

Antiesen

Austria

Haging

165

512

1.35

48.3°N 13.4°E

Braunaubach

Austria

Hoheneich

292

580

0.60

48.8°N 15.0°E

Griesler Ache

Austria

St. Lorenz

122

732

2.99

47.8°N 13.3°E

Große Rodl

Austria

Rottenegg

226

703

1.19

48.3°N 14.1°E

Große Tulln

Austria

Siegersdorf

202

348

0.51

48.3°N 15.9°E

Leogangbach

Austria

Uttenhofen

112

2.14

47.4°N 12.8°E

Traun

Austria

Obertraun

334

1078

5.39

47.6°N 13.7°E

Otava

Czech Republic

Rejtejn

334

1025

2.22

49.1°N 13.5°E

Svratka

Czech Republic

Borovnice

128

0.97

49.7°N 16.2°E

Teplá Vltava

Czech Republic

Lenora

176

1018

1.47

48.9°N 13.8°E

Volynka

Czech Republic

Nemetice

383

728

0.63

49.2°N 13.9°E

Vantaa

Finland

Oulunkylä

1680

78

0.90

60.2°N 25.0°E

L’ Aisne

France

Mouron

2239

208

0.95

49.3°N 4.8°E

L’ Ance Du Nord

France

St-Julien-D’ance (Laprat)

354

995

1.01

45.3°N 3.9°E

Le Bes

France

St-Juery

283

1200

2.10

44.8°N 3.1°E

La Colagne

France

St-Amans (Ganivet)

89

1286

1.30

44.7°N 3.4°E

Le Doubs

France

Goumois

1060

992

2.36

47.3°N 7.0°E

La Drome

France

Luc-En-Diois

194

1014

1.02

44.6°N 5.4°E

La Loire

France

Bas-En-Basset

3234

968

0.90

45.3°N 4.1°E

La Moselle

France

St-Nabord

633

720

3.35

48.1°N 6.6°E

(Noir Gueux)
Le Saulx

France

Vitry-En-Perthois

2109

264

1.12

48.7°N 4.6°E

La Seine

France

Bar-Sur-Seine

2344

320

0.94

48.1°N 4.4°E

La Sioule

France

St-Priest-Des-Champs

1305

781

1.08

46.0°N 2.8°E

(Fades-Besserve)
La Tardes

France

Evaux-Les-Bains

854

507

0.84

46.2°N 2.4°E

La Truyere

France

Malzieu-Ville

582

1122

1.13

44.8°N 3.3°E

(Le Soulier)
La Truyere

France

Neuveglise (Grandval)

1803

1069

1.17

44.9°N 3.1°E

Aitrach

Germany

Lauben

308

732

1.52

47.9°N 10.0°E

Apfelstädt

Germany

Ingersleben

371

449

0.60

50.9°N 11.0°E

Attel

Germany

Anger

244

523

1.39

48.0°N 12.2°E

Brugga

Germany

Oberried-Ibrech

40

989

3.41

47.9°N 8.0°E
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Country

(river)
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Gauging

Size

Mean

Mean

Catchment

station

(km²)

altitude

daily

centroid

(m above

stream-

sea level)

flow
(mm)

Dhron

Germany

Papiermühle

170

489

0.95

49.8°N 6.9°E

Elsava

Germany

Rück

145

356

0.72

49.8°N 9.2°E

Engnitz

Germany

Hüttengrund

46

654

2.08

50.4°N 11.2°E

Gaissa

Germany

Hoerrmannsberg

212

457

1.30

48.7°N 13.4°E

Grosse Ohe

Germany

Schönberg

82

811

2.13

48.8°N 13.4°E

Grosser Regen

Germany

Zwiesel

177

886

2.52

49.0°N 13.2°E

Helme

Germany

Sundhausen

201

255

0.76

51.5°N 10.8°E

Kinzig

Germany

Schwaibach

964

600

2.16

48.4°N 8.0°E

Kollbach

Germany

Deggendorf

36

1.73

48.8°N 13.1°E

Lahn

Germany

Biedenkopf

309

477

1.60

50.9°N 8.5°E

Lohr

Germany

Partenstein

217

400

1.20

50.0°N 9.5°E

Mindel

Germany

Offingen

951

595

1.14

48.5°N 10.4°E

Mitternacher Oh

Germany

Eberhardsreuth

114

663

1.55

48.8°N 13.4°E

Osterbach

Germany

Röhrnbach

121

645

1.88

49.0°N 13.2°E

Reschwasser

Germany

Unterkashof

61

967

2.69

48.9°N 13.5°E

Rodach

Germany

Streitmühle

55

633

1.55

50.4°N 11.5°E

bei Due
Rottach

Germany

Rottach

31

1159

2.88

47.7°N 11.8°E

Saalach

Germany

Unterjettenberg Rech

760

1211

3.34

47.7°N 12.8°E

Schwarzwasser

Germany

Aue1

362

745

1.51

50.6°N 12.7°E

Sinn

Germany

Mittelsinn

461

456

1.19

50.2°N 9.6°E

Steinacher Ache

Germany

Fallmuehle

22

1355

3.73

47.6°N 10.5°E

Stoisser Ache

Germany

Piding

50

738

2.08

47.8°N 12.9°E

Tiroler Achen

Germany

Staudach

944

1139

3.21

47.8°N 12.5°E

Traun

Germany

Stein Bei Altenmarkt

378

850

2.85

48.0°N 12.6°E

Uessbach

Germany

Peltzerhaus

176

410

0.84

50.1°N 7.1°E

Ulster

Germany

Guenthers

182

598

1.38

50.7°N 10.0°E

Untere Steinach

Germany

Oberhammer

67

576

1.44

50.2°N 11.5°E

Vils

Germany

Pfronten Ried

110

1369

3.78

47.6°N 10.6°E

Weisser Regen

Germany

Koetzing

226

692

1.72

49.3°N 13.0°E

Wertach

Germany

Biessenhofen

442

882

2.44

47.8°N 10.7°E

Weschnitz

Germany

Lorsch

383

214

0.71

49.7°N 8.6°E

Wipper

Germany

Hachelbich

524

324

0.63

51.3°N 11.0°E

Årgårdselv

Norway

Øyungen

230

316

4.51

64.2°N 11.1°E

Engesetelev

Norway

Engsetvatn ndf

41

206

4.92

62.5°N 6.6°E

Etna

Norway

Etna

565

925

1.44

61.0°N 9.6°E

CHAPTER 4. PROPAGATION OF SOIL MOISTURE MEMORY TO STREAMFLOW
90
AND EVAPOTRANSPIRATION IN EUROPE

Catchment

Country

(river)

Gauging

Size

Mean

Mean

Catchment

station

(km²)

altitude

daily

centroid

(m above

stream-

sea level)

flow
(mm)

Etneelv

Norway

Stordalsvatn

140

611

9.09

59.7°N 6.0°E

Flisa

Norway

Knappom

1655

414

1.38

60.6°N 12.0°E

Forra

Norway

Høggås bru

458

525

3.77

63.5°N 11.4°E

Fusta

Norway

Fustvatn

520

472

5.58

65.9°N 13.3°E

Glomma

Norway

Atnasjø

468

1140

1.85

61.9°N 10.2°E

Guddalselva

Norway

Nautsundvatn

214

436

7.17

61.3°N 5.4°E

Jondalselv

Norway

Jondal

150

569

1.73

59.7°N 9.6°E

Kløvtveitelv

Norway

Kløvtveitvatn

5

466

11.06

61.0°N 5.3°E

Lygna

Norway

Tingvatn

265

564

5.80

58.4°N 7.2°E

Moelv

Norway

Salsvatn

435

285

5.18

64.7°N 11.5°E

Nordelva

Norway

Krinsvatn

210

435

5.42

63.8°N 10.2°E

Ogna

Norway

Helleland

75

336

6.79

58.5°N 6.2°E

Øren

Norway

Øren

151

264

4.05

62.8°N 7.7°E

Oselv

Norway

Røykenes

55

328

8.63

60.3°N 5.4°E

Strandå

Norway

Strandå

27

212

5.89

67.5°N 14.9°E

Tovdalselv

Norway

Austenå

310

752

3.01

58.8°N 8.1°E

No name

Norway

Karpelv

129

194

1.72

69.7°N 30.4°E

Biely Vah

Slovakia

Vychodna

106

1055

1.26

49.0°N 19.9°E

Kysuca

Slovakia

Cadca

492

647

1.46

49.4°N 19.0°E

Poprad

Slovakia

Poprad-Matejovce

311

1001

1.13

49.1°N 20.3°E

Rajcianka

Slovakia

Poluvsie

243

706

1.18

49.1°N 18.7°E

Dalelven

Sweden

Ersbo

654

728

3.34

61.3°N 13.0°E

Moelven

Sweden

Anundsjön

1457

283

1.10

63.4°N 18.3°E

Kleine Emme

Switzerland

Littau

78

2.00

47.5°N 8.9°E

Murg

Switzerland

Waengi

477

662

2.79

47.1°N 8.3°E

Allan Water

United Kingdom

Kinbuck

172

245

3.07

56.2°N 3.9°W

Coln

United Kingdom

Bibury

107

181

1.12

51.8°N 1.8°W

Cree

United Kingdom

Newton Stewart

368

243

3.77

55.0°N 4.5°W

Dart

United Kingdom

Austins Bridge

249

327

3.91

50.5°N 3.8°W

Dee

United Kingdom

Woodend

1394

512

2.46

57.1°N 2.6°W

Kinnel Water

United Kingdom

Redhall

78

245

3.45

55.2°N 3.4°W

Nith

United Kingdom

Friars Carse

812

293

3.28

55.1°N 3.7°W

Thet

United Kingdom

Melford Bridge

315

40

0.53

52.4°N 0.8°E

Tweed

United Kingdom

Boleside

1559

361

2.31

55.6°N 2.8°W

Weaver

United Kingdom

Audlem

207

89

0.76

53.0°N 2.5°W
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Abstract
Hydrological forecasts constitute an important tool in water resource management, especially
in the case of impending extreme events. This study investigates the potential predictability
of soil moisture and streamflow in Switzerland using a conceptual model including a simple
water balance representation and a snow module.
Our results show that simulated soil moisture and streamflow are well predictable (as indicated by significantly improved performance compared to climatology) until lead times of
approximately one week and 2-3 days, respectively, when using initial soil moisture information and climatological atmospheric forcing. Using also initial snow information and seasonal
weather forecasts as forcing, the predictable lead time doubles in the case of soil moisture and
triples for streamflow. The skill contributions of the additional information vary with altitude;
at low altitudes the precipitation forecast is most important whereas in mountainous areas the
temperature forecast and the initial snow information are the most valuable contributors. We
find furthermore that the soil moisture and streamflow forecast skills increase with increasing
initial soil moisture anomalies. Comparing the respective value of realistic initial conditions
and state-of-the-art forcing forecasts, we show that the former are generally more important
for soil moisture forecasts, whereas the latter are more valuable for streamflow forecasts. To
relate the derived predictabilities to respective soil moisture and streamflow memories investigated in other publications, we additionally illustrate the similarity between the concepts of
memory and predictability as measures of persistence in the last part of this study.
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5.1

CHAPTER 5. PREDICTABILITY OF SOIL MOISTURE AND STREAMFLOW ON
SUB-SEASONAL TIME SCALES: A CASE STUDY

Introduction

Hydrologic forecasts constitute an important tool for decision makers in water resource management (Yao and Georgakakos 2001, Hamlet et al. 2002, Modarres 2007, Berthet et al.
2009). Especially in the case of impending extreme events such as floods and droughts they
may help to plan mitigation measures. Many studies focusing on streamflow prediction have
pointed out the potential of applied streamflow forecasting (Wood et al. 2002, Koster et al.
2010a, Mahanama et al. 2012). Also operational streamflow forecasting systems have been
established by meteorological services. Similar benefits can be expected from drought forecasting and early warning. In addition, drought forecasting could also help predicting the
occurrence of heat waves (Lorenz et al. 2010, Hirschi et al. 2011, Mueller and Seneviratne
2012).
In contrast to streamflow, soil moisture has received only little attention so far in the context of hydrological forecasting (Calanca et al. 2011), despite its importance for agriculture
and its well-known persistence characteristics (Robock et al. 2000, Koster and Suarez 2001,
Seneviratne et al. 2006a, Orth and Seneviratne 2012). This is probably due to the scarcity of
measurements available to validate models and forecasts.
This study therefore focuses on the predictability of both streamflow and soil moisture. We
thereby investigate and compare the respective contributions of initial conditions versus seasonal weather forecasts in impacting forecast skills of the two quantities. The use of weather
and/or climate model predictions in hydrological forecasts has become more popular in recent
years and several studies illustrated their possible added value (Wood et al. 2002, Block et al.
2009, Fundel et al. 2013).
Performing re-forecasts, we investigate the potential skill of soil moisture and streamflow
forecasts in 22 Swiss catchments and evaluate the importance of initial conditions (soil moisture and snow pack) versus that of different meteorological variables obtained from seasonal
weather forecasts. For this purpose we use a conceptual hydrological model calibrated with
streamflow measurements, which has been validated with measurements of soil moisture,
streamflow and evapotranspiration (Koster and Mahanama 2012, Orth et al. 2013). Despite
its simplicity it is able to reproduce observed temporal and spatial hydrological patterns in
Central Europe (Orth et al. 2013) with a similar performance to that of a state-of-the-art hydrological model such as PREVAH (Viviroli et al. 2009).
Another focus of this study is the link between the concepts of predictability and memory.
Given that many previous studies either focus on forecast skill (e.g. Koster et al. 2010b,
van den Hurk et al. 2012) or memory characteristics (e.g. Koster and Suarez 2001, Seneviratne et al. 2006a, Orth and Seneviratne 2012), we illustrate the connection between these
concepts and point out their similarity.

5.2. METHODOLOGY

5.2
5.2.1
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Methodology
Simple water-balance model

We use in this study a conceptual simple water balance model introduced by Koster and
Mahanama (2012) and later refined by Orth et al. (2013), based on the water balance equation:
wn+4t = wn + (Pn − En − Qn ) 4t
(5.1)
where wn is the total soil moisture content at the beginning of time step n and Pn , En , and Qn
are precipitation, evapotranspiration and runoff, respectively, accumulated between time step
n and n + 4t. We employ here a refined model version for daily time steps (Orth et al. 2013),
which also includes a more exact computation of soil moisture through an implicit form of
Equation 5.1. As in Orth et al. 2013, we run the model in this study with a time step of one
day (4t = 1d).
In the simple water balance model, normalized runoff and evapotranspiration (referred to as
ET in the following) are simple polynomial functions of soil moisture. ET is normalized by
net radiation, which results in the following equation:
 γ
λρw En
wn
= β0
with γ > 0 and β0 ≤ 1
(5.2)
Rn
cs
where Rn is the mean net radiation of time step n, λ is the latent heat of vaporization and
ρw is the density of water (in kg m−3 ). Furthermore β0 , γ and cs are constant catchmentspecific model parameters (see Section 5.2.1.2). cs denotes the water holding capacity of the
soil and is used to normalize the absolute soil moisture content, γ determines the shape of the
function, and β0 ensures that not all net radiation is necessarily transformed into ET, as plant
transpiration may also be limited by other factors than radiation.
Similarly to ET, runoff normalized by precipitation is assumed to be a function of soil moisture
only:
 α
wn
Qn
=
with α ≥ 0
(5.3)
Pn
cs
where α and τ are further catchment-specific model parameters (see Section 5.2.1.2). The
shape of this function is determined by α. As in Orth et al. (2013), we distinguish between
runoff and streamflow to account for the transport of subsurface runoff to streambeds and for
the traveling time of surface runoff to the stream gauge site. Hence, streamflow is computed
from the simulated runoff with an imposed delay:

Fn+t

t
1 −
= Qn e τ
τ

(5.4)

where τ denotes the delay time scale (in days) that determines the streamflow Fn+t at time
n + t which is caused by the runoff Qn at time n. To ensure that all runoff is converted into
t
1 −
streamflow, the integral of e τ equals 1 as t → ∞. Note that we use the notation F for
τ
streamflow instead of S (Orth et al. 2013) to distinguish it from snow, which is newly intro-
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Figure 5.1: Fitted functions of normalized runoff and ET for the Mentue catchment in western Switzerland. The background histograms show the soil moisture distribution in different
seasons, where the height of the histograms refer to the abundance of particular soil moisture
values.

