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Abstract

Enhancing an understanding of expansion/contraction dynamics of active drainage networks is fundamental for both scientific

purposes and environmental planning and management. This study analyzes for the first time the network shrinking and

dry down in two seasonally dry Mediterranean catchments (overall area 1.15 km2) using a comprehensive approach based

on monitoring and modeling of the active network. A seasonal field campaign consisting of 19 subweekly visual surveys was

carried out at the beginning of the summer of 2019. Observations were then used to calibrate and validate an integrated

model aimed at estimating the time evolution of the total active drainage network length based on meteorological drivers

and defining the position of the active stretches based on topographic and geological information. Statistical modeling of the

active length showed that weather can successfully describe the observed variability of network dynamics during the summer

recession. In particular, the study emphasizes the role of evapotranspiration in the seasonal contraction of the stream network.

The modeling of the spatial patterns of the active network achieved good performance when topographic data were used as

explanatory variables. Nevertheless, the model performance further increased when site-specific geological information was

integrated into the model, with accuracies higher than 90% in cell-by-cell comparisons. The proposed methodology, which

combines meteorological, topographic and geological information in a sequential manner, was able to accurately represent the

space/time dynamics of the active drainage network in the study area, proving to be an effective and flexible tool for the study

of network dynamics.
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Abstract 18 

Enhancing an understanding of expansion/contraction dynamics of active drainage networks is 19 

fundamental for both scientific purposes and environmental planning and management. This 20 

study analyzes for the first time the network shrinking and dry down in two seasonally dry 21 

Mediterranean catchments (overall area 1.15 km
2
) using a comprehensive approach based on 22 

monitoring and modeling of the active network. A seasonal field campaign consisting of 19 23 

subweekly visual surveys was carried out at the beginning of the summer of 2019. Observations 24 

were then used to calibrate and validate an integrated model aimed at estimating the time 25 

evolution of the total active drainage network length based on meteorological drivers and 26 

defining the position of the active stretches based on topographic and geological information. 27 

Statistical modeling of the active length showed that weather can successfully describe the 28 

observed variability of network dynamics during the summer recession. In particular, the study 29 

emphasizes the role of evapotranspiration in the seasonal contraction of the stream network. The 30 

modeling of the spatial patterns of the active network achieved good performance when 31 

topographic data were used as explanatory variables. Nevertheless, the model performance 32 

further increased when site-specific geological information was integrated into the model, with 33 

accuracies higher than 90% in cell-by-cell comparisons. The proposed methodology, which 34 

combines meteorological, topographic and geological information in a sequential manner, was 35 

able to accurately represent the space/time dynamics of the active drainage network in the study 36 

area, proving to be an effective and flexible tool for the study of network dynamics. 37 

 38 

1 Introduction 39 

Virtually all watercourses experience discontinuous flows along their drainage network. 40 

Nonpermanent streams can be observed not only in dry regions but also in most first-order 41 

channels (headwaters represent more than 89% of the global river network; Ward et al., 2020), 42 

even in wet climates (Tooth, 2000; Larned et al., 2010; Fritz et al., 2013; Datry et al., 2014; 43 

Durighetto et al., 2020). Given a potential (geomorphic) river network (i.e., defined as the set of 44 

incised channels with banks and a definable channel head; Zimmer and McGlynn, 2017), its 45 

temporary portion responds to weather and climate changes at different time scales, from single 46 

events to multiyear scales (Costigan et al., 2016), causing spatial and temporal variability of 47 

local hydraulic conditions. Such temporary portions of rivers entail stream network expansion, 48 

contraction and fragmentation with important implications across many research fields. In 49 

particular, stream intermittency is important for freshwater ecology (Datry et al., 2014; Vander 50 

Vorste, 2019), biogeochemical cycles (Abbott et al., 2016; Berger et al., 2017; Dupas et al., 51 

2019), carbon dioxide emissions (Schiller et al., 2014; Boodoo et al., 2017; Datry et al., 2018), 52 

hydrology (e.g., Godsey and Kirchner, 2014; Jensen et al., 2017; Mendicino and Colosimo, 53 

2019), watershed management and policy (Nikolaidis et al., 2013; Acuña et al., 2014).  54 

Studying temporary rivers is particularly challenging both for ecologists, who need to 55 

characterize ‘shifting mosaics’ of lotic, lentic and terrestrial habitats (Datry et al., 2016), and for 56 

hydrologists, who address the topic of ‘zero flow’ in developing nonlinear and/or threshold-57 

based approaches (e.g., Zehe and Sivapalan, 2009; Botter et al., 2009; Mendicino and Senatore, 58 

2013a; McInerney et al., 2019). Temporary rivers are also an open issue for/in water policy. For 59 

example, dynamic streams are sought to be better integrated into the European Union legislation 60 

(Nikolaidis et al., 2013; Reyjol et al., 2014), especially in view of the increasing impact of 61 
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climate change and land use development in Mediterranean Europe (Skoulikidis et al., 2017), 62 

which are expected to shift permanent streams to temporary (Ward et al., 2020). In the 63 

Mediterranean region, stream types with extremely erratic flow regimes exist, identified with 64 

specific names (“fiumara” in southern Italy; “wadi” in the Middle East and northern Africa) 65 

addressing typical geological, hydrological and ecological traits. 66 

Several pioneering studies of rivers with discontinuous flow were carried out already in 67 

the 1960s and 1970s (Gregory & Walling, 1968; Morgan, 1972; Blith & Rodda, 1973; Anderson 68 

& Burt, 1978; Day 1978, 1980; Roberts & Archibold, 1978; Gregory & Gardiner, 1979), mainly 69 

for specific hydrological purposes (i.e., assessing the link between drainage density and the 70 

hydrological response to precipitation). These early studies, however, soon lost their driving 71 

force (Godsey and Kirchner, 2014). Recently, the multifaceted implications of river network 72 

dynamics have contributed to a renewed interest in the scientific community on temporary 73 

streams. Table 1 shows a representative, although not exhaustive, selection of hydrological 74 

studies concerning river network dynamics monitoring (and modeling, in several cases) carried 75 

out in the last 20 years. Different monitoring approaches were adopted, from relying on stream 76 

gauges for long-range analyses (e.g., Costigan et al., 2015) to aerial/satellite images (e.g., 77 

Wigington et al., 2005; Phillips et al., 2011). However, given several technical issues (e.g., 78 

problems related to zero-flow stream gauge readings, Zimmer et al., 2020; or limits of aerial 79 

surveys, Spence & Mengistu, 2016; Tomaštík et al., 2019), the prevailing observation method is 80 

represented by visual surveys, always more often aided by water presence sensors (Goulsbra et 81 

al., 2014; Pierce and Lindsay, 2015; Assendelft and van Meerveld, 2019; Jensen et al., 2019; 82 

Kaplan et al. 2019; Paillex et al., 2020) that can significantly increase the time resolution of the 83 

datasets. 84 

Table 1 indicates that very few studies were carried out in temperate Mediterranean 85 

climates with cool wet winters and warm dry summers, which promote the seasonality of river 86 

regimes. Among them, Godsey and Kirchner (2014) mapped active stream dynamics in four 87 

mainly snow-dominated Californian headwater catchments, focusing on the correlation between 88 

the active drainage network length and the specific discharge. In the same region (northern 89 

California), Lovill et al. (2018) monitored four headwater drainage networks in the early and late 90 

summer of different years, highlighting the importance of lithological characteristics for 91 

understanding drainage network persistency. However, intraseasonal changes in the active 92 

network within Mediterranean climates characterized by higher summer temperatures and an 93 

extensive seasonal imbalance between precipitation and evapotranspiration (ET) have not yet 94 

been monitored. In these conditions, the climate is expected to exert primary control on flow 95 

intermittency and seasonal discharge dynamics (e.g., Medici et al., 2008; Senatore et al., 2011; 96 

Garcia et al., 2017). Zimmer and McGlynn (2017) also highlighted that in subtropical climates, 97 

there is a direct dependence of seasonality in runoff persistency on ET. Likewise, the mean 98 

potential ET was one of the explanatory variables used by Gonzalez-Ferreras and Barquin (2017) 99 

in their random forest-based classification model for identifying temporal or perennial river 100 

segments. 101 
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Table 1. Intercomparison of recent studies addressing river networks dynamics monitoring. 102 

