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Abstract Groundwater levels are typically measured at only a limited number of points in a catchment.

Thus, upscaling these point measurements to the catchment scale is necessary to determine subsurface

!ow paths and runoff source areas. Here we present a data!driven approach composed of time series

clustering and topography!based upscaling of shallow, perched groundwater dynamics using groundwater

data from 51 monitoring sites in a 20!ha prealpine headwater catchment in Switzerland. The agreement

between the upscaled (modeled) and measured groundwater dynamics was strong for most of the 19!month

study period for the upslope and footslope locations but weaker at the beginning of events and for the

midslope locations. However, these differences between measured and modeled groundwater levels did not

signi"cantly affect modeled groundwater activation, that is, the time when groundwater levels were

within the more transmissive soil layers near the soil surface. The resulting groundwater activation maps

represent the groundwater response across the catchment and highlight the dynamic expansion and

contraction of the subsurface runoff source areas, particularly along the channel network. This is in

agreement with the variable source area concept. However, there were also isolated active zones that did not

get connected to the stream during rainfall events, highlighting the need to distinguish between variable

active and variable stream!connected runoff source areas. Our data!driven approach to upscale point

measurements of shallow groundwater levels appears useful for studying catchment!scale variations in

groundwater storage and connectivity and thus may help to better understand runoff generation in

mountain catchments.

Plain Language Summary For a better understanding of how runoff in streams is generated, we

need to know how groundwater levels respond across a catchment. However, groundwater can usually

only be measured at a few selected points, and interpolation between these points does often not result in

realistic groundwater response patterns. Here we present a data!driven approach based on groundwater

level data from 51 sites in a catchment in Switzerland for a 19!month study period. We grouped the

monitoring sites into six clusters with similar groundwater level dynamics. We then determined the

topographic characteristics of the sites in each cluster and assigned the average relative groundwater level

for the monitoring sites in a cluster to all other sites in the catchment with similar topographic

characteristics. By doing so, we created sequences of maps of groundwater levels across the entire study

catchments. These maps show an expansion and contraction of the areas where the groundwater level is

close to the surface and which of these areas are connected to the stream channels. These maps are useful to

identify from which parts of the catchment streamwater may come during a rain event, which helps to

improve our understanding of runoff generation processes.

1. Introduction

Mapping runoff source areas and their connectivity to the stream network and understanding the processes

and factors that affect their dynamics improve our understanding of catchment!scale stream!ow generation

processes (Jencso et al., 2009; McGlynn & Seibert, 2003; Nippgen et al., 2015; Tetzlaff, Soulsby, Waldron,

et al., 2007). The spatial and temporal change in the extent of runoff source areas and their hydrologic

connectivity to the stream are also of key importance to understand the temporal and spatial variability in

nutrient transport (Creed et al., 1996; Dick et al., 2015; Thompson et al., 2012; Vidon & Hill, 2004), stream

solute concentrations (Ali et al., 2010; Fischer et al., 2015; McGlynn & McDonnell, 2003), mean transit
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times (McGlynn, 2004; McGuire, 2005; Tetzlaff et al., 2009; Yang et al., 2018), and aquatic habitats (Soulsby

et al., 2016; Tetzlaff, Soulsby, Bacon, et al., 2007).

In most undisturbed humid catchments, saturated overland !ow occurs only in a small part of the catch-

ment, mainly near the stream channel. This area expands and contracts during events and seasonally (vari-

able source area concept; Cappus, 1960; Tsukamoto, 1961; Hewlett & Hibbert, 1967; Kulasova et al., 2014;

Rinderer et al., 2012). Subsurface storm!ow is generally a more important contributor to stream!ow than

overland !ow (Hewlett & Hibbert, 1963; Tsukamoto, 1963) and usually requires the development of a

perched groundwater table above a less permeable layer (e.g., at the soil!bedrock interface) or the rise of

the water level into higher permeability soil layers. Subsurface contributing areas can expand upslope (satu-

rated wedge theory; Weyman, 1973) during rainfall events, but "eld studies have shown that subsurface !ow

may also start in shallow soil regions near the ridge and expand downward (Penna et al., 2015; Tromp!van

Meerveld & McDonnell, 2006; van Meerveld et al., 2015) or that different parts of a catchment connect

throughout an event (Jencso et al., 2009; Nippgen et al., 2015). Because not all areas with shallow ground-

water have a continuous hydrologic connection to the stream and can directly contribute to stream!ow, it

is important to distinguish between hydrologically active areas and hydrologically connected areas. Active

areas are de"ned here as areas in a catchment for which the groundwater level is within the transmissive

soil layers, whereas connected areas are de"ned here as the spatial extent of all active areas for which

there is a continuous connection via other active areas to the stream (Ambroise, 2004; Engman, 1974;

Nippgen et al., 2015). It is generally assumed that there is lateral !ow of water toward the stream from

all the connected areas. However, it is important to note that this water not necessarily reaches the

stream on the even time scale, if the distance to the stream is too long or the hydraulic conductivity of

the transmissive soil layer is too low. The water can also be partly subject to in"ltration into the under-

lying soil layer before reaching the stream (Klaus & Jackson, 2018). The slow responding regional ground-

water !ow system can also contribute to stream!ow (Toth, 1963; Winter, 2001), and intercatchment

groundwater !ow may be important for some catchments (Iwagami et al., 2010; Uchida & Asano,

2010; Welch et al., 2012). However, for rainfall events in small headwater catchments, hydrological con-

nectivity of fast subsurface storm!ow is often a dominant factor in!uencing the stream!ow response

(Blumstock et al., 2016; McNamara et al., 2005; Penna et al., 2015; Seyfried et al., 2009; Stieglitz et al.,

2003; Tromp!van Meerveld & McDonnell, 2006).

Surface runoff areas can be determined by mapping the extent of saturated areas seasonally or during events

(Dunne & Black, 1970; Rinderer et al., 2012). While this mapping is restricted to relatively small areas, the

resulting temporally discontinuous maps of contributing areas are a simple (but time consuming) approach

to calibrate models or to verify remote sensing data (Ali et al., 2014; Birkel et al., 2010; Blazkova et al., 2002).

Thermal infrared cameras can be used to obtain more continuous information on the changes in saturated

areas over time for small areas in the riparian zone or at the foot of hillslopes (e.g., Glaser et al., 2016; Glaser

et al., 2018; P"ster et al., 2010).

Subsurface contributing areas are more dif"cult to determine and are generally inferred from the presence or

absence of a perched water level above a low conductivity layer (Ali et al., 2011; Jencso et al., 2009; Jencso &

McGlynn, 2011; van Meerveld et al., 2015) or the rise of the water level into a higher conductivity layer

(Bishop et al., 2011; Rinderer et al., 2014). However, groundwater level information is typically only avail-

able for a few monitoring wells in a catchment, and the spatial variability in groundwater levels is high

(Bachmair & Weiler, 2012; Lyon et al., 2006). This makes interpolation of groundwater levels dif"cult.

Basic interpolation methods such as Inverse Distance Weighting (Shepard, 1968) or Kriging (Delhomme,

1978) assume that spatial distance is a good criterion for estimating similarity in groundwater levels

(Tobler, 1970). While this may hold for !atter areas or gentle slopes, several studies have shown that these

methods are less appropriate for interpolation of the depth to groundwater in mountainous environments

where groundwater levels can vary signi"cantly over a distance of just a few meters (Bachmair & Weiler,

2012; Tromp!van Meerveld & McDonnell, 2006) and landscape position and local morphology are more

important predictors of groundwater dynamics (McDonnell, 1990; Mosley, 1979; Rinderer et al., 2014;

Sklash et al., 1986). In such terrain, interpolation methods that incorporate auxiliary information, such as

topography, landscape!category, or vegetation patterns (e.g., indicator kriging or kriging with external drift),

may work better (Desbarats et al., 2002; Lyon et al., 2006; Peeters et al., 2010). Geostatistical methods have

also been used to study soil moisture patterns (Grayson, 2001; Rosenbaum et al., 2012; Western et al., 1998);
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the semivariogram has been shown useful to determine characteristic length scales of groundwater and soil

moisture data (Western et al., 2001).

