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Abstract13

In the majority of existing studies, streams are conceived as static objects that oc-14

cupy pre-defined regions of the landscape. However, empirical observations suggest that15

stream networks are systematically and ubiquitously featured by significant expansion/retraction16

dynamics produced by hydrologic and climatic variability. This contribution presents novel17

empirical data about the active drainage network dynamics of a 5 km2 headwater catch-18

ment in the Italian Alps. The stream network has been extensively monitored with a bi-19

weekly temporal resolution during a field campaign conducted from July to November20

2018. Our results reveal that, in spite of the wet climate typical of the study area, more21

than 70 % of the observed river network is temporary, with a significant presence of dis-22

connected reaches during wet periods. Available observations have been used to develop23

a set of simple statistical models that were able to properly reconstruct the dynamics24

of the active stream length as a function of antecedent precipitation. The models sug-25

gest that rainfall timing and intensity represent major controls on the stream network26

length, while evapotranspiration has a minor effect on the observed intra-seasonal changes27

of drainage density. Our results also indicate the presence of multiple network expan-28

sion and retraction cycles that simultaneously operate at different time scales, in response29

to distinct hydrological processes. Furthermore, we found that observed spatial patterns30

of network dynamics and unchanneled lengths are related to the underlying heterogene-31

ity of geological attributes. The study offers novel insights on the physical mechanisms32

driving stream network dynamics in low-order Alpine catchments.33

1 Introduction34

Empirical evidence shows unambiguously that stream networks are highly dynamic35

and respond to changing climatic conditions over a multitude of time scales that range36

from single events to annual (and even longer) periods (Costigan et al., 2016). However,37

river networks are assumed to be static objects in the majority of existing hydrological,38

ecologic and biogeochemical studies (e.g. Cardenas, 2007; Muneepeerakul et al., 2008;39

Gatto et al., 2013; Raymond et al., 2013; Ceola et al., 2014).40

The shape and length of river networks are fundamental for a number of different41

biological and chemical processes, including ecological dispersion (Muneepeerakul et al.,42

2008; Berger et al., 2017; Tonkin et al., 2017) and in-stream nutrient cycling (e.g. Wig-43
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inton et al., 2005; Bernal & Sabater, 2008; Butturini et al., 2008; Datry, Fritz, & Leigh,44

2016; Bertuzzo et al., 2017). River networks, particularly in headwaters, represent the45

active linkage among geosphere, hydrosphere and atmosphere. Consequently, intermit-46

tence in the presence of flowing water strongly impacts nutrient availability, processing47

and transport. In this context, particular emphasis (e.g. Raymond et al., 2013; Boodoo48

et al., 2017) has been given by the scientific community and the general public to car-49

bon dioxide emissions associated to stream outgassing.50

The study of the response of stream intermittency to unsteady climatic forcing is51

a major challenge for improving our understanding of river networks form and function.52

These temporal changes in the spatial configuration of river networks have long been rec-53

ognized by hydrologists (Gregory & Walling, 1968; Tischendorf, 1969; Hewlett & Nut-54

ter, 1970; Morgan, 1972; Roberts & Klingeman, 1972; Blyth & Rodda, 1973; Anderson55

& Burt, 1978; Day, 1978; Roberts, 1978; Gregory & Gardiner, 1979, as noted by God-56

sey and Kirchner, 2014). More recently, the topic has generated a renewed interest in57

the scientific community. These late efforts have been devoted to better describe and un-58

derstand the spatio-temporal dynamics of stream networks under a variety of climatic59

settings (Wiginton et al., 2005; Jaeger et al., 2007; Godsey & Kirchner, 2014; Goulsbra60

et al., 2014; Costigan et al., 2015; Peirce & Lindsay, 2015; Shaw, 2016; Whiting & God-61

sey, 2016; Jensen et al., 2017; Shaw et al., 2017; Zimmer & McGlynn, 2017; Lovill et al.,62

2018; Ward et al., 2018; Floriancic et al., 2018; Jaeger et al., 2019a; Jensen et al., 2019).63

In most cases, however, either the spatial scale or the temporal resolution of existing ob-64

servational studies has been limited by the huge practical burden typically associated65

to stream network mapping by visual inspection (but see Peirce & Lindsay, 2015; Jensen66

et al., 2019). Therefore, most of the available experimental datasets on river network dy-67

namics do not exceed 2 km2/month. As a result, some research is still needed to fully68

understand the drivers of event-based stream dynamics in relatively large catchments69

(> 1 km2), where empirical data could contribute to identifying scaling laws of network70

dynamics and emergent patterns of stream persistency.71

A limited number of studies about river network dynamics have been conducted72

in continental Europe so far, and only few of them provided a full survey of the flowing73

stream network on a regular basis. In some cases the analysis was restricted to individ-74

ual stretches (Doering et al., 2007; Medici et al., 2008) or to the channel heads only (Agren75

et al., 2015), not including the full geometrical complexity of the river network and the76
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presence of disconnected reaches. Other studies, instead, monitored the hydrologic sta-77

tus of a pre-defined set of nodes that do not necessarily correspond to the entire network78

(Datry, Pella, et al., 2016), leading to a possible underestimation of the drainage den-79

sity. In other cases, sporadic surveys were performed (van Meerveld et al., 2019) prevent-80

ing a full characterization of the stream network variability over multiple time-scales. To81

the best of our knowledge, Malard et al. (2006) is the only study where regular surveys82

of the whole active network were conducted in the continental Europe. However, their83

study catchment is relatively small (0.67 km2) and the ecological implications of network84

dynamics were investigated with a limited view on the underlying hydrological drivers.85

To elucidate the changes of the active stream network in response to wetting/drying86

cycles, recent studies linked the length of the flowing network to the streamflow at the87

catchment outlet using empirical power-law regressions (Shaw et al., 2017; Jensen et al.,88

2018; Ward et al., 2018; Prancevic & Kirchner, 2019). However, network length and stream-89

flow dynamics can be seen as the joint response to common hydro-climatic processes, im-90

pacted by the meteorologic and physiographic features of the contributing catchment (Costigan91

et al., 2016). Accordingly, Shaw (2016) stated that ”the timing of contraction of the ac-92

tive channel network did not correspond to the timing of streamflow recession. These93

two phenomena occur at much different scales, with recession occurring in a matter of94

days but channel contraction occurring over weeks and months”. For this reason, it would95

be insightful to explain the variability of the stream network length as a function of cli-96

matic variables.97

Few studies have directly linked network dynamics to climatic variables such as an-98

tecedent precipitation and evapotranspiration (Morgan, 1972; Blyth & Rodda, 1973; Gouls-99

bra et al., 2014; Jaeger et al., 2019b; Jensen et al., 2018; Ward et al., 2018; Jensen et al.,100

2019), but none of them allows the prediction of the stream network length based on pre-101

cipitation data alone. Moreover, in all the existing studies the aggregation timescale of102

the precipitation input (or its range) was pre-defined. Consequently, the full spectrum103

of impacts of rainfall variability on stream length dynamics - and particularly the com-104

bined effects of short-term and long-term rainfall - has not been captured yet.105

In this paper, we report and discuss the results of a biweekly field mapping of the106

stream network conducted in a relatively pristine headwater catchment of the Italian Alps.107

The spatial configuration of the stream network has been mapped 9 times across the sum-108

–4–©2020 American Geophysical Union. All rights reserved.



