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Abstract.

Soil moisture at the catchment scale exhibits a huge spatial variability. This suggests that even a large amount of observation

points would not be able to capture soil moisture variability.

We present a measure to capture the spatial dissimilarity and its change over time. Statistical dispersion among observation

points is related to their distance to describe spatial patterns. We analyzed the temporal evolution and emergence of these5

patterns and use the Mean shift clustering algorithm to identify and analyze clusters. We found that soil moisture observations

from the 19.4 km2 Colpach catchment in Luxembourg cluster in two fundamentally different states. On the one hand, we found

rainfall-driven data clusters, usually characterized by strong relationships between dispersion and distance. Their spatial extent

roughly matches the average hillslope length in the study area of about 500 m. On the other hand, we found clusters covering

the vegetation period. In drying and then dry soil conditions there is no particular spatial dependence in soil moisture patterns10

and the values are highly similar beyond hillslope scale.

By combining uncertainty propagation with information theory, we were able to calculate the information content of spatial

similarity with respect to measurement uncertainty (when are patterns different outside of uncertainty margins?). We were

able to prove that the spatial information contained in soil moisture observations is highly redundant (differences in spatial

patterns over time are within the error margins). Thus, they can be compressed (all cluster members can be substituted by one15

representative member) to only a fragment of the original data volume without significant information loss.

Our most interesting finding is that even a few soil moisture time series bear a considerable amount of information about

dynamic changes of soil moisture. We argue that distributed soil moisture sampling reflects an organized catchment state,

where soil moisture variability is not random. Thus, only a small amount of observation points is necessary to capture soil

moisture dynamics.20
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1 Introduction

Although soil water is by far the smallest fresh water stock on earth, it plays a key role in the functioning of terrestrial

ecosystems. Soil moisture controls (preferential) infiltration and runoff generation and is a limiting factor for vegetation growth.

Plant-available soil water affects the Bowen ratio i.e. the partitioning of net radiation energy in latent and sensible heat, and

last but not least it is an important control for soil respiration and related trace gas emissions. Technologies and experimental5

strategies to observe soil water dynamics across scales have been at the core of the hydrological research agenda for more

than 20 years (Topp et al., 1982, 1984). Since these early studies published by Topp, spatially and temporally distributed

Time Domain Reflectometry (TDR) and Frequency Domain Reflectometry (FDR) measurements have been widely used to

characterize soil moisture dynamics at the transect (eg. Blume et al., 2009) , hillslope (eg. Starr et al., 2002; Brocca et al.,

2007) and catchment scale (eg. Western et al., 2004; Bronstert et al., 2012). A common conclusion for the catchment scale is10

that soil moisture exhibits pronounced spatial variability and distributed point sampling often don’t yield representative data

for the catchment (see eg. Zehe et al. (2010); Brocca et al. (2012) or numerous studies given in 2.2 of Vereecken et al., 2008).

Although large spatial variability seems to be a generic feature of soil moisture, there is also evidence that ranks of distributed

soil moisture observations are largely stable in time as observed at the plot (Rolston et al., 1991; Zehe et al., 2010), hillslope

(Brocca et al., 2007; Blume et al., 2009; Brocca et al., 2009), and even catchment scale (Martínez-Fernández and Ceballos,15

2003; Grayson et al., 1997). This rank stability, which is also often referred to as temporal stability (Vanderlinden et al., 2012),

can i.e. be used to improve sensor networks (eg. Heathman et al., 2009) or select the most representative observation site in

terms of soil moisture dynamics (eg. Teuling et al., 2006). In both cases rank stability assumes some kind of organization in

the catchment, otherwise this representativity would not be observed.

Soil moisture dynamics have been subject to numerous review works (eg. Daly and Porporato, 2005; Vereecken et al., 2008).20

More specifically, the temporal stability of soil moisture was reviewed by Vanderlinden et al. (2012). The authors analyzed

a large number of studies with respect to the controls on time stability of soil water content (TS SWC), but yet "the basic

question about TS SWC and its controls remain unanswered. Moreover, the evidence found in literature with respect to TS

SWC controls remains contradictory" (Vanderlinden et al., 2012, p.2 l.2ff). We want to contribute by proposing a method that

helps to understand how and when spatial soil moisture patterns are persistent.25

Soil moisture responds to two main forcing regimes, namely rainfall driven wetting or radiation driven drying. The related

controlling factors and processes differ strongly and operate at different spatial and temporal scales and the soil moisture

pattern reflects thus the multitude of these influences (Bárdossy and Lehmann, 1998). Hence, we hypothesise that periods

in which different controlling factors were dominant are reflected in fundamentally different soil moisture patterns. This can

manifest itself in changes in the spatial covariance structure (Lark, 2012; Schume et al., 2003), either in form of changing30

nugget to sill ratios (spatially explained variance) (Zehe et al., 2010) or state dependent variogram ranges (spatial extent of

correlation) (Western et al., 2004). In a homogeneous, flat and non-vegetated landscape the soil moisture pattern shortly after a

rainfall event would be the imprint of the precipitation pattern and provide predictive information about its spatial covariance.