Topographic indices derived from Digital Elevation Models (DEMs) have been used to identify areas in the

catchment that are likely to generate runoff (Ali et al., 2014; Ali & Roy, 2010; Jencso et al., 2009; Lessels et al.,

2016; Tetzlaff, Soulsby,Waldron, et al., 2007). The TopographicWetness Index (TWI; Beven &Kirkby, 1979),

for instance, is often used in conceptual hydrological models (e.g., TOPMODEL) to simulate the distribution

of the groundwater table across a catchment. A number of empirical studies (Anderson & Burt, 1978; Burt &

Butcher, 1985; Detty & McGuire, 2010; Rinderer et al., 2014; Rinderer et al., 2016) have shown that it is

indeed a good predictor of the median groundwater level and the groundwater response timing.

Approaches that combine groundwater level data from wells and topographic analyses can be very useful to

understand catchment!scale groundwater dynamics. Empirical data from 84 recording groundwater wells in

the Tenderfood Creek Experimental Forest inMontana revealed that the fraction of time that hillslopes were

hydrologically connected to the stream was highly correlated with the upslope accumulated area (Jencso

et al., 2009). This functional relation was then applied to the entire catchment to derive an annual landscape

connectivity duration curve, which was highly correlated to the annual !ow duration curve at the catchment

outlet (Jencso et al., 2009). Smith et al. (2013) divided the catchment into stream reaches and determined the

change in storage for each adjacent hillslope based on a simple mass balance approach. By applying a

hillslope!speci"c storage threshold, which was a function of the upslope contributing area so that large hill-

slopes exceed this threshold more often, the total out!ow of a hillslope became a function of the duration of

hydrological connectivity. The empirical network connectivity curve (Jencso et al., 2009) was also used to

calibrate a watershed!scale storage threshold that was applied to individual cells of a spatially distributed

hydrological model (Nippgen et al., 2015). Cells that exceeded the threshold were considered active, and con-

tinuous chains of active cells along the surface gradient were connected to allow identi"cation of the tem-

poral changes in runoff source areas and connectivity patterns at the catchment scale. While these studies

for the Tenderfoot Creek Experimental Forest highlight the use of point measurements of groundwater

together with topographic analyses to understand hydrologic connectivity and stream!ow dynamics, the

groundwater measurements were only taken at the base of hillslopes (Jencso et al., 2009; Jencso et al.,

2010; Jencso & McGlynn, 2011), and the derived indices of hillslope!riparian zone!stream connectivity

ignored the spatial variability in connectivity within hillslopes. Therefore, it is useful to also explore other

ways to upscale point measurements of groundwater levels to study hydrological connectivity

across catchments.

Hydrological models can also be used to obtain information on the likely subsurface source areas. Even

though there is a growing number of conceptual or physically based modeling studies that investigate the

spatial and temporal source area dynamics (Hopp & McDonnell, 2009; Weiler & McDonnell, 2004; Yang

et al., 2018), validation of the simulated spatial patterns in groundwater levels remains limited (Loague &

Ebel, 2016). Field studies on catchment!scale patterns of runoff sources are still rare (Burt & McDonnell,

2015), and the data to test (and/or parameterize) the models are thus often not available.

Here we use shallow perched groundwater level data from 51 groundwater monitoring wells, time series

clustering, and topography!based upscaling to extrapolate point!scale groundwater level measurements to

the catchment scale and then use these modeled catchment!scale groundwater patterns to obtain informa-

tion about the spatial and temporal dynamics of the subsurface runoff source areas. We focus on hydrologi-

cal connectivity, that is, conditions by which disparate regions of a catchment (i.e., hillslopes) can provide

water to the stream network via a continuous subsurface !owpath (e.g., a conductive soil layer or preferen-

tial !ow path); (after Hornberger et al., 1994; Creed & Band, 1998). We acknowledge that hydraulic connec-

tivity is another important mechanism that contributes water from near!stream areas (often the riparian

zone) to the stream via a pressure response of hydraulically connected areas of the catchment, but this is

not subject of this study. More speci"cally, we address the following questions:

1. How robust are predictions of groundwater levels for an entire catchment based on time series clustering

and topographic characteristics, and is the robustness of the predictions affected by the chosen ground-

water activation threshold, antecedent wetness conditions or rainfall event characteristics?

2. Which portions of the landscape are hydrologically connected to the stream network during storm events

and different seasons? Where are the areas that are always/never hydrologically connected to the stream,
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and to what extent are the dynamics of the active and the connected areas during rainfall events consis-

tent with the variable source area concept?

2. Methods

2.1. Study Catchment

For the analyses, we used shallow groundwater and discharge data from the 20!ha prealpine “Studibach”

(C7) headwater catchment. The catchment is located in the Alptal, 40 km southeast of Zurich,

Switzerland (Figure 1), and ranges in elevation from 1,270 to 1,650 m above sea level (a.s.l.). The main gau-

ging station is located ~1 km (380!m elevation) downstream of the water divide and ~1 km (170!m elevation)

upstream of the con!uence with the Zwackentobel in the main valley bottom. The catchment has steep

slopes that alternate with more gentle parts and depressions that originated from landslides and soil creep.

The average slope is 35%. There are almost no !at valley bottom areas with a riparian zone (<1% of the catch-

ment area). Due to the high annual precipitation (2,300 mm/year, of which one third falls as snow) and low

permeability gleysols, the water levels are close to the surface in many areas of the catchment. Soil depth var-

ies between 0.5 and 1 m on ridge sites and between 1 and 2.5 m in depressions. The bedrock consists of

Flysch, a clay!rich and poorly draining bedrock comprising of calcareous sandstone and argillite and bento-

nite schist layers (Mohn et al., 2000).

The mineral soil in the moor areas is classi"ed as a mollic Gleysol, with typically a 10! to 30!cm!thick Ah

horizon (43% sand, 43% silt, and 14% clay), a permanently reduced Bg horizon (27% sand, 45% silt, and

28% clay), and an underlaying Cv horizon (32% sand, 38% silt, and 30% clay); (Weiler et al., 1998). The stee-

per, better drained areas are covered by forest (typically: Picea abies L. with an understory of Vaccinium sp.;

Hagedorn et al., 2000) and have an umbric Gleysol with an Ah horizon (21% sand, 41% silt, and 38% clay), an

oxidized Bw horizon (15% sand, 45% silt, and 40% clay), and a Cv horizon (23% sand, 39% silt, and 38% clay);

(Weiler et al., 1998). The vertical and horizontal saturated hydraulic conductivity of a neighboring grassland

site is 2 ! 10!5, 3 ! 10!6, and 3 ! 10!6 m/s and 1.7 ! 10!3, 5 ! 10!5, and 2 ! 10!5 m/s for the Ah, Bg, and Cv

soil horizon, respectively. The corresponding values of a forested site are 1! 10!5, 1 ! 10!5, and 4 ! 10!7 m/s

and 8 ! 10!5, 5 ! 10!5, and 4 ! 10!7 m/s for the Ah, Bw, and Cv soil horizon, respectively (Weiler et al.,

1998). The lateral conductivity is up to 2 orders of magnitude larger than the vertical hydraulic conductivity,

promoting lateral !ow on the steep hillslopes (Feyen et al., 1999;Weiler et al., 1998). Given that the saturated

hydraulic conductivity decreases sharply with soil depth, fast subsurface !ow is expected only to occur in the

uppermost 0.3 m of the soil pro"le. For a detailed description of the catchment, see Rinderer et al. (2014) and

van Meerveld et al. (2018).

2.2. Field Measurements

Shallow (perched) groundwater levels were measured in 51 shallow groundwater wells located across the

study catchment. The groundwater monitoring sites were selected based on the frequency distribution of

the TWI (Beven & Kirkby, 1979), which is a good predictor of median groundwater levels in this catchment

(Rinderer et al., 2014). The frequency distribution of the TWI was divided into eight classes, and the coordi-

nate of the pixel with the median TWI value for each class was chosen for installation of the well. This was

done for the entire catchment and for six nested subcatchments (for more details, see Rinderer et al., 2014).

The monitoring sites included 8 ridge sites, 22 midslope locations, and 21 footslope or depression locations.