manuscript submitted to Water Resources Research

mer and early fall of 2018. This novel dataset achieves a noteworthy combination of du-109

ration of the field campaign (4 months), temporal resolution (about 2.5 surveys/month),110

areal coverage (>5 km2 of contributing catchment) and spatial resolution (mapping streams111

down to 10 cm in width), allowing the study of network dynamics at different time scales112

and the investigation of the emergent spatial patterns of stream persistency. The col-113

lected data were utilized to inform a set of statistical models for the prediction of the114

length of the stream network based on simple climatic parameters. These models were115

compared to identify the relevant climatic variables that drive the dynamics of active116

network length, and the temporal scales over which these dynamics take place. Addi-117

tional analyses were then performed using the available morphometric and geologic data118

to explore the spatial heterogeneity of river network dynamics under different hydrolog-119

ical conditions.120

The specific goals of this paper are the following: i) to expand the geographic reach121

of research on the topic of temporary stream length through a biweekly dataset gath-122

ered in a 5.3 km2 catchment of the Italian Alps; ii) to identify the major meteorologi-123

cal variables that drove the temporal network dynamics across the summer and fall sea-124

sons of 2018; iii) to identify the temporal scales over which the expansion/contraction125

cycles of stream network take place; iv) to analyze the spatial heterogeneity of network126

dynamics across different geologic regions of the catchment.127

The key research hypothesis is that climatic variables are the main drivers of tem-128

poral dynamics of the overall stream length, while storage dynamics and internal phys-129

iographic features (geology and land cover) dictate the frequencies and the spatial pat-130

terns of drainage network expansion/contraction cycles. Under this hypothesis, the role131

of the climatic forcing can be disentangled from that of other hydrological and physio-132

graphic characteristics of the catchment, thereby allowing the prediction of network length133

starting from climatic data. This provides important clues for the modeling of the net-134

work response to wetting and drying cycles. The additional research hypothesis is that135

the dynamics of flowing network length are the result of a superposition of multiple ex-136

pansion/contraction cycles that reflect distinct flow generation mechanisms, which op-137

erate over different timescales. These hypotheses are tested by combining statistical anal-138

yses and formal model ranking with extensive experimental observations.139
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2 Material and methods140

2.1 Study area and climatic data141

The Rio Valfredda is a small alpine creek in northern Italy belonging to the Piave142

river basin (Figure 1, for more details on the basin the reader is referred to Botter et al.,143

2010; Lazzaro et al., 2013). The catchment elevation ranges from 1500 to 3000 m a. s.144

l., with a maximum drainage area of 5.3 km2. Lithology and vegetation cover exhibit sig-145

nificant spatial heterogeneity across elevations, shaping the hydrological dynamics of the146

basin. On the uplands, deposits of gravel and rocky debris, originated from the erosion147

of solid rock emergencies near the divides, dominate. These deposits are covered by shal-148

low and patchy pastures generate karst areas that ensure a high soil permeability, thereby149

promoting the infiltration of most part of the precipitation (as confirmed by the results150

of the field campaign). Below 2400 m a. s. l., soil covers a sedimentary bedrock with trees151

growing adjacent to the streams. The lower part of the catchment (below 2000 m a. s.152

l.) is characterized by an almost impermeable pyroclastic bedrock and a forested cover153

(as shown in Figure 1 and described in Section 3.3). There are several springs supply-154

ing aqueduct intakes, which collectively withdraw a flow rate that is two orders of mag-155

nitude smaller than the stream discharge at the outlet. Accordingly, the effects of these156

intakes on stream network dynamics were neglected.157

The site has an alpine climate, characterized by high precipitation throughout the158

year (annual rainfall of about 1500 mm), with significant snowfall during winter and melt-159

ing in spring. The hydrological regime exhibits a strong seasonality, with winter low flows160

(when the whole catchment is covered by snow) followed by higher discharges during spring161

and summer. Because of low recession rates in winter and high rain frequency in the other162

seasons, intra-seasonal flow regimes are mainly persistent (sensu Botter et al., 2013).163

Climate data were monitored by a weather station of the Veneto Region Environ-164

mental Protection Agency (ARPAV) located in Falcade, 4.5 km far from the catchment165

centroid (Figure 1). These data are characterized by a daily resolution and are available166

since 2010. Monitored variables include precipitation, temperature, relative humidity,167

solar radiation, wind speed and direction. These data were analyzed to characterize the168

climatic regime of the study catchment, especially during the field campaign (summer-169

fall 2018). Two additional weather stations were installed within the catchment area in170

2019, after the completion of the field campaign described in this paper. Precipitation171
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records gathered by these instruments were compared with the corresponding time se-172

ries of the ARPAV weather station to ensure that the data used in this study represent173

sufficiently well the dynamics of the water input in the study catchment (see SI). The174

morphology of the Valfredda was characterized via a LiDAR survey that was carried out175

in October 2018 to produce a high resolution (20 cm) Digital Terrain Model (DTM) and176

a corresponding orthophoto.177

2.2 Field mapping of the active drainage network178

The drainage network was mapped 9 times during a biweekly field campaign from179

July to early November 2018; the specific date of each survey was selected on the ba-180

sis of the antecedent precipitation in order to maximize the variability of the observed181

conditions (Table 1). An additional survey was performed in January 2019, while the182

catchment was partly covered by snow. This survey was not used for modeling purposes,183

but only to obtain an estimate of the extent of the drainage network during the winter184

time. The goal of the field campaign was to delineate the geometry of the potential drainage185

network (i.e. the maximum possible extent of the flowing network) and to map the pres-186

ence of flowing water during each survey. The potential drainage network was identified187

by the presence of either flowing water during at least one survey or permanent chan-188

nelization signs (e.g. absence of vegetation on a narrow strip of otherwise vegetated ter-189

rains, concave areas with clear continuous channel-like erosion pathways). The geom-190

etry of the network was specified by nodes (points) connected by stretches (continuous191

lines). A node was marked at every channel head (i.e. the upstream point of channel-192

ized or potentially channelized reaches), at every confluence point and approximately ev-193

ery 20 m in between. The location of each node was dictated by local properties of the194

network, such as river meandering or the specific position of wet/dry and dry/wet tran-195

sitions. Additional nodes were included to better describe the location of surface flow196

initiation/cessation during each survey. For this reason, the spatial resolution of the sur-197

veys is higher than the initial nodes spacing (20 m). Each node was coded as active when198

there was visible water flow with a minimum width of 10 cm, and dry otherwise. The199

above width threshold was selected because it was noted that below this threshold the200

local micro-topography might impact the status of each node by creating very unstable201

flow conditions in space and time (ponding/dry/wet) as a byproduct of extremely low202

flows (e.g., 1 l/min). This threshold is also consistent with the resolutions that can be203
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typically achieved using remote imagery, such as thermal cameras installed on drones,204

whose use is planned in the upcoming months to improve the temporal resolution of the205

surveys. Each survey involved about 8 people and lasted a single day. The survey con-206

sisted in walking the entire length of the drainage network, moving upstream along each207

tributary and collecting the GPS coordinates of network nodes with the aid of a geotrack-208

ing device. In addition to mapping the network from the outlet upstream, the hillslopes209

were also scouted to ensure the mapping of channels that are disconnected from the out-210

let. The scouting was informed by vegetation greenness patterns derived from satellite211

imagery and by a reference network extracted from the DTM, with a very small thresh-212

old on the contributing area (0.5 ha). Nevertheless, all the hillslopes and areas far-away213

from the connected network in the upper part of the basin were also monitored by hik-214

ing the whole catchment area to avoid under-representation of existing channels.215