 103 

Reference Location Climate Observations Areal extent Time extent 

Wigington et al., 

2005 

Agricultural 

catchments in 

western Oregon, 

USA 

Cool, wet winters and warm, dry 

summers, little snowfall 

Aerial photographs 5 catchments from 21.6 

to 47.8 km2 

Summer 1997, 

Winter of 1998-99 

Malard et al., 2006 Braided glacial river 

in Switzerland 

Alpine 24 field surveys; turbidity 

measurements 

0.67 km2 Monthly interval, 

from 1997 to 1999 

Doering et al., 2007 River stretch of a 

river in north-eastern 

Italy 

Mixed Alpine and Mediterranean 

Mean precipitation 2150 mm 

year-1 

Local climate is influenced by 

both snowmelt and precipitation 

regimes 

Tens of field surveys Unconstrained 41.5 km 

river segment 

April 2003-October 

2004 

Jaeger et al., 2007 Forested landscapes 

in Washington State 

Mean precipitation from 2260 to 

2800 mm year-1 

Field mapping of contributing 

source areas (channel heads) 

7 first-order streams 

with areas from 0.1 to 

0.6 km2 

Nine months from 

February to 

September 

Phillips et al., 2011 Subarctic 

Precambrian Shield 

Catchment (Canada) 

Mean precipitation about 300 mm 

year-1 

Mean January temperature -26.8 

°C 

Mean July temperature 16.8 °C 

Multispectral satellite 

imagery and onsite 

measurements of storage 

according to land cover (four 

surveys) 

Three sub-catchments 

from 8 to 25 km2 

From May to 

August 2009 

Godsey and 

Kirchner, 2014 

Four sites in Sierra 

Nevada and 

California Coast 

Range 

Mediterranean, with three out of 

four sites snow dominated, mean 

precipitation from 1000 to 1200 

mm year-1 

Field mapping of the stream 

networks (4 surveys); 

discharge data available 

From 3.6 to 27.2 km2 Fall 2006, spring 

and fall 2007 and 

spring 2008 

Goulsbra et al., 2014 

 

Peatland headwater 

in UK 

Mean precipitation 1513 mm 

year-1 

Mean monthly temperature 7.0 

°C 

 

 

 

Network of 40 sensors based 

on electrical resistance and 

discharge measures at the 

outlet 

0.43 km2 Two periods 

(autumn 2007 and 

summer 2008), 

overall almost 4 

months 

Ågren et al., 2015 Boreal forest Boreal climate 9 surveys of stream heads of 121 stream heads 2013-2014 
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catchment in 

northern Sweden 

the catchment 

Costigan et al., 2015 Tallgrass prairie, 

Kansas 

Temperate 

Mean precipitation 780 mm year-1 

Three headwater stream gages 

and a downstream gage 

Headwater gages: 

about 1.2 km2 

Downstream gage: 10.6 

km2 

25 years 

Peirce and Lindsay, 

2015 

Ephemeral streams 

in southern Ontario 

Mean precipitation 771.4 mm 

year-1 

Mean temperature 6.5 °C 

56 electrical resistance sensors Three ephemeral sub-

catchments from 0.034 

to 0.045 km2 

About 4 months 

during summer 

2011 

Shaw, 2016 

 

Forested catchment 

in central New York 

State 

Humid continental 

Mean precipitation presumably 

from 1100 to 1600 mm year-1 

Field mapping of flow length 

(12 surveys); discharge data 

1.5 km2 April-November 

2013 

Whiting and Godsey, 

2016 

Headwater streams 

in Central Idaho 

Mean precipitation 700 mm year-

1, which primarily falls as snow 

in wet winter months 

3 field surveys per catchment; 

discharge measurements 

4 headwater 

catchments from 6.5 to 

21.4 km2 

Spring and summer 

2014 

Gonzalez-Ferreras 

and Barquin, 2017 

Catchment in 

northern Spain 

draining into the 

Cantabric Sea 

Influence of both temperate 

oceanic and Mediterranean 

climate, precipitation over 2000 

mm year-1 above 1000 m a.s.l. 

149 surveys of different river 

segments over two seasons; 

aerial images from 2011 to 

2014 

1200 km2 Summer 2011 

(normal year) and 

summer 2014 (wet 

year) 

Jensen et al., 2017 Forested headwater 

catchments in 4 

physiographic 

provinces of the 

Appalachian 

Highlands, U.S. 

Mean precipitation from 1000 to 

1460 mm year-1 

Mean January temperature from -

9 to 3 °C 

Mean July temperature from 18 

to 22 °C 

Field mapping of the stream 

networks (7 surveys); for 8 of 

the 12 study sites stream flow 

measurements available 

12 headwater 

catchments with areas 

from 0.1 to 0.45 km2 

(except one catchment 

0.7 km2 wide) 

 

Shaw et al., 2017 Birch Creek 

watershed in the 

Catskill 

Mountains of New 

York State 

Humid continental 

Mean precipitation presumably 

from 1100 to 1600 mm year-1 

Field mapping of flow length; 

stream gaging 

Three catchments from 

4.62 to 11.53 km2 

Three surveys on 

June/July, August, 

September, October 

2014, and 

November 2015 

Zimmer and 

McGlynn, 2017 

Ephemeral-to-

intermittent drainage 

network in the 

Piedmont region of 

North Carolina, USA 

Subtropical, humid climate 

Mean precipitation 1136 mm 

year-1 

Mean temperature 15.5 °C 

77 surface drainage network 

mapping campaigns over a 

wide range of runoff 

magnitudes; runoff and 

groundwater measurements 

0.033 km2 October 2014 to 

June 2016 

Floriancic et al., Alpine catchment, Alpine Seven discharge measures in 4 sub-catchments areas One winter 
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2018 Switzerland Mean precipitation 1738 mm 

year-1 

Mean temperature 0.2°C 

four nested sub-catchments; 

stream water electrical 

conductivity and water 

chemistry 

varying from 1.4 km2 

to 5.1 km2; total area 

14.4 km2 

recession period 

(four months) 

Lovill et al., 2018 Northern California 

Coast Range 

Mediterranean, with mean 

precipitation 2000 mm year-1 

Mean temperature 13 °C 

Field mapping of the stream 

networks (from 2 to 4 surveys 

for each watershed); discharge 

data available 

Four catchments from 

2.75 to 5.59 km2 

(except one catchment 

16.97 km2 wide) 

Two rounds in early 

and late summer, 

years 2012, 2014 

and 2015 

Ward et al., 2018 Headwater mountain 

catchment in 

Oregon, USA 

Mean precipitation 2302 mm 

year-1 

Mean January temperature 0.6°C 

Mean July temperature 17.8 °C 

(from Greenland, 1993) 

4 field surveys, 15 pressure 

transducers 

0.96 km2 Field surveys from 

May to August 

2016, pressure 

transducers: 11 

months from 

October 2015 

Jensen et al., 2019 High-relief 

headwater catchment 

in southwest 

Virginia 

Mean precipitation over 1000 mm 

year-1 

Mean January temperature from -

4 to 1 °C 

Mean July temperature from 19 

to 22 °C 

51 flow intermittency sensors 

and field measurements 

0.33 km2 10 months 

Kaplan et al., 2019 Various nested sub-

catchments in the 

Attert catchment, 

Luxembourg 

Influence of oceanic climate 

Mean annual precipitation about 

850 mm year-1 

Maximum temperature of 17 °C 

in July and minimum of 0 °C 

in January 

time-lapse imagery, electric 

conductivity and stage 

measurements (182 sites of 

observations) 

28 km2 (total catchment 

area) 

Overall, about 4 

years from 2013 to 

2017 

Van Meerveld et al., 

2019 

Headwater 

catchment in 

Switzerland 

Alpine 

Mean precipitation 2300 mm 

year-1 

3 field surveys, streamflow in 

a neighbouring catchment 

0.13 km2 October and 

November 2016, 

August 2018 

Durighetto et al., 

2020 

Rio Valfredda (Piave 

river basin), northern 

Italy 

Alpine 

Mean precipitation about 1500 

mm year-1 

10 field surveys 5.3 km2 July to early 

November 2018 

Paillex et al., 2020 Val Roseg, Bernina 

Massif, Swiss Alps 

Alpine 

Mean precipitation about 1000 

mm year-1 

 

modified HOBO sensors for 

30 tributary streams 

About 28 km2 

(inferred) 
July to November 

2017, December 

2017 to June 2018 

Perez et al., 2020 Headwater Humid subtropical climate 23 overland flow detectors 0.0265 km2 July 2018 to 
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catchment in the Peri 

Lagoon, island of 

Santa Catarina, 

Brazil 

Mean precipitation about 1700 

mm year-1 

Average temperature varying 

between 15 °C and 27 °C 

(OFDs) and 11 wells November 2019 

 104 
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Linking the active river network length to weather variables is a straightforward and 105 

effective way to model its expansion and contraction dynamics. Many recent studies related the 106 

network length directly to river discharge or water level (e.g., Doering et al., 2007; Whiting and 107 