duced to the model (see Section 5.2.1.1).
The model is always applied on catchment scale, such that the related quantities are averages
over a whole catchment. To derive an initial soil moisture content for a particular catchment
we run the model during the first 5 years (spin-up) using 90% of the fitted water holding
capacity as initial soil moisture content. The mean soil moisture value on December 31 (computed from all 5 years) is then used to initialize the actual model run.
Examples of functions (5.2) and (5.3) are illustrated in Figure 5.1 together with a histogram
indicating the soil moisture distribution in different seasons (except for winter, which is not
considered in this study). The fitted functions show increasing (normalized) ET and runoff
with increasing soil moisture. The sensitivity of runoff to soil moisture, as indicated by the
slope of the respective function, increases towards wetter conditions until all precipitation is
converted into runoff. Because a wetter soil can store less water, its ability to dampen runoff
is limited. For ET, on the contrary, the sensitivity increases towards drier conditions, as plants
tend to react more strongly when water is in short supply. The responses of runoff and ET
to precipitation and radiation, respectively, vary seasonally due to soil moisture changes. For
example in spring when the soil is wet, runoff is very sensitive to soil moisture and a higher
fraction of precipitation is transformed into runoff, whereas in summer when the soil is drier
there is less (normalized) runoff, which is also less sensitive to soil moisture. Even if the fraction of radiation transformed into ET decreases from spring to summer, the response of ET to
radiation does not vary as much with soil moisture as the runoff response in this example.
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Introduction of snow

To better adapt the simple model for cold conditions, we introduce an expansion in order to
account for snow. This leads to an improved model performance (not shown) in winter (even
if we do not explicitly consider winter time in the forecasting experiments), and furthermore
in spring when snow melt occurs. For this purpose we employ a simple degree-day approach
(see Hock 2003 for an overview), meaning that snow pack dynamics depend on precipitation
and temperature only. The snow
( depth is computed as follows:
max (Sn−1 − fm Tn , 0) if Tn ≥ 1°C
Sn =
(5.5)
Sn−1 + Pn
if Tn < 1°C
where Sn is the mean snow water equivalent (in mm) of day n, Tn is the respective mean daily
temperature in degrees °C, and fm is a catchment-specific degree-day melt factor, expressed
in mm K −1 . This factor is a new model parameter which is fitted together with the other
parameters as described in Section 5.2.1.2. The melting process depends linearly on temperature, and the strength of the relationship is determined by the melt factor. The accumulation
or melting of snow according to (5.5)
( alters the precipitation that is used to force the model:
Pn + fm Tn if Tn ≥ 1°C
Pn =
(5.6)
0
if Tn < 1°C
This means that no precipitation reaches the soil when the temperature is below 1°C, instead
snow is accumulated. If the temperature exceeds this threshold and snow exists, the observed
precipitation is increased by snow melt that depends on the melt factor and on temperature.
We select an arbitrary threshold of 1°C (which is kept constant throughout this study) because we use 2m-temperature in this study. This threshold slightly exceeds zero degrees,
because precipitation falls usually as snow as the temperature in in the higher atmosphere is
colder. Different thresholds (±0.5K) lead to similar model results in terms of soil moisture
and streamflow (not shown).
To derive an initial snow water equivalent for a particular catchment, we first run the snow
module over the whole time period starting with zero snow. We then compute a climatology
from all years except the first and use the climatological value of January 1 to initialize the
snow module in the next run. The modified precipitation obtained in this run is then used to
force the model. Further discussion and validation of the modeled snow depth is provided in
Section 5.4.1.
5.2.1.2

Parameter fitting

The dependencies in the model are captured through Equations (5.2)-(5.4) and characterized
by the respective parameters therein. Additionally a newly introduced parameter controls the
dependency of snow melt on temperature. All parameters are fitted for each catchment separately using respective streamflow measurements. The fitting is done with an optimization
procedure (see Orth et al. 2013 for details) that allows to identify the parameter set that yields
the best agreement between modeled and observed streamflow measured by their correlation.
We use here the correlation as evaluation metric, as the model should capture the hydrological
dynamics instead of e.g. the absolute amount of streamflow or soil moisture. Indeed, hy-
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drological dynamics determine the memory and the predictability of the considered system,
which are the aspects on which we focus. We use the same parameter bounds and accuracies (step widths in the optimization procedure) as in Orth et al. (2013), and for fm we use
0 mm d−1 as a lower bound (because negative melting would not make sense) and 0.2 mm d−1
as step width. Note that we use precipitation and radiation observations (Equations (5.2) and
(5.3)) to run the model in all applications including this optimization procedure.
Even if only streamflow information is used to fit the parameters (in combination with precipitation and radiation used to run the model), Orth et al. (2013) show that the simple model is
able to reproduce realistic soil moisture dynamics compared to observations. This ability and
its simplicity make the model well suited for our study as we focus especially on soil moisture
and streamflow.
To fit the parameters, we use data from the time period 1984-1992. For an independent validation of the modeled streamflow, we computed the correlation between modeled and observed
values during the time period 1993-2007 as listed in Table 4.1. We consider here the Spearman
rank correlation, as streamflow values are not normally distributed. The rather high correlations in all catchments show that the parameter fitting was successful and that the model is
able to capture the hydrological dynamics in an independent time period that was not used for
calibration.

5.2.2

Forecasting methodology

We perform re-forecasts of soil moisture and streamflow during the time period 1993-2007
(see Section 5.3), such that the model calibration runs that use data from an earlier time period
(1984-1992) are independent from the forecast runs. The forecasts are deterministic, have a
maximum lead time of 32 days (as the ECMWF forcing forecasts described in Section 5.3),
are computed with a daily time step, and are initialized weekly from March until October
in order to focus on the growing season. All forecasts consist of five ensemble members (1
control run and 4 perturbed forecasts).
5.2.2.1

Determination of forecast skill

All soil moisture forecasts are validated against a synthetic soil moisture “truth” (hereafter
referred to as “true” soil moisture). As we do not have actual observations, we instead use
the model output obtained with observed forcing data as synthetic truth. Streamflow forecasts
are evaluated in the same way as for soil moisture (i.e. against synthetic truth data), such
that we can compare the results of both quantities. The validation of the forecasts against
a modeled synthetic truth allows us to assess potential predictabilities of soil moisture and
runoff. It should be noted that the forecasting skill with respect to actual observations is
lower, as it suffers from inconsistencies between model and observations (see Section 5.4.2.1
for a comparison of potential and actual streamflow forecast skill). Note moreover that potential predictability is a model-dependent estimate; nevertheless we use this concept in this
study because (i) there is no comprehensive observational soil moisture data set available that
we could use to validate the soil moisture forecasts and (ii) the simple water balance model
has been found to perform reasonably well in comparison with observations at selected sites
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Figure 5.2: Illustration of determination of forecast skill. Modeled (ensemble mean) versus
observed (synthetic truth) soil moisture anomaly in the Mentue catchment for a lead time
of 10 days. Considered time period is the first half of June. Forecasts using climatological
forcing are shown in blue, forecasts using forcing from ECMWF forecasts are denoted with
red points. Respective lines are fitted through least-squares regression; corresponding R2
values (our measure of forecast skill) are given in the upper right corner.

(Orth et al. 2013). Furthermore we validate the forecasts of precipitation, temperature and net
radiation (see Section 5.3) against respective observations in all catchments.
To compute the forecast skill for a particular half-monthly time period and lead time, we consider all forecasts with this particular lead time within the respective period or in the preceding
or following 2 weeks. We consider these additional periods to derive a more representative
estimate. The length of 2 weeks each is an arbitrary choice, using 1 or 3 weeks has almost
no impact on the results. The anomalies of the ensemble means of all considered forecasts
are evaluated against the anomalies of the synthetic truth using the R2 of a least-squares regression as a measure of skill. We use anomalies in this context (derived by subtracting the
seasonal cycle) to yield the skill beyond climatology. The determination of skill is illustrated
exemplary in Figure 5.2 for two different forecasting experiments (see Section 5.2.2.2). As
the forecasts are initialized weekly and the considered time period is about 6 weeks long (including the 2 weeks before and after the half-monthly period), there are 6 weeks x 15 years =
90 points for each forecasting experiment in this example to determine the skill.
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Table 5.1: Overview of forecasting experiments. ”Obs.” refers to observed values (synthetic
truth), “clim.” means climatological values (values from other years) and “ECMWF” denotes
atmospheric forcing forecasts (VarEPS) issued by the ECMWF.
Initial conditions
Atmospheric forcing
initial
Experiment initial soil
precipitation radiation temperature
snow
number
moisture
depth
1
obs.
clim.
clim.
clim.
clim.
2
obs.
obs.
clim.
clim.
clim.
3
obs.
clim.
ECMWF
clim.
clim.
4
obs.
clim.
clim.
ECMWF
clim.
5
obs.
clim.
clim.
clim.
ECMWF
6
obs.
obs.
ECMWF
ECMWF
ECMWF
7
clim.
clim.
ECMWF
ECMWF
ECMWF

5.2.2.2

Forecasting experiments

To study the importance of different contributors to soil moisture and streamflow predictability, we perform several forecasting experiments for both soil moisture and streamflow. An
overview of the various experiments is provided in Table 5.1. To assess the respective contributions of information on initial soil moisture and initial snow depth, we either use their
climatologies or their actual values (synthetic truths, see Section 5.2.2.1) in the different experiments. To determine the respective contributions of the atmospheric forcing variables
(precipitation, net radiation and temperature) we use either forecasts issued by the European
Centre for Medium-range Weather Forecasting (ECMWF) as described in Section 5.3 or climatologies based on available observations. Each of these forecasts consists of five ensembles
members, and we use the respective ensemble mean to force our experiments. Note that this
implies that we disregard information contained in the spread of the ensemble members; however, as discussed in the next paragraph this has no significant impact on our results. Due to a
lack of observations of initial soil moisture we use the synthetic truth as reference instead (as
described above). Although snow depth observations are available, for consistency we follow
the same procedure for initial snow depth (because the synthetic soil moisture truth used as
reference to evaluate forecasts is based on modeled snow depth).
The respective climatological values of the initial conditions and the forcing on a particular
day are computed as the mean from observed values of that day in all considered years. As
this means for example that there is precipitation on every day of the forecast when using
the climatology, we also tested another methodology. We performed each soil moisture and
streamflow forecast with five ensembles members, for which we used the observed forcings
from five other, randomly chosen, years in the case of a climatological forcing, or the five
ensembles members of the respective ECMWF forecast (in contrast to the ensemble mean as
highlighted above). The forecast skill was computed using the respective soil moisture and
streamflow ensemble mean. However, this methodology leads to qualitatively similar results
as the simpler and more straightforward methodology outlined above (not shown). Hence, for
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Figure 5.3: Soil moisture and streamflow forecasts initialized on 9 June 2003 in the Mentue
catchment. Blue lines show forecasts (ensemble mean) with true initial soil moisture and
climatological forcing (experiment 1 as listed in Table 5.1), red lines denote forecasts also with
true initial soil moisture and forcing as forecasted by ECMWF on 9 June 2003 (experiment
6), and green lines illustrate forecasts with climatological initial soil moisture and forecasted
forcing (experiment 7).
simplicity the latter approach was used in this study.
As listed in Table 5.1, experiment 1 is the most basic. It uses the synthetic initial soil moisture
truth and climatological values for all other variables. In experiment 2, we additionally use
the synthetic initial snow cover truth instead of its climatology to assess its impact through a
comparison to results from experiment 1. This experiment therefore assesses the predictability that results from all considered initial conditions. In experiments 3-5 we evaluate the
contributions of the different forcing forecasts in addition to the skill resulting from the “true”
initial conditions. Experiment 6 uses all these information sources to determine the maximum
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Figure 5.4: Same as in Figure 5.3 but for forecasts initialized on 9 June 2007 where conditions
were comparatively wet.

potential predictability. In contrast to all other experiments, experiment 7 uses climatological
initial conditions instead of true values, combined with all forcing forecasts. Similarly to the
analysis performed by Wood and Lettenmaier (2008), this allows us to evaluate the importance
of the forcing forecasts alone versus the importance of the initial conditions (as determined in
experiments 1 and 2) by comparing the respective forecast skills.
Figure 5.3 illustrates for a particular forecast initialization date the ability of the soil moisture
and streamflow forecasts of experiments 1, 6 and 7 to capture the dry conditions in the 2003
hot summer (e.g. Schär et al. 2004, Zappa and Kan 2007, Seneviratne et al. 2012) in a particular catchment. The forecasts of experiment 1 are shown in blue. As described above, the
initial soil moisture is the same as in the synthetic truth (black dashed line) for that experiment.
The forecast does not capture the streamflow evolution and the further drying of the soil, even
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though the information from the observed initial soil moisture allows the simulation to capture
the below-average conditions throughout the forecasting period. The spread between the forecast and respective observations increases quickly with lead time, suggesting only weak skill.
Experiment 6 (red lines) captures the observed soil moisture and streamflow evolution during
approximately the first week of the forecasting period. This clearly highlights the added value
of the ECMWF forcing forecasts, even if the increase in skill decays with lead time as illustrated by the red lines diverging from the soil moisture and streamflow observations at longer
lead times. The green lines illustrate experiment 7. When the forecasted ECMWF forcing is
applied, the green line in the soil moisture forecast initially slightly approaches the synthetic
truth, reducing the error imposed by the climatological initial conditions. This effect seems
to be weak, suggesting a limited value of the forcing forecast if it is applied without realistic
initial conditions. The evolution of streamflow is well captured during the first days, even if
the forecasted streamflow is too high as a result of the overestimated soil moisture (Equation
(5.3)). After about one week when the forcing forecasts contribute no more to the soil moisture and streamflow forecasts, the green lines also diverge from the observations.
Figure 5.4 provides another example of the forecasts in the same catchment in the wet summer
of 2007. The green forecast performs clearly better than the blue forecast and almost as well
as the red forecast indicating that for capturing upcoming wet conditions the forcing forecasts
are more important than the initial conditions.

5.2.3

Computation of memory

We compute persistences of soil moisture and streamflow in order to show the similarities
between memory and predictability. As introduced by Koster and Suarez (2001), and also
analyzed in e.g. Seneviratne et al. (2006a), Seneviratne and Koster (2012), Orth and Seneviratne (2012) and Orth et al. (2013), we compute memory as an inter-annual correlation. For
this purpose, the memory at day n of the year is computed as the correlation between the
values at day n of all considered years and the values at day n + tlag of all considered years.
To compute a representative memory estimate for soil moisture for a particular half-monthly
period, we apply the following equation (as introduced by Orth and Seneviratne 2013a):
tend +15−tlag
X


1
ρ wn , wn+tlag =
ρ wi , wi+tlag
(5.7)
tend − tstart + 30 − tlag i=t −15
start

As in Equations (5.1)-(5.3), wn denotes soil moisture at the beginning of day n of the year,
and wn+tlag is accordingly the soil moisture of day n + tlag . The first day of the half-monthly
period is tstart and the last day is tend . Several soil moisture memory estimates during this
period are computed with a moving time window of length tlag starting 15 days prior to tstart
and moving forward until 15 − tlag days after tend . The trimmed average of these particular soil moisture memories (avoiding the 10% lowest and 10% highest correlations) is then a
representative estimate for the soil moisture memory of the respective half-monthly period.
Streamflow memory is computed in the same way.
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Table 5.2: Overview of characteristics of catchments considered in the forecasting experiments. The column on the right provides the Spearman correlations between the modeled and
observed streamflow during the forecasting period 1993-2007.
Correlation
Mean
Mean
Degree
observed
Satellite
Size
altitude
daily
of
vs.
radiation
Catchment
(km²) (m above
runoff
glaciation modeled
coordinates
sea level)
(mm)
(%)
streamflow
Aach
49
480
1.32
47.5°N 9°E
0
0.82
Allenbach
29
1856
3.52
46.5°N 7°E
0
0.81
Alp
46
1155
4.10
47.5°N 9°E
0
0.83
Broye
392
710
1.78
46.5°N 7°E
0
0.85
Cassarate
74
990
2.72
45.5°N 9°E
0
0.80
Dischma
43
2372
3.29
46.5°N 9°E
2.1
0.92
Emme
124
1189
3.01
46.5°N 7°E
0
0.80
Ergolz
261
590
1.25
47.5°N 7°E
0
0.86
Goldach
50
833
2.32
47.5°N 9°E
0
0.77
Grande Eau
132
1560
3.16
46.5°N 7°E
1.8
0.81
Guerbe
117
837
2.01
46.5°N 7°E
0
0.78
Ilfis
188
1051
2.43
47.5°N 7°E
0
0.79
kleine Emme
477
1050
2.81
46.5°N 7°E
0
0.81
Langeten
60
766
1.79
47.5°N 7°E
0
0.80
Massa
195
2945
6.23
46.5°N 9°E
65.9
0.91
Mentue
105
679
1.34
46.5°N 7°E
0
0.82
Murg
79
650
1.98
47.5°N 9°E
0
0.84
Ova Da Cluozza
27
2368
2.42
46.5°N 9°E
2.2
0.88
Ova Dal Fuorn
55
2331
1.55
46.5°N 9°E
0
0.82
Riale di
24
1996
4.84
46.5°N 9°E
0
0.74
Calneggia
Sense
352
1068
2.18
46.5°N 7°E
0
0.80
Sitter
74
1252
4.06
47.5°N 9°E
0.1
0.77