2.3 Network delineation216

Stream network maps were obtained combining information from field surveys and217

remotely sensed imagery, including the high resolution DTM and the orthophoto. The218

DTM was aggregated to a resolution of 1 m to reduce the computational effort asso-219

ciated to its manipulation. The DTM was then pre-processed using a pit removal algo-220

rithm: a threshold of 300 m2 was chosen on the basis of field observations to discrim-221

inate between real pits (not removed by the algorithm) and artifacts of the DTM that222

should be removed. Flow directions were then calculated using the D8 algorithm (Ocallaghan223

& Mark, 1984; Tarboton, 1996) and manually corrected in 132 pixels on the basis of field224

observations to properly represent local anomalies in the observed drainage network, due225

to human interventions (e.g. presence of roads and hiking trails). Finally, the contribut-226

ing areas were calculated for each cell based on the corrected flow directions.227

The coordinates of the field-collected nodes were adjusted by snapping the nodes228

over pixels of the DTM where accumulation of the contributing area occurs. Orthopho-229

tos were also used to ensure the correct positioning of each node. Maximum horizontal230

corrections were below 10 m, consistent with the positioning error of the system used231

for the field survey. The corrections applied to the flow directions and the adjustments232

on the coordinates of field-mapped nodes ensured that DTM-derived information and233

data from the field surveys were consistent with each other.234
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The drainage network was then delineated by connecting all the nodes with stream235

stretches, following flow directions along individual streams. Each stretch of the network236

was considered as active during a given survey only if both the upstream and downstream237

nodes were simultaneously active.238

To quantify the dynamics of the stream network, a persistency index (Pi) was cal-239

culated for each stretch (i) dividing the number of times the stretch i was active by the240

total number of field surveys. Pi represents the percentage of surveys during which a stretch241

was active and, under the ergodic assumption, it provides an indication of the probabil-242

ity of that stretch being active during the campaign. The idea of quantifying the prob-243

ability of network activity through spatial maps was first introduced by Jensen et al. (2017),244

even though in that case such probabilities were derived from the flow duration curve,245

whereas in this paper maps of Pi were calculated directly from observational data. While246

still relying on the assumption that the available surveys properly represent the tempo-247

ral variability of the status of each node, our method relaxes the additional hypothesis248

that a unique active network configuration exists for a given discharge at the outlet. Stretches249

with Pi = 1 were classified as persistent, while stretches with 0 < Pi < 1 were coded250

as temporary; stretches with Pi = 0 were indicated as dry, to underline the fact that251

they were inactive in all the field surveys. It must be noted that the value of Pi depends252

on the number/dates of field surveys conducted. Accordingly, a stretch classified as per-253

sistent (or dry) in this study may become temporary after the completion of additional254

field campaigns.255

Five key properties of the drainage network were calculated for each field survey.256

a) Active Drainage Network Length (ADNL [km]): the total length of the active drainage257

network on a given date; b) active drainage density [km-1]: ADNL divided by the catch-258

ment area; c) active disconnected drainage network length (disconnected ADNL, [km]):259

length of the active drainage network that is not connected at the surface to the outlet;260

d) number of active channel heads: the number of origins of the active drainage network,261

hereafter named sources, including all the points in which surface flow resumes down-262

stream of a disconnection along the potential network; e) disconnected clusters: the num-263

ber of contiguous parts of the active network that are disconnected from the outlet.264

The mean and variance of ADNL were also calculated, to be used as indicators265

of the mean drainage density and the extent of stream network dynamics.266
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2.4 Spatial patterns of stream network and unchanneled lengths267

Local geologic features and heterogeneity of land cover may have a primary impact268

on the generation of the active stream network and the supply of surface flows, possi-269

bly giving rise to pronounced spatial heterogeneity in the observed drainage density. The270

heterogeneity of the bedrock properties and parental material in the catchment was an-271

alyzed using the Italian Geologic Map released online by the Italian Institute for Envi-272

ronmental Protection and Research (ISPRA). An extract of the map is reported in Fig-273

ure 1. The observed heterogeneity of geological features in the study catchment helped274

in the interpretation of the experimental dataset. In particular, the possible influence275

of geology on network presence and persistence was assessed by comparing, for each ge-276

ologic unit, the contribution to the local drainage density of reaches with different per-277

sistency.278

To analyze emergent spatial patterns of the flowing stream network, in line with279

van Meerveld et al. (2019), for each field survey we also produced spatial maps of the280

unchanneled length Lh. Lh was defined as the distance, along flow directions, from any281

given point of the catchment to the first point belonging to the active network. The tem-282

poral changes of Lh were analyzed by looking at the catchment average of Lh and its spa-283

tial coefficient of variation as a function of ADNL. The frequency distribution of Lh across284

the contributing catchment, pL(Lh), was also calculated for each survey. The local vari-285

ability of Lh is then assessed by mapping the spatial distribution of the differences be-286

tween the maximum and minimum value of Lh, which correspond to the shortest and287

longest surveyed networks, respectively. These changes in Lh were first calculated in terms288

of length (i.e., in meters) and then made dimensionless through the maximum value of289

Lh computed in each pixel during the study period.290

2.5 Modeling the Active Drainage Network Length291

Three different empirical models for the description of ADNL were developed and292

their performance was formally compared to elucidate the major climatic controls on ac-293

tive network dynamics.294

Rainfall depth h [mm] and potential evapotranspiration ET0 [mm] at daily scale295

are the two model inputs. The latter was evaluated from climatic data through the Penman-296

Monteith equation (Allen et al., 1998).297
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2.5.1 Model 1298

The first model uses the cumulative precipitation hT [mm] as the unique explana-299

tory variable for ADNL. hT was calculated as the sum of antecedent precipitation over300

a time period of T days:301

hT (t) =

∫ t

t−T

h(τ)dτ. (1)302

where t is the time to which hT is referred and τ is the integration variable. The303

ADNL was then modeled with the formula:304

ADNL(t) = k0 + kh · hT (t) (2)305

where the parameters k0 [km] and k1 [km/mm] are the intercept and slope of the306

recession line, respectively, which represent the length of the permanent drainage net-307

work and the ADNL increase per unit of hT .308

Three model parameters (T , k0, k1) need to be calibrated in this model. For any309

given period T , a linear regression of the observed ADNL against the corresponding hT310

was used to calibrate the parameters k0 and k1 of Equation (2), and the goodness of fit311

was assessed through the coefficient of determination R2, calculated based on all the avail-312

able observations. Subsequently, the optimal value of T was selected by maximizing the313

function R2(T ). The robustness of the parameter estimation was checked via leave-one-314

out cross validation. This technique consists in repeating the calibration procedure for315

different training subsets of the available data, each of which is obtained by removing316

a single data point from the complete data set. The final calibrated parameters are then317

the average of the parameters obtained from each training subset. To characterize model318

performance, the standard deviations of the calibrated parameters and the mean abso-319

lute model error were calculated.320

2.5.2 Model 2321

The second model was obtained by replacing in Equation (1) the cumulative rain-322

fall depth, hT , with the cumulative of excess rainfall, EPT [mm], i.e. the cumulative dif-323

ference between daily precipitation and evapotranspiration over a period of T days.324
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The reference crop evapotranspiration ET0 was estimated with the Penman-Monteith325

equation (Allen et al., 1996; Settin et al., 2007). Then, a dimensionless crop coefficient326

kc was used to estimate the actual evapotranspiration ET as:327

ET = kc · ET0. (3)328

In general, kc depends on crop type and development stage, and therefore it should329

be variable both in space (as a function of land cover) and in time (as a function of the330

vegetative state). The two main land covers of the Valfredda catchment are grazing pas-331

tures and conifer trees, for which the suggested values for kc are between 0.85 and 1 through-332

out the study period (Allen et al., 1998). Therefore, in this work a uniform and constant333

kc was calibrated in order to link spatially- and temporally-averaged vegetation condi-334

tions to the event-based dynamics of the overall stream length. Also, in this region, soil335

water content is typically higher than the incipient stress point. Accordingly, Equation336