Godsey, 2016; Shaw et al., 2017; Zimmer and McGlynn, 2017; Ward et al., 2018; Prancevic and 108 

Kirchner, 2019). However, streamflow itself is a dependent variable controlled by the 109 

meteorological input, and it is often controlled by precipitation patterns at time scales that differ 110 

from those relevant for active channel network dynamics (Shaw, 2016; Durighetto et al., 2020). 111 

Furthermore, discharge is much less often recorded than precipitation (Fekete and Vörösmarty, 112 

2007; Kim and Sharma, 2019). Among the relatively few studies relating the active drainage 113 

network to weather and climatic drivers (Goulsbra et al., 2014; Ward et al., 2018; Jensen et al., 114 

2018, 2019; Jaeger et al., 2019), Durighetto et al. (2020) were the first to explore the dependence 115 

of the active stream length on the aggregation time scale of the underlying meteorological 116 

drivers. In the study of Durighetto et al. (2020), the impact of ET on network dynamics was 117 

determined to be negligible because of the wet climate characterizing their study area (annual 118 

rainfall > 1500 mm). To date, the extent to which this site-specific result can be extended to drier 119 

climate settings remains unknown. 120 

A comprehensive modeling framework should associate the estimated active drainage 121 

network length to the spatial allocation of flowing river reaches. This procedure is not trivial 122 

because the spatial distribution of the active network is arguably dependent on several 123 

topographic and geological features. While Biswal and Marani (2010) linked stream network 124 

recession features to morphological characteristics, other authors highlighted the importance of 125 

subsurface and groundwater processes for the study of spatial patterns of flow persistence (e.g., 126 

Godsey and Kirchner, 2014; Goulsbra et al., 2014; Shaw, 2016; Zimmer and McGlynn, 2017; 127 

Ward et al., 2018). Jaeger et al. (2007) did not find satisfactory area-slope relationships to 128 

explain observed channel head locations in forested landscapes in Northwestern USA. In the 129 

same vein, Payn et al. (2012) suggested a decreasing influence of topography on stream base 130 

flow contributions during the recession. Floriancic et al. (2018) found large differences in flow 131 

rates from neighboring slopes with similar geomorphological features, highlighting the 132 

importance of bedrock properties and even of debris cover on space-time variability of 133 

contributions to low flows. 134 

In the literature, there are many examples of studies that, though acknowledging that 135 

topography does not fully explain the observed spatial variability of the active river network 136 

persistency, use topographic and morphologic indices to model network expansion and 137 

contraction. Shaw et al. (2017) found statistically significant differences in the mean topographic 138 

wetness index (Beven and Kirkby, 1979), hereafter TWI, between ephemeral and perennial 139 

channels. Both Gonzalez-Ferreras and Barquin (2017) and Jaeger et al. (2019) included several 140 

topographic variables in their sets of independent variables for random forest-based 141 

classifications of river network persistency. Jensen et al. (2018) developed logistic regression 142 

models of river network dynamics based on terrain metrics and runoff observations. They found 143 

that TWI and, to a lesser extent, other topographic indices (e.g., the topographic position index 144 

TPI; Guisan et al., 1999) were fundamental parameters for modeling headwater stream network 145 

dynamics. Additional field campaigns that exploited water presence sensors confirmed the 146 

significant correlation between flow duration and topographic indices such as TWI, TPI or 147 

upslope accumulated area in a small catchment in Northeastern USA (Jensen et al., 2019). 148 

Existing approaches, however, exploit local morphometric properties of the contributing 149 
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catchment and operate at the single-grid pixel or river segment level. Therefore, the dynamics of 150 

the whole stream network emerge from the aggregation of the local model results through a 151 

bottom-up approach. This can induce significant misestimations of the total active length in some 152 

circumstances (Jensen et al., 2018). Moreover, in the existing literature, the effect of stationary 153 

topographic and geological characteristics is superimposed on that induced by dynamical 154 

hydrometeorological variables, as spatial and temporal patterns of flowing streams are 155 

concurrently analyzed via regression models. The influence of topographic and geological 156 

attributes on the spatial patterns of flow persistency has not yet been isolated, and the impact of 157 

prioritization schemes that involve specific morphometric and geologic characteristics on the 158 

ensuing model performance remains unknown. 159 

In this paper, a comprehensive investigation of the recession dynamics of two temporary 160 

headwaters in a Mediterranean watershed is presented. The research consists of the following 161 

three main steps: 1) field monitoring and visual inspection of the active stream network, 162 

characterized by higher than weekly resolution surveys (average time interval of approximately 163 

4-5 days) over a total area > 1 km
2
, from the end of the 2019 rainy season (i.e., April) until the 164 

complete drying up of the channels (June); 2) statistical modeling of the total active drainage 165 

network length by explicitly accounting for the time variability of the hydroclimatic forcing and 166 

evapotranspiration dynamics; and 3) prediction of the spatial distribution of the active nodes 167 

based on topographic and geological characteristics of the drainage basin. 168 

The application of the proposed novel methodology serves to fulfill the following specific 169 

objectives: i) further increasing the range of experimental studies that address temporary streams 170 

to characterize the effect of seasonal flow recession on the active channels of a headwater 171 

catchment with a temperate (hot-summer) Mediterranean climate; ii) highlighting the time scales 172 

of network contraction and seasonal dry down, relating them to relevant climatic variables and 173 

evaluating the role of ET in the network contraction; and iii) assessing to what extent the spatial 174 

distribution of the active river reaches can be explained by a model relying only on topography 175 

and evaluating the model’s improvement with additional information related to the geology of 176 

the sites. 177 

2 Data and Methods 178 

2.1 Study area and geological setting 179 

The study area consists of two headwater catchments (located approximately at 39.524° 180 

N, 16.130° E) feeding the upper course of the Turbolo creek, a tributary of the Crati River in 181 

southern Italy (Figure 1a). The Turbolo creek has been investigated for over 20 years (e.g., 182 

Mendicino and Sole, 1997; Mendicino, 1999), and its upper course is conventionally closed at 183 

the outlet of Fitterizzi, where both a weather station and a water stage gauge are installed, 184 

managed by the Regional Agency for the Protection of the Environment (ARPACal). 185 

The upper Turbolo creek catchment is approximately 7 km
2
 wide, with elevation ranging 186 

from 183 to 1005 m a.s.l. Its channel network mainly consists of two forks, originating from the 187 

Calabrian Coastal Range, and is dominated by strongly altered and fractured crystalline-188 

metamorphic rocks that entail widespread slope instability and overall high permeability 189 

(Tortorici et al., 1995). Such conditions allow relevant groundwater storage leading to almost 190 

perennial flow at the Fitterizzi gauge.  191 

 192 
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 193 

Figure 1. Study area: (a) the Turbolo catchment closed at the Fitterizzi outlet (red pin). Red 194 

contours highlight the two headwater catchments analyzed; (b) zoom on the two headwater 195 

catchments (W catchment on the left, E catchment on the right); (c) geolithological map of the 196 

study area: silty marly clays of the Middle-Late Pliocene are drawn in yellow; overlapping Late 197 

Pliocene sandy-conglomerate formations are drawn in light beige. The double dashed red line 198 

represents the anticline fold. Point A highlights the intersection at the lowest elevation of the 199 

separation line between the two sandy and clay lithological formations with the main channel of 200 

the W catchment drainage network, point B the intersection of the anticline fold with the E 201 

catchment drainage network; (d) study catchments areas and drainage networks overlaid on 202 

orthophotos provided by the Calabria Region geoportal. 203 

 204 

The geomorphology of the catchment is characterized by steep slopes on the west side, 205 

modeled on the metamorphic rocks. In the eastern part, where the two test catchments fall, slopes 206 

are less steep, but very affected by water erosion processes, inducing shallow landslides and soil 207 

creep phenomena.  208 

The two headwater catchments selected for this study, hereafter referred to as east/E and 209 

west/W catchments (in agreement with their geographical position in Figure 1b), are 0.67 and 210 

0.48 km
2
 wide, respectively; their main topographic and geomorphological features are 211 

summarized in Table 2. Their dominant lithologies (Figure 1c) are silty marly clays of the 212 

Middle-Late Pliocene, with poor erosion resistance and low permeability. North-westerly, poorly 213 

consolidated and highly permeable sandy-conglomerate formations of the Late Pliocene 214 

