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ABSTRACT
The spatial and temporal resolution of hydrological models determine model performance and affect water partitioning 
into fluxes and water storage changes. This is especially important in dryland regions which exhibit dynamic hydrological 
processes (both spatially and temporally) driven by highly variable and heterogeneous rainfall events, and potential evap-
otranspiration which exceeds annual precipitation rates. However, it is still unclear how varying model resolutions may 
affect performance and introduce uncertainty in water balance partitioning. Here, we use a parsimonious dryland-specific 
process-based hydrological model, DRYP, to assess the impact of temporal and spatial resolution on the water balance fluxes 
and stores in a dryland basin. To achieve this, we performed numerical experiments using three model grid sizes (300 m, 
1 km, 5 km) and three time-steps (15 min, 1 h, 1 day) with four different built-in infiltration equations (Philips, Green Ampt, 
Shaake, Upscaled Green Ampt). The analysis was performed in the Walnut Gulch Experimental Watershed, Arizona, USA, 
where long-term, high-resolution datasets are available for both model calibration and evaluation. Results showed that sub-
daily time steps combined with spatial resolution of less than 1-km grid size yield the best representations (Nash Sutcliffe 
index, NSE > 0.55) of hydrological fluxes and stores such as streamflow, soil moisture, and actual evapotranspiration. Model 
parameterization also indicates that coarser spatial and temporal resolutions require lower effective saturated hydraulic 
conductivity, reflecting the smoothing of rainfall variability associated with spatial and temporal aggregation. The analysis 
also highlights the importance of near-channel processes, such as transmission losses in ephemeral streambeds and the role 
of the riparian zone in providing water for plants and for groundwater recharge. These results have important implications 
for the quantification of water partitioning in dryland environments in response to rainstorms, and provide guidance for how 
to parameterize large-scale models, which requires careful consideration to represent key hydrological processes of interest 
to the modeller.

1   |   Introduction

Predicting water balance components under current and future 
climates is an important aspect of water resource management 
which requires reliable and robust hydrological models. Choices 
of temporal and spatial resolution in models are typically deter-
mined by the required model efficiency and the resolution of 

globally available gridded datasets. However, the resolution of 
model parameterisation affects the scale of water partitioning 
into fluxes and storage which control the water balance (Blöschl 
et  al.  1995; Blöschl and Sivapalan  1995; Kipkemoi et  al.  2021; 
Scheidegger et al. 2021) and therefore influences which hydro-
logical processes become dominant over different temporal and 
spatial integrations (Barthel and Banzhaf 2016; K. Beven 2001, 
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1995, 1991; Blöschl and Sivapalan 1995; Fenicia et al. 2008; Merz 
et al. 2009). This is especially relevant in dryland regions, where 
the high temporal and spatial variability of rainfall and potential 
evapotranspiration interact with heterogeneous landscape char-
acteristics to have a great impact on water partitioning and run-
off (Dunkerley 2018; Michaelides and Wilson 2007; Osborn and 
Lane  1969; Pilgrim et  al.  1988; Yair and Lavee  1982), stream-
flow regimes (Costigan et al. 2017; Cudennec et al. 2007; Singer 
and Michaelides  2017; Wilcox et  al.  2008), groundwater re-
charge (Cuthbert et al. 2016; Qiu et al. 2025; Scanlon et al. 2006; 
Taylor et al. 2013), evapotranspiration (García et al. 2013; Kibler 
et al. 2023; Mayes et al. 2020), vegetation dynamics (Sabathier 
et al. 2021; Warter et al. 2020), sediment transport (Hooke 2019; 
Jaeger et  al.  2017; Laronne and Reid  1993; Michaelides and 
Singer 2014; Singer and Michaelides 2014), and even landscape 
evolution (e.g., Chen et al. 2019).