5.3

Data

We apply the simple water balance model in 22 near-natural catchments located across Switzerland, i.e. catchments with negligible human impact on streamflow. Characteristics of these
catchments are listed in Table 5.2 and their locations are shown in Figure 5.10 together with
the corresponding mean soil moisture and streamflow forecasting skills discussed in Section
5.4.2.2. As mentioned earlier, the considered time period in the forecasting experiments is
1993-2007 (while the calibration period is 1984-1992, see Section 5.2.1.2).
To run the model, we need catchment-averaged observations of net radiation (equation (5.2)),
precipitation (equation (5.3)), and temperature (equations (5.5) and (5.6)). For this purpose
we use precipitation and temperature measurements from the Swiss weather service (MeteoSwiss) taken at stations located within and close to our considered catchments. Applying
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an inverse-distance weighting, these data are used to derive representative estimates of the
two quantities for each particular catchment. Note that this weighting only considers horizontal distances and no differences in elevation. Nevertheless, the quality of the interpolated catchment estimates is expected to be satisfactory, as the station network is very dense
(http://www.meteoschweiz.admin.ch/web/de/klima/messsysteme/
boden.Par.0049.DownloadFile.tmp/karteniederschlagsmessnetz.pdf [accessed on 30 August
2013]). As MeteoSwiss is usually not measuring net radiation we use satellite-derived measurements from the NASA/GEWEX SRB project (http://eosweb.larc.nasa.gov/PRODOCS/
srb/table_srb.html [accessed on 10 December 2012]). The respective coordinates of the employed satellite-derived radiation data considered for each catchment are listed in Table 5.2.
Given the resolution of the satellite, the grid cells of the dataset cover a relatively large area of
1°x2°, but nevertheless they compare well with point-scale measurements as reported by Orth
et al. (2013). Therefore we assume that the radiation data is also representative for the scale
of our considered catchments. To fit the model parameters for each catchment as described
in Section 5.2.1.2, we use respective stream-gauge measurements from 1984-1992 provided
by the Swiss Federal Office for the Environment (FOEN) in connection with the forcing data
discussed above.
To validate the snow cover simulated by the new extension of the model described in Section
5.2.1.1, we use catchment-averaged observations derived from a gridded dataset (Joerg-Hess
et al. 2013). The dataset uses snow data from different station networks run by MeteoSwiss
and the Institute for Snow and Avalanche Research (SLF). The measured snow depths are converted into snow water equivalents (SWE) using a parametric snow density model of Jonas
et al. (2009) and are then interpolated on a 1kmx1km grid. The gridded SWE data are further
calibrated with data from new stations operating only since 2001, thereby combining information from a denser network with that from the existing long-term stations.
Forecasts of precipitation, net radiation and temperature as used in some forecasting experiments (Section 5.2.2.2) are provided by the ECMWF. The forecasts are produced as reforecasts using the ensemble prediction system VarEPS (Vitart et al. 2008, http://www.ecmwf.int/
products/changes/vareps/ [accessed on 10 December 2012]) with the same 2011 model version over our considered time period. They are initialized weekly, consist of five ensemble
members, and have a lead time of 32 days. The forcing forecasts for each specific catchment
were derived with respect to its location from a 0.5°x0.5° grid. We calibrate the forecasts
for each particular catchment by subtracting a constant mean bias of temperature and net radiation from all forecasts in all months and at all lead times. This mean bias is computed
from a comparison of the 1-day lead forecast with respective observations for March through
October in all considered years. Also precipitation forecasts were adapted in a similar way,
but instead of subtracting a mean bias (which could lead to negative values) we multiply the
forecasted precipitation with a constant mean calibration factor to yield the same mean annual
precipitation as observed.
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5.4

Results

In this section we first show validation results of the newly introduced snow module. Then, we
illustrate results of the various forecasting experiments averaged over (i) all considered catchments, and (ii) over all considered months. Thereafter we identify the most important contributor(s) to soil moisture and streamflow forecast skill. Furthermore, we study the dependency
of these skills on initial soil moisture anomalies, and we illustrate the general importance of
realistic initial soil moisture information. In a last step we point out the conceptual similarity
between forecast skills and memories.

5.4.1

Validation of simulated snow

As described in Section 5.2.1.1 we add a snow module to the applied simple water balance
model. It includes a threshold of 1°C, below which precipitation is assumed to fall as snow;
this threshold is applied in all considered catchments. Figure 5.5 provides a validation of
the simulated SWE against catchment-averaged observations (see Section 5.3). We compare
modeled and observed monthly averaged SWE for all catchments in all considered years for
each month between December and March, resulting in 15 years x 22 catchments = 330
points per plot. We find generally a good correlation, especially between January and March,
during which explained fractions of variance exceed 0.8, although the snow module displays
an overall tendency to underestimate SWE (all slopes smaller than 1). The especially low
slope for December suggests a delayed buildup of the modeled snow pack. The increase
of the slope from 0.65 to 0.77 between March and April indicates a delayed melting of the
simulated snow pack. This delayed evolution of the modeled SWE may be a consequence of
the simplicity of the snow module which only uses temperature and precipitation information
(Equations (5.5) and (5.6)) but not radiation. Low net radiation in December supports the
accumulation of snow, whereas comparatively high radiation in April accelerates the melting.
The non-consideration of radiation may also explain the general underestimation of SWE,
even between January and March where R2 values are high, because modeled melting occurs
only based on temperature and is not limited by energy availability; it could therefore be
overestimated.
However, despite the simplicity of the snow module we find an overall satisfactory agreement
between modeled and observed SWE in terms of correlation. We tested the incorporation
of radiation information into the snow module but found only a small improvement of the
simulated snow (not shown), likely because the simpler version of the model already performs
well and because other factors such as wind, precipitation intensity and ground heat flux also
play a role. Hence, the small improvement did not justify the added complexity. It should be
noted that we only focus here on the spring, summer and autumn seasons. Follow-up studies
considering winter would therefore likely benefit from an improved representation of snow
dynamics.
Although the simulated soil moisture, streamflow and ET are impacted by the newly introduced snow module, a comparison of the model performance with that of the earlier model
version (Orth et al. 2013) not including the snow model revealed only minor changes (not
shown). In tests we found that soil moisture and streamflow are especially impacted by snow
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Figure 5.5: Comparison of modeled versus observed snow water equivalent (SWE). Shown
are monthly averaged values for each month from December to April from all 15 years (19932007) and all 22 catchments.
melt (and less importantly also by buildup of snow) at the beginning of our considered period
in March, April and May. The memory of these quantities is slightly increased as the accumulation and melting of snow smooths the water input, particularly in high-altitude catchments.
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Figure 5.6: Improvement of soil moisture forecast skill (upper row, true initial soil moisture
and climatological forcing, experiment 1 as listed in Table 5.1) resulting from true initial snow
information (second row, experiment 2), the use of ECMWF precipitation forecasts (third row,
experiment 3), the use of ECMWF radiation forecasts (fourth row, experiment 4), the use of
ECMWF temperature forecasts (fifth row, experiment 5), and the use of all these information
sources together (bottom row, experiment 6). Skills shown for lead times between 1 and 32
days and for months between March and October as a mean of all catchments.
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Figure 5.7: Same as in Figure 5.6, but for streamflow forecast skill.

5.4.2

Forecasting soil moisture and streamflow

5.4.2.1

Skills averaged over all catchments

As described in Section 5.2.2.2 and summarized in Table 5.1, we perform several forecasting
experiments to characterize the general predictability of soil moisture and streamflow and the
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Figure 5.8: Same as in Figure 5.7, but forecasts are validated against observed streamflow
instead of the synthetic truth.
importance of various contributors to forecasting skill. The results are illustrated in Figures
5.6 and 5.7 for experiments 1-6 (from top to bottom) for half-monthly periods between March
and October and for lead times between 1 and 32 days, averaged over all 22 catchments. The
skills are computed as described in Section 5.2.2.1 with respect to the synthetic truths of soil
moisture and streamflow. Therefore the displayed skills should be viewed as potential forecast
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Figure 5.9: Skill of atmospheric forcing forecasts from ECMWF for months between March
and October and lead times between 1 and 32 days. Skill is computed in the same way as for
the soil moisture and streamflow forecasts.

skills.
Considering the skill derived only from (synthetically) true initial soil moisture (top row of
figures) we find clear differences between soil moisture and streamflow predictability. Soil
moisture forecasts show high skill until about 2 and 1.5 weeks in spring and summer, respectively, and until approximately one week otherwise. On the other hand, streamflow forecast
skill vanishes after 2-3 days and displays no seasonal cycle. Using initial snow information
and ECMWF forcing forecasts (experiment 6, bottom row of figures) provides a substantial
gain in forecast skill of both soil moisture and streamflow. With that additional information,
soil moisture forecasts show high skill up to 2 weeks during most of the year, which means
a doubling of the lead time with relatively high skill compared to experiment 1. In spring,
predictability is high until about 3 weeks, hence one week longer than in experiment 1, which
also underlines the added value of the additional information used here. Streamflow forecasts
are also significantly improved and display skill until approximately one week, which corresponds to a tripling of the lead time until which streamflow is well predictable compared to
experiment 1. Furthermore we find a weak seasonal cycle in streamflow forecasting skill with
a maximum in spring and a minimum in late summer.
In experiments 2-5 in Figures 5.6 and 5.7, we evaluate the additional skill gained by introducing each single contributor at a time. Besides initial soil moisture, the ECMWF precipitation
forecast is clearly the most important contributor to the predictability of soil moisture and
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streamflow. Focusing on streamflow, we find that also initial snow information and correspondingly temperature forecasts in early spring contribute some additional skill. Radiation
forecasts are not found to add skill for streamflow forecasting. Focusing on soil moisture,
we find only small contributions of initial snow information and forecasts of radiation and
temperature, compared to the skill improvement resulting from the precipitation forecast.
Whereas the skills displayed in Figures 5.6 and 5.7 are potential forecast skills, Figure 5.8
illustrates respective results for streamflow expressed as actual skills (a corresponding analysis is not possible for soil moisture as there are no observations available). This means that
the streamflow forecasts are validated against observations instead of the modeled synthetic
truth (see Section 5.2.2.1). The results are qualitatively similar: As in Figure 5.7 we find the
highest skill in experiment 6 when using all available sources of information and we can also
clearly identify precipitation as the most important contributor of skill. The actual forecast
skills for all shown experiments are lower than the respective potential skills due to the necessarily limited ability of any model to represent reality; they are slightly higher than half the
respective potential skill which fits roughly with the explained fraction of variance between
modeled and observed streamflow, which is about 0.6-0.8 for most catchments. Note that the
qualitative similarity between the actual and potential forecast skills is not surprising because
as discussed earlier in Section 4.2.1.3, the model is capable of capturing the hydrological
dynamics during the forecasting period in all considered catchments.
Figure 5.9 displays the skill of the ECMWF forcing forecasts, also averaged over all catchments. The low contribution of radiation forecasts to soil moisture and streamflow predictability seems to be partly due to its comparatively low skill. However, even if temperature forecasts show higher skill than precipitation forecasts, they are clearly less important for soil
moisture and streamflow forecasts as shown above. This is a consequence of the nature of
soil moisture and streamflow that is reflected in the model structure where temperature may
only impact these two quantities via snow melt, whereas precipitation directly impacts both
streamflow and soil moisture. The precipitation forecast shows significant skill until about a
5-day lead time without a clear seasonal cycle. Interestingly the contribution of these forecasts
to soil moisture and streamflow predictability is significant up to much longer lead times of
about 10 days in the case of streamflow and even more than 20 days in the case of soil moisture. Furthermore there is no improvement of soil moisture predictability in the first days of
the forecast even if precipitation forecast skill is highest then. These two findings can be explained by the integrative behavior of soil moisture and its impact on streamflow. Thanks to its
outstanding memory characteristics (Section 5.1), soil moisture may “remember” the added
value of the precipitation forecast. As streamflow depends on soil moisture (via runoff), its
forecast also benefits from a better soil moisture forecast. Because of its high memory, soil
moisture reacts only slowly to forcing changes, which explains why we find no improvement
of the soil moisture predictability in the first days. Moreover the predictability is already high
even without additional information, which limits the potential for further improvements.
5.4.2.2

Skills averaged over all months

Similarly to Figures 5.6 and 5.7, Figure 5.10 displays the soil moisture and streamflow forecasting skills computed in experiments 1-6, but averaged over all half-monthly periods be-
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Figure 5.10: Forecast skill of (a) soil moisture and (b) streamflow in all catchments averaged
over all months between March and October. Black bars denote the forecast skill derived with
true initial soil moisture and climatological forcing. The turquoise, blue, green and red bars
show the skill resulting from additionally using initial snow information, ECMWF precipitation forecasts, ECMWF radiation forecasts, ECMWF temperature forecasts, respectively. The
white bars show the skill that is achieved when using all these information sources together.
The brownish background color indicates topography.
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tween March and October for each catchment. This allows us to assess the spatial distribution
of the predictability of soil moisture and streamflow, and of its contributors.
Generally we find again that soil moisture forecast skill (Figure 5.10a) clearly exceeds streamflow forecast skill (Figure 5.10b) in all experiments. Focusing on soil moisture we find no
obvious spatial pattern of predictability. For low altitude catchments, the heights of the dark
blue (representing experiment 3) and white bars (representing experiment 6) are similar, and
they exceed the heights of the other bars. This underlines the dominant contribution of the precipitation forecast to the overall forecasting skill as also discussed above. This contribution is
less dominant for high altitude catchments. There are catchments like Grande Eau, Dischma
and Ova Dal Fuorn, where all contributions (except the radiation forecast) are similar. For
the catchment with highest elevation (Massa) the contribution of the temperature forecast is
dominant instead, because the catchment is largely glaciated as shown in Table 5.2. This pronounced hydrological response to temperature in glaciated catchments has also been shown
by Zappa and Kan (2007) for the 2003 summer heat wave.
The streamflow predictabilities (Figure 5.10b) show a tendency for higher forecast skills in
the high altitude catchments. Similarly as in plot (a) the precipitation forecast is the most
important contributor of skill in low altitude catchments, whereas in the Alpine catchments
the contributors are rather of similar importance (again except for the radiation forecast). As
for soil moisture predictability in the Massa catchment, the temperature forecast is the most
important contributor also for streamflow predictability. Compared with the other considered
contributors, information on initial snow conditions tends to be more important for streamflow forecasts than for soil moisture forecasts. In the Dischma and Ova Dal Fuorn catchments,
snow initialization is even the most important contributor of skill.
Considering the results of Figure 5.10a,b the importance of different contributors to streamflow and soil moisture forecasting skill varies with altitude. This finding is discussed in more
detail in the following subsection.