(Calabrian) overlap. The sharp contrast of permeability between the two lithologies generates 215 
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shallow unconfined aquifers feeding temporary springs. The surface layers of the clay formations 216 

are also generally altered and more permeable than the underlying layers. Moreover, they are 217 

characterized by variable thicknesses due to the aforementioned geomorphological 218 

characteristics and because of an anticline fold, linked to the tectonic processes affecting the 219 

entire area (Figure 1c). These layers also contain shallow aquifers seasonally contributing to 220 

surface flows. 221 

The surface erosive processes affecting the two test catchments are mainly dominated by 222 

surface flowing waters and landslides, which can cause landscape evolution, especially in areas 223 

with limited vegetation cover (including agricultural areas). Therefore, the catchment 224 

morphology is subject to changes with consequent variations in channel incision and geometry. 225 

The W catchment’s drainage network is frequently characterized by eroded gullies, steeper 226 

morphology and bare surfaces with evident signs of recurrent landslides. On the other hand, the 227 

E catchment has gentler slopes. As a comparison, Table 2 shows that the TPI standard deviation 228 

is equal to 0.24 and 0.16, respectively, for the W and E catchments. Another important difference 229 

between the study sites concerns land use: less than 15% of the W catchment is used for 230 

agriculture, while approximately 90% of the E catchment is used for agriculture and pasture 231 

(Figure 1d).  232 

Finally, it is noteworthy that stretches with standing water, due to low infiltration rates 233 

and morphological irregularities, are not uncommon in the study area. Standing water was not 234 

considered as part of the active network, yet it facilitates ephemeral stream reactivations (even of 235 

a few hours) in the gullies, even following low rainfall amounts. 236 

2.2 Hydrometeorological dataset 237 

The monitoring station of Fitterizzi (Figure 1a) is very close to the two test catchments 238 

(approximately 175 m from the outlet of the E catchment, and approximately 2150 m from the 239 

farthest point of the W catchment), therefore it is highly representative of the climate and 240 

weather conditions of the test area. The weather data analyzed during the 18-year long period 241 

from July 2001 to June 2019 reveal a typical Mediterranean climate (Csa, according to Köppen 242 

classification; Köppen, 1936), with hot and dry summers (average July temperature of 24.9 °C) 243 

and wet, not very cold winters (average January temperature of 7.9 °C). The average annual 244 

precipitation and reference crop evapotranspiration are equal to 1244.7 mm year
-1

 (only 26% of 245 

which falls from April to September) and 1235.9 mm year
-1

, respectively (Figures 2a and 2b). 246 

The one-year period from July 2018 to June 2019 (corresponding to the dry down month in our 247 

survey) was less rainy than average (990.4 mm year
-1

) and evapotranspiration was slightly lower 248 

than average (1205.3 mm year
-1

). Nevertheless, May 2019, which is the month with the highest 249 

number of field surveys used for this study, was particularly wet (94.6 mm, the second rainiest 250 

month in the series).  251 

The total amount of rainfall during the study period (from April 18, 2019 until the end of 252 

June 2019) was 101.8 mm, and the corresponding reference evapotranspiration was 375.4 mm 253 

(Figure 2c). During this 74-day period, 23 rainy days (precipitation ≥ 0.2 mm/d) were observed 254 

(18 of which were in May), with the highest intensity of 28.8 mm d
-1

 on May 6. The average 255 

number of consecutive dry days was 6.4, but June was almost completely dry. The limited 256 

rainfall amounts observed in June corresponded to an almost simultaneous sudden increase in 257 

temperatures. Specifically, from June 3 to 7, there was an increase of more than 10 °C in the 258 

maximum daily temperature and approximately 8 °C in the mean daily temperature. 259 
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Table 2. Summary of the main properties of the E and W catchments and field surveys. GDNL is the geomorphic drainage network 260 

length, ADNL the active drainage network length, TWI the topographic wetness index and TPI the topographic position index 261 

(calculated through the homonymous GDAL - geospatial data abstraction library - algorithm in QGIS). 262 

 263 

Main topographic and geomorphological features  Field surveys 

 E catchment W catchment  E catchment W catchment 

Catchment area (km
2
) 0.67 0.48  Date ADNL (km) Date ADNL (km) 

Maximum altitude (m a.s.l.) 481 545  18 Apr 2019 2.74 18 May 2019 1.33 

Mean altitude (m a.s.l.) 263 358  03 May 2019 1.95 21 May 2019 1.20 

Minimum altitude (m a.s.l.) 183 213  07 May 2019 2.54 24 May 2019 0.88 

Average exposure NW NW  11 May 2019 1.95 01 Jun 2019 0.87 

Average slope 15° 23°  17 May 2019 2.10 05 Jun 2019 0.45 

Maximum TWI 16.21 14.67  21 May 2019 1.68 07 Jun 2019 0.28 

Mean TWI 5.13 4.5  24 May 2019 1.62 10 Jun 2019 0.14 

Maximum TPI  0.9 2.80  01 Jun 2019 1.40 15 Jun 2019 0.00 

TPI standard deviation 0.16 0.24  05 Jun 2019 1.40   

Minimum TPI -0.93 -1.70  07 Jun 2019 0.15   

GDNL (km) 2.88 2.26  10 Jun 2019 0.00   

 264 
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 265 

Figure 2. (a) Box plots of accumulated monthly precipitation from July 2001 to June 2019. Blue 266 

horizontal lines represent the average values, red dots the values in the period July 2018 – June 267 

2019; (b) same as that of (a), but reference crop evapotranspiration ET0; (c) time series of daily 268 

precipitation and ET0 in the period July 2018 – June 2019. White background highlights the 269 

study period. Note that, while ET0 in figure (c) was calculated through the Penman-Monteith 270 

equation (Allen et al., 1998), due to the numerous gaps in many variables, the monthly ET0 in 271 

figure (b) was calculated through the Hargreaves-Samani equation that was improved following 272 

the approach of Mendicino and Senatore (2013b). 273 

 274 

Correspondingly, the mean reference evapotranspiration increased from 4.0±0.7 mm d
-1

 275 

during the period of April 18 – June 3 to 6.9±0.6 mm d
-1

 during the period of June 4 – 30. 276 

Water stage data were also available at Fitterizzi. For that outlet, the stage-discharge 277 

rating curve was reconstructed by carrying out frequent discharge measurements (approximately 278 

one per month) from March to August 2019 with a three-dimensional flow tracker based on the 279 

acoustic Doppler velocimeter (ADV) technology, whose sensor allowed reliable measurements 280 

starting from flow depths greater than 25 mm, with a maximum tolerance of ±8 mm. From April 281 

18 to June 30, 2019, an almost constant decrease in the average daily discharge was recorded, 282 
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from 0.104 m
3
s

-1
 to 0.023 m

3
s

-1
, respectively. The highest average daily discharge (0.198 m

3
s

-1
) 283 

was recorded after the event that occurred on May 6. 284 

2.3 Field surveys and drainage network mapping 285 

The on-site surveys, aimed at reconstructing the topology and dynamics of the flowing 286 

network, were carried out from April 2019 until complete dry down occurred in June 2019. The 287 

mapping strategy that was replicated was defined by Durighetto et al. (2020) and consisted of 288 

hiking the whole catchments, moving upstream along the reaches and collecting the coordinates 289 

and activity status of each network node, aided by a geotracking device. The average distance 290 

between neighboring nodes was set as 20 m; however, in some cases, adverse morphological and 291 

vegetation conditions (especially in the W catchment) did not allow a uniform distance value to 292 

be maintained throughout the network. Each node was classified as active when there was 293 

flowing water on it and dry otherwise (dry node or node with standing water). The minimum 294 

width of the flowing water for identifying an active node was fixed to 10 cm, in line with 295 

Durighetto et al. (2020).  296 

A total of 11 (8) complete surveys were carried out for the E (W) catchment, until the 297 

complete dry down of the whole network in both catchments took place (Table 2). Afterward, 298 

periodic (e.g., biweekly) inspections were carried out during the summer season to verify the 299 

lack of surface flows in the test catchments (the reactivation of the network took place in 300 

November 2019). The overall duration of the campaigns was 53 and 28 days, respectively, for 301 

the E and W catchment. For the E catchment, the average time interval between two consecutive 302 

surveys was 5.3 days (maximum 15 days, minimum 2 days); for the W catchment, it was 4 days 303 