Drylands are regions where climatic conditions are character-
ized by high rates of evapotranspiration and low annual precip-
itation, so the land surface is typically dry when rainfall occurs. 
In drylands, precipitation events are characterized by their high 
intensity, short duration, and high spatial variability (Goodrich 
et  al.  1997; Pilgrim et  al.  1988; Zoccatelli et  al.  2019). Runoff 
occurs mainly as a result of infiltration excess (Hortonian) over-
land flow due to high precipitation intensity relative to infiltra-
tion rates, leading to the development of short-lived streamflow 
in localized ephemeral streams and discontinuous flow across 
catchment tributaries. The water table is typically deep below 
the streambed so these ephemeral streams leak water to the 
subsurface via transmission losses through porous stream 
beds, which reduces discharge downstream and contributes to 
groundwater recharge—a mechanism called focused recharge 
(Abdulrazzak 1995; Coes and Pool 2007; Goodrich et al. 2018; 
Quichimbo et  al.  2023, 2020; Schreiner-McGraw et  al.  2019; 
Shanafield and Cook 2014; Taylor et al. 2013). In contrast, dif-
fuse recharge from infiltration of water through upland soils at 
the location of rainfall delivery may be limited due to the gen-
erally high soil water deficits and high rates of evapotranspira-
tion (Stephens 1994; Wheater et al. 2007). The highly variable 
climatic conditions of dryland environments in both time and 
space result in a highly dynamic hydrological system. This poses 
great challenges for catchment models that seek to characterize 
key components of the dryland water balance (Green et al. 2011; 
Huang et al. 2017; Quichimbo et al. 2021). And this challenge 
grows when models scale up from basins to regions (e.g., land 
surface models) where model resolutions tend to coarsen for op-
erational reasons. Therefore, it is important to understand how 
the spatial and temporal resolution of models and the represen-
tation of the main hydrological processes affect water balance 
fluxes and storage within dryland environments.

The selection of model temporal and spatial resolution has a 
great impact on the representation of the hydrological pro-
cesses, model parameterization and ultimately the performance 
of any model (K. Beven  1995, 1991; Beven and Binley  1992; 
Blöschl  2001; Blöschl et  al.  2007; Blöschl and Sivapalan  1995; 
Dimitrova-Petrova et  al.  2020; Merz and Plate  1997; Merz 
et al. 2009; Wen et al. 2021). The spatial and temporal scale of 
the model may impact key hydrological processes such as pre-
cipitation (Blake et  al.  2025; Goodrich et  al.  1995; Kipkemoi 
et  al.  2021), infiltration and runoff (Blake et  al.  2025; Faurès 

et al. 1995; Goodrich et al. 1997), soil moisture and groundwater 
recharge (Baroni et al. 2017; Barthel and Banzhaf 2016; Kebede 
et  al.  2021). However, there is currently limited guidance on 
which spatial and temporal model resolution to use to capture 
the key processes that influence the water balance for a partic-
ular place. This is needed not only to enhance the understand-
ing and quantification of water partitioning in dryland regions, 
but also to investigate the implications of climate variability 
and anthropogenic changes on water fluxes and storage above 
and below ground (Cuthbert et al. 2019; Huang et al. 2017, 2015; 
IPCC6  2021; Ó Dochartaigh et  al.  2010; Reynolds et  al.  2007; 
Wang et al. 2017).

The development of ephemeral streamflow in drylands is 
highly dependent on runoff generation by infiltration-excess, 
which in turn is strongly dependent on rainfall characteris-
tics, soil hydraulic properties, and antecedent soil moisture 
(Blake et al. 2025; Green and Ampt 1911; Stewart et al. 2019). 
When rainfall intensity exceeds infiltration rate, runoff de-
velops rapidly, with ponding time controlled by soil hydraulic 
properties and initial moisture conditions. Consequently, infil-
tration rates vary considerably in time and space, even within 
a single soil type. Numerical models developed to estimate 
water partitioning are therefore sensitive to the choice of spatial 
and temporal resolution (Assouline and Mualem 2002; Huang 
et al. 2019). Due to data availability and computational demand, 
land surface models use approaches that overcome these lim-
itations but may oversimplify the process (Anwar et  al.  2019; 
Vereecken et al. 2019). These large-scale models (> 10 km grid 
size) often produce runoff, and consequently infiltration, only 
when rainfall rates exceed soil saturated hydraulic conductivity, 
limiting the role of ponding dynamics and relying only on satu-
ration deficits to simulate runoff generation (Anwar et al. 2019; 
Crow et  al.  2018; Grogan et  al.  2022; Vereecken et  al.  2019). 
Understanding how these approaches and associated scales in-
fluence water partitioning and the resulting spatial and tempo-
ral variability of runoff and streamflow is therefore crucial (Liu 
et al. 2019).