5.4.2.3

Importance of contributors to skills at different altitudes

As discussed in the previous subsection, the contributions of initial snow information and the
forcing forecasts to soil moisture and streamflow forecast skills vary with altitude. This is
further illustrated in Figure 5.11. For all catchments we plot the differences of (potential)
soil moisture and streamflow forecast skill averaged from March to October between experiments 2-5, respectively, and experiment 1 with respect to catchment altitude. We find that
no contribution to skill in any catchment is (significantly) negative, meaning that the different
sources of skill tested here never deteriorate the forecast. Focusing on the forecast skill gained
thanks to information about initial SWE, we find no added value in low-altitude catchments
(<1000m) and increasingly higher skill gain towards higher altitudes where snow is more
abundant and therefore more important. This feature is more pronounced for streamflow than
for soil moisture, because snow melt usually occurs when the soil is wet (and the fraction of
precipitation running off is high, as shown in Figure 5.1). Therefore, snow information mainly
impacts streamflow (see Section 5.2.1). Interestingly, the soil moisture and streamflow pre-
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ECMWF temperature forecast and true snow initialization, respectively, to forecast skill of
soil moisture and streamflow versus mean catchment height. Contributions computed for each
catchment as mean over all months between March and October and all lead times between 1
and 32 days.
dictabilities in the highest catchment (Massa) do not benefit from initial snow information
because there is snow in all seasons in this catchment. As the information about initial snow
is valuable because it indicates how much melting can occur before the snow is gone, it does
not add any value in this catchment because it is largely glaciated as discussed above.
We find similar results for the added forecast skill from the temperature forecast, except that
for the Massa catchment the added skill is not zero but clearly positive and much larger than in
the other catchments. As snow is continuously present, the temperature information is always
important in that catchment. This stands in contrast to the results for low-altitude catchments,
which are snow-free during most parts of the year and where temperature is thus of little
relevance for soil moisture.
The added forecast skill from the precipitation forecast for both soil moisture and streamflow
is strongly related to altitude. It is most valuable in low altitude catchments where precipitation falls mostly as rain, which directly impacts soil moisture and streamflow. In high-altitude
catchments, an increasing part of the precipitation in the considered period March-October
falls as snow, which has no direct impact on soil moisture and streamflow. This explains the
lower importance of the precipitation forecast in high-altitude catchments.
As already identified in the two previous subsections, Figure 5.11 underlines the limited importance of the radiation forecast for soil moisture and streamflow predictability. In the case
of streamflow, it is almost zero in all catchments. In the case of soil moisture we find a small
added value in low altitude catchments. Net radiation there impacts soil moisture, as ET is
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comparatively high and mostly driven by radiation (Orth and Seneviratne 2013a).
5.4.2.4

Dependency of skills on initial conditions

In Figure 5.12 we investigate the dependency of (potential) soil moisture and streamflow
forecast skills on the initial soil moisture anomaly. The uppermost row displays the respective forecast skills that are achieved when using information on initial snow content and all
ECMWF forcing forecasts (experiment 6; see also 5.1) as already shown in the bottom rows
of Figures 5.6 and 5.7. In the other three rows, the selection of forecasts is increasingly constrained such that only forecasts with initial soil moisture anomalies of at least 0.4σwn , 0.8σwn
and 1.2σwn , respectively, are considered. Thereby, σwn is the standard deviation of soil moisture at a certain day of the year computed over the soil moisture values of that day from all
considered 15 years. Note that the maximum threshold 1.2σwn is chosen such that there are
still enough forecasts left to compute meaningful forecast skills for each half-monthly period
and lead time (see Section 5.2.2.1), namely about a quarter of the originally considered 90
forecasts for each lead time in each period.
We find that for both soil moisture and streamflow the predictability improves for more extreme initial conditions compared to the original experiment 6. The improvement is larger
for higher thresholds, indicating that larger initial soil moisture anomalies are associated with
higher increases in skill. The improvement occurs predominantly in spring, but also in summer and autumn. Soil moisture forecast skill only increases at lead times beyond one week,
whereas the streamflow forecast skill increases at all considered lead times. The improvement of streamflow predictability varies considerably even between similar lead times and
neighboring half-monthly periods. This reflects the strong dependency of streamflow on precipitation (Equation (5.3)), which by nature has a high variability in Central Europe.
Summarizing the above findings, Figure 5.12 shows that information about initial soil moisture is especially valuable for hydrological forecasting when it strongly deviates from the
climatological mean. This corresponds well with findings of Koster et al. (2010b) who find
increased predictability of temperature and precipitation in North America for larger initial
soil moisture anomalies. Also Orth and Seneviratne (2012) find increased soil moisture persistence in the case of large initial anomalies in the investigated European catchments, which
is consistent with this finding.
In the following subsection, we further point out the importance of initial soil moisture and
snow information by comparing its contribution to soil moisture and streamflow predictability
with their contribution of the forcing forecast.
5.4.2.5

Importance of initial conditions

As described in Section 5.2.2.2, experiment 7 (see Table 5.1) is the only experiment that does
not use “true” initial soil moisture, but instead climatological values as illustrated in Figure
5.3. Comparing the results of this experiment with the results of experiment 2, we can assess
the relative importance of realistic initial conditions versus a state-of-the-art forcing forecast
for soil moisture and streamflow forecasts.
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Figure 5.13 displays the soil moisture and streamflow forecast skills of experiments 2 and
7, and the respective difference in the first three columns. We find that generally the initial
conditions provide more soil moisture forecast skill than the ECMWF forcing forecasts in
all considered months and at all considered lead times. In terms of streamflow we find the
opposite behavior, i.e. the forcing forecasts are more important during most of the considered
period. However, during the snow melting season from May to July the initial conditions are
almost equally important for the streamflow forecasts (and even more important at long lead
times), as the information on initial snow depth is especially valuable at that time. The fourth
and fifth column of Figure 5.13 show results of the catchments with maximum and minimum
differences between the skills of experiments 2 and 7. Considering the maximum differences
we find that not all catchments display a higher importance of the forcing forecasts versus
initial conditions for the resulting skill of the streamflow forecast. For example in the Alpine
Ova Dal Fuorn catchment the initial conditions are more important, especially during the
melting season. Similarly we find from the minimum difference plots that not all catchments
display a higher importance of the initial conditions versus the forcing forecast for the soil
moisture forecasts. For instance in the Alp catchment, the forcing forecasts lead to more soil
moisture forecast skill than the (synthetically) true initial conditions at lead times between 5
and 15 days in autumn.
Note that the maximum difference plot for soil moisture illustrating results for the Ova Da
Cluozza catchment points to an extremely large skill resulting from true initial conditions,
even at long lead times. The reason for this large skill is that the inter-annual soil moisture variations in this catchment exceed by far the seasonal variations in contrast to all other
catchments. Therefore true initial conditions in this catchment lead to very high soil moisture
forecast skills as these are computed from forecasted anomalies from all considered years as
discussed in Section 5.2.2.1.
Concluding this section, we find that a realistic initialization is generally more valuable for the
soil moisture forecasts in the considered Swiss catchments than a state-of-the-art meteorological forecast. This is due to the fact that the period until which there is significant skill in the
forcing forecasts is too short to “wash out” the offset between true initial soil moisture and the
respective climatological value, because variations in soil moisture only cause small differences in streamflow and ET. In other words: The initial soil moisture variability is larger than
the soil moisture difference caused by ECMWF versus climatological forcing. For streamflow, however, the forcing forecast (especially its precipitation component) is more important
than initial conditions. For soil moisture we can moreover conclude that its predictability only
benefits from a state-of-the-art forcing forecast if the initial conditions are realistic as shown
especially for precipitation in Figure 5.6; whereas if the initial conditions are not known, the
soil moisture forecast only benefits weakly from a state-of-the-art forcing forecast.

5.4.3

Predictability versus memory

To assess the links between the concepts of memory and predictability, we investigate here
the relationship between these two quantities. Several previous publications investigated ei-
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ther hydrological memory characteristics (Koster and Suarez 2001, Seneviratne et al. 2006a,
Seneviratne and Koster 2012, Orth and Seneviratne 2012) or predictability (e.g. Koster et al.
2010b, van den Hurk et al. 2012). While the latter publications postulated a link between
memory and predictability, the exact relationship between these two concepts was not evalu-
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ated. Figure 5.14 shows forecast skills of soil moisture and streamflow of experiment 2 (true
initial conditions, climatological forcing forecasts), averaged over all months between March
and October in each catchment, plotted versus the respective squared memories (computed as
described in Section 5.2.3) for lead times of 5 and 20 days. Squaring the memory values is
necessary to make it comparable to forecast skills expressed as explained fractions of variance
(R2 ).
We find very good correspondence between soil moisture forecast skill and soil moisture
memory, pointing out a strong relation between the two quantities. This relation is also apparent for streamflow, but slightly weaker. The correspondence tends to be slightly poorer for
the shorter lead time.
In conclusion, we can summarize that even if predictability and memory are different measures of persistence, these two quantities are clearly related.

5.5

Conclusions

In this study we investigated the potential predictability of soil moisture and streamflow in
Switzerland using a simple water balance model. We have shown that there is significant skill
in soil moisture and streamflow forecasts in the investigated spring, summer and fall seasons
in 22 near-natural catchments, underlining the usefulness of such predictions.
For this purpose we have successfully updated a simple conceptual water balance model (Orth
et al. 2013) by including a simple snow module. In this model, streamflow normalized by precipitation and evapotranspiration normalized by net radiation are catchment-specific functions
of soil moisture that are determined using observed streamflow. To yield more realistic model
results, especially during the melting season and in high-altitude catchments, we account for
snow using a simple degree-day approach in which snow melting depends linearly on temperature. Using this methodology we obtain estimates of snow water equivalent that compare
well to observations in all considered catchments.
Only using initial soil moisture we find high potential forecast skill for soil moisture until
approximately one week lead time and for streamflow until 2-3 days ahead. Using also information on initial snow cover as well as seasonal forecasts of precipitation, net radiation and
temperature, the lead time predictability doubles in the case of soil moisture and even triples
for streamflow. These time scales are very important for decision making, for instance for
issues such as irrigation or flood protection. Interestingly, even at long lead times where the
seasonal forcing forecasts have no skill, they contribute to better soil moisture and streamflow predictability. Their skill at short lead times leads to a longer-lasting improvement of the
soil moisture forecast (and therefore also of the streamflow forecast that depends on the soil
moisture content) thanks to the soil moisture memory. This result as well as the time scale of
soil moisture predictability correspond well to findings of Calanca et al. (2011) who applied
a simple bucket model with probabilistic forcing forecasts to derive soil moisture forecasts in
Switzerland.
Note that the described forecast skills are potential forecast skills as we compare the model
forecasts to (modeled) synthetic truths. Using streamflow observations we find that the actual
forecast skill of the simple model in terms of streamflow is only about 60% of the potential
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skill.
Comparing the contributions of initial snow information and the respective forcing forecasts
to soil moisture and streamflow forecast skill we find that in low-altitude catchments the precipitation forecast is clearly the most important contributor to both. Towards higher altitudes
more precipitation falls as snow, therefore limiting its impact on soil moisture and streamflow
and hence its contribution to forecast skill. In high-altitude catchments (>2000m) the temperature forecast and the initial snow information are the main contributors, because the melting
snow pack is a large source of water impacting soil moisture and streamflow.
Confirming other studies (e.g. Koster et al. 2011, Orth and Seneviratne 2012) we find that not
all initial soil moisture states are equally informative for hydrological forecasts. The stronger
the initial soil moisture content deviates from its climatological mean, the higher is the skill
gained in hydrological forecasts using this information.
We showed furthermore that accurate initial soil moisture and snow information are generally
more important for soil moisture forecasts than accurate forcing forecasts because inaccurate initial soil moisture values deteriorate the soil moisture forecasts more strongly and with
longer-lasting consequences than a climatological forcing forecast. This result is important
for the interpretation of the GLACE-2 study (Koster et al. 2010b, Koster et al. 2011) which
compared realistic versus random soil moisture initialization. A state-of-the-art forcing forecast only significantly improves a soil moisture forecast if the initial conditions are known.
For streamflow we find the opposite result; an accurate forcing forecast is generally more important than realistic initial soil moisture values. However, a few catchments show a different
behavior in some seasons, i.e. the forcing forecast is more important for the soil moisture
forecast and the initial conditions are more important for the streamflow forecast. These are
helpful findings as they indicate where emphasis should be put in order to improve the respective hydrological forecasts in the future. Wood and Lettenmaier 2008 report similar results
for two sites in the western US (only considering streamflow). Even if they do not find a
generally dominant source of information, they also find that the relative importance of initial
conditions and seasonal forcing forecasts depend on season and location.
In the last part of our study we point out the similarities between the concepts of hydrological
memory and predictability. Using the computed forecast skills for soil moisture and streamflow we show that these correspond very well to the respective soil moisture and streamflow
memories, which implies that a high memory is generally associated with good predictability.
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Abstract
Soil moisture exhibits outstanding memory characteristics and plays a key role within the climate system. Especially through its impacts on the evapotranspiration of soils and plants, it
may influence the land energy balance and therefore surface temperature. These attributes
make soil moisture an important variable in the context of weather- and climate forecasting.
In this study we investigate the value of (initial) soil moisture information for sub-seasonal
temperature forecasts using a mostly observation-driven approach. For this purpose we employ a simple water balance model to infer soil moisture from streamflow observations in
400 catchments across Europe. Running this model with forecasted atmospheric forcing, we
derive soil moisture forecasts, which we then translate into temperature forecasts using simple linear relationships. The resulting temperature forecasts show skill beyond climatology
up to 2 weeks in most of the considered catchments. Even if there is significant skill only
in some catchments at the longer lead times of 3 and 4 weeks, this simple approach shows
local improvements compared to the monthly ECMWF temperature forecasts at these lead
times. In addition, the average forecast skill of all catchments at 4 weeks lead time is slightly
higher than in the ECMWF product. For both products, we find comparable or better forecast
performance in the case of extreme events, especially at long lead times. The forecast skills
are mainly controlled by the strengths of (i) the soil moisture-temperature coupling and (ii)
the soil moisture memory. We find a negative relationship between these controls that weakens the forecast skills, nevertheless there is a middle ground between both controls in several
catchments, as shown by our results.
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Introduction

The remarkable persistence characteristics of soil moisture have been shown in many past and
recent studies (Delworth and Manabe 1988, Entin et al. 2000, Koster and Suarez 2001, Seneviratne et al. 2006a, Orth and Seneviratne 2012). Through its storage capacity, soil moisture
can accumulate and integrate anomalies of the atmospheric forcing, such that these induce
soil moisture anomalies that may persist for weeks or even months in the case of extreme
anomalies (see Seneviratne et al. 2010 for a review). These storage anomalies are (slowly)
dissipated by the (mostly random) atmospheric forcing (Delworth and Manabe 1988, Seneviratne and Koster 2012). Soil moisture is also coupled to runoff and evapotranspiration under
certain conditions (Koster and Milly 1997, Koster et al. 2004a, Kirchner 2009, Teuling et al.
2009): A wet soil may lead to increased runoff and evapotranspiration, because a full soil
moisture storage can hardly buffer precipitation and because soil and plants evaporate and
transpire more, respectively, compared to moisture-limited conditions. On the other hand, a
dry soil tends to reduce runoff and evapotranspiration because it can store a large fraction of
the precipitation and imposes a moisture limitation to evaporation and transpiration of soils
and plants, respectively. However, even if atmospheric forcing and impacts of soil moisture
on runoff and evapotranspiration tend to dissipate existing storage anomalies, they generally
persist long enough to have substantial impacts on the climate system (Koster et al. 2010b,
Seneviratne et al. 2010, Orth and Seneviratne 2013a).
The persistence of soil moisture combined with its impact on the land water and energy balances makes soil moisture an important variable in the context of weather- and climate forecasting (Koster et al. 2004b, Balsamo et al. 2009, Douville 2010, Koster et al. 2011, van den
Hurk et al. 2012). Especially temperature forecasts are impacted by soil moisture because of
its link with sensible heat flux, which results from its coupling with evapotranspiration (latent
heat flux). Observational evidence has particularly highlighted links between spring surface
moisture deficits and summer temperature extremes in many regions of the world (e.g. Hirschi
et al. 2011, Mueller and Seneviratne 2012, Quesada et al. 2012).
In this study we aim to investigate the value of soil moisture forecasts for sub-seasonal temperature predictions using a mostly observation-driven approach; the employed data are introduced in Section 6.2. For this purpose we employ a conceptual simple water balance model
(Koster and Mahanama 2012, Orth et al. 2013) to compute soil moisture in near-natural catchments across Europe, as described in Section 6.3.1. Section 6.3.2 explains how we use these
estimates together with corresponding temperature observations to fit linear relationships between soil moisture and temperature anomalies. We also employ the water balance model
to derive soil moisture forecasts, using atmospheric forcing forecasts issued by the European
Centre of Medium Range Weather Forecasting (ECMWF). In Section 6.4, we then use the
fitted soil moisture-temperature dependencies to translate the soil moisture forecasts into temperature forecasts; comparing the skill of the resulting forecasts to the skill of the respective
ECMWF product for lead times ranging from one to four weeks.
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Data

We use here a simple water balance model (Orth et al. 2013, see also Section 6.3.1) to infer soil moisture information from observations of streamflow which is used to calibrate the
model. Additionally, precipitation, radiation, and temperature are used to force the model.
Temperature is furthermore required to derive the linear dependencies with soil moisture and
soil moisture-temperature coupling strengths (see Sections 6.3.2.2 and 6.3.3). We use precipitation and temperature data from the E-OBS dataset (http://eca.knmi.nl [accessed on 25
March 2013]). The dataset was developed by the ENSEMBLES project (http://ensembleseu.metoffice.com [accessed on 25 March 2013]) and is based on numerous stations across
Europe, and the data is interpolated to a regular 0.5°x0.5° grid. Observed net radiation is
obtained from a satellite-derived product from the NASA/GEWEX SRB project
(http://eosweb.larc.nasa.gov/PRODOCS/srb/table_srb.html [accessed on 25 March 2013]) that
has a resolution of 1°x2° in latitudes north of 45°N and 1°x1° south of 45°N.
Observed streamflow is used to fit the parameters of the simple water balance model for each
catchment (see Section 6.3.1.1). As the employed streamflow data should be without or only
minimal human impact we use a dataset compiled by Stahl et al. (2010) that contains respective measurements from >400 near-natural catchments across Europe. The data stems from
the European water archive (http://grdc.bafg.de [accessed on 25 March 2013]), from national
ministries and meteorological agencies, as well as from the WATCH project (http://www.euwatch.org [accessed on 25 March 2013]). We use gridded forcing observations and forecasts
from the grid cells with centers within a particular catchment.
We employ the simple water balance mode to compute the soil moisture re-forecasts. To run
the model during the forecasting period, we use forecasts of precipitation, net radiation and
temperature from the European Centre for Medium-range Weather Forecasting (ECMWF).
We also use the temperature forecasts as a benchmark for our soil moisture-based temperature forecasts. The ECMWF forecasts are re-forecasts produced with the ensemble prediction
system VarEPS (Vitart et al. 2008, http://www.ecmwf.int/products/changes/vareps/ [accessed
on 25 March 2013]) with a consistent 2011 model version over our considered time period
on a regular 0.5°x0.5° grid. These forecasts are initialized weekly, consist of five ensemble
members, and have a maximum lead time of 32 days. Note that the initial soil moisture for
the VarEPS forecasts is based on ERA Interim data, and therefore computed with the TESSEL land surface scheme, whereas the VarEPS system uses a different land surface scheme,
HTESSEL (see Balsamo et al. 2012). Even if the soil moisture values are scaled to match the
typical soil moisture range of the HTESSEL model, this inconsistency causes spurious soil
moisture anomalies in the long-range prediction.
We compute soil moisture forecasts (and also soil moisture memory and the coupling with
temperature) for the time period 1993-2007 using the simple water balance model forced with
ECMWF forecasts of precipitation and radiation. To ensure that no temperature information
of this period is reflected in the calibration parameters of the simple water balance model, we
fit these parameters using observations from an earlier period 1984-1992.
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Figure 6.1: Locations of catchments considered in this study shown through colored dots;
color-coding refers to the mean runoff. Small black dots denote the catchments of the Stahl
et al. (2010) dataset not considered in this study.