(maximum 8 days, minimum 2 days). Surveys were performed under different weather 304 

conditions.  305 

On-field recorded information was archived in a GIS environment in which the nodes 306 

were connected and the whole network was delineated for each survey carried out. Specifically, 307 

the drainage networks were reconstructed from a combination of information derived from on-308 

field surveys and official sources, such as the digital terrain model (DTM) and orthophotos 309 

provided by the Calabria Region geoportal. The DTM has a spatial resolution of 5 m (enough to 310 

reconstruct accurate stream networks; Li and Wong, 2010) and was preliminarily corrected with 311 

a pit removal algorithm to eliminate the most evident DTM artifacts (i.e., pits collecting drainage 312 

from more than 4 cells, i.e., 100 m
2
), and then flow directions and flow accumulation were 313 

calculated through a classical D8-type algorithm (Jenson and Domingue, 1988). The consistency 314 

of the flow directions derived from the DTM with the observations was checked by overlaying 315 

the tracked nodes. Inconsistencies were solved by manually modifying the DTM, but differences 316 

in positioning were never greater than two cells (i.e., < 10 m). The surveyed nodes were 317 

connected by stretches following the GIS-derived flow accumulation grids, and from each grid 318 

cell in between two observed nodes, a virtual node was extracted. Each stretch was then set as 319 

active only if both the upstream and downstream nodes were observed as active.  320 

Subsequently, for each survey, every node was assigned with an active/nonactive label 321 

that made it possible to calculate some global properties, such as the total active drainage 322 

network length (ADNL [km]) and the active drainage density (ADD [km
-1

]). Furthermore, the 323 

persistency of active drainage on each stretch i during the survey period was quantified through a 324 

persistency index Pi calculated as the ratio of the number of surveys with the stretch classified as 325 

active to the total number of surveys (Durighetto et al., 2020). 326 
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2.4 Modeling the drainage network length dynamics 327 

The models used for estimating the total active streamflow network length follow the 328 

approach adopted by Durighetto et al. (2020), but some novel elements have been introduced to 329 

represent the peculiarity of the climate in the study area and the seasonality of the flow regime. 330 

In the first model (model 1, hereafter), the ADNL is assumed as linearly dependent on the 331 

antecedent excess precipitation EPT (mm) accumulated during T days:  332 

 333 

𝐴𝐷𝑁𝐿(𝑡) = 𝑘𝐸𝑃 ∙ 𝐸𝑃𝑇(𝑡) ∙ 𝐻[𝐸𝑃𝑇(𝑡)]      (1) 334 

 335 

where H is the Heaviside step function and kEP (km mm
-1

) is a parameter representing the 336 

rate of ADNL increase per unit of EPT. EPT is calculated integrating the daily excess precipitation 337 

EP (mm d
-1

) over the period T: 338 

 339 

𝐸𝑃𝑇(𝑡) = ∫ 𝐸𝑃(𝜏)𝑑𝜏
𝑡

𝑡−𝑇
        (2) 340 

 341 

where 𝐸𝑃(𝑡) = 𝑅(𝑡) − 𝐸𝑇𝐶(𝑡), with R (mm d
-1

) as the daily precipitation and ETC (mm 342 

d
-1

) as the daily crop evapotranspiration. The latter can be calculated following Allen et al. 343 

(1998) using a crop coefficient kc: 344 

 345 

𝐸𝑇𝐶 = 𝑘𝑐 ∙ 𝐸𝑇0         (3) 346 

 347 

where ET0 is the daily reference crop evapotranspiration estimated with data provided by 348 

the Fitterizzi monitoring station. It is noted that the daily excess precipitation is forced to be 349 

positive or null. 350 

The calibration of the model relies on the parameters kc, kEP and T. By fixing the values 351 

of kc and T, linear regression was used to estimate kEP, and the coefficient of determination R
2
 352 

was calculated. The parameters kc and T were estimated by maximizing R
2
 by searching in a two-353 

dimensional domain in which physically reasonable ranges of (0, 1) and (0, 60 days) were 354 

assumed for kc and T, respectively. Calibrations were performed for both the E and W 355 

catchments, checking their robustness through leave-one-out cross-validations. Furthermore, 356 

each study catchment was used for the validation of the model parameters found during the 357 

calibration in the other catchment. 358 

Model 1 is the only model of the three models proposed by Durighetto et al. (2020) that 359 

accounts for evapotranspirative processes. In contrast to the alpine climate where it was first 360 

applied, in our study area, the advent of high temperatures, typically from late spring, leads to a 361 

significant and rather sudden increase in evapotranspiration (Figure 2c), making occasional rain 362 

showers ineffective for the recharge of groundwater. Therefore, the term EPT tends to zero rather 363 

rapidly (depending on T), resulting in the complete dry down of the stream network. Notably, in 364 

the calibration strategy adopted in this paper, the parameter kc represents the average behavior of 365 
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the whole vegetation in the catchment, and it can implicitly include the effect of water stress 366 

conditions; therefore, the accumulated ETC calculated along the whole analysis period is 367 

presumably representative of the accumulated actual evapotranspiration. 368 

The importance of evapotranspiration for the contraction and dry down of the Turbolo 369 

river network was further evaluated by comparing model 1 to the other two models proposed by 370 

Durighetto et al. (2020) in which EP is replaced by precipitation. Specifically, the simplest of 371 

these models simply assumes that the ADNL linearly depends on the precipitation RT (mm) 372 

accumulated in the previous T days through a coefficient kP (km mm
-1

). It will be called model 2, 373 

hereafter: 374 

 375 

𝐴𝐷𝑁𝐿 = 𝑘𝑃 ∙ 𝑅𝑇(𝑡)         (4) 376 

 377 

The last model (model 3, hereafter) considers two amounts of precipitation (RT1 and RT2) 378 

as explanatory variables for ADNL, accumulated over different periods T1 and T2 to account for 379 

different contributions (surface and subsurface/groundwater, respectively) to the flow generation 380 

processes. These two quantities are then linked to ADNL with linear regression using the 381 

coefficients kP1 and kP2: 382 

 383 

𝐴𝐷𝑁𝐿 = 𝑘𝑃1 ∙ 𝑅𝑇1(𝑡) + 𝑘𝑃2 ∙ 𝑅𝑇2(𝑡)       (5) 384 

 385 

Similar to model 1, models 2 and 3 also have no parameters accounting for the length of 386 

the permanent drainage network. Therefore, model 2 needs calibration only for parameters kP 387 

and T, while kP1, kP2, T1 and T2 are calibrated for model 3. The calibration procedures adopted for 388 

these two models are similar to that used with model 1, i.e., for each model, the set of parameters 389 

maximizing R
2
 was selected (for further details, the reader is referred to Durighetto et al., 2020). 390 

The performance indices adopted for model comparisons were the R
2
 and the mean absolute 391 

error (MAE) between the observed and modeled ADNLs. 392 

2.5 Modeling the spatial distribution of the active drainage network 393 

Compared to other approaches found in the literature that are aimed at providing spatially 394 

distributed information of the degree of network activity (e.g., Gonzalez-Ferreras and Barquin, 395 

2017; Jensen et al., 2018; Jaeger et al., 2019), the novelty of the method herein proposed is that it 396 

starts from the active drainage network total length (whose extent is estimated based on 397 

meteorological variables in a dynamic manner), and then focuses on the allocation of the 398 

estimated total length in the space, depending on local geomorphological and/or geological 399 

features. The latter step is carried out by transferring the information concerning the nodes 400 

surveyed to the grid cells making up the DTM, thus representing the study area through a regular 401 

grid with a resolution equal to that of the DTM.  402 

A straightforward and objective method for assessing the spatial distribution of the ADNL 403 

consists of relying on topographic features. Among the various terrain metrics, the TWI is likely 404 

the one that more clearly shows a direct link with the runoff persistency (e.g., Shaw et al., 2017; 405 

Jensen et al., 2018; 2019). 406 
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If it is assumed that the persistency of surface runoff in a given grid cell is directly 407 

dependent on the TWI, then it is possible to spatially distribute the active network objectively. 408 

This can be accomplished by locating it such that it starts from the cell with the highest TWI 409 

value and gradually decreases until it reaches a threshold value that corresponds to a network 410 

length equal to the (observed or modeled) ADNL. This approach can be pursued once a bijective 411 

correspondence between network length and TWI values has been defined. Specifically: 412 

- if two grid cells are connected horizontally (i.e., in the N-S or E-W directions), the 413 

associated length of the channel is equal to the lateral dimension (resolution) of the cell l; 414 

- if two grid cells are connected diagonally (NW-SE or NE-SW directions), the associated 415 

length is equal to √2·l; 416 

- in the case of isolated cells, the associated length can be arbitrarily assumed between 0 417 

and √2·l (in our case, a length equal to 0.5·l was set). 418 

However, the presence of pedological and lithogeological singularities can weaken the 419 

hypothesis of the dependence of the active network location only on topography (e.g., Godsey 420 

and Kirchner, 2014), especially during the recession phase (Payn et al., 2012) and even in 421 

neighboring catchments with similar geomorphological characteristics (Floriancic et al., 2018). 422 