Twenty sites were forested, and 31 were located in grassland; 25 were located in amollic Gleysol and 26 in an

umbric Gleysol. The wells were installed by hand to the depth of refusal, which on average was 1.06 m below

the surface (range: 0.45 to 2.16 m). The wells were screened over their entire length, except the top 10 cm,

and sealed with bentonite at the soil surface to avoid surface runoff entering the bores. Groundwater levels

weremeasured at a 5!min interval during the 2010 to 2014 summermonths using Odyssey capacitance water

level loggers (Data!ow Systems Pty Limited).

Stream stage was measured at a natural cross section at the catchment outlet at a 5!min time interval using a

pressure transducer (DL/N 70 by STS, Sensor Technik Sirnach AG). Stage was converted into stream!ow

using a site!speci"c rating curve based on salt dilution measurements that covered 58% of the range of

observed stages. Stream stage was higher than the measurements used to create the stage!discharge relation-

ship for only 1% of the 4!year study period.
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Air temperature, precipitation, and barometric pressure were measured at a weather station located 1 km

northwest of the catchment at 1219 m a.s.l. We do not have reliable information on the spatial variability

of the meteorological variables within the 20!ha catchment for the study period, but based on the relatively

small size of the catchment, we assume that this variability is small.

Topographic characteristics (i.e., TWI, slope, upslope contributing area, and curvature) of the monitoring

sites were derived from a 6 ! 6 m DEM using a multiple !ow direction algorithm (Seibert & McGlynn,

2007). Similar to Rinderer et al. (2014, 2016, 2017), sites with a TWI >6, a local slope <30%, and an upslope

contributing area >600 m2 are de"ned as footslope sites. Upslope sites are de"ned as sites with a TWI <4, a

local slope >50%, and an upslope contributing area <200 m2, whereas midslope sites have a TWI between 4

and 6, a local slope between 30% and 50%, and an upslope contributing area between 200 and 600 m2.

2.3. Data Analysis Methods

2.3.1. Upscaling of the Measured Groundwater Responses to the Catchment Scale

2.3.1.1. Step 1: Clustering of Monitoring Sites Based on the Groundwater Time Series Similarity

For the analyses, we selected 19months between 2010 and 2014 for which data were available for at least two

thirds of all groundwater monitoring sites. The groundwater level and stream!ow time series were sub-

sampled at a 15!min time interval to reduce noise in the data. The groundwater level time series were nor-

malized by the soil depth (1 at the soil surface and 0 at the bottom of the well) to allow extrapolation across

the study site because soil depth data are not available for the entire catchment (cf. Rinderer et al., 2017).

To quantify the similarity between the stream!ow and groundwater level time series, we determined the

integral (sum of distances) between the two time series and used this similarity measure in the subsequent

time series clustering procedure. Because small differences in the timing of the water level loggers, for

instance, due to an offset of the internal clocks, would cause an arti"cial shift between the time series and

thus strongly in!uences the similarity measure, we applied Dynamic Time Warping as a preprocessing step

(Sakoe & Chiba, 1978). This method involves a limited stretching or compression of the time axis to compen-

sate for small differences in the timing. We allowed for a maximum warping of 30 min in order to prevent

distortion of the original time series (for more information and a graphical illustration of the method, see

Rinderer et al., 2017). The Distance!based Time!Warped similarity (DTW) was calculated using the

MATLAB function of Skov et al. (2006).

The groundwater level dynamics at the different wells were grouped using the DTW!based similarity mea-

sure and hierarchical clustering for each of the 19 months. The optimal number of clusters was based on

the Calinski criterion (Calinski & Harabasz, 1974) and varied for the different months between four and

Figure 1. Map of the study catchment with the 51 groundwater monitoring sites. The colors represent the groundwater dynamics clusters to which the monitoring
sites assigned (for a description of the characteristics of the clusters, see Table 1).
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seven clusters. For consistency, a classi"cation with six clusters was chosen because it was able to split the

groundwater time series according to the mean water level (deep, intermediate, and shallow) and amplitude

of the variations (small and large). Classi"cations with four clusters had higher within!cluster variability of

topographic site characteristics, whereas classi"cations with seven clusters resulted in two clusters with only

one member.

The persistence of the assignment of individual groundwater monitoring sites to one of the six clusters was

quanti"ed by the Krippendorff's Alpha (K), a measure to assess the degree of agreement between multiple-

classi"cations (Krippendorff, 2004). Krippendorff's Alpha has a value of 1 if the monitoring sites are assigned

to the same cluster for each of the 19 months and a value of 0 if the classi"cations are assigned randomly

(Krippendorff, 2011). The "nal assignment of each groundwater monitoring site to one of the six clusters

was based on the most frequent cluster assignment for the 19 months. All following data analyses, including

the analysis of the seasonal connectivity patterns, were based on this "nal (i.e., most frequent) cluster assign-

ment (named time series!based classi!cation hereafter).

2.3.1.2. Step 2: Assignment of All Sites in the Catchment to a Groundwater Cluster Based

on Topography

The topographic site characteristics that were distinctly different for the six clusters (TWI and curvature; see

section 3.2) were used to assign each pixel in the catchment to one of the six groundwater clusters. In the

following, this catchment!scale classi"cation is named topography!based classi!cation.

The agreement between the time series!based classi"cation of a groundwater monitoring site and the

topography!based classi"cation for the corresponding pixel was assessed using several measures. A true

positive class assignment means that the time series!based classi"cation (true condition) and the

topography!based classi"cation (predicted condition) assigned a site to the same cluster. A true negative

classi"cation means that a site is not assigned to a certain cluster by neither the time series!based clustering

nor the topography!based clustering. A false positive classi"cation means that a site is assigned to a certain

cluster (e.g., cluster 1) by the topography!based classi"cation (predicted condition) when, in fact, it is not a

member of this cluster according to the time series!based classi"cation (true condition; type!I error). A false!

negative class assignment means that a site is assigned to a certain groundwater cluster by the time series!

based classi"cation (true condition), but the topographically based classi"cation (predicted condition)

results in a different cluster assignment (type!II error).

1. The confusion matrix (Table 2) shows the classi"cation offset between the two classi"cations, that is, the

number of sites that belong to a certain cluster according to the time series!based classi"cation and

according to the topography!based classi"cation.

2. The Positive Predictive Value (PPV; also called Producer's Accuracy) quanti"es the proportion of classi-

"cations that are the same for the time series!based classi"cations and the topography!based classi"ca-

tions (PPV close to 1 is good). More speci"c, PPV is de"ned as the ratio between the sum of the true!

positive class assignments divided by the sum of true!positive and false!positive class assignments

(Stehman, 1997).

3. The True Positive Rate (TPR; also called User's Accuracy) describes the proportion of sites that are

assigned to a certain class by both classi"cations relative to the sum of sites that either consistently have

or have not been assigned to that class by both classi"cations (TPR close to 1 is good). More speci"c, TPR

is de"ned as the ratio between the sum of true!positive class assignments divided by the sum of true!

positive and false!negative cluster assignments (Stehman, 1997).

4. The Accuracy is de"ned as the ratio between the sum of true!positive and true!negative cases divided by

the sum of all cases in the total population (Stehman, 1997). The Accuracy is the proportion of the sites

that either have or have not been assigned to a certain class by both classi"cation schemes relative to the

total number of classi"cations (Accuracy close to 1 is good).

In addition, we calculated Cohen's Kappa (CK) (Cohen 1960), a statistical measure to assess the agree-

ment of categorical data set, such as classi"cations. CK is 0 if two classi"cations do not agree at all

and is theoretically 1 if they fully agree. However, when classes are not assigned with equal frequency,

the maximum attainable CK values (CKmax) is smaller than 1. Therefore, we use the ratio of

CK/CKmax as a measure of agreement (see Sim & Wright, 2005, and Rinderer et al., 2012, for equations

and a more detailed explanation of CK).
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2.3.1.3. Step 3: Assigning a Water Level to Each Pixel

For each time step, we calculated the mean of the relative groundwater levels for all wells in a cluster and

assigned this mean value to each pixels of that cluster. This yielded the time series of estimated (perched)

groundwater levels relative to the soil depth for each pixel (called modeled relative groundwater levels in

the following). These modeled relative groundwater level values were converted to absolute groundwater

levels below the surface using the estimated soil depth for each pixel. Detailed maps of soil depth are not

available, and therefore, the soil depth was estimated for each pixel based on the linear relation between

the measured soil depth (D, cm) and local slope (S, %) at the 51 monitoring sites (D= 152.5 – 1.31 S; adjusted

R2: 0.19, p < 0.001, standard error: 0.34 m). The low correlation and relatively large standard error causes a

mismatch between the modeled and observed soil depth for each pixel. It results in a bias in the modeled

total groundwater storage but has a much smaller effect on the dynamics of the total groundwater storage.