Here, we use the parsimonious, process-based hydrological 
model, DRYP (Quichimbo et al. 2021) to understand the influ-
ence of different spatial and temporal resolutions on water bal-
ance partitioning. DRYP is designed to capture the processes 
and water balance fluxes and stores of a dryland basin. We 
used combinations of three different model grid sizes (300 m, 1, 
and 5 km) and three model time steps (15 min, 1 h, and 1 day) to 
quantify how fluxes and water storage changes vary. This work 
expands on previous assessments of DRYP at 300 m resolution 
and 1 h time steps (Quichimbo et al. 2021) by not only examining 
how the scale influences modelled water partitioning but also 
by investigating the sensitivity of different infiltration equations 
to the spatial and temporal resolution. We use datasets from the 
semi-arid Walnut Gulch Experimental Watershed (WGEW), in 
SE Arizona, USA, where long-term, high-resolution informa-
tion (e.g., precipitation, streamflow, soil moisture) is available to 
evaluate the performance of the model at various combinations 
of spatial and temporal resolutions. This analysis will allow us 
to identify the appropriate spatial and temporal resolutions that 
effectively capture the hydrological processes and the water bal-
ance for a dryland basin. This identification of appropriate res-
olutions can then be used to inform other applications of DRYP 
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(and potentially other dryland models) whether they are in 
smaller or larger basins or even at regional scales, independent 
from considerations of computational efficiency or resolution of 
available global datasets.

2   |   Methods

2.1   |   Walnut Gulch Experimental Watershed

The Walnut Gulch Experimental Watershed (WGEW), Arizona, 
USA (31°43′ N, 110°41′ W) (Figure  1) has a drainage area of 
~149 km2. It has a semi-arid climate with low annual rainfall 
averaging 312 mm year−1 for the period 1956–2005, mostly de-
livered in the summer monsoon season (Goodrich et al. 2008). 
WGEW is mainly covered by shrubs and grass, with a high 
concentration of trees and shrubs along the channels (Skirvin 
et al. 2008). Hillslopes are dominated by gravelly and fine sandy 
loam soil texture types that generally have high values of hy-
draulic conductivity (Becker et al. 2018). Streambed sediments 
are composed of gravel and coarse sand with high values of po-
rosity and infiltration rates (Singer and Michaelides 2014).

WGEW was chosen for this analysis because it has the highest 
spatial density of rain and streamflow gauges in a dryland basin 
worldwide and the data are resolved at high temporal resolution 

(Stone et al. 2008). The basin also has the longest global record 
of runoff in a semi-arid site covering the period 1954–2015. 
Historical records of event discharge at WGEW exist for this pe-
riod at seven flumes along the main channel, numbered from F01 
at the catchment outlet to F07 at the upstream end, and on seven 
tributaries. Event-based rainfall data exist for the same period 
at many of the 95 operational gauging stations across all WGEW 
at per minute and per rainfall event (Goodrich et  al.  2008). 
These historical records of rainfall and discharge provide the 
opportunity to assess all key components of a model of dryland 
water balance and partitioning (Emmerich and Verdugo 2008; 
Goodrich et al. 2008; Keefer et al. 2008; Michaelides et al. 2018; 
Scott et al. 2015; Singer and Michaelides 2017; Stone et al. 2008). 
Within the basin there are also various stations that measure 
soil moisture and actual evapotranspiration (Emmerich and 
Verdugo  2008; Keefer et  al.  2008), supporting a more robust 
evaluation of hydrological response. Additionally, although 
groundwater has been less comprehensively monitored at 
WGEW, patchy records of water table levels from three wells 
located close to the catchment outlet are available for assessing 
groundwater behaviour.