In such cases, the general rule of dependence on higher TWI values can be amended by 423 

prioritizing/penalizing reaches that have specific features (e.g., the presence of a spring or, 424 

conversely, a wide alluvial bed with high storage potential). In particular, if permanent or 425 

semipermanent springs are identified, active cells can be allocated primarily downstream of the 426 

springs, still following a higher-TWI-based rule that is limited to the downstream channels until 427 

the outlet is reached and then moving to the remaining portion of the drainage network. Of 428 

course, this approach cannot be separated from an accurate knowledge of the pedolithology and 429 

bedrock geology of the study area. 430 

The accuracy of the model was evaluated through cell-by-cell comparisons involving, for 431 

every survey i, all the cells of the geomorphic drainage network. The results were summarized in 432 

confusion matrices, from which an accuracy index was achieved: 433 

 434 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖 =
𝑇𝑃𝑖+𝑇𝑁𝑖

𝑛
         (6) 435 

 436 

where TPi and TNi represent the cells correctly modeled as active (true positives) and not 437 

active (true negative), respectively, and n is the total number of cells belonging to the 438 

geomorphic drainage network, i.e., the sum of TPi, TNi, false positives FPi (i.e., cells erroneously 439 

modeled as active) and false negatives FNi (i.e., cells erroneously modeled as not active). 440 

3 Results 441 

3.1 Active drainage network observations 442 

Table 2 shows the observed ADNL for the 19 surveys carried out in the study area. In the 443 

E catchment, the ADNL ranged from a maximum of 2.74 km (95% of the potential -geomorphic- 444 

drainage network, ADD = 4.09 km
-1

) to 0 in approximately 53 days, with an average observed 445 

value of approximately 1.59 km. The high initial value of the active network length is most likely 446 
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due to the precipitation events in the previous two weeks (approximately 80 mm and 13 rainy 447 

days out of 14; Figure 2c). Despite a general decreasing trend, the dynamics of the ADNL are 448 

nonmonotonic because the rainfall events between the 3
rd

 and 7
th

 of May (45.8 mm overall) and 449 

between the 11
th

 and 17
th

 of May (25 mm overall) led to a temporary increase of the variable. On 450 

the other hand, in the W catchment after the first survey (18
th

 of May) no relevant rainfall events 451 

occurred until the complete dry down (approximately 28 days later), with an average of less than 452 

1 mm d
-1

 of rainfall; hence, we observed a continuous decrease of ADNL from the first observed 453 

value (1.33 km, corresponding to 59% of the geomorphic drainage network, and an ADD = 2.77 454 

km
-1

) to 0, with an average observed ADNL of approximately 0.64 km. 455 

Disconnected ADNL (i.e., the length of the portion of the active drainage network not 456 

connected to the outlet) was not particularly relevant in both catchments. In the E catchment, 457 

only during one survey (Jun 7) was the active network disconnected (5.3% of the geomorphic 458 

network length). On the other hand, the rougher morphology of the W catchment allowed 459 

identifying some disconnected portions of the network in 6 out of 8 surveys, but with 460 

disconnected lengths that never exceeded 15% of the geomorphic network.  461 

Figure 3 shows the spatial distribution of the persistency index Pi in the study catchments. 462 

Owing to the ephemeral nature of the stream network in this region, the mean persistency values 463 

in the E and W catchments are 0.55 and 0.30, respectively. Figure 3 also highlights a significant 464 

spatial variability of P throughout the network; in particular, both catchments have one main 465 

branch where Pi values are remarkably higher than all the other reaches. This pattern can be 466 

reasonably linked to the lithogeological features of the study sites (Section 2.1). Specifically, 467 

point A (reported in both Figures 1c and 3) upstream of the most persistent branch in the W 468 

catchment represents the lowest elevation intersection of the separation line between the two 469 

sandy and clay lithological formations with the main channel, while point B (also drawn in 470 

Figures 1c and 3) upstream of the most persistent branch in the E catchment highlights the 471 

approximate location of the intersection of the anticline fold with the drainage network. Both 472 

points A and B play an important role because the geological features that correspond to those 473 

points foster temporary springs. 474 

3.2 Active drainage network length modeling 475 

Figure 4 relates the ADNLs of the E and W catchments to the average daily discharge Q 476 

at the Fitterizzi gauge. The observed discharge is likely to smooth the actual relationship 477 

between the active drainage network and the runoff produced by the test catchments since Q 478 

reflects the hydrological processes taking place in a larger area (7 km
2
 against 1.15 km

2
), 479 

including the mountain areas with geolithological characteristics leading to semiperennial flow 480 

(Section 2.1). Nevertheless, in both catchments, we tried to express the observed ADNLs as a 481 

function of the observed discharge as:  482 

 483 

𝐴𝐷𝑁𝐿 = 𝛼 ∙ (𝑄 − 𝑄0)
𝛽        (7) 484 

 485 

where  is a constant,  is the scaling exponent and Q0 is the highest discharge value for 486 

which ADNL = 0. Calibration led to a value of 0.494 for the scaling exponent value in the E 487 

catchment, which is within the literature range (Godsey and Kirchner, 2014; Jensen et al., 2017). 488 
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Instead, in the W catchment, it is >1 (Figure 4b). This difference in the exponents is possibly 489 

generated by the difference in the dates when the surveys started (in the W catchment, the 490 

surveys started closer to the dry down than in the E catchment). 491 

 492 

Figure 3. Persistency index Pi for the E and W catchments. Points (A) and (B) from Figure 1c 493 

are also reported. 494 

The power regressions based on Equation 7 were well correlated to observed ADNLs (R
2
 495 

equal to 0.87 and 0.94, MAE equal to 0.23 km and 0.08 km, respectively, for the E and W 496 

catchment). Nevertheless, they oversimplify the different response times of different 497 

hydrological processes (i.e., active network expansion/contraction and discharge 498 

generation/routing) triggered by common climatic forcing, enhancing the risk of spurious 499 

correlations. In Figures 4a and 4b, the colors of the circles and the red dashed tracks highlight the 500 

time evolution of observed points in the Q-ADNL domain. In the E catchment, we observed 501 

some signals of the counterclockwise hysteretic effect described by Zimmer and McGlynn 502 

(2017) during the precipitation event that took place on May 6, 2019. The ADNL was slightly 503 

lower during the rising limb than during the receding limb (ADNL = 1.948 km and Q = 0.066 504 

m
3
s

-1
 on May 3, ADNL = 1.953 km and Q = 0.064 m

3
s

-1
 on May 11), confirming that network 505 

contraction might have a delayed response compared to flow recession. Other examples in 506 

support of this finding exist. For instance, in the E catchment, despite a flow recession of 507 

approximately 0.012 m
3
s

-1
 from the 1

st
 to the 5

th
 of June (with 2.8 mm of rainfall in-between), 508 

ADNL did not vary. The counterclockwise hysteretic effect emerges despite that the size of the 509 

catchments where the ADNL was monitored is much smaller than the contributing area at the 510 

discharge gauging station. Instead, such an instance is expected to smooth the discharge response 511 

and hasten the ADNL response. 512 
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 513 

Figure 4. Observed mean daily runoff Q versus ADNL observed in (a) the E and (b) the W 514 

catchment. Different fill colors highlight the measuring date for each point of the series, while 515 

the red dashed tracks indicate the time evolution of observations in the Q-ADNL domain. 516 

 517 

Drainage network dynamics were then related to the underlying meteorological drivers 518 

(precipitation and evapotranspiration) using the statistical models described in Section 2.4. Table 519 

3 summarizes the results achieved using model 1 that accounts for evapotranspiration, and its 520 

performance is compared to models 2 and 3 that only rely on precipitation data.  521 

As per the best performing model (model 1), we observed some differences in the 522 

calibrated parameters between the E and W catchments (Table 3). The period T over which the 523 

excess precipitation was accumulated on the E catchment was slightly shorter than the W 524 

catchment (31 vs. 34 days). This result can be explained by the smoother landscape of the E 525 

catchment compared to the W catchment, where incised channels might strongly connect the 526 

surface drainage network to the subsurface flow. The calibrated kc value in the E catchment was 527 

also lower than the optimal kc in the W catchment (0.449 vs. 0.755), in line with the observed 528 

differences in the land use of the two catchments (with more agriculture and controlled 529 

vegetation growth in the E catchment). The patterns of the R
2
 values in the T-kc domain for both 530 

the E and the W catchments are shown in Figures 5a and 5b, respectively. Even though R
2
 values 531 

tend to be higher in the W catchment, which can be simulated more ‘easily’ (fewer surveys and 532 

monotonic descending behaviors of the ADNL), the patterns are quite similar in the two cases 533 

and suggest that the drainage network dynamics in our case studies cannot be explained by the 534 

short-term (i.e., few days) trend of weather variables.535 
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Table 3. Comparison of the calibrated parameters with models 1, 2 and 3 and related performance. The left side of the table refers to 536 

the calibration performed in the E catchment, where R
2
 and the mean absolute error (MAE) for the W catchment were calculated using 537 

the mean values of the parameters kEP, kP, kP1 and kP2. Analogously, the right side of the table shows the results achieved with the 538 

calibration performed in the W catchment. Parameters units: T, T1, T2 [days]; kc [-]; kEP, kP, kP1 and kP2 [km mm
-1