Furthermore, this effect is expected to largely balance out over the large number of pixels for the entire

catchment (n = 5685). We tested other topographic site characteristics and combinations of site characteris-

tics to predict the soil depth, but none of them led to a better prediction (i.e., higher correlation or lower stan-

dard error). To test the in!uence of the soil depth estimation on the active and connected area (see

section 2.3.2), we also generated an alternative soil depth map based on kriging with external drift. This is

a more sophisticated interpolation methods that incorporates the spatial autocorrelation of soil depth and

additional auxiliary variables (in our case slope) to interpolate soil depth for the catchment. For this analysis,

we "tted an exponential function to the variogram with a cutoff equal to 150 m.

2.3.2. Determination of Active and Connected Areas Across the Catchment

Because the hydraulic conductivity decreases sharply with depth below the soil surface in the Gleysols of this

catchment, signi"cant lateral subsurface !ow is expected to occur only in the shallow soil layers close to the

soil surface (Feyen et al., 1999). Because the soil pro"le and soil hydraulic properties are not known for each

pixel, several response thresholds were tested: A pixel was considered to be hydrologically active when the

water level was within the top 10, 20, or 30 cm of the soil pro"le. The 10!cm response threshold re!ects near!

saturated soil conditions, while the 20! and 30!cm thresholds represent water levels in the higher conductiv-

ity topsoil. The results shown in the graphs and tables in this manuscript are for the 20!cm threshold sce-

nario, unless explicitly stated otherwise.

The subsurface !ow network was represented as a graph network composed of 5685 nodes (i.e., the 6 by 6 m

pixels for the study catchment) with the steepest downslope connection to one of the eight neighboring pix-

els (D8 !ow direction algorithm; O'Callaghan &Mark, 1984) as the direction to which most subsurface !ow

was expected to occur. Based on graph theory, all active pixels with a continuous connection to the nearest

stream via other active pixels (called connected pixels in the following) could be separated from active pixels

where groundwater levels exceeded the threshold but the pixel had no continuous connection via other

active pixels to a stream channel. We used the R!package igraph for building the graph network, which con-

sists of a network of nodes (pixels) connected by their DEM!derived !owpaths. This graph!based spatial

representation of the catchment allows very ef"cient queries on the active or connected status of neighbor-

ing pixels and has computational advantages compared to a raster!based approach. For each time step, we

determined for each pixel if it was active and hydrologically connected, resulting in maps of modeled active

and connected groundwater areas across the catchment.

The accuracy of the catchment!scale maps of active areas was assessed by calculating the fraction of wells for

which the active state agreed (i.e., the measured water level was above the threshold and the modeled state

for the corresponding pixel was active as well, and vice versa) This analysis was done for all time steps of the

19!month study period, resulting in time series of the fraction of agreement between measured and modeled

groundwater activation. Since the descriptive statistics for this time series are biased toward base!ow condi-

tions (which occur more often than the high !ows), we also calculated the fraction of agreement between

measured and modeled groundwater activation for 49 rainfall events. To select the rainfall events, "rst all

rainfall events with total rainfall !5 mm or a maximum rainfall intensity of !3 mm/15 min were identi"ed

and events with multiple peaks, without a clear recession (i.e., speci"c discharge did not decline to a value

that was similar to that at the beginning of the event), and events with a groundwater response but no

stream!ow response or vice versa were excluded from the set of events (cf. Rinderer et al., 2016). The remain-

ing 49 rainfall events were grouped into four rainfall event types (1a: low!intensity/dry conditions [n = 5],

1b: low!intensity/wet conditions [n = 8], 2a: moderate!intensity/dry conditions [n = 18], and 2b:
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moderate!intensity/wet conditions [n = 18]) based on the mean event rainfall intensity of 1.8 mm/hr that

caused a water level response for at least 10% of all sites and the mean 3!day sum of antecedent rainfall,

which was 10 mm. These thresholds were chosen to be consistent with Rinderer et al. (2016), even though

the number of events differed for the different rainfall event types and the sample size for some of the event

types was small. The signi"cance of the difference in the median of the average fraction of agreement (i.e.,

agreement between measured and modeled groundwater activation during the event) for the four rainfall

event types was tested using a Kruskal!Wallis signi"cance test (Kruskal & Wallis, 1952) with a Bonferroni

correction (Dunn, 1961). The difference in the median of the average fraction of agreement between mea-

sured and modeled groundwater activation for the different activation thresholds (i.e., 10, 20, and 30 cm)

was assessed similarly.

All data preprocessing and data analyses were done in R (R Developer Community) using custom!made

functions and functions from the stats, hclust, irr, igraph, and hydroGOF packages. For all statistical ana-

lyses, we used a 0.05 signi"cance level.

2.3.3. Uncertainty Assessment

We tested the sensitivity of the active and connected areas to potential misclassi"cations of sites to the

groundwater response clusters. To do this, we randomly assigned pixels to a new cluster according to the fre-

quency of the disagreement between the topography!based and time series!based groundwater clusters. We

did this 100 times and calculated the maps and time series of active and connected area for each new classi-

"cation for one of the study months (August 2013, which was characterized by frequent groundwater

responses of different magnitudes). Computational demand prevented us from repeating this procedure

more often. We then compared the time series of the fraction of the catchment area that was active and con-

nected based on the classi"cation that we used in the study (i.e., based on the most frequent cluster assign-

ment; called baseline classi!cation in the following) with the time series of the median fraction of the

catchment area that was active and connected for the 100 alternative classi"cations, using the root mean

squared error (RMSE), the correlation coef"cient (COR), and the Nash & Sutcliff Ef"ciency (NSE) (Nash

& Sutcliffe 1970). It should be noted that the results of this sensitivity study are conservative as the random

reassignment of pixels to another cluster does not account for spatial autocorrelation.

In addition, we tested the sensitivity of the time series of the active and connected areas to the soil depth esti-

mates. We compared the time series of the fraction of the catchment that was active and connected based on

the soil depth map from the linear regression with slope and soil depth map determined by kriging with

external drift (see details above). As the RMSE was very low (0.0003, 0.0004, and 0.0000 [relative soil depth

in %] for the active area and 0.0005, 0.0009, and 0.0000 [relative soil depth in %] for the connected area and

the 10!, 20!, and 30!cm threshold scenario, respectively) and the COR and the NSE (Nash & Sutcliffe, 1970)

were close to 1 (0.9960, 0.9995, and 1.0000 for the active area and 0.9955, 0.9996, and 1.000 for the connected

area and the 10!, 20!, 30!cm threshold scenario, respectively), we only show the time series and maps of the

active and connected areas based on the soil depth map derived from the linear regression of soil depth

on slope.

3. Results

3.1. Groundwater Time Series Clustering

The DTW!based similarity measure of Rinderer et al. (2017) was used as the distance measure in the hier-

archical clustering to group the 51 groundwater monitoring sites into six groundwater response clusters.