Runoff generation in WGEW is highly spatially and temporally 
variable and depends on rainfall intensity-duration, rainfall 
spatial location, antecedent soil moisture, and soil infiltration 
rates (Becker et al. 2018; Goodrich et al. 1997; Yatheendradas 

FIGURE 1    |    (a) Geographic location of Walnut Gulch Experimental Watershed and location of monitoring stations, (b) land cover, and (c) soil 
spatial distribution over the basin.
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et al. 2008). When runoff generation on the hillslope is suffi-
cient in intensity and duration, it may accumulate as stream-
flow (flash floods) within ephemeral channels. Streamflow 
infiltrates into the channel bed as it moves downstream (e.g., 
(Keppel and Renard  1962; Singer and Michaelides  2014)), 
losing water as transmission losses, a component of which is 
thought to contribute focused groundwater recharge (Goodrich 
et  al.  2013). The catchment is underlain by Tertiary and 
Quaternary alluvium sediments (Osterkamp 2008). The depth 
of the alluvial sediments is generally greater than 400 m, com-
prising clastic materials with a wide range of variation of par-
ticle size (clays to well-cemented boulders) (Osterkamp 2008). 
The water table is ~145 m below ground level (bgl) at flume 
F06 (Figure  1) and 50 m bgl close to the catchment outlet. 
A small, shallow, perched aquifer has also been delineated 
around flume F02 (Figure 1) (Goodrich et al. 2013).

2.2   |   Parsimonious Model for DRYland Region 
Water Partitioning: DRYP

DRYP is a parsimonious distributed process-based, open-
source hydrological model developed to quantify the water 
partitioning and flow paths in dryland regions (Quichimbo 
et al. 2021). The model consists of three main components: (i) 
a surface component that represents overland flow, stream-
flow and transmission losses, (ii) an unsaturated component 
for representing the soil and the riparian zone along streams, 
and (iii) a saturated flow component for representing ground-
water flow. DRYP uses a single layer to represent the unsatu-
rated zone. One of the novel characteristics of DRYP is that it 
represents the loss of water through the bed of an ephemeral 
stream, known as transmission losses, a key process in dry-
land regions. The model also includes four different alterna-
tive methods for partitioning precipitation into infiltration and 
runoff as a result of infiltration-excess, two point scale meth-
ods (i) Philip's infiltration (Philip 1987, 1957); (ii) a modified 
version of the Green & Ampt method (Green and Ampt 1911; 
Quichimbo et  al.  2021); and two upscaled methods: (iii) the 

Upscaled Green & Ampt method (Craig et al. 2010); and (iv) 
the Schake approach (Schaake et al. 1996). Appendix A illus-
trates the differences in infiltration rates among the four ap-
proaches for a selected case study. The model also allows for 
easy adjustment of spatial and temporal resolutions. Further 
details of the model structure and functioning can be found in 
Quichimbo et al. (2021).

2.3   |   Model Resolution Analysis Framework

The influence of model resolution within DRYP was evalu-
ated by analysing model runs at various spatial and tempo-
ral resolutions. We did this by using three model grid sizes: 
300 ⨯ 300 m, 1 ⨯ 1 km, and 5 ⨯ 5 km; and three model time 
steps: 15 min, 1 h and 1 day (Figures 2 and 3). The three grid 
sizes used in the analysis were chosen due to their potential 
suitability for use in large-scale model applications at regional 
and global scales (Bierkens et  al.  2015; de Graaf et  al.  2015; 
Wood et  al.  2011). The selected resolutions were intended to 
represent distinct scales of model application rather than to 
provide a continuous assessment of resolution-dependent per-
formance. Thus, the objective of this study is not to identify a 
specific spatial or temporal resolution threshold beyond which 
model performance deteriorates, but rather to investigate how 
changes in spatial and temporal resolution affect the repre-
sentation and partitioning of water among hydrological fluxes 
and stores. In addition to varying grid size and time step, we 
also address how model resolution interacts with different 
infiltration equations. In dryland regions, the partitioning of 
precipitation into runoff and infiltration is one of the major 
sources of uncertainty on the quantification of the water bal-
ance. Therefore, we evaluated the effect of spatio-temporal 
resolution for four different in-built infiltration approaches 
listed above, which represent point-scale (Philips and Green & 
Ampt) and upscaled infiltration (Upscaled Green & Ampt and 
Schaake) methods to rainfall partitioning. Model simulations 
include 36 permutations of the three grid sizes, the three time-
steps, and the four infiltration approaches (Figure 2).