]; R
2
 [-]; MAE [km]. 539 

 540 

Model 

Parameters  

(E catchment 

calibration) 

E catchment 

(calibration) 

W catchment 

(validation) 
Parameters  

(W catchment 

calibration) 

E catchment 

(validation) 

W catchment 

(calibration) 

R
2
 MAE R

2
 MAE R

2
 MAE R

2
 MAE 

Model 1 

Eq. (1) 

T = 31 

0.92 0.19±0.02 0.83 0.43 

T = 34 

0.79 0.53 0.98 0.05±0.01 kc = 0.449 kc = 0.755 

kEP = 0.034±0.0006 kEP = 0.035±0.0003 

Model 2 

Eq. (4) 

T = 24 
0.63 0.42±0.03 0.83 0.70 

T = 9 
0.58 0.58 0.96 0.07±0.01 

kP = 0.026±0.0007 kP = 0.047±0.0012 

Model 3 

Eq. (5) 

T1 = 5 

0.78 0.27±0.02 0.95 0.59 

T1 = 8 

0.58 0.70 0.99 0.04±0.01 
T2 = 24 T2 = 18 

kP1 = 0.025±0.0023 kP1 = 0.029±0.0015 

kP2 = 0.021±0.0009 kP2 = 0.007±0.0005 

 541 
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 542 

Figure 5. (a) R
2
 of model 1 as a function of T and kc, calibrated over the observations in the E 543 

catchment; (a) R
2
 of model 1 as a function of T and kc, calibrated over the observations in the W 544 

catchment; (c) daily precipitation during the period from April 12 to June 21, 2019; (d) calibrated 545 

model based on model 1 in the E catchment (red points represent the observed ADNL values); 546 

(e) calibrated model based on model 1 in the W catchment (blue points represent the observed 547 

ADNL values). 548 

The T and kc parameters summarize the effects of the differences in topography and land 549 

cover in the two catchments. Taking this into account, interestingly, the ratio between the ADNL 550 

and the accumulated excess precipitation is almost the same (0.034±0.0006 and 0.035±0.0003 551 

for the E and W catchment, respectively). The cross-validation analysis highlighted the 552 

robustness of the model (coefficients of variation on the order of 0.01) that was also confirmed 553 

by the MAE values achieved with different parameter subsets.  554 

Figure 5c shows the modeled network dynamics using the parameter sets calibrated with 555 

both the test catchments and the observations. The graph provides a visual representation of the 556 
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good performances of the models that are confirmed by the high R
2
 and low MAE values (Table 557 

3). Model 1 not only performs very well in the catchment where it is calibrated (R
2
 = 0.92 and 558 

0.98, MAE = 0.19±0.02 km and 0.05±0.01 km, for the E and W catchments, respectively) but 559 

also provides reliable forecasts in the corresponding validation catchments (R
2
 = 0.83 and MAE = 560 

0.43 km in the W catchment; R
2
 = 0.79 and MAE = 0.53 km in the E catchment). The decrease of 561 

performance observed when evapotranspiration is not included in the statistical regression 562 

(models 2 and 3) indicates that in Mediterranean climates, ET plays a critical role for drainage 563 

network dynamics. Furthermore, the physical explanation of the difference between the 564 

calibrated parameters of models 2 and 3 in the two catchments is less straightforward. 565 

3.3 Spatial distribution of the active drainage network 566 

According to the proposed approach (Section 2.5), the first step for modeling the spatial 567 

distribution of the active drainage network consists in finding, for each of the test catchments, a 568 

relationship that allows one to calculate the drainage network length for predefined TWI 569 

threshold values. Figure 6 shows the variation of the active network length, considering as active 570 

only the cells of the DTM having TWI values equal to or greater than a given threshold. To 571 

facilitate the comparison between the two catchments, the active network length and the TWI 572 

were scaled with the catchment area (ADD) and the maximum TWI value (TWImax), 573 

respectively. The graph highlights an almost linear increase in ADD while reducing the TWI 574 

threshold in the W catchment; in the E catchment, instead, the increase in ADD is slower for 575 

higher TWI values (i.e., at lower elevations) and faster for lower values. Figure 6 resembles the 576 

right tails of TWI frequency distributions in the study catchments (corresponding to the 577 

channelized network). Moreover, the observed pattern of ADD vs. TWI/TWImax in the E 578 

catchment reflects the higher bifurcation ratio of the upstream network, and the presence of a 579 

single relatively long main channel that dominates the landscape in the lower part of the basin. 580 

Therefore, in the E catchment, the ADNL is more (less) sensitive to changes in the TWI 581 

threshold for lower (higher) TWI values. 582 

The TWI-ADNL relationship can be used for modeling the spatial distribution of the 583 

active network if TWI values of the cells are significantly correlated with the corresponding 584 

persistency values. Specifically, it can be hypothesized that a cell in the channel network with 585 

higher TWI is active for longer than a cell with a smaller TWI; hence, its persistency Pi is higher. 586 

Indirectly, this assumption implies that the activation of the reaches in the whole network 587 

follows a hierarchical order since TWI is a time-invariant feature.  588 

TWI values in the cells that host the geomorphic channel networks are well correlated 589 

with Pi (Figure 7) both in the E catchment (r = 0.714, p << 0.001) and the W catchment (r = 590 

0.833, p << 0.001). Correlation analysis suggests that other topographic indices such as TPI, 591 

which proved to be useful in other contexts (e.g., Jensen et al., 2018), cannot add significant 592 

information in this case (r = 0.059 and 0.098, for the E and W catchments, respectively).  593 

The ADNL-TWI relationships found in the two test catchments were used to drive the 594 

spatial distribution of the modeled ADNL in the cells of the DTM. Figures 8a and 8b (left 595 

histogram series, labeled with “T”) summarize the performance of the whole modeling chain 596 

(i.e., ADNL modeling based on effective rainfall and consequent spatial allocation of the 597 

channelized sites), highlighting for each survey in each catchment, the percentage of TP, TN, FP 598 

and FN. The mean accuracy in the E catchment (Figure 8a) varies from 72.8% (June 1) to 99.4% 599 

(June 10), with an average value of 81.7%. In the W catchment (Figure 8b), the accuracy varies 600 
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from 84.8% (June 7) to 97.6% (June 15), with an average value of 89.5%. FP and FN 601 

percentages are comparable in both catchments (FP = 7.8% and FN = 10.5% in the E catchment, 602 

FP = 4.2% and FN = 6.3% in the W catchment), highlighting the similar model performance in 603 

the two case studies. 604 

 605 

 606 

Figure 6. Relationship between the ADD obtained when only the cells of the DTM having the 607 

ratio TWI/TWImax equal to or greater than a given threshold are activated and the respective 608 

TWI/TWImax thresholds. 609 

 610 

A comparison of the modeled spatial distribution of the active cells with the 611 

observational data (some examples representative of different wetness conditions are given in 612 

Figure 9) highlighted that model performance can be further improved integrating the 613 

topographical features summarized by the TWI with lithogeological information. Specifically, 614 

the stretches intersecting points A (sand-clay interface, Figure 1c) and B (anticline) where 615 

temporary springs emerge (Section 3.1) need to be prioritized while defining the activation rules 616 

since observations showed that cells belonging to such stretches are more prone to activation 617 

than cells with higher TWI values belonging to other stretches. Therefore, the spatial allocation 618 

of the active cells in each catchment is ruled by two TWI-ADNL curves, with the second (low 619 

priority) activated only when the maximum ADNL associated with the first (high priority – 620 

stretch intersecting point A or B) is reached. 621 
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 622 

Figure 7. Box plots of (a) TWI distribution in the E catchment, (b) TWI distribution in the W 623 

catchment, (c) TPI distribution in the E catchment, (d) TPI distribution in the W catchment, 624 

divided according to the corresponding Pi values, for each DTM cell belonging to the 625 

geomorphic drainage network. 626 

 627 

Assuming the priorities suggested by the analysis of the lithogeological features, the 628 

results shown in Figures 8a and 8b (right histogram series, labeled with “T-G”) were achieved. 629 