Five sites were assigned to the same cluster for all 19 study months, 19 sites were assigned to two different

clusters, 17 sites to three different clusters, 9 sites to four different clusters, and 1 site was assigned to "ve

different clusters. The overall agreement of the cluster assignment for the 19 months, quanti"ed by the

Krippendorff's Alpha (K), was 0.49. The "nal assignment of a monitoring site to a cluster based on the most

frequent cluster assignment for each site resulted in a relatively similar number of sites in each cluster (clus-

ter 1: 9 sites, cluster 2: 5 sites, cluster 3: 5 sites, cluster 4: 6 sites, cluster 5: 6 sites, and cluster 6: 13 sites). Seven

of the 51 groundwater monitoring sites could not be assigned to a cluster because the data were available for

less than two thirds of the study period. The relative groundwater levels for the wells in each cluster were

signi"cantly different in terms of the mean relative groundwater level, the amplitude, and the rate of

recession (Figure 3b).
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3.2. Distribution of Clusters Across the Catchment

In order to be able to assign all pixels in the catchment to a cluster, the within! and between!cluster varia-

bility of various topographic site characteristics for the monitoring sites in a cluster were examined. TWI

was the most suitable characteristic to describe the six clusters. The median TWI, as well as the lower and

upper quartiles for the six clusters, had limited overlap, except for clusters 1 and 2 (Figure 2a). However,

the Kruskal!Wallis test with Bonferroni!adjusted p values indicated that only the median TWI of sites in

clusters 1–4 were statistically signi"cantly different from the median TWI of sites in cluster 6 (Figure 2a),

likely in part due to the small number of sites in some of the clusters. Still the lower and upper quartiles

of the TWI for each cluster were used to assign each pixel to a cluster (Table 1). The median TWI was similar

for clusters 1 (TWI: 3.67) and 2 (TWI: 3.66), but the distribution of curvature of themonitoring sites was posi-

tively skewed for cluster 1 and negatively skewed for cluster 2 (median for both: 0.18; Figure 2b). Therefore,

Figure 2. Box plots representing the within!cluster variability of Topographic Wetness Index (a) and curvature (b) for the
groundwater monitoring sites within each cluster.
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monitoring sites with a TWI < 4 and a curvature ! 0.18 were assigned to cluster 1 and sites with a TWI < 4

and curvature < 0.18 were assigned to cluster 2.

The assignment of all pixels in the catchment based on these TWI and curvature boundaries (Table 1) led to

the following distribution of groundwater clusters across the catchment: 14% of the catchment area (3 ha)

was assigned to cluster 1 (typically ridge sites in steep upslope locations), 5% of the area (1 ha) to cluster 2

(typically hollows in steep upslope locations), 12% (2.5 ha) to cluster 3 (mainly steep midslope locations with

small upslope contributing areas), 13% (2.7 ha) to cluster 4 (mainly midslope locations with intermediate

upslope contributing area), 23% (4.8 ha) to cluster 5 (midslope locations with large upslope contributing

areas), and 23% (6.5 ha) to cluster 6 (typically hollow and footslope locations near the streams; Figure 3a).

The CK for the agreement between the time series!based cluster assignment of the groundwater monitoring

sites and the topography!based cluster assignment for the corresponding pixels was 0.35 (CKmax = 0.89;

CK/CKmax = 0.40). The (total) Accuracy was 0.84. The PPV (Producer's Accuracy) for the six clusters ranged

between 0.20 to 0.91, with the lowest value for cluster 3 and the highest value for cluster 6 (Table 2). The TPR

(User's Accuracy) ranged between 0.20 and 0.77, with the lowest values for clusters 2 and 3 and the highest

value for cluster 6 (Table 2). The kernel distributions of the time series!based cluster assignment and the

topography!based cluster assignments were not signi"cantly different (p value of Kolmogorov!Smirnov test

= 0.99).

3.3. Agreement Between the Measured and Modeled Groundwater Activation Time Series

The time series of the mean relative groundwater level for each cluster was used together with the

topography!based cluster assignments to model the relative groundwater level for each pixel in the catch-

ment. These relative groundwater levels were converted to actual groundwater levels based on the estimated

soil depth derived from the regression with the local slope. Finally, for every time step, it was determined

whether a pixel was active or not based on the value of the activation threshold (i.e., a rise of groundwater

level to within, e.g., 10, 20, or 30 cm of the soil surface). While there were differences between the measured

and predicted groundwater level time series for the monitoring sites, these differences had a very limited

effect on the time that groundwater levels were above the activation threshold (Figure 4). The average frac-

tion of monitoring sites for which the measured groundwater activation agreed with the modeled activation

for the corresponding pixel for the study period was 0.91 (25th, 50th, and 75th percentile: 0.88, 0.92 and 0.95,

respectively). The fraction of agreement dropped by 10% to 15% at the beginning of most rainfall events

(example in Figure 5), but the average fraction of agreement during an event was high for all 49 events

(Figure 6a). The average fraction of agreement differed for the 10!, 20! and 30!cm activation thresholds

(Figure 6a) and was highest for the 10!cm activation threshold (mean of the average fraction of agreement

during an event of 0.91, 0.88, and 0.87 for the 10!, 20! and 30!cm threshold, respectively; n = 49 events).

Table 1
Description of the Six Time Series Clusters and the Ranges of the TWI and Curvature Used to Assign Each Pixel to a Cluster (see also Figure 2).

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Typical groundwater
dynamics

Low median
level and small
amplitude

Low median
level and large
amplitude

Low median level,
large amplitude,
and longer tails

Intermediate median level,
large amplitude, and !ashy
(quick rise and recession)

Intermediate median
level, large amplitude,
and less !ashy

High median level
and small amplitude

Typical site
morphology

Ridge sites in
steep upslope
locations

Hollow sites in
steep upslope
locations

Steep midslope
locations with
small upslope
contributing area

Midslope locations with
intermediate upslope
contributing area

Midslope locations
with large upslope
contributing area

Hollow and footslope
locations (often near a
stream or a depression)

Mean relative
groundwater level

0.09 0.17 0.36 0.62 0.77 0.94

IQR relative
groundwater levels

0.02 0.10 0.17 0.17 0.19 0.08

TWI (ln(m)) <4.0 <4.0 4.0–4.5 4.5–5.0 5.0–6.0 >6.0
Curvature (!) !0.18 <0.18

Note. The relative groundwater level is zero at the soil bedrock interface and one at the soil surface. IQR = interquartile range; TWI = Topographic Wetness
Index.
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The mean fraction of agreement was not signi"cantly different for the four rainfall event types (Figure 6b).

When the measured soil depth, instead of the regression!based soil depth, was used for each monitoring site,

the mean fraction of agreement was higher and not signi"cantly different for the three thresholds (mean of

the average fraction of agreement during the events: 0.91, 0.91, and 0.90 for the 10!, 20!, and 30!cm threshold

Figure 3. (a) Map of the topography!based (i.e., Topographic Wetness Index and curvature based) groundwater clusters.
The insert shows the fraction of the total catchment area for each cluster (20 ha = 100%). (b) Time series of speci"c dis-
charge, daily precipitation, the mean relative groundwater level for individual sites in each cluster (dotted lines), and the
mean for all monitoring sites in a cluster (solid line) for August 2013.

Table 2
ConfusionMatrix, Positive Prediction Value, and True Positive Rate for the Time Series!Based Cluster Assignment and the Topography!Based Cluster Assignment of the
Groundwater Monitoring Sites (n = 44, Seven Sites Were Not Classi!ed Because They Had Data for Less Than Two Thirds of the Time Analyzed)

Time series!based cluster
Marginal

sum

Positive
predictive
valueCluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Topography!based cluster Cluster 1 4 3 2 1 0 0 10 0.40
Cluster 2 2 1 0 0 0 0 3 0.33
Cluster 3 2 0 1 1 1 0 5 0.20
Cluster 4 1 0 2 2 1 0 6 0.33
Cluster 5 0 1 0 2 3 3 9 0.33
Cluster 6 0 0 0 0 1 10 11 0.91

Marginal sum 9 5 5 6 6 13
True positive rate 0.44 0.20 0.20 0.33 0.50 0.77
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Figure 4. Time series of the (a) speci"c discharge (black) and precipitation (gray), (b!g) measured (blue) and modeled (red) relative groundwater levels (1 = at the
soil surface and 0 = at the soil bedrock interface) for a groundwater monitoring site that belongs to groundwater cluster 1 (b), cluster 2 (c), cluster 3 (d), cluster 4 (e),
cluster 5 (f), and cluster 6 (g) for August 2013. The activation thresholds (10, 20 and 30 cm) are indicated with thin horizontal lines. The time that the
measured andmodeled groundwater levels were above the activation thresholds is indicated by thick horizontal lines. The bar plots in the top row of (b) through (g)
indicate the total fraction of time that the site was considered to be active (observed = blue andmodeled = red) for the three activation thresholds. We conclude that
differences between the measured and modeled groundwater time series had a limited effect on the fraction of time the sites were active.
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scenarios, respectively). This suggests that at least part of the disagreement in the observed and predicted

activation is due to the lack of soil depth data across the catchment. The median values for the agreement

between measured and modeled activation were comparable to the mean values.