FIGURE 2    |    Framework for multi-scale assessment of the effects of temporal and spatial scales on water partitioning (see Appendix A for differ-
ences among infiltration approaches).
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2.3.1   |   Model Parameterisation for WGEW at Different 
Resolutions

A digital elevation model (DEM) of WGEW with a spatial reso-
lution of 30 × 30 m was obtained from Shuttle Radar Topography 
Mission (SRTM) 1 Arc-Second Global map (available at https://​
earth​explo​rer.​usgs.​gov, last access: 15 May 2025). The DEM was 
aggregated by averaging cells into the three different grid sizes 
specified above (Figure 3a). Spatial distribution of soil texture 
and soil land cover were obtained from https://​www.​tucson.​ars.​
ag.​gov/​dap/​ as polygon files and were converted into model grid 
inputs by using the value of the feature with the largest percent 
of the pixel area.

Streams were delineated from the 30-m DEM by defining a min-
imal drainage area threshold of 0.65 km2, which corresponds to 
the medium stream network resolution specified in Heilman 
et al. (2008). Stream lengths were estimated by aggregating the 

30 × 30 m stream cells relevant to the various model grid sizes 
used (Figure 3b). Detailed information about channel width is 
not available for the basin, so a value of 10 m was used based 
on average point measurement available at locations close to 
flumes (Miller et al. 2000; Smith et al. 1982). Channel widths 
were kept constant across all spatial resolutions to reduce po-
tential bias resulting from the spatial aggregation method. This 
approach isolates the effect of spatial resolution on the represen-
tation of channel length and drainage structure, while avoiding 
additional resolution-dependent changes in channel width.

Based on the soil texture (see Figure  1), baseline hydraulic 
properties required for modelling were obtained from Rawls 
et al. (1982) and Clapp and Hornberger (1978) (Table S1). Clapp 
and Hornberger  (1978) water retention parameters were con-
sidered owing to their simplicity and their potential transfer-
ability to regions where only coarse information is available. 
Values of field capacity and wilting point required to estimate 

FIGURE 3    |    (a) Topography, (b) river length, and soil hydraulic characteristics: (c) available water content (AWC), (d) rooting depth, and (e) Ksat 
saturated hydraulic conductivity for the three different grid scales (300 m, 1, 5 km). Values in square brackets are units and values in parenthesis are 
grid size, solid black line represent the WGEW, and solid blue lines represent streams. Length units of x and y axis are in 1000 km.
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the total available water (Figure  2c) were estimated by using 
the Brooks and Corey (1964) pedotransfer function to obtain the 
water retention curve, assuming matric potentials of −33 kPa 
and −1500 kPa, respectively, following the FAO guidelines 
(Walker  1989). Soil rooting depth was estimated according to 
land cover and using reference values for different types of veg-
etation from Lesschen et al. (2004) (Figure 3e).

2.3.2   |   Forcing Datasets

Point measurements of rainfall were obtained from 98 rain-
fall stations available on https://​www.​tucson.​ars.​ag.​gov/​dap/​ 
(last accessed 01/10/2021). Rainfall data were processed in 
two main stages. First, the time series of rainfall at each gaug-
ing location (Figure 1) was aggregated to the specified model 
time step (e.g., 15 min, 60, and 1 day) and then spatially inter-
polated to a 30 × 30 m grid size using a Natural Neighbour al-
gorithm (Park et al. 2006). In the second stage, the temporally 
gridded rainfall was spatially aggregated to the resolution of 
the spatial domains considered for the analysis (300 m, 1, and 
5 km) (Figure 2).