(3) does not include the effect of water stress on ET . Nevertheless, the calibrated value337

of kc should implicitly include the possible effect of reduced soil-water availability on catchment-338

scale evapotranspiration.339

The daily excess precipitation was thus expressed as EP (t) = h(t)−ET (t). The340

cumulative excess precipitation, EPT [mm], was then calculated by integrating EP over341

the period T as:342

EPT (t) =

∫ t

t−T

EP (τ)dτ. (4)343

Note that EP and EPT can take negative values when evapotranspiration is big-344

ger than precipitation.345

The basic equation of this model is analogous to Equation (2):346

ADNL = k0 + k1 · EPT . (5)347

This model involves four parameters: the crop coefficient kc (Equation 3), the ref-348

erence aggregation time T (Equation 4), the length of the permanent drainage network349

k0, and the ADNL increase per unit of EPT , k1 (Equation 5).350
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The calibration was performed following the same procedure used for model 1: for351

any given combination (T , kc), the parameters k0 and k1 were estimated via linear re-352

gression of the observed ADNLs against the corresponding values of EPT ; the goodness353

of fit was evaluated through the determination coefficient R2. The estimation of the op-354

timal values of T and kc was then performed maximizing the function R2(T, kc). The355

calibration over the full set of available data was then cross validated with a leave-one-356

out technique.357

Including ET in the calculation of the predictor for ADNL should improve the rep-358

resentation of the shrinking of the Active Drainage Network during recessions. This model,359

in fact, is expected to originate a decrease of ADNL over time right after each rainfall360

event because of the negative values of EP during non-raining days. During wet peri-361

ods, instead, ET is typically smaller than the rainfall amounts, also because of lower tem-362

peratures and reduced solar radiation associated to rainy days, thereby leading to an ar-363

guably smaller impact of ET on network dynamics. Note that for kc = 0 model 2 cor-364

responds to model 1.365

2.5.3 Model 3366

The third model was used to assess the possible influence of different flow gener-367

ation processes (surface and subsurface flow/groundwater) on the length of the drainage368

network. Accordingly, two cumulative rainfall depths (with two different time periods369

T1 and T2) were used to predict the active drainage network length as370

ADNL = k0 + k1 · hT1
+ k2 · hT2

. (6)371

The rationale of this model is the existence of multiple nested expansion/contraction372

cycles of the active drainage network driven by the cumulative rainfall at different time373

scales. These time scales possibly correspond to the time scales of the different stream374

flow generation processes active in the study basin.375

The parameters of this model can be divided in two groups: the aggregation time376

scales T1 and T2 used to calculate the cumulative precipitations, and the three coefficients377

(k0, k1 and k2) of Equation (6).378
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The calibration procedure was analogous to the previous cases: for any given com-379

bination (T1, T2), the parameters of Equation (6) were estimated via linear regression380

and the corresponding R2 was evaluated; the optimal value of the couple (T1, T2) was381

then selected by maximizing the function R2(T1, T2), and the calibration was cross-validated382

with a leave-one-out technique.383

The two predictors hT1
and hT2

used in equation (6) are different aggregations of384

the same data, and thus they could display collinearity effects. When collinearity exists,385

the estimate of the regression coefficients would become very sensitive to small changes386

in the available data, thereby reducing the statistical significance of the model. For this387

reason, the Belsley test (Belsley, 1991) was carried out on the predictor variables to check388

the possible presence of collinearity between hT1
and hT2

for the calibrated values of T1389

and T2.390

2.5.4 Model selection391

Model selection was carried out based on Akaike Weights. This method combines392

model performance (by minimizing the log of the residual square sum, RSS, between model393

estimates and experimental data) and model complexity (accounting for the number of394

calibrated parameters of the model). First, the Akaike Information Criterion, corrected395

for small sample sizes, was calculated as (Akaike, 1974):396

AICc = 2 · g + 1

n
+ log(

RSS

n
) + 2 · g · g + 1

n− g − 1
(7)397

where n is the sample size and g is the number of calibrated parameters.398

Akaike Weights, AWm, were then calculated for each model m as399

AWm =
exp(−∆AICc,m/2)∑
m exp(−∆AICc,m/2)

(8)400

where ∆AICc,m is the difference between AICc for model m and the minimum value401

of AICc among all the models. The optimal model is the one characterized by the low-402

est value of AICc, that coincides to the highest value of AW . Akaike Weights are used403

for a formal assessment of the best model, as they formally represent the relative like-404

lihood of each model.405
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3 Results406

3.1 Analysis of climatic data407

Precipitation data were analyzed to characterize the climatic regime observed in408

the study area during the 2018 field campaign and to compare it with the longer term409

regime in the decade 2010-2019.410

The total annual precipitation in 2018 was about 1500 mm, very close to the an-411

nual average in the longer term. Figure 2 (upper panel) shows the daily precipitation412

time series for the whole 2018.413

During the survey period (i.e. from July to November) the total precipitation was414

880 mm (a value that is slightly larger than the corresponding longer term average) re-415

flecting a relatively wet fall season, with almost 300 mm of precipitation fallen during416

the last week of October. Nonetheless, the study period covers a wide range of hydro-417

logical states of the catchment, encompassing wet conditions (such as those observed in418

July or during the first week of November) and relatively dry conditions (such as those419

recorded in the early fall, when rainfall is less frequent).420

The lower box plots in Figure 2 report the average daily precipitation height α [mm]421

and the average rainfall frequency λ [d-1] for all the months of the year during the longer422

term period. As typical of the alpine climate, precipitation intensity is quite constant423

throughout the year, with the exception of late autumn when isolated heavy rainfall events424

might take place. Rainfall frequency λ follows an annual cycle with a minimum in win-425

ter and very frequent precipitation events during the summer. The specific values of α426

and λ observed during 2018, when the surveys were performed, are also reported in Fig-427

ure 2 as red horizontal lines, and appear to be generally consistent with the correspond-428

ing longer term averages during the entire reference decade (2010-2019).429

Daily rainfall depth h and precipitation interarrival times (i.e. the time interval be-430

tween two subsequent rainy days) were also studied by means of frequency analysis (Fig-431

ure 3). The annual data was subdivided into two disjoint datasets: the Summer-Fall pe-432

riod, corresponding to the months when the surveys were performed (July to Novem-433

ber), and the rest of the year (from December to June). Available data were analyzed434

for the longer term period (2010-2019) and for the year 2018 only. The plots shown in435

Figure 3 indicate that the frequency distributions of h and interarrivals during the sur-436
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vey period (July-November 2018) are similar to those obtained in the longer term (July-437