3.4. Catchment!Scale Modeled Active and Connected Areas

Themodeled time series of activation for each pixel allowed us to derivemaps of themodeled active and con-

nected areas for each time step (Figure 7). During base!ow conditions, the groundwater levels were below

the activation threshold in most locations, and active and connected areas were limited to the near!stream

areas. Soon after the start of a rainfall event, the footslope and midslope locations became active. The con-

nected areas were largely aligned with the stream channels and expanded laterally and in an upstream direc-

tion with increasing rainfall (Figure 7). However, some parts of the landscape, particularly in midhill and

Figure 5. Fraction of sites for which there was agreement between measured and modeled groundwater activation (or
inactivation); (red), as well as the speci"c discharge at the catchment outlet (dark blue) and precipitation (light blue)
during a rainfall event on 16 August 2012.

Figure 6. Box plots of the average fraction of monitoring sites for which measured and modeled groundwater activation
agreed during an event for the three threshold scenarios (10, 20 and 30 cm; (a)), and the four different rainfall event types
for the 20!cm threshold (b). The box indicates the 25% and 75% percentiles, the whiskers extends to the data points within
1.5 times the interquartile range, the dots indicate outliers, and the solid line indicates the median. Kruskal!Wallis test
with the Bonferroni!adjusted p values showed that the median of the mean agreement during an event was signi"cantly
different for the different groundwater activation thresholds but not for the four rainfall event types.
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uphill locations, were only connected to the streams for a short time during the rainfall events. For the 42!

mm rainfall event and the 20!cm activation threshold shown in Figure 7, 40% (8.2 ha) of the catchment area

did not become active, and 45% (9.2 ha) of the catchment area did not become connected to the stream (see

white areas in Figure 7; e.g., steep ridge locations close to the water divide). The difference between the

active area and connected area varied between events but never exceeded 19% (3.8 ha). The part of the catch-

ment that did not become active during an event ranged between 21% (4.3 ha) and 48% (9.8 ha) for the 49

rainfall events, whereas the part that did not become connected ranged between 23% (4.7 ha) and 67%

(13.7 ha). For the 19!month study period, 18% of the area (3.6 ha) never became connected to the stream,

and 40% of the area (8.2 ha) was connected to the stream for less than 5% of the time. In contrast, 10% of

the area (2.0 ha) was connected to the stream for more than 95% of the time, and 9% of the area (1.9 ha)

was always connected (Figure 8).

The extent and frequency of connectivity varied seasonally. For example, the modeled connected area (for

the 20!cm activation threshold) in March 2013 was relatively small and limited to the near!stream areas

(5.5 ha or 27%; Figure 9a, Table 4), but these areas were connected to the stream during the entire month.

A large part of the catchment (13.3 ha or 64%) did not become connected during the entire month. In

April 2013, connectivity was more widespread, so that only 5.5 ha (27%) of the catchment did not connect

Figure 7. Modeled spatial patterns of active and connected areas during the 42!mm rainfall event on 16 August 2012. The inset shows the time series of the speci"c
discharge and the percentage of the catchment area that is active and
connected. The fraction of monitoring sites for whichmeasured andmodeled groundwater activation agreed is shown for each time step in the upper right corner of
the subplot.
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to the stream during the entire month (Figure 9b). In May 2013, 15.9 ha

(78%) of the catchment was connected to the stream at least once during

themonth, and 8.9 ha (44%) was connected for more than 3 weeks (Figure

9c). In June 2013, the area that was connected to the stream for the entire

month decreased to 5.5 ha (27%), but only 3.8 ha (19%) of the catchment

was never connected (Figure 9d). This changed in July, when only 1.9 ha

(9%) of the catchment was always connected to the stream and the area

that did not connect to the stream at all increased to 6.8 ha (33%;

Figure 9e). The extent and frequency of connectivity in July 2013 was

characteristic of the overall connectivity pattern for the entire 19!month

study period (Figure 9f).

3.5. Effect of Misclassi!cation on Active and Connected Areas

Although errors in the cluster assignment had a larger effect on the total

connected area than the total active area, the dynamics of the active and

connected areas (i.e., expansion and contraction over time) were not sig-

ni"cantly in!uenced by the misclassi"cation of sites to a cluster. For the

20!cm activation threshold scenario, the RMSE for the relation between

the active area based on the baseline classi"cation and the median of

the active area for all the Monte Carlo runs for the adjusted cluster assign-

ments was 0.81 ha (4%), the COR 1.0, and the NSE 0.94. For the connected area, the RMSE was 1.55 ha (8%),

the COR was 0.99, and the NSE was 0.67. The agreement in the modeled active and connected areas for the

baseline classi"cation and the median for the Monte Carlo simulations was better for the 10!cm threshold

but slightly worse for the 30!cm activation threshold (Table 3).

Figure 8. Duration curves of active and connected areas for the 19!month
study period for the three different activation thresholds (10, 20, and 30 cm).

Figure 9. Maps showing the fraction of time that a pixel was connected to the stream duringMarch (a), April (b), June (c), July 2013 (d), and the entire study period
(2010 to 2014) (f). Monthly rainfall was 91, 107, 310, 292, and 192 mm for March, April, May, June, and July 2013, respectively.
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4. Discussion

4.1. Upscaling of the Groundwater Level Dynamics Based on Time Series Clustering and

Topographic Characteristics

4.1.1. Uncertainties in Time Series Clustering

The time series!based cluster assignment and topography!based cluster assignment agreed moderately well

(Table 2 and CK values). The agreement in cluster assignment was best for upslope and footslope sites but

more uncertain for midslope sites (Table 2). These midslope sites are characterized by low to intermediate

median groundwater levels but large response amplitudes and comprise 33% of the total catchment area

(clusters 2–4; Figure 3). Midslope locations have previously been identi"ed as zones with a high variability

in median groundwater levels and groundwater response timing (Rinderer et al., 2014; Rinderer et al., 2016).

Midslope locations have also been highlighted as important locations for connectivity between upslope run-

off source areas and the riparian area in catchments where saturation started in upslope locations with shal-

low soils (Jencso et al., 2009; McNamara et al., 2005; Ocampo et al., 2006; Stieglitz et al., 2003; Tetzlaff et al.,

2014; vanMeerveld et al., 2015). The poorer correlation between groundwater levels and topography that has

been reported in previous studies (Rinderer et al., 2014; Rinderer et al., 2016) in these midslope areas may

re!ect differences in soil depth, !ow pathways from upslope areas, and storage de"cits, which cause a larger

temporal and spatial variability in the groundwater responses, particularly at the beginning of the events.

This is when the steady!state assumption of the topography!based groundwater level estimates (i.e., that

groundwater tables rise and fall in unison) is most likely not ful"lled (Rinderer et al., 2014). This likely

explains the drop in the agreement between the measured activation and the modeled activation at the start

of the events (Figure 5).

Another source of uncertainty in the time series clustering method is the within! and between!cluster varia-

bility of the site characteristics (TWI and curvature) that is used to upscale the mean cluster groundwater

response to all nonmonitored pixels. However, the sensitivity analysis showed that misclassi"cations had

a minor in!uence on the active area. It resulted in an offset in the total connected area (see RMSE and

NSE in Table 3) but did not affect the dynamics of the connected area, that is, the way the connected area

expands and contracts (see COR in Table 3). The grouping of the groundwater dynamics into six clusters

and the assumption that all sites in this cluster respond similar to the mean relative groundwater level of

all monitoring sites in a cluster are of course gross simpli"cations as there are obviously more than six types

of groundwater responses. On the other hand, this clustering is a necessary step to synthesize site!speci"c

groundwater dynamics to a general groundwater behavior that is more appropriate for transferring or

upscaling to other sites. Using more clusters would allow for a better discretization of the naturel variability

in groundwater dynamics but would also make it harder to identify site characteristics that separate the clus-

ters, so that overall, this will likely result in more misclassi"cations of sites.