The mean accuracy in the E catchment increases by 9.4% compared to the model relying only on 630 

TWI (Figure 8a), with an average value of 91.0% and a range that varies from 84.9% (June 7) to 631 

99.4% (June 10). In the W catchment (Figure 8b), the improved version of the model increases 632 

model performances to a lesser extent (+ 2.4%). FP and FN percentages remain comparable in 633 

both catchments, but with smaller values compared to the version of the model that exploits only 634 

topographic information (FP = 3.2% and FN = 5.8% in the E catchment, FP = 3.1% and FN = 635 

5.0% in the W catchment). 636 

Figure 9 shows some examples of the cell-by-cell comparisons between observed and 637 

modeled active drainage networks using both the TWI-based model and the integrated 638 

topographical and lithogeological model. Specifically for the E catchment, the surveys 639 

performed on May 7 and June 5 were selected as representative of wet and dry (but without 640 
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complete dry down) conditions, respectively. On the first date (Figure 9a), the catchment was 641 

quite wet and the prioritization of the stretch intersecting the anticline had a small effect on the 642 

observed spatial pattern of the active network. On the other hand, on June 5 (Figure 9b), the 643 

same strategy led to an improvement in the total accuracy of more than 20%. Concerning the W 644 

catchment, the example reported in Figure 9c, which refers to June 1, highlights the beneficial 645 

consequences implied by the prioritization of the main channel (with an improvement in the 646 

accuracy of almost 11%); however, when the main channel is not fully active (June 5, Figure 647 

9d), the two approaches are almost equivalent. 648 

 649 

 650 

Figure 8. Summary of cell-by-cell comparison of the observed and modeled spatial distribution 651 

of active cells for all surveys: (a) E catchment; (b) W catchment. In each graph, the left 652 

histogram series are related to the model using only TWI (label “T”), the right histogram series 653 

to the model using both TWI and lithogeological information (label “T-G”). TP: True Positives; 654 

TN: True Negatives; FP: False Positives; FN: False Negatives. 655 

4 Discussion and Conclusions 656 

This study presents the results of a comprehensive analysis based on a seasonal field 657 

campaign in two Mediterranean catchments in which the active network was monitored during 658 

the flow recession phase occurring at the beginning of the summer of 2019 until complete dry 659 

down. The paper also presents an integrated model of the space/time dynamics of the active 660 

drainage network that couples meteorological, topographic and geological information in a 661 

sequential manner. The temperate Mediterranean climate of the study area (typically 662 

characterized by hot and dry summers) jointly with the specific focus on network dry down 663 

represents one of the key novelties of this work, which expands the range of hydroclimatic 664 

settings within which empirical information on the temporal dynamics of the actively flowing 665 

streams is available.  666 

The results shown in this paper concur to strengthen the hypothesis that the temporal 667 

variability of the overall active network length is modulated by weather dynamics. Specifically, 668 

the high correlation between the antecedent excess precipitation and the active network length 669 

suggests the following major conclusions: (i) ADNL temporal variability can be successfully 670 

described based on weather drivers; (ii) in the analyzed meteorological setting, accounting for 671 
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evapotranspiration is essential to explain the observed dynamics of the active streams; and (iii) 672 

while the temporal dynamics of the ADNL are controlled by the underlying climatic variability, 673 

the actual length of active streams does depend on topographic and/or geological features, which 674 

in model 1, influence the period of integration T over which the accumulated excess precipitation 675 

is evaluated (longer in the more incised but smaller W catchment, shorter in the gentler E 676 

catchment). Provided that differences in land cover (which modulates evapotranspiration) and 677 

topography are summarized by the different values of the parameters kc (Equation 3) and T 678 

(Equation 1), the two neighboring study catchments show almost the same proportionality factor 679 

between accumulated excess precipitation and ADNL (i.e., ≈ 0.035 km mm
-1

), despite the 680 

underlying differences in catchment area and geomorphic drainage density. 681 

 682 

 683 

Figure 9. Cell-by-cell comparison of the observed and modeled spatial distribution of active 684 

cells: (a) E catchment, May 7, 2019; (b) E catchment, June 5, 2019; (c) W catchment, June 1, 685 

2019; (d) W catchment, June 5, 2019. For each figure in the panel, the left map is related to the 686 

model using only TWI, the right map to the model using both TWI and lithogeological 687 

information. 688 

 689 

The statistical model linking active length and antecedent excess precipitation was 690 

compared to an alternative approach that relies on a power function linking ADNL and discharge, 691 

widely used for various field applications. Our results indicate (Section 3.2) a good performance 692 

of the discharge power function (Equation 7) in describing ADNL dynamics, though the 693 

performance was slightly lower than that of model 1. Beyond the performance the models, we 694 

argue that relying on weather variables rather than water discharge for modeling ADNL 695 

dynamics is preferable for three reasons: first, discharge and active network length are two 696 

different types of responses to a common hydrological forcing, even though these responses are 697 

characterized by distinct characteristic lag-times. This feature is highlighted by the 698 

counterclockwise hysteretic behavior observed between Q and ADNL (Shaw, 2016; Zimmer and 699 

McGlynn, 2017), which implies that the discharge response is faster than the active network 700 
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length; second, in many settings, discharge data are much rarer and much more challenging to 701 

gather than weather data; third, the use of antecedent meteorological data makes the parameters 702 

of the regression less sensitive to the specific observation period during which the survey was 703 

carried out. Indeed, Table 3 shows that model 1 calibrated in the W catchment provides 704 

reasonable results also in the E catchment, while the power function calibrated in the W 705 

catchment with the scaling exponent greater than 1 is not applicable in the E catchment. 706 

While the weather forcing controls the observed temporal changes in the active network 707 

length, the main drivers of the active network’s spatial patterns are represented by physiographic 708 

features such as topography, hydraulic properties of surface soil, bedrock structure and 709 

geological singularities such as faults and anticlines in line with previous studies (Goulsbra et al., 710 

2014; Godsey and Kirchner, 2014; Costigan et al., 2016, Whiting and Godsey, 2016; Jensen et 711 

al., 2018, 2019; Prancevic and Kirchner, 2019). Specifically, the high correlation between Pi and 712 

TWI found in both catchments, which is here enhanced by the spatial homogeneity of soil 713 

properties, confirms the primary importance of morphometric features in delineating spatial 714 

patterns of active drainage networks (Jensen et al., 2018).  715 

The relatively low number of disconnections observed in the study sites can be explained 716 

by the prevalence of clay soils that do not promote the formation of losing streams and water 717 

reinfiltration processes. Nevertheless, even in a rather homogenous geological setting such as 718 

that characterizing the study area (Figure 2c), topography cannot fully explain the spatial 719 

dynamics of stream expansions and contractions (Jensen et al., 2019). In our case study, 720 

accounting for some key geological features (namely, the sand-clay interface and the anticline) 721 

helped to improve the representation of the spatial patterns of active stream dynamics. 722 

The proposed approach based on a bijective correspondence between the network length 723 

and TWI (either with or without prioritization) was shown to be effective and flexible. In 724 

general, the concept of prioritization proposed in this work can be made more complicated; e.g., 725 

the priority given to the stretches located downstream of a geological singularity can be effective 726 

only within a given region of influence, e.g., as defined by a certain TWI (lower) threshold. 727 

However, the adoption of this strategy is conditioned by a detailed knowledge of the specific 728 

features of the catchment under investigation and can be hardly generalized. 729 

Whether the spatial patterns of the expansion/contraction process are regulated only by 730 

topographical characteristics or by a combination of morphologic and geolithological 731 

characteristics, the dependence of the persistency on time-invariant features of the catchment 732 

evidenced by our data supports the hypothesis of the existence of a predefined hierarchical order 733 

in the activation/deactivation of stretches, as proposed by Botter and Durighetto (2020).  734 

Future work will expand the analysis of the network dynamics in the study area beyond 735 

the recession phase, including the winter reactivation phase. As suggested by previous studies 736 

(e.g., Zimmer and McGlynn, 2018), the expansion and contraction of the flowing network are 737 

deeply connected to the seasonal variations of the underlying shallow unconfined aquifers. Given 738 

the peculiar geological features of the area, the temporary springs are likely to reactivate only 739 

when the water table elevation exceeds a given threshold according to a nonlinear process. This 740 

hypothesis will be evaluated in future studies that also use a higher-resolution DTM derived from 741 

a LiDAR survey, UAV-based monitoring and more detailed information about soil properties 742 

and bedrock structure. 743 
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