November of all years between 2010 and 2019). Likewise, these frequency distributions438

are not much different from the distributions obtained for the entire period of record in439

the months from December to June. The major difference is an increase of the interar-440

rivals during winter and spring, as a byproduct of the winter regime in which precipi-441

tation events are less frequent. Conversely, in the months from July to November the442

distribution of the rainfall depths has a heavier tail due to the strong precipitation events443

that take place in late autumn.444

The rain amount observed in 2018 is in line with the longer term average, though445

with a less standard temporal distribution across the months (as implied by the wetter446

fall). Our analysis also indicates that from July to November 2018 the catchment ex-447

perienced a variety of hydrological conditions that properly reflect the intra-annual vari-448

ability of climate conditions typical of this region.449

3.2 Network delineation450

The ADNL observed during different field surveys ranges from 5.5 to 12.2 km (33451

to 77 % of the maximum potential length as defined in Section 2.2), depending on the452

underlying hydrological conditions, with an average of 9.1 km (Table 1). The correspond-453

ing Active Drainage Density ranges between 1.06 and 2.35 km-1. The connectivity of the454

observed drainage network is reported in Table 1 in terms of disconnected ADNL and455

disconnected clusters (i.e. number of contiguous parts of the active network that are dis-456

connected from the outlet). The minimum ADNL (Figure 4a) was surveyed on the 26th457

of October, after a dry period of about 50 days (total precipitation 38 mm). The max-458

imum extension of the active drainage network was recorded 8 days later, on the 3rd of459

November, after a precipitation event of about 320 mm (Figure 4b).460

The spatial distribution of the persistency index, Pi, is represented in Figure 4c.461

The lower order branches of the network generally have a lower persistency, with the ex-462

ception of the tributaries that are supplied by permanent springs, marked on the figure463

with pale red circles.464

The permanent fraction of the drainage network covers only 28 % of the total length465

(Figure 4d), suggesting a high temporal variability of the drainage network notwithstand-466

ing the humid climate and the presence of many permanent springs in the catchment.467
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Despite showing evident channelization signs, 21 % of the potential length was inactive468

during all the field surveys.469

Figure 5 shows how the number of disconnected clusters, the number of sources,470

the disconnected ADNL and the persistency index P vary as a function of ADNL. As471

ADNL increases, two contrasting processes can affect the number of disconnected branches472

of the network. On one hand, in the presence of active streams that are only temporar-473

ily disconnected from the outlet due to a dry channel downstream, an increase in ADNL474

should remove the disconnections, thus reducing both the number of disconnected clus-475

ters and the disconnected ADNL. On the other hand, in case of temporary stretches476

that remain always disconnected from the main river network, an increase in ADNL dur-477

ing wetting produces the activation of new disconnected reaches, thereby increasing both478

the number of disconnected clusters and the disconnected ADNL. The increasing trend479

of disconnected clusters and disconnected ADNL as function of ADNL shown in Fig-480

ure 5 therefore indicates that in the Valfredda catchment the activation of additional dis-481

connected reaches during river network expansion dominates. Accordingly, also the num-482

ber of sources increases with ADNL because the less persistent stretches (which become483

active only for high values of ADNL) mostly correspond to the lower order upstream chan-484

nels, where the network is more branched (see Figure 4c).485

Figure 5d shows the relationship between ADNL and the persistency index Pi. The486

plot shows the length of the active drainage network obtained when only the stretches487

with persistency greater than (or equal to) different values of Pi are active. The observed488

points closely follow a gamma distribution with shape parameter k = 15.8 and scale489

parameter θ = 0.67km.490

3.3 Spatial patterns of drainage density and unchanneled lengths491

Based on the geological features of the bedrock, 5 different geologic units were de-492

tected in the study catchment: U1) solid and debris limestones, moraine and debris de-493

posits; U2) marl limestones; U3) dolomite and chalks; U4) moraine deposits and sand-494

stone; and U5) rhyodacitic ignimbrites. The heterogeneity in the geology is also reflected495

in the soil cover and vegetation, (see below).496

A significant spatial variability in the drainage density and network dynamics was497

observed across the five geologic units (Figure 6). In the northern part of the catchment498
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(U1), where debris deposits and terrain depressions dominate, the drainage density is499

low (namely 1.9 km−1 , of which 1.3 km−1 has a persistency smaller than 0.5). This500

is also reflected by the presence of several pits in the DTM, some of them characterized501

by relatively high contributing areas, where water can accumulate during rainfall events502

to be later infiltrated and transferred to the groundwater.503

In the portion of the catchment between 1800 and 2150 m a. s. l. (U2) we observed504

five perennial sources fed by groundwater (pale-red dots in Figure 4), possibly originat-505

ing from the northern part of the basin. These permanent streams represent the non-506

dynamical fraction of the network. However, they can be enriched by a multitude of tem-507

porary tributaries during wet conditions (Figure 4a-c). In this geologic unit, the drainage508

density (3 km−1) is almost evenly contributed by persistent and temporary streams (Fig-509

ure 6). These dynamic tributaries can either expand upstream from the most permanent510

reaches of the network or expand downstream from disconnected reaches that temporar-511

ily reconnect to the main Valfredda creek during wet conditions.512

The most dynamical reaches of the network were observed in the central-eastern513

region of the watershed (U3), where rocky outcrops dominate. Interestingly, the tribu-514

taries that are located on the western side of the catchment (U4) were much less dynam-515

ical. This asymmetry in the temporariness of the tributaries that originates from the two516

hillslopes of the main valley in the central part of the catchment is explained by the het-517

erogeneity of geology and physiography. The western side of the valley is characterized518

by moraine deposits overlaid by a relatively thick organic soil layer covered by grassland519

and conifers (Figure 1). This part of the catchment shows a high drainage density (≈520

5.5 km−1), of which only 1.2 km−1 has a persistence smaller than 0.5 (Figure 6). In-521

stead, on the eastern side the dolomite bedrock is close to the surface and generates an522

almost-impermeable surface with steep slopes. The resulting network has a much lower523

persistency, and drainage density is much smaller than in U3 (3.6 km−1). Finally, the524

lower part of the main valley (U5) is covered by thick forest. Here, the drainage density525

is reduced to 2.6 km−1, and all channels are persistent.526

The observed spatial variability of the drainage density is also reflected in the spa-527

tial distribution of the unchanneled lengths across the whole contributing catchment, and528

in its temporal dynamics. The detailed maps of unchanneled lengths associated to dif-529

ferent network configurations are shown in the SI. Figure 7, instead, shows the spatial530
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distribution of the total (i.e. in terms of length) and relative (i.e. in terms of percent-531

age) differences of Lh calculated comparing the wettest and the driest configurations of532

the stream network during the study period. The total length differences are nearly uni-533

form throughout the different subcatchments drained by each temporary stream (Fig-534

ure 7a). This happens because when a temporary stretch is activated all the pixels be-535

longing to the pertinent upstream contributing area experience a similar reduction of Lh536