6.2.1

Selection of catchments

This study focuses on catchment scale, because the simple water balance model can only be
applied on this scale. As the calibration of the simple water balance model does not work
equally well in all catchments included in the Stahl et al. (2010) dataset, we leave out some
catchments in this study. Their locations are displayed in Figure 6.1, together with the locations of the considered catchments. The model parameters are fitted for each catchment
to yield a maximum correlation between measured and modeled streamflow (see Section
6.3.1.1). This maximum correlation is used as a measure of suitability of the simple water
balance model to be applied to a particular catchment. In this study, we ignore the 36 catchments with the lowest correlation values from the total of 436 catchments contained in the
Stahl et al. (2010) dataset, as the model performs comparatively poorly in reproducing the
hydrological variability in these catchments. The large number of 400 considered catchments
ensures a wide spatial coverage.

6.3
6.3.1

Methodology
Simple water-balance model

We use a conceptual simple water balance model introduced by Koster and Mahanama 2012
and adapted by Orth et al. (2013) to the daily time scale. The model relies on the water
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balance equation:
wn+4t = wn + (Pn − En − Qn ) 4t

(6.1)

where wn (in mm) refers to soil moisture at the beginning of day n, and Pn , En and Qn (all
in mm d−1 ) denote the accumulated precipitation, evapotranspiration and runoff during time
step 4t. We use a time step of 4t = 1 day in this study. In the model, normalized runoff and
evapotranspiration (ET) are expressed as simple functions of soil moisture:
 α
Qn
wn
=
with α ≥ 0
(6.2)
Pn
cs
 γ
wn
λρw En
= β0
with γ > 0 and β0 ≤ 1
(6.3)
Rn
cs
where cs , the water holding capacity of the soil expressed in mm, is used to scale soil moisture
such that these functions cannot exceed 1. The unitless coefficient β0 indicates the maximum
fraction of net radiation, Rn , that may be transformed to ET, thereby reflecting soil and vegetation characteristics. Such local attributes are also reflected by the unitless exponents α and
γ that determine the character of the response of runoff to precipitation and of ET to net radiation. The latent heat of vaporization, λ, and the density of water ρw , ensure that En has the
same unit as Rn .
Whereas the runoff Qn responds immediately to precipitation, the model also computes streamflow, Fn , that is comparable with observed streamflow. It is computed from Qn with an
imposed delay to reflect the transport of the runoff to the streambed and within the stream
network:

Fn =

60
X


i4t
(i + 1) 4t
−

τ
Qn−i4t e τ − e


−

(6.4)

i=0

where τ refers to the decay time scale of the runoff, and the exponential function in (6.4) characterizes the fraction of runoff at day n−i that contributes to streamflow at day n. Considering
60 previous days ensures that the runoff is converted almost completely to streamflow.
Orth and Seneviratne (2013b) extended this simple water balance model to account for snow
through a simple degree-day approach:
Sn =

(
max (Sn−4t − fm (Tn − 1) , 0) if Tn ≥ 1°C
Sn−4t + Pn

if Tn < 1°C

(6.5)

where Sn denotes the snow water equivalent (SWE), which is accumulated if precipitation
occurs in combination with a mean daily temperature, Tn , below a threshold of 1°C. If snow
is present, and the temperature is above this threshold, melting takes place. The extent of the
melting depends linearly on the temperature and is controlled by the degree-day melt factor
fm , that is constant over time and fitted for each catchment. Precipitation used in Equations
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(6.1) and (6.2) is modified according to snow accumulation or melting:
Pn =

6.3.1.1

(
Pn + fm (Tn − 1) if Tn ≥ 1°C
0

if Tn < 1°C

(6.6)

Parameter fitting

The simple water balance model is based on a set of parameters, namely cs , α, β0 , γ, τ , and
fm , which reflect characteristics of soil, vegetation and climate. To fit these parameters, we
run the model with observed precipitation, net radiation and temperature and compare modeled streamflow with observed streamflow. Note that this methodology requires that the model
is applied at catchment scale. We employ the optimization approach of Orth et al. (2013) in
order to fit a set of parameters to each considered catchment that yields the highest correlation
coefficient between modeled and observed streamflow. The simple water balance model enables us to extract information on soil moisture dynamics from streamflow observations (see
Orth et al. 2013 for a detailed validation).

6.3.2

Forecasting approach

We compute forecasts of soil moisture over the time period 1993-2007 (see also Section 6.2),
which we then translate into temperature forecasts using fitted linear dependencies. The forecasts are initialized weekly, like the ECMWF temperature forecasts. Note that all forecasts
considered in this study are therefore re-forecasts. We focus on the month of July in the analyses, because we find the highest coupling strength between soil moisture and temperature
in this month. The peak in the strength of land-atmosphere interactions is likely induced by
the active vegetation and comparatively dry soils prevailing then. To match the characteristics
of the ECMWF forecasts, the soil moisture forecasts are computed on daily time scale with
a lead time of up to 28 days. In the analysis, however, we compute weekly averages from
forecast days 1-7, 8-14, 15-21 and 22-28 to (partly) exclude day-to-day variability.
6.3.2.1

Soil moisture forecasts

Reproducing the methodology of Orth and Seneviratne (2013b), we employ the simple water balance model to derive forecasts of soil moisture in the each catchment. For this purpose, we use information on (i) modeled initial soil moisture (using the simple water balance
model) and SWE values, and (ii) forecasted atmospheric forcing from the European Centre
for Medium-range Weather Forecasting (ECMWF) (see Section 6.2).
Until the forecast start date, we run the model using observed precipitation, net radiation and
temperature to derive initial soil moisture and SWE. During the forecasting period we use the
respective ensemble mean of the corresponding bias-corrected ECMWF forecasts to force the
model, which is computed from five ensemble members (one control run and four perturbed
forecasts). Biases of the ECMWF forecasts are corrected by comparing their means with
respective observations using daily data. In order to determine the bias in a particular year, we
use the remaining 14 years to compute the bias correction, this ensures that the bias correction
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Figure 6.2: Fitted least-squares regression between temperature and soil moisture in the La
Moselle catchment.
is independent of the particular forecasts. The bias is determined for each particular month,
catchment and lead time through a comparison of mean observed and mean forecasted values.
Radiation and temperature forecasts are calibrated by subtracting the bias, which we compute
for each considered month and lead time; the same is done for precipitation forecasts but
through multiplication with a constant correction factor.
6.3.2.2

Deriving temperature forecasts

As mentioned above, we translate the soil moisture forecasts into temperature forecasts using
fitted linear relationships. As we aggregate the soil moisture forecasts to weekly averages
(see above), we also use weekly averaged soil moisture and temperature data to derive these
relationships. This helps to filter out (some of) the effects of synoptic weather variability,
which allows us to better capture the link between soil moisture and temperature.
We derive the linear relationships from observed weekly-averaged catchment temperature
anomalies and modeled catchment soil moisture anomalies using least-squares regression.
Anomalies in a particular year are computed by subtracting the respective climatological value
which we compute from temperature observations and modeled soil moisture of the remaining
14 years, as with the bias correction of the atmospheric forecasts. Again, this ensures that the
anomaly computation is independent of the particular forecasts in each considered year.
The soil moisture forecasts in a particular year are translated using relationships computed
with data from the previous 10 years (or 9 years in the case of the first year of the forecasting
period, 1993, because soil moisture and temperature data only reach back until 1984), such
that no future information are used. We compute the relationships for July in each catchment
based on 5 weeks x 14 years = 70 data pairs.
An example of a fitted linear relationship is displayed in Figure 6.2. Note that the explained
fraction of variance (R2 ) is rather low for most catchments as soil moisture is there are many
other controls of temperature anomalies (e.g. advection of air masses) beside soil moisture.
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Determination of forecast skill

We compute the forecast skill as anomaly correlation coefficient for each considered catchment. For this purpose, we determine anomalies of the weekly-averaged forecasts (see above)
and the corresponding weekly-averaged observations (as described in the previous subsection). This ensures that the forecast skill is computed beyond climatology. To compute the
skill in the month of July we correlate the anomalies of all weekly-averaged forecasts in this
month with respective weekly-averaged observed anomalies, i.e. we use 5 (weeks per month)
x 15 (years) = 75 data pairs.
To avoid the impact of trends on the forecast skills, we apply a linear detrending to the observed temperature data, as well as to the modeled soil moisture data before using it as initial
condition in the soil moisture forecasts and before we determine the linear relationship between soil moisture and temperature. We focus on each month separately (by masking the
remaining months, respectively) in order to capture trends occurring only in particular times
of of the year. Linear trends were removed when they were statistically significant as indicated
by a p-value of less than 0.1 (two-sided t-test).
To investigate the dependency of the forecast performances on initial soil moisture conditions,
we compute the forecast skills for extreme conditions. For this purpose we select a subset of
forecasts with especially dry or wet initial soil moisture conditions, instead of considering
all 75 data pairs. In this selection we apply a threshold such that in the dry case we only
consider forecasts with an initial soil moisture lying at least 0.67 standard deviations below
the climatological mean, wn < wn − 0.67σwn , and in the wet case we select all forecasts with
an initial soil moisture content lying at least 0.67 standard deviations above the climatological
mean, wn > wn + 0.67σwn .

6.3.3

Soil moisture memory and soil moisture-temperature coupling

In order to analyze the forecast skills and their temporal and spatial variations, we compute
the strength of the soil moisture memory and the strength of the soil moisture-temperature
coupling in each catchment, as these are potential contributors of skill of our translated temperature forecasts. As in several other studies (Koster and Suarez 2001, Seneviratne and
Koster 2012, Orth and Seneviratne 2012), we compute the soil moisture memory as an interannual correlation. To determine the memory at a lag of l weeks in a particular month (July
in this study), we correlate the weekly-averaged soil moisture values of all weeks within this
month of all available years with the respective values l weeks earlier. This means that we use
5 (weeks per month) x 15 (years) = 75 data pairs.
In the same way, but without time lag, we compute the soil moisture-temperature coupling
strength as an inter-annual correlation between weekly-averaged soil moisture and corresponding weekly-averaged temperature observations, denoted hereafter as ρ(wn , Tn ).
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Results

In this section we compare the performance of the simple soil moisture-based temperature
forecasts with the corresponding ECMWF product. We also investigate changes in the skill
of the respective forecast products following extreme soil moisture anomalies. In the second
part of the section we identify and investigate controls of the skill of the soil moisture-based
temperature forecasts.

6.4.1

Comparing soil moisture-based versus ECMWF temperature forecasts

As described in Section 6.3.2.2 we translate weekly-averaged soil moisture forecasts into
temperature forecasts using a linear relationship determined from observed temperature and
modeled soil moisture. Figure 6.3 displays the temperature forecast skills of the soil moisturebased forecasts compared to corresponding forecasts from the ECMWF in all considered
catchments (see Section 6.2). Note that the skills reported here are computed from anomalies, therefore even small correlations denote skill beyond climatology. We find very high
skills of the ECMWF forecast skills at short lead times (1-2 weeks), underlining the quality
of this product. We also find that the soil moisture-based forecasts show significant skill in
most catchments at short lead times as indicated by the large number of catchments with skills
significantly greater than zero (on a 5% level, evaluated with one-sided t-test). Although the
average skill across all catchments is clearly lower than that of the ECMWF forecasts, this
confirms our assumption that information on sub-seasonal temperature evolution (beyond climatology) can be derived from soil moisture forecasts. Even if the underlying soil moisture
forecasts are assumed to be very good at short lead times (Orth and Seneviratne 2013b), the
skills of the inferred temperature forecasts are limited by the soil moisture-temperature coupling. The ECMWF forecasts on the other hand are expected to perform well as they are computed with a sophisticated weather model that considers e.g. air advection and atmospheric
circulation patterns, which are clearly dominating the temperature predictability on short time
scales. These forecasts tend to be slightly better in central Europe, whereas there is no clear
geographical pattern of the forecast skills of the soil moisture-derived forecasts. At a lead
time of 3 and 4 weeks, the soil moisture derived product yields better skills in 7 catchments
(as denoted by black circles), mostly located across northern Europe. At the maximum lead
time of 4 weeks the soil moisture-based product still shows significant temperature forecast
skill in several catchments, whereas the ECMWF product displays significant skill in only few
of the considered catchments. In 48 catchments the skill of the soil moisture-derived product
is significantly higher than the respective ECMWF forecast skill. Note that this is clearly more
then what would be expected by chance from the construction of the statistical test (5% of 400
catchments equals 20 catchments). Also the average skill across all considered catchments at
the maximum lead time is higher than in the ECMWF product. These results are of particular
interest; the fact that our simple soil moisture-only based empirical forecast outperforms the
ECMWF forecast in a number of catchments at 3 and 4 weeks lead time highlights potential
for further improving operational temperature forecasts using soil moisture information. Note
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Figure 6.3: Overview of temperature forecast skills of the ECMWF product and the simple
soil moisture-based forecast in July. Shown for all considered catchments and lead times.
Grey dots refer to insignificant skill on a 5%-level (one-sided t-test). Black surrounding circles in the column with soil moisture-based forecasts indicate significantly higher skill as
compared to the ECMWF product (evaluated with a one-sided t-test on a 5% level). Indicated
on the plots is the number of catchments with significant skill, the number of catchments with
significantly higher skill in the soil moisture-derived product as compared to the ECMWF
product, and the mean skill of all catchments (including insignificant skills).

that a possible reason for the comparatively poor performance of the ECMWF forecasts at 4
weeks lead time is its problems with the simulated soil moisture anomalies (see Section 6.2).
These problems are caused by the fact that the initial soil moisture content is derived with a
different land surface scheme as used in the forecasting system.
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Figure 6.4: Same as in Figure 6.3, but displaying the difference between the skills in Figure
6.3 and the skills derived when only considering forecasts with extreme dry and wet initial
soil moisture (refer to text for details). Difference only displayed if forecast skill is significant.
Figure 6.4 displays the differences of the forecast skills when considering only forecasts with
extreme initial soil moisture conditions (see Section 6.3.2.3) in comparison to the results
shown previously in Figure 6.3. The skill of the soil moisture-derived forecasts increases
on average at all lead times; at short lead times the skill improves in most regions across the
continent, whereas at long lead times the improvement is limited to southern Europe and the
UK. In the case of the ECMWF forecast, we find no skill change on average at short lead
times, despite local changes. Towards longer lead times also the ECMWF forecasts are found
to improve under extreme initial soil moisture conditions, especially at 3 weeks lead time in
central Europe, whereas at 4 weeks lead time only few catchments show significant skill.
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Figure 6.5: Summary of Figure 6.3 (black bars). Magenta bars denote respective values
computed from forecasts with extreme initial soil moisture conditions. The upper row displays
average skills of all considered catchments at all lead times, and the lower row shows the
number of catchments with significant skill at each lead time.