Rain gauges at WGEW are regularly calibrated (Goodrich 
et  al.  2008), so we assume that the measurements have low 
uncertainty. However, interpolation and aggregation pro-
cesses are likely to introduce error to the rainfall estimation. 
Spatial and temporal aggregation of rainfall have been shown 
to significantly affect the performance of hydrological models 
(Faurès et al. 1995; Goodrich et al. 1997, 1994; Yatheendradas 
et al. 2008). Errors up to 130% and 90% in runoff volume and 
peak discharge, respectively, have been reported at WGEW by 
previous studies due to spatial aggregation in rainfall for specific 
events (Lopes 1996). Therefore, we anticipate that aggregation 
of input rainfall will contribute a source of uncertainty in the 
model outputs, which will be considered within our evaluation 
via performance indices (see next section).

We used an hourly potential evapotranspiration (hPET) dataset 
(Singer et al. 2021), which estimates PET via a Penman Monteith 
approach (Allen et al. 1998) based on climate variables from the 
ERA5-Land reanalysis dataset (Hersbach et  al. 2020). hPET 
has a spatial resolution of ~9 km at the equator and is publicly 
available at https://​data.​bris.​ac.​uk/​data/​datas​et/​qb8uj​azzda​
0s2ay​kkv0o​q0ctp​ (last access: 10 December 2023). This dataset 
was used to force DRYP with evaporative demand required to 
close the water balance at its high native resolution, support-
ing greater potential to accurately drive hydrological and land 
surface models (Albergel et al. 2018; Alfieri et al. 2020; Tarek 
et al. 2020). The coarser spatial resolution of hPET is expected to 
have very limited impact on the water balance since the spatial 
variation of PET within the model domain is considerably lower 
than precipitation. Additionally, the higher rates of PET in re-
lation to precipitation, common in water limited environment, 
will also further minimize the effect of the coarser resolution.

2.3.3   |   Evaluation Data for WGEW

2.3.3.1   |   Actual Evapotranspiration.  Data from 
the AmeriFlux eddy covariance flux tower site, Kendall 

Grassland (US-Wkg) located within WGEW, were used for model 
evaluation (Glenn et  al.  2015; Scott  2010). Uncertainty of flux 
tower data is mainly attributed to instrumental and random 
errors and increases with flux magnitude (Richardson 
et al. 2006; Schmidt et al. 2012) with mean relative errors of ~5% 
with deviations of ±16% (Schmidt et al. 2012). Historical records 
of AmeriFlux data from mid-2006 to 2018 for model evaluation 
were downloaded from https://​ameri​flux.​lbl.​gov/​sites/​​sitei​nfo/​
US-​Wkg (last access: 20 July 2021).

2.3.3.2   |   Soil Moisture Measurements.  We used a 
cosmic-ray neutron sensor located within the WGEW catch-
ment to evaluate the model performance against soil moisture 
(Figure 1) (Zreda et al. 2012). Data from the Kendall station were 
corrected for atmospheric pressure (Zreda et  al.  2012), atmo-
spheric vapour pressure (Rosolem et al. 2013), and variation in 
background intensity by using the Cosmic-Ray Sensor PYthon 
tool (Power et  al.  2021). A detailed description of parameters 
and calibration procedure is provided in Desilets et al. (2010). 
Records from mid-2010 to 2018 were used for model evaluation. 
These publicly available data were downloaded from http://​cos-
mos.​hwr.​arizo​na.​edu/​Probes/​Stati​onDat/​​010/​index.​php (last 
access: 20 July 2021).

2.3.3.3   |   Runoff Measurements.  Runoff at 11 small water-
sheds and the catchment outlet is measured regularly by crit-
ical and subcritical depth flumes. However, only three main 
flumes (F01, F02, and F06) located along the main channel were 
selected for this analysis (Figure 1) because they span the length 
of the channel well enough to be captured under all spatial 
resolutions considered here. The upstream contributing areas 
reported for these three flumes are 149, 119, and 95 km2 for F01, 
F02, and F06, respectively (Stone et al. 2008). Flumes at WGEW 
have been designed to capture the high variability of flow; there-
fore, the reliability and accuracy of the measurements exhibit 
low uncertainty (Stone et  al.  2008). However, the distribution 
of runoff over the surface after a rainfall event in the model is 
highly dependent on the intersection between the local expres-
sion of the rainfall and topographic characteristics of the catch-
ment; thus, spatial aggregation of the DEM to coarser scales is 
expected to impact model results.