(that roughly corresponds to the length of the activated stretch). Instead, the relative537

differences (here calculated with respect to the driest network) are bigger for the pix-538

els closer to the network and smaller for the pixels near the divides. Noticeably, a large539

portion of the catchment experiences no changes in the unchanneled length (grey areas540

in Figure 7). These are the pixels drained by the permanent reaches of the stream net-541

work, that are mainly located along the main valley in the middle part of the watershed542

and in the southern portion of the catchment.543

Figure 8 shows the mean and the spatial coefficient of variation (CV) of Lh as a544

function of ADNL. As expected, the average Lh decreases when ADNL increase (i.e.545

for wetter networks the mean hillslope length is smaller). The decreasing trend of the546

mean Lh is nonlinear, with higher changes for smaller values of ADNL. In fact, changes547

in network length affect larger portions of the drainage area when the network is shorter.548

The coefficient of variation of Lh, instead, weakly increases with ADNL because the net-549

work expansion takes place in a non-uniform manner, with many temporary streams that550

are clustered in relatively small portions of the catchment. This result indicates that the551

stream network becomes more heterogeneous during its expansion.552

The frequency distributions of Lh, pL(Lh), corresponding to each surveyed network,553

are reported in Figure 8. All the distributions show higher frequencies for small values554

of Lh. However, smaller ADNL values are associated with lower probabilities of small555

Lh. The decreasing trend of pL with Lh, shared by all the curves, is more pronounced556

for longer networks. Instead, for the driest network the pdf of Lh tends to become uni-557

form, in line with previous results (van Meerveld et al., 2019).558

3.4 Modeling ADNL559

The performance of the different models described in Section 2.5 was assessed through560

the R2 and the MAE of the linear regression between the observed and predicted ADNL561
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during the surveys carried out from July to November 2018. Despite its simplicity, model562

1 provides a good description of ADNL, with a R2 of 0.96 (Figure 9). The values of the563

calibrated parameters are reported in Table 2, together with the mean and variance of564

ADNL during the study period, the Akaike Index and the corresponding Akaike Weight.565

Figure 9a shows R2 and MAE as function of the aggregation time scale for rainfall (T )566

in model 1. Two different local maxima of R2 can be recognized: a first, narrow peak567

for T = 5 days (R2 ' 0.67) and a second peak, much higher and wider, for T = 35568

days (R2 = 0.96). The same pattern is found in the MAE, for which two local minima569

can be identified for the same aggregation timescales mentioned above. This suggests570

the simultaneous presence of multiple expansion/contraction cycles of the active drainage571

network operating at different time scales (i.e. 5 and 35 days).572

Figure 9c shows the scatter plot of ADNL against h5, which is the cumulative rain-573

fall observed during the 5 days prior to each survey. Data points appear to be aligned574

quite well along the regression line for high values of h5, while they are more scattered575

for small values, probably because after 5 days of little or no precipitation the hydro-576

logical condition of the catchment is dictated by slower hydrological processes that are577

more affected by long-term precipitation patterns. On the other hand, when a consid-578

erable rainfall event occurs, a significant fraction of the network is impacted by faster579

hydrological dynamics, which are in turn affected by short-term precipitation.580

The scatter plot of ADNL against h35, the cumulative precipitation in the 35 days581

before each survey, is reported in Figure 9d. In this case, all the points are well aligned582

on the regression line and the model performance increased (R2 = 0.96) relative to the583

case in which h5 was used as a predictor for ADNL. The increased performance of the584

model suggests that, at the catchment scale, the river network dynamics are mainly con-585

trolled by processes occurring on monthly timescales. Further, note that h35 can be seen586

as the sum of h5 and the precipitation from 5 to 35 days prior to the surveys. Thus h35587

includes, to some extent, the cumulative effect of the variability of short-term and long-588

term precipitation. As a result, the Pearson correlation coefficient between h5 and h35589

is 0.73.590

Compared to model 1, model 2 introduces the effect of evapotranspiration through591

the parameter kc. Figure 10 shows R2 and MAE as function of the two calibration pa-592

rameters, T and kc, for model 2. Model performance generally decreases for larger val-593
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ues of kc, and reaches its maximum for kc = 0, a value for which this model corresponds594

to model 1. For fixed values of kc (i.e. along horizontal lines in the plot of Figure 10),595

the patterns of R2 (and MAE) are the same as in model 1, with a wide peak around T596

= 35 days and high values of R2 up to T = 60 days.597

The performance of model 3 as a function of the time periods T1 and T2 is shown598

in Figure 11, where R2(T1) exhibits a peak for T1 = 5 days and a global maximum at599

T1 = 35 days and R2(T2) follows the same pattern, generating the maximum R2 for T2600

= 35 days. As a consequence, the optimal combination of T1, T2 is (5, 35) days. This601

model reaches R2 = 0.99, further improving the performance of model 1 because it si-602

multaneously accounts for processes happening on two different time scales. The Bel-603

sley collinearity test between the cumulative precipitation for the two relevant time pe-604

riods identified by calibration produces a maximum scaled condition index around 3, in-605

dicating that collinearity is not an issue for the given model.606

All the models were validated through a leave-one-out cross validation technique.607

As reported in Table 2, the standard deviation of the calibrated parameters is very small,608

originating coefficient of variations (CV) for each model parameter in the order of 0.01.609

The small variability of the parameters on different training subsets is an indicator of610

the robustness of the models. Table 2 also shows the MAE and its standard deviation611

for each calibrated model. The MAE coefficient of variation is very small, indicating the612

robustness of the approach regardless of the specific calibration subset chosen for cal-613

ibration. The mean MAE exhibits the same pattern of R2, being smaller for model 3 and614

higher for model 1, particularly when using h5 as predictor variable.615

The additional survey performed on January 18th, 2019, was used to get a prelim-616

inary indication of the performance of each model during winter conditions, when snow617

dynamics affect the hydrology of the site. Model 1 shows the smallest absolute error, 0.19618

km, when h35 is used as independent variable, while the same model produces the high-619

est error (1.9 km) with h5 used as a predictor of ADNL. This is arguably related to the620

effect of snow storage that impacts the water balance during relatively short time-scales.621

Model 3, that combines the two predictors together, has an absolute error of 0.3 km. These622

errors are comparable to the MAE of the models during the calibration/validation pe-623

riod, suggesting that the same approaches might be valid also during the winter season.624

However, more data is needed to confirm this hypothesis.625
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3.5 Model ranking626

The different models were formally ranked using the Akaike Weights (AW), as re-627

ported in Table 2. Table 2 also shows the permanent ADNL (as described by the re-628

gression parameter k0), and the mean and variance of ADNL. Model 1b is the best model,629

according to the Akaike Weights, as it is able to provide a good description of the dy-630

namics of ADNL using a limited number of parameters. Model 2 has one parameter more631

than model 1, with no performance improvement. In fact, the model 2 calibration re-632

sults in kc = 0, for which the behavior is the same as model 1. As a result, model 2 has633

a lower AW than model 1 because the same performance can be obtained with less pa-634

rameters. Model 3 allows a slight increase in model performance, though it requires two635

additional parameters. As a consequence, model 1 has a significantly better rating than636

the other models, since it represents the optimal trade-off between goodness of fit and637

model complexity.638

The simulated ADNL time series for models 1 and 3 are compared in Figure 12.639

The main differences occur during and shortly after the major precipitation events; this640

is particularly visible for the large rainstorm at the end of October. Such differences are641

due to model 3 being able to better capture the expansion/contraction cycles of the ac-642

tive drainage network in response to short-term and long-term precipitation. Model 1,643

on the other hand, only captures long-term ADNL variability induced by monthly rain-644

fall dynamics, and it is likely to underestimate the actual short-term temporal variabil-645

ity of ADNL.646

4 Discussion and conclusions647

This study presents the results of an intensive campaign for the field mapping of648

the stream network conducted over a relatively large catchment (>5 km2) with a high649

temporal resolution (for a total of about 12.5 km2/month of catchment surveyed, with650

an average of one survey every 14 days). Our data confirm previous results obtained in651

other climatic and geographic settings about the highly dynamical nature of river net-652

works (e.g. Buttle et al., 2012; Datry et al., 2014; Godsey & Kirchner, 2014; Jensen et653

al., 2017). In particular, notwithstanding the humid climate typical of the Alps, more654

than 72 % of the stream network in the Valfredda catchment is dynamic, with an ob-655

served drainage density that varied, during about six months, between 1 and 2.5 km-1
656
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depending on the underlying hydrological conditions. Under wet conditions, a consid-657

erable increase in the disconnected clusters and sources was also observed. This circum-658

stance hints at the importance of mapping not only the streams directly connected to659

the outlet, but also all the channels that may be temporarily or permanently disconnected.660