Figure 6.5 summarizes the results of Figure 6.3 (in black) and compares them to the respective results computed from a subset of forecasts with extreme dry and wet initial conditions (in
magenta). The performance of both forecasts, ECMWF and soil moisture-based, expressed by
the average skill improves under extreme conditions at long lead times. Probably the ECMWF
forecasting model captures the increased persistence of the atmospheric forcing which may
coincide with extreme soil moisture anomalies (Orth and Seneviratne 2012). At short lead
times, however, only the soil moisture-derived forecasts benefit from extreme initial soil moisture conditions. In contrast, the ECMWF forecast skills are not improved over these short
lead times as initial soil moisture anomalies are not assimilated. The increased skill of the soil
moisture-based forecasts found at all lead times highlights the added value of the initial soil
moisture information in the case of extreme anomalies, in line with results of earlier studies
(Koster et al. 2011, van den Hurk et al. 2012). Note that the number of catchments with significant skill may be smaller in the extreme cases; the lower number of forecasts considered
to compute these skills consequently leads to a higher threshold for the skills to be significant
at a 5%-level.
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Figure 6.6: Soil moisture memory plotted versus coupling strength ρ(wn , Tn ) for all considered catchments at each considered lead time. The corresponding temperature forecast skill
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used for all quantities.
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6.4.2

Controls of soil moisture-based temperature forecasts

The skill of the soil moisture-based temperature forecasts is, to first order, controlled by (i)
the soil moisture-temperature coupling ρ(wn , Tn ) which is reflected in the linear relationship
used to translate the soil moisture forecasts, and (ii) the soil moisture memory which allows a
very good performance of soil moisture forecasts (Orth and Seneviratne 2013b).
The interplay between the forecast skill of the soil moisture-based temperature forecasts and
its controls is illustrated in Figure 6.6. The forecast skill is only high in catchments with
a comparatively strong soil moisture-temperature coupling and a comparatively strong soil
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Figure 6.8: Soil moisture memory in July expressed as inter-annual lag correlation (see Section 6.3.3) in all considered catchments.
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moisture memory. At short lead times the coupling strength is the main control, as the memory
is strong enough in almost all catchments. This changes at longer lead times at which there
is zero forecast skill in many catchments with a strong coupling due to weak soil moisture
memory. Note that therefore the catchments with the highest forecast skills at short lead times
are not identical with those displaying the highest forecast skills at long lead times. Whereas
the strong coupling supports the forecast skill at short lead times, it causes a weak memory at
long lead times and therefore a low forecast skill. Additionally to the controls considered here,
other controls such as the atmospheric forcing and its variability probably play a role as there
are catchments with similar strength of coupling and memory but yet different forecast skills.
Especially under extreme conditions when the soil is anomalously dry or wet, the prevailing
atmospheric conditions may be changed, which also contributes to changes in forecasting
skills under these conditions (Quesada et al. 2012).
There is a negative relationship between the memory of soil moisture and its coupling with
temperature, which makes it difficult to achieve high forecast skills as it tends to prevent the
concomitant occurrence of strong coupling and strong memory. This negative relationship can
be understood from the fact that a strong coupling with temperature is caused by a strong link
between soil moisture and evapotranspiration. Evapotranspiration tends to be high for wet
soils and low for dry soils, therefore it tends to remove existing soil moisture anomalies and
to consequently reduce its memory. Hence, a strong link between soil moisture and surface
fluxes reduces the soil moisture memory (Koster and Suarez 2001, Seneviratne and Koster
2012). At short lead times this mechanism is of minor importance, as the memory is high
enough in almost all catchments, but at long lead times the temperature forecast skill is only
significant in a few catchments where there is a middle ground between strong memory and
strong coupling.
Figure 6.7 displays the coupling strengths in all considered catchments. As expected from the
impact of soil moisture on the land water and energy balances, in almost all catchments we
detect a significant negative coupling between soil moisture and temperature. This coupling is
strongest in central Europe, the southern UK, and in southern France; these regions correspond
well with the regions of highest forecast skill at short lead times (where the coupling has most
impact on the forecasts as described above) shown in Figure 6.3. Note that there is almost no
north-south gradient of the soil moisture-temperature coupling unlike what has been reported
in other studies (e.g. Mueller and Seneviratne 2012). This can be explained as only few
Mediterranean catchments are included in this study because the calibration of the simple
water balance model requires that streamflow is present during the whole year. Furthermore,
we only consider July and not the complete summer. In June and August the north-south
gradient is more pronounced (not shown); therefore the average coupling strength across all
catchments is lower and consequently the skills of the soil moisture-derived forecasts.
The soil moisture memory as a second control of the skill of the soil moisture-based temperature forecasts is shown in Figure 6.8. The memory is very strong at short lead times across
large parts of the continent, and even at maximum lead time there is considerable memory,
which serves as a basis for the temperature skill we find at this lead time. Especially at long
lead times, the memory tends to be strongest in southern Europe and in the southern UK; these
regions coincide with the regions where we find highest forecast skill at long lead times in Fig-
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ure 6.3. Apart from these large-scale variations there are considerable small-scale variations
highlighting the importance of local soil and vegetation characteristics.

6.5

Conclusions

In this study we assess the importance of soil moisture for weather prediction in general and
for temperature forecasting in particular using a simple conceptual water-balance model and
derived linear relationships between modeled soil moisture and observed temperature. We use
these relationships to translate soil moisture forecasts into temperature forecasts. We focus
on July as soil moisture-temperature coupling is strongest then. The skill of these forecasts is
evaluated using the anomaly correlation coefficient. Note that with this measure of skill even
a small correlation denotes skill better than climatology.
At short lead times of 1-2 weeks these soil-moisture based temperature forecasts show significant skill beyond climatology in many catchments, therefore our simple concept of translating
soil moisture forecasts is deemed successful. At higher lead times of 3-4 weeks we find only
some catchments with significant skill. Comparing the performance of the forecasts with
a monthly temperature forecast issued by the ECMWF shows clearly lower skills at short
lead times. This is expected as the skill of the soil moisture-based forecasts is limited to the
information available from soil moisture-temperature coupling, and does not include any information on air advection and atmospheric circulation patterns, which are clearly dominating
the temperature predictability on these time scales. However, at the longer lead times of 3 and
4 weeks, the soil moisture-based forecasts outperform the ECMWF product regionally as indicated by a significantly higher skill, thanks to the long-lasting soil moisture memory. At the
maximum considered lead time of 4 weeks they show significant skill in more catchments, and
also the average skill across all catchments is slightly higher. This result is noteworthy, since
the applied approach solely uses information from soil moisture forecasts and their effects on
temperature, while the ECMWF forecasts include further potential sources of skill in addition
to a soil moisture model (but without considering inter-annual soil moisture anomalies in the
initialization).
Under extreme (initial soil moisture) conditions we find generally higher skills for both the
soil moisture-derived forecasts and the ECMWF forecasts. Whereas the soil moisture-derived
forecasts improve at all lead times, the ECMWF forecast skill increases only at longer lead
times. This shows that information on initial soil moisture are increasingly valuable under
more extreme conditions (see also Koster et al. 2011, Hirschi et al. 2011, van den Hurk et al.
2012, Mueller and Seneviratne 2012). Coinciding with such anomalies the atmospheric circulation may be more persistent, which could explain the improved ECMWF forecasts.
Analyzing the soil moisture-based temperature forecasts, we identify two main controls of
their skill: (i) the soil moisture-temperature coupling strength and (ii) the soil moisture memory. High forecast skills are only found in catchments where the coupling and the memory
are both concomitantly strong. This occurs only in a few catchments because the controls
show a negative relationship with one another. This can be explained by the fact that soil
moisture impacts temperature through its coupling to evapotranspiration, whereas this same
coupling relationship tends to remove existing soil moisture anomalies, and thereby to reduce
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soil moisture memory.
In line with the results of earlier studies that used much more sophisticated modeling frameworks (Koster et al. 2010b, Koster et al. 2011, van den Hurk et al. 2012), this study demonstrates the value of soil moisture information in the context of temperature forecasting. Especially on sub-seasonal time scales and in the case of extreme events such as droughts and heat
waves, a realistic representation of (initial) soil moisture is thus crucial.

Chapter 7
Conclusions and outlook
7.1

Conclusions

As outlined in the introduction, this thesis investigates soil moisture persistence with respect
to its controls, its associated predictability, and its implications for the climate system, in
particular on evapotranspiration, streamflow and temperature. For these investigations I used
observations as well as modeled soil moisture data. From observations two main drivers
of soil moisture persistence were identified (see below). The quantities considered in these
drivers have already been recognized by Delworth and Manabe (1988), however, the role
of their seasonal cycles and their interplay with soil moisture for soil moisture persistence
have been reported later by Koster and Suarez (2001), and I summarize all controls into two
comprehensive drivers. Furthermore I used observations to validate an approach to infer soil
moisture dynamics from streamflow observations which we developed to model soil moisture.
With this approach a map of the spatial distribution of soil moisture persistence was derived
for Europe and its translation into streamflow and evapotranspiration persistence was studied.
Finally, the previous two chapters investigated the remarkable potential predictability of soil
moisture and streamflow and demonstrated the implications of soil moisture for weather forecasting in general. A more detailed conclusion of the main parts of this thesis is provided in
the following:

• Controls of soil moisture persistence
Building upon previous studies by Koster and Suarez (2001) and Seneviratne and Koster
(2012) we derive in Chapter 2 an analytical expression for soil moisture persistence that
does not require any assumptions. From this expression we identify two main controls
of soil moisture persistence, (i) the variability of initial soil moisture content relative to
the variability of the subsequently accumulated forcing, and (ii) the correlation between
the initial soil moisture content and the subsequent forcing. The first driver reflects the
impact of soil and vegetation characteristics on soil moisture persistence and the second driver captures the influence of persistence in the forcing and also land-atmosphere
interactions. The forcing in this context is precipitation minus runoff minus evapotranspiration, and we show that precipitation is the dominating term. Consequently we can
replace the forcing by precipitation and derive more straightforward controls of soil
139
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moisture persistence. Another advantage of this simplification is that the controls are
more independent of soil moisture as runoff and evapotranspiration are excluded.

• Modeling soil moisture based on streamflow observations
We introduce and validate an approach to infer soil moisture from observations of
streamflow, precipitation and net radiation in Chapter 3. For this purpose we express
normalized runoff and evapotranspiration as simple functions of soil moisture in order
to replace these terms in the water balance equation. The polynomial dependencies of
runoff and evapotranspiration on soil moisture are fitted by comparing modeled and observed streamflow. This means that the observed streamflow should only reflect natural
variability and no human impact. Modeled streamflow is computed from runoff with a
built-in delay to account for the typical streamflow recession behavior.
We show that soil moisture dynamics computed with these relationships compare well
to observations. Also the magnitude and seasonal cycle of soil moisture persistence
is well captured. Therefore this simple water balance model approach offers a simple
alternative to model soil moisture evolution, and it provides a simple but validated alternative to land models, where even state-of-the-art versions differ in their representation
of soil moisture dynamics and due to the lack of soil moisture observations they can
moreover not be thoroughly validated in this respect. We also introduce a snow module
based on a degree-day approach with which the simple water balance model becomes
applicable in winter. Therefore the applicability of our approach is only limited by the
existence of surface streamflow without anthropogenic impact.

• Mapping soil moisture persistence across Europe
Applying the simple water balance model to >100 catchments across Europe allows us
to derive a spatial distribution of soil moisture persistence expressed as autocorrelation
(Koster and Suarez 2001) across the continent in Chapter 4. For this purpose we used
streamflow observations from rather small catchments with little or no human impact
from a unique dataset compiled by Stahl et al. (2010). The resulting map shows strong
soil moisture memory especially in Central Europe and on the Iberian peninsula. Despite some small-scale variability that may be due to heterogeneous land cover and soil
characteristics we find similar soil moisture persistence for nearby catchments, underlining the robustness of our modeling approach. We furthermore derive maps of soil
moisture persistence expressed as recovery time scale from anomalous conditions and
find similar spatial patterns. With this alternative measure of soil moisture persistence
we show that soil moisture persistence is stronger under extreme conditions. In a wet
climate regime its strength increases particularly under dry conditions and correspondingly in dry areas wet soil moisture anomalies persist exceptionally long.

• Forecasting soil moisture and streamflow
Using the simple water balance model in combination with ECMWF forcing forecasts
we computed forecasts of soil moisture and streamflow up to 32 days lead time for
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several Swiss catchments in Chapter 5. We find that streamflow predictability on average is high until about one week in advance and soil moisture is on average even
well predictable up to two weeks in advance. This illustrates that the strong soil moisture persistence implies predictability on the sub-seasonal time scale. We show that
soil moisture forecast skill is closely related with the persistence expressed as autocorrelation. An interesting finding is that the forcing forecasts improve the hydrological
forecasts mostly beyond the lead times where they show skill.
Comparing the importance of initial conditions versus forcing forecasts for hydrological forecasts in Switzerland we find that both are important. Soil moisture forecasts
benefit more from realistic initial (soil moisture) conditions, but also from using forcing
forecasts instead of climatological forcing. Streamflow forecasts, however, rely mostly
on the precipitation forecast, and the initial conditions are of minor importance.

• Implications of soil moisture persistence for the land climate system
The simple water balance model computes also streamflow and evapotranspiration besides soil moisture. This allowed us to also investigate the persistence of these quantities throughout Europe in Chapter 4. As expected, we find considerable persistence
in streamflow in large parts of Europe whereas interestingly evapotranspiration shows
almost no persistence characteristics. For that variable we only find a weak signal in
Southern Europe on the monthly time scale. The persistence of soil moisture serves
approximately as an upper bound for persistence in streamflow and evapotranspiration.
The persistence of these quantities depends moreover on the strength of the their coupling to soil moisture. The weak persistence of evapotranspiration can be explained
with the small slopes of the respective polynomial functions underlying the simple water balance model, and with the high day-to-day variability of net radiation that is the
main control of evapotranspiration in many catchments. Nevertheless, these findings
suggest that soil moisture persistence may propagate to other variables of the climate
system, thereby underlining its relevance. We furthermore illustrate the importance of
soil moisture persistence for the climate system by translating soil moisture forecasts
into temperature forecasts using simple exponential relationships in Chapter 6. These
soil moisture-based temperature forecasts show significant skill beyond climatology up
to two weeks in most of the considered catchments across Europe. For a lead time of 4
weeks these temperature forecasts even slightly outperform the corresponding ECMWF
product.

7.2

Outlook

This thesis provides important tools and ideas for further research in the context of soil moisture persistence and beyond. Potential topics could range from the further study of soil moisture persistence itself, for instance with regard to spatial correlation, to additional forecasting
studies focusing on net radiation or precipitation. Especially the simple water balance model
can be applied in several contexts thanks to its simplicity and the consequently little computational demand. Possible applications comprise the evaluation of land models, the study of soil

142

CHAPTER 7. CONCLUSIONS AND OUTLOOK

moisture dynamics in other climate regimes such as the in tropics, the forecasting of snow, or
the estimation of integrated catchment precipitation. Some of these ideas are outlined in the
following:

• Investigation of soil moisture memory in CMIP5 simulations
As mentioned in the introduction, soil moisture dynamics in state-of-the-art land models differ and can not be validated due to the lack of soil moisture measurements. The
coupled model intercomparison project phase 5 (CMIP5) provides comprehensive soil
moisture data from several coupled state-of-the-art climate models (Taylor et al. 2012b).
It would be worthwhile to investigate and to compare the soil moisture persistence characteristics between the models and also with results of the simple water balance model,
at least in Europe (Chapter 4). Furthermore the differences between the models in terms
of soil moisture variability are of interest. First, in order to explain potential differences
in soil moisture persistence (as described for CLM in the introduction), but also to investigate the ability of the models to represent (agricultural) droughts.

• Role of soil moisture persistence in recent extreme events
Another interesting topic is to study the role of soil moisture in recent extreme events
such as the 2010 heat wave in Russia or the disastrous floodings in Pakistan in the same
year. Through its persistence, soil moisture may prolong or intensify extreme events. If
for instance the spring 2010 was already dry in Russia or wet in Pakistan, respectively,
this would have implications on the soil moisture content. Depending on the strength of
the soil moisture persistence in these areas, the resulting soil moisture anomalies could
continue until summer, and this would consequently reduce the ability of soil moisture
to buffer further atmospheric forcing anomalies. Moreover, even after the atmospheric
anomalies, the soil moisture anomalies could persist longer and could tend to prolong
hot or wet extremes, respectively, through soil moisture-temperature (see Chapter 6) or
soil moisture-precipitation feedbacks (e.g. Koster et al. 2004a, Dirmeyer et al. 2009),
although the sign of this latter feedback may also be negative in some circumstances
(e.g. Hohenegger et al. 2009, Taylor et al. 2011, Taylor et al. 2012a).