In contrast, in a heterogeneous landscape driven by spatially uniform block rain events, the spatial pattern of soil moisture
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would be a largely stable imprint of different landscape properties controlling through-fall, in�ltration as well as vertical and

lateral soil water redistribution. Without further forcing, the spatial pattern will gradually dissipate due to soil water potential

depletion and by lateral soil water �ows. We therefore hypothesize that differences in soil moisture (across space) are higher

shortly after a rainfall event and are dissipated afterwards.

Landscape heterogeneity is thus a perquisite for temporarily persistent spatial patterns found in a set of soil moisture time se-5

ries. While most catchments are strongly heterogeneous, it is striking how spatially organized they are (Dooge, 1986; Sivapalan,

2003; McDonnell et al., 2007; Zehe et al., 2014; Bras, 2015). Spatial organization manifests for instance through systematic

and structured patterns of catchment properties, such as a catena. This might naturally lead to a systematic variability of those

processes controlling wetting and drying of the soil. One approach to diagnose and model systematic variability is based on

the covariance between observations in relation to their separating distance (Burgess and Webster, 1980) and geo-statistical10

interpolation or simulations methods (Kitanidis and Vomvoris, 1983; Ly et al., 2011; Pool et al., 2015).

A spatial covariance function describes how linear statistical dependence of observations declines with increasing separating

distance up to the distance of statistical independence. This is often expressed as experimental variogram. Geostatistics relies

on several assumptions such as second order stationarity (see e.g. Lark (2012) or Burgess and Webster (1980)), which are

ultimately important for interpolation. Due to the above-mentioned dynamic nature of soil moisture observations, the most15

promising avenue for interpolation would be a spatio-temporal geostatistical modeling of our data (Ma, 2002; De Cesare et al.,

2002; Ma, 2003; Snepvangers et al., 2003; Jost et al., 2005).

However, here we take a different avenue, as we do not intend to interpolate. One of our goals is to detect dynamic changes

in the spatial soil moisture pattern. Following Sampson and Guttorp (1992) we relate the statistical dispersion of soil moisture

observations to their separating distance to characterize how their similarity and predictive information declines with this20

distance (see section 2). More speci�cally, we analyze temporal changes in the spatial dispersion of distributed soil moisture

data and hypothesize that a grouping of the data is possible solely based on the changes in spatial dispersion. We want to �nd

out whether typical patterns emerge in time, how those relate to the different forcing regimes and whether those patterns are

recurrent in time. The latter is an indicator for predictability and (self) - organization in dynamic systems (Wendi and Marwan,

2018; Wendi et al., 2018).25

Zehe et al. (2014) argued that spatial organization manifests through a similar hydrological functioning. This is in line

with the idea of Wagener et al. (2007) on catchment classi�cation, or the early idea of a geomorphological unit hydrograph

(Rodríguez-Iturbe et al., 1979; Sivapalan et al., 2011; Patil and Stieglitz, 2012). Recently, Loritz et al. (2018) corroborated the

idea of Zehe et al. (2014) and showed that hydrological similarity of discharge time series implies that they are redundant.

Redundancy in our context means that new observations (over time) do not add signi�cant new information to the data set of30

spatial dispersion. Thus, they can be compressed without information loss (Weijs et al., 2013). This combination of compression

rate and information loss is understood to be a measure of spatial organization in our work. More speci�cally, Loritz et al.

(2018) showed that a set of 105 hillslope models yielded, despite their strong differences in topography, a strongly redundant

runoff response. Using Shannon entropy (Shannon, 1948) Loritz et al. (2018) showed that the ensemble could be compressed
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Figure 1. Attert experimental catchment in Luxembourg and Belgium. The purple dots show the sensor cluster stations installed during the

CAOS project. Here we focus on those cluster stations within the Colpach catchment. Figure adapted after Loritz et al. (2017).

to a set of 6 to 8 typical hillslopes without performance loss. Here we adopt this idea and investigate the redundancy of patterns

in spatially distributed soil moisture data along with their compressibility.

The core objective of this study is to provide evidence that distributed soil moisture time series provide, despite their strong

spatial variability, representative information on soil moisture dynamics. More speci�cally, we test the following hypotheses:

– H1: Radiation-driven drying and rainfall-driven wetting leave different �ngerprints in the soil moisture pattern.5

– H2: Both forcing regimes and their seasonal variability may be identi�ed through temporal clustering of dispersion

functions.

– H3: Spatial dispersion is more pronounced during and shortly after rainfall driven wetting conditions.

– H4: Soil moisture time series are redundant, which implies they are compressible without information loss. However,

the degree of compressibility is changing over time.10

We test these hypotheses using a distributed soil moisture data set collected in the Colpach catchment in Luxembourg. In

section 2 we give an overview of the study site and our method. The results section consists of three parts: spatial dispersion

functions, temporal patterns in their emergence and some insights on generalization (or compressibility) of these functions,

followed by a discussion and summary.
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