The portion of the network that was mapped as systematically inactive is 21%, suggest-661

ing that for many streams the time scale of wetting/drying cycles may be smaller than662

48 hours (the typical lag between a precipitation event and the subsequent field survey663

in our campaign). Moreover, the expansion/contraction cycles of the active drainage net-664

work are strongly controlled by event-scale hydrological dynamics, as indicated by the665

fact that the transition from the shortest to the longest recorded networks was observed666

in response to a single, albeit extreme, precipitation event.667

The analysis of climatic data indicates that precipitation dynamics in the study668

period reasonably represent the rainfall regime experienced by the Valfredda stream in669

the long run. Moreover, during the survey period (July to November 2018) the catch-670

ment experienced a variety of hydrological conditions that properly reflect the intra-annual671

variability of climate conditions typical of this region.672

One of the main goals of our study was to quantitatively analyze how the unsteady673

nature of the climatic forcing controls stream network dynamics. Empirical data and model674

results indicate that the temporal dynamics of the stream network length are mainly driven675

by the observed patterns of short and long-term antecedent precipitation (timing and676

amount). The comparison of the different models also suggests that evapotranspiration677

does not affect significantly the observed intra-seasonal changes of stream length in the678

Valfredda catchment, possibly due to the high runoff ratios typical of this Alpine region679

and the low percentage of forested areas (almost 30% of the total area).680

The advantages of establishing a direct relationship between network length and681

precipitation (in place of the analogous relationship between network length and discharge682

already available in the literature) can be manyfold. Streamflow is a spatially and tem-683

porally integrated output that in turn depends on precipitation dynamics (Rodriguez-684

Iturbe et al., 1982; Nicotina et al., 2008; Kirchner, 2009; Botter et al., 2013). Consequently,685

the discharge observed at the outlet of a given catchment reflects how antecedent pre-686

cipitation inputs in the contributing area were stored and routed across different land-687

scape units. Here, we have shown that, similarly to streamflow, the river network length688
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at a given time is the byproduct of the antecedent precipitation over a broad range of689

timescales, from weekly to monthly. Therefore, the existing relationships between dis-690

charge and ADNL, although useful to characterize stream length regimes, might be the691

byproduct of a spurious correlation induced by the presence of common drivers in the692

two variables (especially rainfall). This possibly hampers the identification of clear causal693

connections between the local discharge and the upstream active network length. On the694

other hand, precipitation is a spatially-distributed driver perfectly suited to be integrated695

in time and space, and provides useful information about the selective activation of dif-696

ferent hydroclimatic processes that underlie network expansion/contraction in river basins.697

Our modeling results indicate the presence of multiple expansion and retraction698

cycles operating at different time scales behind the observed dynamics of the Rio Val-699

fredda stream network. These overlapping dynamics may be in turn controlled by two700

distinct hydrological processes: i) quick subsurface flow in the root zone feeding tempo-701

rary streams; and ii) slower groundwater flow generated by the aquifers supplying wa-702

ter to the less dynamical reaches of the river network. The superposition of dynamics703

characterized by different time scales could lie at the basis of the hysteresis frequently704

observed in the relationship between discharge and ADNL (Shaw et al., 2017; Jensen705

et al., 2018; Ward et al., 2018; Prancevic & Kirchner, 2019). In spite of the empirical706

nature of the link between ADNL and precipitation provided in this paper, we believe707

that our results could provide a preliminary basis to incorporate the simulation of net-708

work expansion and contraction in hydrological models using climatic data.709

One of the research hypotheses of this paper is that geologic and physiographic fea-710

tures of the catchment dictate the sensitivity of network dynamics to the climatic forc-711

ing and the spatial patterns of such dynamics. This study confirms that heterogeneity712

of geological properties correspond to the observed spatial variability in the active net-713

work dynamics of the Valfredda catchment. Depressions, karst areas and debris deposits714

with high hydraulic conductivity might decrease the local drainage density, thereby re-715

ducing the number and the length of active channels. As karst areas and debris are quite716

typical features in Dolomitic landscapes, we might expect the presence of wide areas with717

a very low of drainage density to be an ubiquitous feature of Alpine areas in North-Eastern718

Italy. Rocky outcrops and shallow soils, instead, promote the generation of a flashy hy-719

drological response dominated by overland flow, that in turn produces temporary streams720

with a low persistency. Thick, organic soil layers covered by vegetation support the in-721
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filtration of rainfall water in the root zone. This water might then be slowly released af-722

ter each precipitation event, thereby promoting the development of exfiltration processes723

in the sites where flow paths converge (Beven & Kirkby, 1979), generating stable springs724

that ensure a high persistency of the downstream channels. Densely vegetated hillslopes725

hamper erosional processes and surface flow generation, and may result in a relatively726

low drainage density, in which almost all channels are persistent. However, stronger con-727

clusions about network heterogeneity require more comprehensive analyses and more de-728

tailed data, such as soil depth and transport capacity, which is not yet available in the729

study catchment.730

The analysis of the distribution of unchanneled lengths under different network con-731

figurations revealed a pronounced temporal variability and spatial heterogeneity of the732

local hillslope length. Significantly, when the river network expands, the spatial hetero-733

geneity of the drainage density is enhanced, which is reflected by higher values of the co-734

efficient of variation of Lh in our study site. This could be a byproduct of the cluster-735

ing of the temporary streams of the network, that mirrors the spatial heterogeneity of736

geologic and morphological properties of the landscape. Also, the pdf of Lh is uniform737

for shorter networks, while small values of Lh have higher probability when the network738

is expanded. This implies that when the network is dry, the hillslope flow paths tend to739

be convergent, whereas the available unchanneled flow paths are mutually parallel when740

the stream network is fully developed.741

Our analyses suggest that existing hydrological models, based on static (e.g. digitally-742

derived) stream networks, might not be able to capture properly the effects of the local743

and temporary increase of drainage density produced by precipitation events. Consequently,744

current models possibly fail in describing the heterogeneous increase in the length of hill-745

slope pathways observed during drying. This dynamical change in the hillslope width746

function during catchment drying arguably produces an unaccounted source of non-linearity747

in recession properties, that might be reflected in enhanced recession exponents and/or748

in an increased inter-event variability of recession parameters (Shaw, 2016; Floriancic749

et al., 2018). We argue that considering the stream network no longer as a pre-defined750

input of hydrological models but, rather, as a model output could considerably enhance751

our capacity to predict and reproduce streamflow regimes, especially in the headwaters.752