4.1.2. Groundwater Activation Thresholds, Antecedent Wetness, and Rainfall

Event Characteristics

The differences between the measured andmodeled groundwater time series had a limited effect on the time

that the modeled groundwater levels exceeded the activation threshold (Figure 4). The agreement between

measured and modeled groundwater activation did not signi"cantly depend on antecedent wetness condi-

tions or rainfall intensity (Figure 6) but was lowest at the beginning of rainfall events (Figure 5). This

Table 3
Agreement Between the Time Series of the Modeled Active Area and Connected Area for August 2013 for the Baseline
Scenario and the Time Series of the Median of the Modeled Active and Connected Areas for the 100 Monte Carlo
Simulations for Which Pixels Were Assigned to a Different Cluster

Threshold scenario 10 cm 20 cm 30 cm

Area Active Connected Active Connected Active Connected

RMSE 0.69 0.74 0.81 1.55 0.83 2.18
COR 0.99 1.00 1.00 0.99 1.00 1.00
NSE 0.92 0.85 0.94 0.67 0.92 0.46

Note. RMSE = root mean square error (relative soil depth in percent); COR = correlation; NSE = Nash!Sutcliff
Ef"ciency.
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"nding is in agreement with results from a previous study that indicated that the relation between ground-

water level and topographic indices (i.e., TWI) was less strong at the beginning of rainfall events (Rinderer

et al., 2014). This is likely because spatial differences in antecedent wetness (and interception losses) have a

large effect on the onset of the groundwater level rise but only a small effect on the groundwater dynamics

later in the event.

While the agreement between measured and modeled groundwater activation was high for all activation

thresholds, the choice of the activation threshold had a signi"cant effect on the agreement (Figure 6a).

The agreement between measured and modeled groundwater activation was the highest for the 10!cm

threshold scenario, but this threshold results in a very conservative estimate of active areas because it repre-

sents only lateral !ow in the near surface layer, while fast lateral !ow can occur in lower soil layers as well

(e.g., through macropores that extend deeper). The activation threshold should thus be based on knowledge

of the soil properties, particularly the variation in hydraulic conductivity with depth. The choice of our

threshold scenarios (i.e., 10, 20 and 30 cm) was informed by tracer tests for grassland areas in the Alptal

region that indicated that most lateral !ow occurred through the A horizon and highlighted the importance

of preferential !ow in the underlaying B horizon for forested areas (Feyen et al., 1999; Weiler et al., 1998). In

reality, there will not be a clear activation threshold (i.e., there is no sharp boundary) but a zone over which

lateral !ow increases, and this may differ for different land uses. Activation thresholds have been used in

several model!based runoff source area investigations (Birkel et al., 2010;Nippgen et al., 2015 ; Smith

et al., 2013), but thresholds needed either to be calibrated to "t the extent of modeled and observed saturated

areas (Blazkova et al., 2002), to "t the cumulative frequency distribution of the connectivity duration curve

to the !ow duration curve (Nippgen et al., 2015; Smith et al., 2013), or to match modeled and observed

hydrochemical or stable water isotope signatures (Birkel et al., 2010).

The estimated soil depth affected the agreement between measured and modeled groundwater activation.

When the measured soil depth, instead of the regression!based soil depth, was used the fraction of sites

for which measured andmodeled groundwater activation agreed was!0.90 and not statistically signi"cantly

different for the three threshold scenarios, a more sophisticated method to estimate the soil depth (i.e., kri-

ging with external drift) was not successful in providing a more realistic estimate of soil depth because the

spatial autocorrelation in the available soil depth data and topographic predictor variables was low. For

instance, the spatial autocorrelation of TWI (calculated sensus Western et al., 1998) was 22 m.

4.1.3. Upscaling Based on Surface Topography

The approaches used in this study are based on assumptions and simpli"cations that might only be justi"ed

in catchments with steep topography and groundwater tables close to the soil surface. In the graph!theory

approach used here to assess connectivity, the !ow network is based on the surface topography, is static

and does not account for multiple !ow direction. We argue that in soils with a sharp decline in the saturated

hydraulic conductivity with depth and therefore ef"cient lateral !ow only within the uppermost 10 to 30 cm

(see scenario simulations), the !ow direction is likely similar to the slope of the soil surface and can be

derived from a DEM. Because the catchment is steep (average slope is 35%), small differences in hydraulic

head within the more conductive upper 10! to 30!cm soil layer are likely smaller than the differences in grav-

itational potential, so that the !ow direction is mainly determined by the surface topography. To prove that a

static !ow direction based on surface topography is reasonable, we calculated the change in !ow directions

(as described by Rodhe & Seibert, 2011; vanMeerveld et al., 2015) based on the hydraulic head of 27 ground-

water triplets (i.e., three neighboring groundwater wells) for all time steps (n= 2624) of the 49 rainfall events

analyzed in this study. The mean difference between the groundwater level!based and topography!based

!ow directions ranged between <0.01° and 0.3°. The standard deviation of the groundwater level!based !ow

direction ranged between 0.1° and 3.7°. We thus concluded that for a steep catchment with shallow

(perched) groundwater levels as in our study site, the surface topography can be used to determine the main

!ow directions to describe connectivity. In less steep catchments with more permeable soils (e.g., as shown

in Rodhe & Seibert, 2011; van Meerveld et al., 2015), this is likely not the case. The effect of the choice of the

!ow direction algorithm (e.g., D8 instead of D!In"nity) is likely also smaller than for !atter catchments.

Because !at areas and thus divergent !ow is rather seldom in our catchment, the results are likely not sig-

ni"cantly affected by the choice of the !ow algorithm and the assumption of a single !ow direction.

Furthermore, riparian areas, where the !ow direction can vary signi"cantly (Rodhe & Seibert, 2011), cover

less than 1% of the area in our study catchment.
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Despite these uncertainties and assumptions, the upscaled groundwater dynamics corresponded well with

the measured groundwater time series at the monitoring locations, suggesting that topography based upscal-

ing of clustered groundwater dynamics is a promising method to derive subsurface runoff source area in

catchments where the groundwater tables are close to the soil surface. A question remains whether this

approach is applicable, if an extended groundwater monitoring network, like ours, is not in place? This study

and previous work by Rinderer et al. (2017) showed that if groundwater is monitored in a few representative

landscape positions, it can be transferred to other sites with similar environmental conditions — at least in

catchments with steep slopes and shallow groundwater tables. As a consequence, the effort and costs for

groundwater monitoring can be considerably reduced by an informed choice of representative monitoring

locations based on landscape position. The results of this study show that the data!driven approach used

here can be used to infer catchment!scale groundwater responses and connectivity patterns from point!scale

monitoring data. Data!driven approaches, like the one presented here, depend on the amount of data avail-

able and the assumption that sites with similar landscape characteristics also have similar groundwater

dynamics. At least for our study site with steep terrain and shallow groundwater tables, this could be proven

(Rinderer et al., 2017). We, therefore, expect this method to be also useful for other catchments where the

differences in groundwater level response dynamics are related to topographic indices or other

spatial information.

4.2. Runoff Source Area Dynamics

4.2.1. The Variable Source Area Concept: Is It also Representative for Subsurface Flow?

The upscaled groundwater level responses suggest that groundwater activation during rainfall events was

widespread but that the connected areas were primarily located along the stream network and expanded

laterally and longitudinally during rain events (Figure 7). This observation is in agreement with the vari-

able source area concept for overland !ow (Hewlett & Hibbert, 1963; Tsukamoto, 1963). Most likely the

very rapid runoff response at the beginning of events (see Figure 3b) is caused by discharge of water from

near!stream areas. The runoff during peak!ow and the recession limb is more likely from water that has

been transported via lateral subsurface !ow from areas of the catchment with a hydrological connection

(i.e., a continuous !ow path) to the stream. This fast lateral subsurface !ow near the surface has also

been reported in other experimental studies in neighboring catchments (Feyen et al., 1999; Weiler

et al., 1998). Tracer tests would be necessary to corroborate this concept of runoff generation at the

catchment scale and to test in how far the connected areas actually contribute to runoff at the event

time scale.