• Investigating the spatial correlation of soil moisture
Soil moisture data from the simple water balance model computed for numerous catchments throughout Europe may be used to investigate the spatial correlation of soil moisture dynamics. The aim could be to confirm findings of Mittelbach and Seneviratne
(2012) who report spatially homogenous dynamics in observations from Switzerland
whereas the absolute soil moisture content shows considerable small-scale variations.
Extending this study to Europe would allow to determine characteristic spatial scales at
which soil moisture (and drought) dynamics and persistence are similar (e.g. Vinnikov
et al. 1996, Entin et al. 2000, Tallaksen et al. 2009). As streamflow and evapotranspiration are also computed by the model, the spatial scales of their dynamics could be
compared with the results for soil moisture.
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• Further study on importance of soil moisture for (sub-)seasonal weather prediction
Extending our idea to translate soil moisture forecasts into temperature forecasts, it
may also be possible to derive precipitation or radiation forecasts through their respective relationships on soil moisture. Preliminary tests show that the coupling between
soil moisture and precipitation or radiation is weaker than the link with temperature,
therefore also the performance of precipitation and radiation forecasts derived from soil
moisture forecasts can be expected to have lower skill as compared to the temperature
forecasts. However, it is known that ECMWF forecasts also perform worse for these
quantities (Vitart et al. 2008) as compared to their skill in terms of temperature.
Furthermore it would be interesting to combine soil moisture forecasts and ECMWF
forecasts as the ECMWF forecasts do not utilize information. Given the key role of
soil moisture in the land-climate system (Seneviratne et al. 2010), this could probably
improve the meteorological forecasts, especially at long lead times.

• Comparing and evaluating runoff and evapotranspiration relationships of land
models
The methodology of fitting simple functions for the sensitivity of normalized runoff
and evapotranspiration to soil moisture (Koster and Milly 1997, Koster and Mahanama
2012) can also be used with data from land models instead of observations. This is
currently done by Randy Koster and colleagues who aim at determining the underlying
dependencies of evapotranspiration and runoff on soil moisture in several models to
evaluate if and to which extend state-of-the-art land models differ in their representation
of these fundamental relationships. Comparison with respective relationships derived
from observations may furthermore help to improve the models, especially in terms of
their soil moisture dynamics.

• Inferring soil moisture information from temperature observations
The applicability of the simple water balance model is restricted to areas with continuous surface streamflow. However, in dry climate regimes such as the subtropics this may
not be the case. To overcome this limitation it may also be possible to fit the model parameters by comparing modeled sensible heat flux with observed temperatures from the
site or region where the model is applied. The sensible heat flux can be computed from
the modeled evapotranspiration and the observed net radiation. This approach consequently allows to replace streamflow observations with temperature observations in the
calibration of the simple water balance model. It assumes, however, that ground heat
flux is negligible such that evapotranspiration and sensible heat flux equal net radiation.

• Inferring catchment precipitation from streamflow observations
The simple water balance model may also be employed to derive integrated catchment
precipitation from streamflow observations. Calibrating the model in order to maximize correlation between observed and modeled streamflow typically yields values of
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around 0.75-0.9. The value of this correlation is limited by the different spatial scales of
observed precipitation used to run the model and observed streamflow used to find the
optimal parameter set. Using the identified optimal parameter set, the idea is to modify
the observed precipitation in order to further maximize the correlation. The modified
precipitation should then represent a good estimate of spatially integrated catchment
precipitation. Such estimates could help to improve and to correct point-scale precipitation measurements that are characterized by large potential uncertainties due to the
heterogeneous nature of precipitation, for example this approach could be applied to
address the precipitation undercatch in measurements from mountain areas.

References
Ammann, C., O. Marx, V. Wolff, and A. Neftel (2010), Measuring the biosphere-atmosphere
exchange of total reactive nitrogen by eddy covariance using a novel converter, in 29th
Conference on Agricultural and Forest Meteorology.
Baldocchi, D. D., E. Falge, L. Gu, R. Olson, D. Hollinger, S. Running, P. Anthoni, C. Bernhofer, K. Davis, J. Fuentes, A. Goldstein, G. Katul, B. Law, X. Lee, Y. Malhi, T. Meyers, J. Munger, W. Oechel, K. Pilegaard, H. Schmid, R. Valentini, S. Verma, T. Vesala,
K. Wilson, and S. Wofsy (2001), FLUXNET: A new tool to study the temporal and spatial
variability of ecosystem-scale carbon dioxide, water vapor and energy flux densities, Bull.
Amer. Meteorol. Soc., 82, 2415–2435.
Balsamo, G., P. Viterbo, A. Beljaars, B. van den Hurk, M. Hirschi, A. K. Betts, and K. Scipal
(2009), A Revised Hydrology for the ECMWF Model: Verification from Field Site to Terrestrial Water Storage and Impact in the Integrated Forecast System, J. Hydrometeorol., 10
(3), 623–643.
Balsamo, G., R. Salgado, E. Dutra, S. Boussetta, T. Stockdale, and M. Potes (2012), On the
contribution of lakes in predicting near-surface temperature in a global weather forecasting
model, Tellus A, 64, 15,829.
Beljaars, A. C. M., P. Viterbo, M. J. Miller, and A. K. Betts (1996), The anomalous rainfall
over the United States during July 1993: Sensitivity to land surface parameterization and
soil moisture, Monthly Weather Review, 124 (3), 362–383.
Berthet, L., V. Andreassian, C. Perrin, and P. Javelle (2009), How crucial is it to account for
the antecedent moisture conditions in flood forecasting? Comparison of event-based and
continuous approaches on 178 catchments, Hydrol. Earth Syst. Sci., 13, 819–831.
Betts, A. K. (2004), Understanding hydrometeorology using global models, Bull. Amer. Meteorol. Soc., 85, 1673–1688.
Beyrich, F. (2009), The Lindenberg reference site data set metadata information, Available
from CEOP archive, NCAR Boulder.
Bisselink, B., and A. J. Dolman (2009), Recycling of moisture in Europe: contribution of
evaporation to variability in very wet and dry years, Hydrol. Earth Syst. Sci., 13, 1685–
1697.
145

146

REFERENCES

Block, P. J., F. A. S. Filho, L. Sun, and H.-H. Kwon (2009), A streamflow forecasting framework using multiple climate and hydrological models, Journal of the American Water Resources Association, 45 (4), 828–843.
Botter, G., A. Porporato, I. Rodriguez-Iturbe, and A. Rinaldo (2007), Basin-scale soil moisture
dynamics and the probabilistic characterization of carrier hydrologic flows: Slow, leachingprone components of the hydrologic response, Water Resources Research, 43, W02,417.
Calanca, P., D. Bolius, A. P. Weigel, and M. A. Liniger (2011), Application of long-range
weather forecasts to agricultural decision problems in Europe, Journal of Agricultural Science, 149, 15–22.
Chen, J., and P. Kumar (2002), Role of terrestrial hydrologic memory in modulating ENSO
impacts in North America, J. Hydrometeorol., 15, 3569–3585.
Decker, M. R., and X. Zeng (2009), Impact of Modified Richards Equation on Global Soil
Moisture Simulation in the Community Land Model (CLM3.5), J. Adv. Model. Earth Syst.,
1.
Delworth, T. L., and S. Manabe (1988), The influence of potential evaporation on the variabilities of simulated soil wetness and climate, J. Climate, 1, 523–547.
Diffenbaugh, N. S., J. S. Pal, F. Giorgi, and X. Gao (2007), Heat stress intensification in the
Mediterranean climate change hotspot, Geophys. Res. Lett., 34 (11), 1–6.
Dirmeyer, P. A., C. A. Schlosser, and K. L. Brubaker (2009), Precipitation, Recycling, and
Land Memory: An Integrated Analysis, J. Hydrometeorol., 10 (1), 278–288.
Dorigo, W. A., W. Wagner, R. Hohensinn, S. Hahn, C. Paulik, M. Drusch, S. Mecklenburg,
P. van Oevelen, A. Robock, and T. Jackson (2011), The international soil moisture network:
a data hosting facility for global in situ soil moisture measurements, Hydrol. Earth Syst.
Sci., 15, 1675–1698.
Douville, H. (2010), Relative contribution of soil moisture and snow mass to seasonal climate
predictability: A pilot study., Clim. Dyn., 34, 797–818.
Eagleson, P. S. (1978), Climate, soil and vegetation. The expected value of annual evapotranspiration, Water Resources Research, 14, 731–739.
Ek, M. B., and A. A. M. Holtslag (2004), Influence of soil moisture on boundary layer cloud
development, J. Hydrometeorol., 5, 86–99.
Entin, J. K., A. Robock, K. Y. Vinnikov, S. E. Hollinger, S. Liu, and A. Namkhai (2000), Temporal and spatial scales of observed soil moisture variations in the extratropics, J. Geophys.
Res., 105, 11,865–11,877.
Findell, K. L., P. Gentine, B. R. Lintner, and C. Kerr (2011), Probability of afternoon precipitation in eastern United States and Mexico enhanced by high evaporation, Nature Geoscience,
4, 434–439.

REFERENCES

147

Fischer, E. M., S. I. Seneviratne, D. Lüthi, and C. Schär (2007), Contribution of landatmosphere coupling to recent European summer heat waves, Geophys. Res. Lett., 34,
L06707.
Foken, T., F. Wimmer, M. Mauder, C. Thomas, and C. Liebethal (2006), Some aspects of the
energy balance closure problem, Atmos. Chem. Phys., 6, 4395–4402.
Frankignoul, C., and K. Hasselmann (1977), Stochastic climate models, Part II Application to
sea-surface temperature anomalies and thermocline variability, Tellus, 29, 289–305.
Franssen, H. H., R. Stöckli, I. Lehner, E. Rotenberg, and S. I. Seneviratne (2010), Energy
balance closure of eddy covariance data: a multi-site analysis for European FLUXNET
stations, Agric. Forest Meteor., 150 (12), 1553–1567.
Fundel, F., S. Joerg-Hess, and M. Zappa (2013), Monthly hydrometeorological ensemble prediction of streamflow droughts and corresponding drought indices, Hydrol. Earth Syst. Sci.,
17, 395–401.
Gudmundsson, L., L. M. Tallaksen, K. Stahl, and A. K. Fleig (2011), Low-frequency variability of European runoff, Hydrol. Earth Syst. Sci., 15, 2853–2869.
Haarsma, R. J., F. M. Selten, B. J. J. M. van den Hurk, W. Hazeleger, and X. Wang (2009),
Drier mediterranean soils due to greenhouse warming bring easterly winds over summertime Central Europe, Geophys. Res. Lett., 36, L04705.
Hamlet, A. F., D. Huppert, and D. P. Lettenmaier (2002), Economic value of long-lead streamflow forecasts for Columbia river hydropower, J. Water Resour. Plann. Manage., 128, 91–
101.
Hirschi, M., S. I. Seneviratne, V. Alexandrov, F. Boberg, C. Boroneant, O. B. Christensen,
H. Formayer, B. Orlowsky, and P. Stepanek (2011), Observational evidence for soilmoisture impact on hot extremes in southeastern Europe, Nature Geoscience, 4, 17–21.
Hock, R. (2003), Temperature index melt modelling in mountain areas, Journal of Hydrology,
282, 104–115.
Hohenegger, C. P., P. Brockhaus, C. S. Bretherton, and C. Schär (2009), The soil-moisture precipitation feedback in simulations with explicit and parameterized convection, J. Climate,
pp. 5003–5020.
Jaeger, E. B., and S. I. Seneviratne (2011), Impact of soil moisture-atmosphere coupling on
European climate extremes and trends in a regional climate model, Clim. Dyn., 36 (9-10),
1919–1936.
Joerg-Hess, S., F. Fundel, T. Jonas, and M. Zappa (2013), A statistical approach to refining
snow water equivalent climatologies in Alpine terrain, to be submitted to The Cryosphere.
Jonas, T., C. Marty, and J. Magnusson (2009), Estimating the snow water equivalent from
snow depth measurements in the Swiss Alps, J. Hydrol., 161-167, 378.

148

REFERENCES

Kim, H.-M., P. J. Webster, and J. A. Curry (2012), Seasonal prediction skill of ECMWF
System 4 and NCEP CFSv2 retrospective forecast for the Northern hemisphere winter,
Clim. Dyn., 39(12), 2957–2973.
Kirchner, J. (2009), Catchments as simple dynamical systems: Catchment characterization,
rainfall-runoff modeling, and doing hydrology backward, Water Resources Research, 45,
W02,429.
Koster, R. D., and S. Mahanama (2012), Land Surface Controls on Hydroclimatic Means and
Variability, J. Hydrometeorol., 13, 1604–1620.
Koster, R. D., and P. C. D. Milly (1997), The interplay between transpiration and runoff
formulations in land surface schemes used with atmospheric models, J. Climate, 10, 1578–
1591.
Koster, R. D., and M. J. Suarez (2001), Soil moisture memory in climate models, J. Hydrometeorol., 2, 558–570.
Koster, R. D., M. J. Suarez, and M. Heiser (2000), Variance and predictability of precipitation
at seasonal-to-interannual timescales, J. Hydrometeorol., 1 (1), 26–46.
Koster, R. D., P. A. Dirmeyer, Z. Guo, G. Bonan, E. Chan, P. Cox, C. T. Gordon, S. Kanae,
E. Kowalczyk, D. Lawrence, P. Liu, C.-H. Lu, S. Malyshev, B. McAvaney, K. Mitchell,
D. Mocko, T. Oki, K. Oleson, A. Pitman, Y. C. Sud, C. M. Taylor, D. Verseghy, R. Vasic,
Y. Xue, and T. Yamada (2004a), Regions of strong coupling between soil moisture and
precipitation, Science, 305, 1138–1140.
Koster, R. D., M. J. Suarez, P. Liu, U. Jambor, A. Berg, M. Kistler, R. Reichle, M. Rodell, and
J. Famiglietti (2004b), Realistic initialization of land surface states: impacts on subseasonal
forecast skill, J. Hydrometeorol., 5, 1049–1063.
Koster, R. D., Z. Guo, R. Yang, P. A. Dirmeyer, K. Mitchell, and M. J. Puma (2009), On the
nature of soil moisture in land surface models, J. Climate, 22, 4322–4335.
Koster, R. D., S. P. P. Mahanama, B. Livneh, D. P. Lettenmaier, and R. H. Reichle (2010a),
Skill in streamflow forecasts derived from large-scale estimates of soil moisture and snow,
Nature Geoscience, 3, 613–616.
Koster, R. D., S. P. P. Mahanama, T. J. Yamada, G. Balsamo, A. A. Berg, M. Boisserie,
P. A. Dirmeyer, F. J. Doblas-Reyes, G. Drewitt, C. T. Gordon, Z. Guo, J.-H. Jeong, D. M.
Lawrence, W.-S. Lee, Z. Li, L. Luo, S. Malyshev, W. J. Merryfield, S. I. Seneviratne,
T. Stanelle, B. J. J. M. van den Hurk, F. Vitart, and E. F. Wood (2010b), Contribution
of land surface initialization to subseasonal forecast skill: First results from a multi-model
experiment, Geophys. Res. Lett., 37, L02402.
Koster, R. D., S. P. P. Mahanama, T. J. Yamada, G. Balsamo, A. A. Berg, M. Boisserie, P. A.
Dirmeyer, F. J. Doblas-Reyes, G. Drewitt, C. T. Gordon, Z. Guo, J.-H. Jeong, W.-S. Lee,
Z. Li, L. Luo, S. Malyshev, W. J. Merryfield, S. I. Seneviratne, T. Stanelle, B. J. J. M.

REFERENCES

149

van den Hurk, F. Vitart, and E. F. Wood (2011), The Second Phase of the Global LandAtmosphere Coupling Experiment: Soil Moisture Contributions to Subseasonal Forecast
Skill, J. Hydrometeorol., 12, 805–822.
Labat, D. (2008), Wavelet analysis of the annual discharge records of the world’s largest rivers,
Advances in Water Resources, 31 (1), 109–117.
Lawrence, D. M., K. W. Oleson, M. G. Flanner, P. E. Thorton, S. C. Swenson, P. J. Lawrence,
X. Zeng, Z.-L. Yang, S. Levis, K. Skaguchi, G. B. Bonan, and A. G. Slater (2011), Parameterization improvements and functional and structural advances in version 4 of the
Community Land Model, J. Adv. Model. Earth Syst., 3, M03,001.
Lins, H. F. (1997), Regional streamflow regimes and hydroclimatology of the United States,
Water Resources Research, 33, 1655–1667.
Lo, M.-H., and J. S. Famiglietti (2010), Effect of water table dynamics on land surface hydrologic memory, J. Geophys. Res., 115, D22,118.
Lorenz, E. N. (1963), Deterministic nonperiodic flow, J. Atmos. Sci., 20, 130–141.
Lorenz, R., E. B. Jaeger, and S. I. Seneviratne (2010), Persistence of heat waves and its link
to soil moisture memory, Geophys. Res. Lett., 37, L09703.
Mahanama, S. P. P., and R. D. Koster (2003), Intercomparison of soil moisture memory in two
land surface models, J. Hydrometeorol., 4, 1134–1146.
Mahanama, S. P. P., and R. D. Koster (2005), AGCM biases in evaporation regime: Impacts
on soil moisture memory and land-atmosphere feedback, J. Hydrometeorol., 6, 656–669.
Mahanama, S. P. P., B. Livneh, R. D. Koster, D. Lettenmaier, and R. Reichle (2012), Soil
moisture, snow, and seasonal streamflow forecasts in the United States, J. Hydrometeorol.,
13, 189–203.
Maillet, E. (1905), Mécanique et physique du globe, essais d’hydraulique souterraine et fluviale, Paris, A. Hermann.
Mittelbach, H., and S. I. Seneviratne (2012), A new perspective on the spatio-temporal variability of soil moisture: temporal dynamics versus time invariant contributions, Hydrol.
Earth Syst. Sci., 16, 2169–2179.
Modarres, R. (2007), Streamflow drought time series forecasting, Stoch. Environ. Res. Risk
Assess., 21, 223–233.
Moore, I. D., P. E. Gessler, G. A. Nielsen, and G. A. Petersen (1993), Terrain attributes:
estimation methods and scale effects, in: Modeling Change in Environmental Systems, pp.
189–214.
Mueller, B., and S. I. Seneviratne (2012), Hot days induced by precipitation deficits at the
global scale, Proc. Natl. Acad. Sci., 109 (31), 12,398–12,403.