Nevertheless, this will require huge efforts for making experimental data about network753
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dynamics available to the scientific community, thereby allowing the development of novel754

mechanistic formulations able to describe causes and effects of river network dynamics.755

Observed spatio-temporal patterns of stream network dynamics can be efficiently756

summarized through persistency index maps, which indicate the percentage of time dur-757

ing which every stream of the network is active. These maps provide a useful graphical758

tool to characterize stream network dynamics and allow fair and objective comparisons759

across diverse river systems (e.g. Ovenden & Gregory, 1980). Broad applications of these760

tools can be already foreseen, possibly beyond hydrological sciences. In fact, stream net-761

work dynamics are expected to impact a huge number of biogeochemical and ecological762

processes, including the release of CO2 from headwater streams to the atmosphere, and763

the export of carbon and nutrients from uplands to downstream ecosystems (e.g. Bat-764

tin et al., 2009; Bertuzzo et al., 2017; Dick et al., 2014; Dupas et al., 2019; Ensign & Mar-765

tin, 2006; Fasching et al., 2016; Helton et al., 2017; Krause et al., 2017; von Schiller et766

al., 2014). Therefore, the development of coupled hydrological, ecological and biogeo-767

chemical models at the catchment scale that properly account for the stream network768

variability represents an area where more research is warranted.769

Ongoing experimental work in the Valfredda catchment is devoted to extend the770

field monitoring to longer time periods and design additional campaigns, possibly with771

the aid of high-tech sensors. Further analyses will also be also performed to study the772

impact of stream network dynamics on spatio-temporal patterns of water quality and773

nutrient export.774
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Figure 1. Left: ortophoto showing the different land covers of the Valfredda river catchment

and its location in Italy. Catchment boundaries are depicted with an orange line; light blue

lines represent the potential river network as surveyed; the red marker shows the position of the

weather station. Right: geologic map of the area.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

2018   

0

50

100

150

h
 [
m

m
]

J
a
n

F
e
b

M
a
r

A
p
r

M
a
y

J
u
n

J
u
l

A
u
g

S
e
p

O
c
t

N
o
v

D
e
c

0

10

20

30

 [
m

m
]

J
a
n

F
e
b

M
a
r

A
p
r

M
a
y

J
u
n

J
u
l

A
u
g

S
e
p

O
c
t

N
o
v

D
e
c

0

0.2

0.4

0.6

0.8

 [
1

/d
]

Figure 2. Timeseries of daily precipitation for 2018 (top). The red shaded area highlights the

study period, with each field survey indicated by a red vertical line. Box plots of average daily

precipitation depth α and frequency λ by month (bottom) for the years 2010 to 2019. The red

horizontal lines represent the averages for 2018, calculated on a three-month window centered on

each month.
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Figure 3. Frequency analysis of daily rainfall depth h (left) and precipitation interarrival

(right). The top plots refer to the study period (July to November 2018), the middle plots refer

to the corresponding long term period (July to November from 2010 to 2019) and the bottom

plots refer to the rest of the year (December to June, 2010-2019).
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Figure 4. Maps of the Valfredda drainage network: (a) active drainage network at its mini-

mum on 26/10/2018, (b) active drainage network at its maximum on 03/11/2018, (c) persistency

index, from 0 (yellow) to 1 (blue) and (d) classification of network stretches as persistent (blue),

temporary (red) and dry (orange). Red circles in panel (c) denote permanent springs. Panels (c)

and (d) show the potential network; disconnections are present when channels stop and the water

flow is dispersed on the hillslope and infiltrated.
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Figure 5. Correlation between key properties of the drainage network. Number of discon-

nected clusters (a), disconnected active drainage length (b) and number of sources (c) are linearly

correlated with ADNL. Persistency Pi follows a gamma distribution with k = 15.8 and θ = 0.67

km (d). The red dotted lines represent the regression line (panels a, b, c) and the theoretical

gamma distribution (panel d). The P-value of each regression is smaller than 10−3.

U
1)

 D
eb

ris
 d

ep
os

its

U
2)

 M
ar

l l
im

es
to

ne

U
3)

 D
ol
om

ite
, c

ha
lk
s

 U
4)

 M
or

ai
ne

 d
ep

os
its

an
d 

sa
nd

st
on

e

U
5)

 Ig
ni
m

br
ite

s
0

2

4

6

D
ra

in
a

g
e

 d
e

n
s
it
y
 [

k
m

-1
]

Figure 6. Drainage density in the five main geologic units of the catchment, classed based on

the underlying persistency.
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Table 1. Summary of the field surveys, with total rainfall in the 5 and 35 days prior to the

survey (h5 and h35, respectively), the Active Drainage Network Length (ADNL, in km and as

a percentage of the 16.2 km of mapped potential drainage network), the active drainage den-

sity, the disconnected ADNL (in km and %), and the number of disconnected clusters (i.e. the

number of active stretches that are not connected at the surface to the outlet).

Date h5 h35 ADNL

Active

drainage

density

Disconnected

ADNL

Disconnected

clusters

[mm] [mm] [km] % [km-1] [km] % [-]

12 Jul 2018 27.6 157.4 9.16 56 1.72 1.70 10.5 31

26 Jul 2018 1.2 196.6 9.25 57 1.71 1.76 10.9 33

07 Aug 2018 25.0 225.6 10.36 64 1.95 2.29 14.1 36

23 Aug 2018 32.0 190.0 10.14 62 1.91 1.83 11.3 30

04 Sep 2018 49.4 257.8 11.28 69 2.13 3.30 20.4 41

13 Sep 2018 0.2 216.4 9.36 58 1.77 1.75 10.8 33

01 Oct 2018 12.2 124.4 7.97 49 1.50 1.17 7.2 18

26 Oct 2018 0.0 25.8 6.41 39 1.21 0.63 3.9 13

03 Nov 2018 54.2 347.8 12.48 77 2.35 3.45 21.3 49

18 Jan 2019 1.6 9.4 5.46 33 1.06 0.78 4.8 14
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Table 2. Comparison of the calibrated parameters and performances (in terms of R2 and

Akaike Weights) of the different models. Model 1 is presented twice, considering for the parame-

ter T both the local optimum of 5 days and the global optimum of 35 days.

Model
# of calibrated

parameters

Regression

parameters

R2 MAE ADNL AICc AW

1a 3

T

k0

k1

5

7.4 ± 0.3

0.082 ± 0.008

days

km

km/mm

0.64 1.17 ± 0.81 8.9 ± 4.4 km 5.1 0.224

1b 3

T

k0

k1

35

5.7 ± 0.07

0.020 ± 0.0004

days

km

km/mm

0.96 0.40 ± 0.20 8.1 ± 2.4 km 2.9 0.688

2 4

T

kc

k0

kh

35

0

5.7 ± 0.07

0.020 ± 0.0004

days

-

km

km/mm

0.96 0.40 ± 0.20 8.1 ± 2.4 km 7.1 0.084

3 5

T1

T2

k0

k1

k2

5

35

5.8 ± 0.09

0.022 ± 0.0002

0.017 ± 0.0005

days

days

km

km/mm

km/mm

0.99 0.28 ± 0.20 8.2 ± 2.6 km 13.3 0.004
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Figure 7. Maps of the variation of Lh between the wettest and driest network, in meters

(left) and as a fraction relative to the driest network (right).
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