Typically, the storage de"cits are satis"ed "rst in footslope locations near the channel where there is less

available storage capacity, and therefore, these areas are the "rst to respond. However, in some circum-

stances, storage capacity can be limited in upslope locations (e.g., due to shallow soils at upslope locations),

and therefore, these areas respond "rst. For instance, in the Panola Mountain Research Watershed, near

Atlanta, Georgia, groundwater responded "rst in upslope locations with thin soils near bedrock outcrops,

and hydrological connectivity to the bottom of the hillslope was not established until subsurface depressions

in the middle of the hillslope were "lled and facilitated further !ow downslope (Tromp!van Meerveld &

McDonnell, 2006; van Meerveld et al., 2015). Similar differences in response times were observed in the

Bridge Creek catchment in the Italian Dolomites, where thinner soils in upslope locations caused ground-

water levels to respond earlier than in footslope locations, and anticlockwise hysteresis between stream!ow

and connectivity suggested that hillslopes became connected to the stream only during the falling limb of the

hydrograph (Penna et al., 2015; Zuecco et al., 2016; Zuecco et al., 2018). This downslope expansion of active

areas was not seen for the Alptal study catchment.

The modeled pattern of expansion and contraction of the connected area along the channel network is simi-

lar to the expansion of saturated areas that produced overland !ow in the steep, well!drained W4 headwater

catchment at Sleepers River in Vermont. The saturated area expanded mainly longitudinally from the nar-

row valley bottoms (3% of the catchment) into the steeper headwater areas (11% of the catchment; Dunne

et al., 1975). In contrast, the saturated areas in the gentler and poorly to moderately drained W2 catchment

at Sleepers River mainly expanded laterally into the hillslopes (from 11% to 51% of the catchment) and less

into the headwaters (Dunne et al., 1975).
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4.2.2. Variable Active Versus Variable Connected Areas

The sequence of maps with the active and connected areas during rainfall events also allowed identi"cation

of areas where the groundwater table rose into the more transmissive soil layer but did not have a continu-

ous connection to the stream channel (Figure 7). Small, spatially restricted areas in uphill positions were

active but not connected unless so called gatekeeper sites facilitated a continuous !owpath to the stream.

These gatekeeper sites were predominantly located at midslope positions and members of clusters 4 and

5. There were differences between the active and connected areas for all individual events and for different

seasons. Contrary, Nippgen et al. (2015) showed that the difference between the active and connected area

was the largest during snowmelt and disappeared during the remainder of the year. The results of both stu-

dies highlight the need to distinguish between the active and connected area in order to avoid that models

overestimate the extent of the runoff source areas. In our study site, where the source areas mainly expanded

along the dense stream network, the difference between the active and connected area were relatively small

(max difference: 19%), and the dynamics of the active and connected areas were highly correlated. In other

catchments with more permeable soils, however, the difference between active and connected area is prob-

ably much larger, and a distinction between active and connected area is even more important.

4.2.3. Seasonal Patterns of Hydrological Connectivity

Changes in the area that was connected to the stream were the largest during the transition from snowmelt

to rainfall!dominated conditions (Figure 9 and Table 4). While the connected area in our study catchment

was restricted to a narrow area next to the stream channels (27% of the catchment area) when the catchment

was snow covered and no or very little water in"ltrated from the snowpack in to the soil, connectivity was

widespread as snowmelt reached its maximum in late April/early May (Figure 9). Toward the end of the

snowmelt in May 2013, 78% of the catchment was at least once connected to the stream. In the

Tenderfood Creek Experimental Forest, a snowmelt!dominated catchment in Montana, United States, the

active area during peak !ow in spring reached 78% of the total catchment area but was only 2% during

the rest of the year (Nippgen et al., 2015). However, a shift in the runoff source area from near!stream areas

to footslopes and "nally upper hillslopes, as reported from the Tenderfood Creek Experimental Forest

(Nippgen et al., 2015), could not be observed in our study catchment. This is surprising as the elevation dif-

ference of the study catchment is 380 m and differences in the depth of the snowpack at the lower and upper

parts of the catchment at the end of the winter are remarkable. The average snow water equivalent in open

grassland sites for the winter periods 1997 to 2014 was 165 mm at 1260 m a.s.l. and 280 mm at 1430 m a.s.l.

(monthly snow surveys by the Federal Institute for Forest, Snow and Landscape Research WSL).

The area with a persistent connection to the stream shrank from 5.5 ha (27%) in spring to 1.9 ha (9%) during

the summer months (Figure 9). While in June, the groundwater levels were still high, and therefore, 16.7 ha

(81%) of the catchment was at least once connected to the stream; 6.8 ha (33%) of the catchment did not

become connected during July (Figure 9 and Table 4). The connected areas were located mainly close to

the stream. This is partly in agreement with Fischer et al. (2015) who suggested that springs in the upper part

of the catchment and near!stream areas are the main source areas for base!ow based on dissolved organic

carbon (DOC) DOC and calcium concentrations and stable water isotope data for three snapshot sampling

campaigns in the study catchment and neighboring catchments. The frequent rainstorms in summer caused

connected areas to temporarily expand (Figure 7), but this increased connectivity was transient so that

Table 4
Catchment Area in Hectare and Percent That Was Connected to the Stream for Different Fractions of Time for March, April, May, June, and July 2013 and the Entire
Study Period 2010 to 2014 Based on an Activation Threshold of 20 cm (See Figure 9 for Corresponding Maps)

Duration
connected
(fraction
of time)

March April May June July 2010–2014

(ha) (%) (ha) (%) (ha) (%) (ha) (%) (ha) (%) (ha) (%)

0 13.1 64 5.5 27 4.5 22 3.8 19 6.8 33 3.6 18
0–0.25 1.8 9 2.1 10 6.3 31 6.8 33 7.6 37 7.3 36
0.25–0.50 0.0 0 3.9 19 0.1 0 4.3 21 0.6 3 3.8 19
0.50–0.75 0.0 0 3.5 17 0.7 3 0.0 0 0.0 0 0.2 1
0.75–1 0.0 0 0.0 0 3.4 17 0.0 0 3.6 18 3.6 18
1 5.5 27 5.5 27 5.5 27 5.5 27 1.9 9 1.9 9
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hillslopes were connected to the streams for only relatively short times (Figure 8). This connection of more

distant areas to the stream during events could deliver water with potentially a different hydrochemical sig-

nature and age distribution to the stream. This was the case for an agricultural catchment in Germany,

where stream nitrate concentrations were high during wet periods when the source areas extended into agri-

cultural areas (i.e., fertilization) and the !ow paths were shallow and fast so that denitri"cation could not

attenuate nitrate !uxes to the stream (Yang et al., 2018). However, when analyzing hydrochemical concen-

trations or !uxes, we need to consider that solute transport connectivity (Knudby & Carrera, 2005) is not

equivalent to hydrological connectivity because of dispersion. In other words, if the transport connectivity

is low, the solute is spread out due to a lack of fast !ow paths. Information on transport connectivity is con-

tained in the breakthrough curve of the transported hydrochemical (Knudby & Carrera, 2006).

5. Conclusions

We used a data!driven approach to obtain catchment!scale groundwater level dynamics and maps of active

and connected areas. This method consists of time series clustering of shallow groundwater measurements

and subsequent topography!based upscaling of the point!scale groundwater data to the catchment scale. The

resulting maps of active and connected areas for individual events, different study months, and seasons

showed that groundwater responded throughout the catchment but that shallow subsurface runoff source

areas (i.e., those areas with a hydrological connection to the stream) expanded and contracted mainly along

the channel network. This observation is in agreement with the variable source area concept for overland

!ow (Hewlett & Hibbert, 1963; Tsukamoto, 1963).

The upscaled (or modeled) groundwater dynamics agreed well with the measurements, particularly for

upslope and footslope locations. However, the agreement was lower at the beginning of events and for mid-

slope locations. The mean fraction of sites for which measured and modeled groundwater activation agreed

depended on the assumed depth of the more transmissive soil layer (i.e., the activation threshold) but did not

differ for the different rainfall event types or antecedent conditions. A sensitivity study showed that the mod-

eled active area was not sensitive to potential misclassi"cation of sites to a certain cluster. Therefore, the

method appears to be useful and robust and likely applicable in other catchments where distinct differences

in groundwater level responses can be related to site characteristics, such as topography (as in this study) or

other characteristics (e.g., upslope distance or soil depth).
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