150

REFERENCES

Oleson, K. W., G. Y. Niu, Z. L. Yang, D. M. Lawrence, P. E. Thornton, P. J. Lawrence,
R. Stöckli, R. E. Dickinson, G. B. Bonan, S. Levis, A. Dai, and T. Qian (2008), Improvements to the Community Land Model and their impact on the hydrological cycle,
J.Geophys. Res., 113, G01,021.
Orlowsky, B., and S. I. Seneviratne (2010), Statistical analyses of land-atmosphere feedbacks
and their possible pitfalls, J. Climate, 23(14), 3918–3932.
Orth, R., and S. I. Seneviratne (2012), Analysis of soil moisture memory from observations
in Europe, J. Geophys. Res., 117, D15,115, doi:10.1029/2011JD017366.
Orth, R., and S. I. Seneviratne (2013a), Propagation of soil moisture memory to streamflow
and evapotranspiration, Hydrol. Earth Syst. Sci., in press.
Orth, R., and S. I. Seneviratne (2013b), Predictability of soil moisture and streamflow on
sub-seasonal timescales: A case study, J. Geophys. Res., in revision.
Orth, R., R. D. Koster, and S. I. Seneviratne (2013), Inferring soil moisture memory from
streamflow observations, J. Hydrometeorol., in press.
Quesada, B., R. Vautard, P. Yiou, M. Hirschi, and S. I. Seneviratne (2012), Asymmetric European summer heat predictability from wet and dry southern winters and springs, Nature
Climate Change, 2, 736–714.
Robock, A., K. Y. Vinnikov, G. Srinivasan, J. K. Entin, S. E. Hollinger, N. A. Speranskaya,
S. Liu, and A. Namkhai (2000), The global soil moisture data bank, Bull. Amer. Meteorol.
Soc., 81, 1281–1299.
Rodriguez-Iturbe, I., and J. B. Valdes (1979), The geomorphologic structure of hydrologic
response, Water Resources Research, 15, 1409–1420.
Santanello, J. A., C. D. Peters-Lidard, S. V. Kumar, C. Alonge, and W.-K. Tao (2009), A
modeling and observational framework for diagnosing local land-atmosphere coupling on
diurnal time scales, J. Hydrometeor, 10, 577–599.
Schlosser, C. A., and P. C. D. Milly (2002), A model-based investigation of soil moisture
predictability and associated climate predictability, J. Hydrometeorol., 3, 483–501.
Schär, C., P. L. Vidale, D. Lüthi, C. Frei, C. Häberli, M. Liniger, and C. Appenzeller (2004),
The role of increasing temperature variability in European summer heat waves, Nature,
427, 332–336.
Seneviratne, S. I., and R. D. Koster (2012), A revised framework for analyzing soil moisture
memory in climate data: Derivation and interpretation, J. Hydrometeorol., 13, 404–412.
Seneviratne, S. I., R. D. Koster, Z. Gao, P. A. Dirmeyer, E. Kowalczyk, D. Lawrence, P. Liu,
C.-H. Lu, D. M. K. W. Oleson, and D. Verseghy (2006a), Soil moisture memory in AGCM
simulations: Analysis of Global Land-Atmosphere Coupling Experiment (GLACE) data, J.
Hydrometeorol., 7, 1090–1112.

REFERENCES

151

Seneviratne, S. I., D. Lüthi, M. Litschi, and C. Schär (2006b), Land-atmosphere coupling and
climate change in Europe, Nature, 443, 205–208.
Seneviratne, S. I., T. Corti, E. L. Davin, M. Hirschi, E. B. Jaeger, I. Lehner, B. Orlowsky, and
A. J. Teuling (2010), Investigating soil moisture-climate interactions in a changing climate:
A review, Earth-Science Reviews, 99, 125–161.
Seneviratne, S. I., I. Lehner, J. Gurtz, A. J. Teuling, H. Lang, U. Moser, D. Grebner, L. Menzel, K. Schroff, and T. Vitvar (2012), The Rietholzbach research site: Analysis of 32-year
hydroclimatological time series and 2003 drought at a Swiss pre-alpine catchment, Water
Resources Research, 48, W06,526.
Stahl, K., H. Hisdal, J. Hannaford, L. M. Tallaksen, H. A. J. van Lanen, E. Sauquet, S. Demuth, M. Fendekova, and J. Jódar (2010), Streamflow trends in Europe: evidence from a
dataset of near-natural catchments, Hydrol. Earth Syst. Sci., 14, 2367–2382.
Tallaksen, L. M., H. Hisdal, and H. A. J. van Lanen (2009), Space-time modelling of catchment scale drought characteristics, J. Hydrol., 375 (3-4), 363–372.
Taylor, C. M., A. Gounou, F. Guichard, P. P. Harris, R. J. Ellis, F.Couvreux, and M. D. Kauwe
(2011), Frequency of Sahelian storm initiation enhanced over mesoscale soil-moisture patterns, Nature Geoscience, 4, 430–433.
Taylor, C. M., R. A. M. de Jeu, F. Guichard, P. P. Harris, and W. A. Dorigo (2012a), Afternoon
rain more likely over drier soils, Nature, 489, 423–426.
Taylor, K. E., R. J. Stouffer, and G. A. Meehl (2012b), An overview of CMIP5 and the experiment design, Bull. Amer. Meteorol. Soc., 93, 485–498.
Teuling, A. J., M. Hirschi, A. Ohmura, M. Wild, M. Reichstein, P. Ciais, N. Buchmann,
C. Ammann, L. Montagnani, A. D. Richardson, G. Wohlfahrt, and S. I. Seneviratne
(2009), A regional perspective on trends in continental evaporation, Geophys. Res. Lett.,
36, L02404.
Teuling, A. J., I. Lehner, J. W. Kirchner, and S. I. Seneviratne (2010a), Catchments as simple dynamical systems: experience from a Swiss pre-alpine catchment, Water Resources
Research, 46, W10,502.
Teuling, A. J., S. I. Seneviratne, R. Stöckli, M. Reichstein, E. Moors, P. Ciais, S. Luyssaert, B. van den Hurk, C. Ammann, C. Bernhofer, E. Dellwik, D. Gianelle, B. Gielen,
T. Grünwald, K. Klumpp, L. Montagnani, C. Moureaux, M. Sottocornola, and G. Wohlfahrt
(2010b), Contrasting response of European forest and grassland energy exchange to heatwaves, Nature Geoscience, 3, 722–727.
Tirone, G. (2003), Stima del bilanco del carbonio di due ecosistemi forestali Mediterranei.
Confronto tra una lecceta e una pineta., Ph.D. thesis, University of Tuscia, Viterbo, Italy.
[in Italian].

152

REFERENCES

Twine, T. E., W. P. Kustas, J. M. Norman, D. R. Cook, P. R. Houser, T. P. Meyers, J. H. Prueger,
P. J. Starks, and M. L. Wesely (2000), Correcting eddy-covariance flux underestimates over
a grassland, Agric. For. Meteorol., 103, 279–300.
van den Hurk, B., F. Doblas-Reyes, G. Balsamo, R. D. Koster, S. I. Seneviratne, and H. Camargo Jr (2012), Soil moisture effects on seasonal temperature and precipitation forecast
scores in Europe, Clim. Dyn., 1-2, 349–362.
Vautard, R., P. Yiou, F. D’Andrea, N. de Noblet, N. Viovy, C. Cassou, J. Polcher, P. Ciais,
M. Kageyama, and Y. Fan (2007), Summertime European heat and drought waves induced
by wintertime Mediterranean rainfall deficit, Geophys. Res. Lett., 34 (7), L07711.
Vinnikov, K. Y., and I. B. Yeserkepova (1990), Soil moisture: Empirical data and model
results, J. Climate, 4, 66–79.
Vinnikov, K. Y., A. Robock, N. A. Speranskaya, and C. A. Schlosser (1996), Scales of temporal and spatial variability of midlatitude soil moisture, Journal of Geophysical Research,
101, 763–7174.
Vitart, F., R. Buizza, M. A. Balmaseda, G. Balsamo, J.-R. Bidlot, A. Bonet, M. Fuentes,
A. Hofstadler, F. Molteni, and T. N. Palmer (2008), The new VarEPS-monthly forecasting
system: A first step towards seamless prediction, Q. J. R. Meteorol. Soc., 134, 1789–1799.
Viterbo, P., and A. K. Betts (1999), Impact of the ECMWF reanalysis soil water on forecasts
of the July 1993 Mississippi flood, J. Geophys. Res., 19, 361–366.
Viviroli, D., M. Zappa, J. Gurtz, and R. Weingartner (2009), An introduction to the hydrological modelling system PREVAH and its pre- and post-processing-tools, Environmental
Modelling & Software, 24, 1209–1222.
Wei, J., P. A. Dirmeyer, and Z. Guo (2008), Sensitivities of soil wetness simulation to uncertainties in precipitation and radiation, Geophys. Res. Lett., 35, L15703.
Wilson, K., A. Goldstein, E. Falge, M. Aubinet, D. Baldocchi, P. Berbigier, C. Bernhofer,
R. Ceulemans, H. Dolman, C. Field, A. Grelle, A. Ibrom, B. E. Law, A. Kowalski, T. Meyers, J. Moncrieff, R. Monson, W. Oechel, J. Tenhunen, R. Valentini, and S. Verma. (2002),
Energy balance closure at FLUXNET sites, Agric. Forest Meteor., 113, 223–243.
Wood, A. W., and D. P. Lettenmaier (2008), An ensemble approach for attribution
of hydrologic prediction uncertainty, Geophys. Res. Lett., 35, L14,401, doi:10.1029/
2008GL034648.
Wood, A. W., E. P. Maurer, A. Kumar, and D. P. Lettenmaier (2002), Long-range experimental
hydrologic forecasting for the eastern United States, J. Geophys. Res., 107, D20, doi:10.
1029/2001JD000659.
Wood, E., D. P. Lettenmaier, and V. G. Zartarian (1992), A land-surface hydrology parameterization with subgrid variability for general circulation models, Journal of Geophysical
Research, 97 (D3), 2717–2728.

REFERENCES

153

Wu, W., and R. E. Dickinson (2004), Time scales of layered soil moisture memory in the
context of land-atmosphere interaction, J. Climate, 17, 2752–2764.
Wu, W., M. A. Geller, and R. E. Dickinson (2002), The response of soil moisture to long-term
variability of precipitation, J. Hydrometeorol., 3, 604–613.
Yao, H., and A. P. Georgakakos (2001), Assessment of Folsom lake response to historical and
potential future climate scenarios, J. Hydrol., 249, 176–196.
Zappa, M., and C. Kan (2007), Extreme heat and runoff extremes in the Swiss Alps, Nat.
Hazards Earth Syst. Sci., 7, 375–389.

Acknowledgments
Such a thesis is never possible without help and support from many directions. I want to use
this opportunity to name and to thank the people who made it possible for me to get that far.
First of all, I am indebted to my supervisor, Sonia Seneviratne. Not only did she give me the
opportunity to do this thesis, also her ideas and guidance were very important and inspiring
for me. I learned a lot from her feedback to my research and to my scientific writing. I really
appreciate that despite her tight schedule she always had time for me whenever I needed it,
I could always approach her for discussions or to ask for feedback. Furthermore, I am very
thankful for the spatial and temporal freedom she allowed me, I really appreciated the chance
for my stay at NASA and the possibility to work some weeks from Copenhagen to visit my
girlfriend there. I hope with this thesis I can prove that her trust was justified. Merci beaucoup, Sonia!
I am also very grateful to Randal Koster, my supervisor during my time at NASA. I really
enjoyed our incredibly fruitful scientific discussions. Furthermore I learned from him the lesson of simplicity in science. He took so much time for me and I could always approach him
with any plot or idea I wanted to discuss. My stay at NASA was incredibly valuable to me as
it allowed me to learn a lot about how to do research and how to communicate it (also with
insistent reviewers). Thank you very much, Randy!
I also want to thank the whole landclim group, as well as my jogging mate Corina. I absolutely
enjoyed the time I spend with them. The (working) atmosphere was very nice and everybody
was always ready to help. Also, I will definitely remember the numerous wonderful cakes we
had, and of course also the lunches at Basilikum. Thanks, guys!
Moreover I want to thank the IT support, Urs Beyerle and Dani Lüthi. The cooperation with
them was so smoothly and efficient, such that I can only guess how much time and effort they
have saved me.
Finally, my thanks go to the most important person to me, my best friend and my love,
Barbara.

155

Curriculum Vitae
René Orth
Bächlerstrasse 7
CH-8046 Zürich
Born on 29 July 1986
German citizen

E DUCATION AND PROFESSIONAL TRAINING
Apr. 2010 - May 2013

Jan. 2012 - Mar. 2012

Sep. 2008 - Feb. 2010

Oct. 2005 - Aug. 2008

Eidgenössische Technische Hochschule Zürich, Switzerland
Ph.D. student in the group of Prof. S.I. Seneviratne
at the Institute for Atmospheric and Climate Science

NASA Goddard Space Flight Center, Greenbelt, Maryland, USA
Exchange in the context of my Ph.D., working with Dr. Randal Koster
at the Global Modeling and Assimilation Office

Eidgenössische Technische Hochschule Zürich, Switzerland
Master studies in “Atmospheric and Climate Science”

Eidgenössische Technische Hochschule Zürich, Switzerland
Bachelor studies in “Earth Science”

University of Leeds, UK

Sep. 2007 - Feb. 2008

Aug. 2001 - Jun. 2005

Erasmus exchange semester

Carl-Zeiss Gymnasium Jena, Germany
Obtaining university-entrance diploma

157

158

CURRICULUM VITAE

PUBLICATIONS
Orth, R., and S.I. Seneviratne, 2012: Analysis of soil moisture memory from observations in
Europe. J. Geophys. Res. - Atmospheres, 117, D15115, doi:10.1029/2011JD017366.
Orth, R., R.D. Koster, and S.I. Seneviratne, 2013: Inferring soil moisture memory from
streamflow observations. J. Hydrometeorology, in press.
Orth, R., and S.I. Seneviratne, 2013: Propagation of soil moisture memory to streamflow and
evapotranspiration in Europe. Hydrol. Earth Syst., in press.
Orth, R., and S.I. Seneviratne, 2013: Predictability of soil moisture and streamflow on subseasonal timescales: A case study. J. Geophys. Res. - Atmospheres, in revision.
Orth, R., and S.I. Seneviratne, 2013: Using soil moisture forecasts for sub-seasonal summer
temperature predictions in Europe. Submitted to Clim. Dyn.
AWARDS
“Excellence Scholarship & Opportunity Award” from ETH Zurich
(scholarship awarded to excellent students wishing to pursue a Master’s degree at ETH that covers the
full study and living costs for the whole duration of the degree and that provides the opportunity to
carry out a research project beside the normal studies)

O RAL P RESENTATIONS
National Center for Atmospheric Research, CLM Group Seminar, Boulder, Colorado, USA,
July 2011
NASA Goddard Space Flight Center, GMAO Seminar, Greenbelt, Maryland, USA, March
2012
ETH Zurich - WSL - EAWAG - Uni Zurich "ZHydro" Seminar, Zurich, Switzerland, November 2012
EGU General Assembly, Vienna, Austria, April 2013

P OSTER PRESENTATIONS
WRCP Drought Conference, Barcelona, Spain, March 2011
NRP61 Symposium, Murten, Switzerland, April 2011
EGU General Assembly, Vienna, Austria, April 2011

CURRICULUM VITAE

Swiss Global Change Day, Bern, Switzerland, April 2011
CESM workshop, Breckenridge, Colorado, USA, June 2011
NCCR Summer School, Grindelwald, Switzerland, September 2011
EGU General Assembly, Vienna, Austria, April 2012
NCCR Summer School, Monte Verita, Switzerland, September 2012

159