2.3.3.4   |   Groundwater Observations.  Available ground-
water measurements at WGEW are sparse in both time and space, 
limiting a comprehensive evaluation of surface-groundwater 
processes at the study site. However, a mixture of daily 
and hourly groundwater level records for two periods, mid-1999–
2004 and mid-2017–mid-2018, from three wells located close 
to the catchment outlet (Figure  1) were available and used 
for the evaluation of the model's focused recharge component. 
It should be noted that the water table at WGEW is well below 
the channel elevation over most of the catchment, so groundwa-
ter contributions to baseflow are rare.

2.4   |   Model Calibration and Identification 
of Behavioural Models

The DRYP model has seven free parameters of which four 
are contained within the surface component (Quichimbo 
et  al.  2021), which is the focus of the calibration here: (1) 
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saturated hydraulic conductivity (Ksat), (2) rooting depth 
(Droot), (3) channel hydraulic conductivity (Kch), (4) recession 
time of streamflow or the average time that flow remains in 
each grid cell (T). We obtained initial values for the first three 
of these parameters from soils data (Table S1), whereas we set 
the initial value of T to 1 m/s, based on mean annual values 
reported elsewhere (Allen et  al.  2018). We recognize there 
may be high uncertainty in these values (indeed the original 
parameter values did not result in good model performance), 
so we defined hypothetical ranges for each these parameters 
based on multiplicative factors of the original parameter val-
ues (kKsat, kDroot, kKch, kT) (Table  S2). This method of pa-
rameter estimation maintains the original spatial distribution 
of parameter values. Selected prior parameter ranges were 
chosen based on their sensitivity evaluated in a preliminary 
analysis (Quichimbo et al. 2021). Then we use these parame-
ter ranges in a Monte Carlo framework to identify the best fit 
values for each parameter using the Generalized Likelihood 
Uncertainty Estimation (GLUE) framework (Beven and 
Binley  1992), which also allows us to identify behavioural 
models (those which match the observed values of streamflow, 
actual evapotranspiration, and soil moisture).

The GLUE framework considers that, owing to the uncertainty of 
the input data and the limitations of boundary conditions, there 
are multiple sets of parameters that can produce acceptable (i.e., 
behavioural) simulations. To determine which simulations were 
considered behavioural, we used a combination of three different 
‘goodness of fit’ indexes (Krause et al. 2005): the Nash–Sutcliffe 
Efficiency (NSE) (Nash and Sutcliffe 1970), percent bias (PBIAS), 
and the coefficient of determination (R2) defined as follows:

where O represents observations, Ō is the arithmetic mean of 
observations, S represents simulated values, and n is the number 
of observations available.

For a simulation to be deemed behavioural, we defined a set of 
thresholds for each variable evaluated depending on the uncer-
tainty of the observations. For streamflow, high uncertainty is 
expected due to the spatial aggregation of model parameters 
and variables. Hence, values of NSE greater than or equal to 
0.50 and PBIAS less than or equal to 20% were considered as 
behavioural simulations. It should be noted that while 20% 
of simulated streamflow seems like a large tolerance at face 
value, it only represents less than 1% of the total water bud-
get of the study area. NSE index ranges between 1 (perfect fit) 
and -∞, with values of 0 meaning that model estimations are 
not better than the mean value of observations; thus, values 
greater than 0.5 indicate good agreement between model and 

observations (K. J. Beven  2004; Krause et  al.  2005). For the 
number of events, values of R2 greater than 0.5 were considered 
behavioural, whereas for soil moisture and actual evapotrans-
piration, values of NSE greater than 0.5 were specified. In order 
to combine these measures into a single performance metric, 
models which did not meet these conditions were assigned a 
value of zero, whereas for any remaining models the indices 
were scaled between 0 and 1. For NSE and R2 values, the high-
est value was assigned 1, whereas for PBIAS, the lowest value 
was assigned a value of 1.

The combined performance measure was then calculated as the 
product of all indexes considered in the analysis:

where p is the combined performance measure for the i-th pa-
rameter set, the * indicates scaled values, k represents the vari-
able, and m represents the number of variables considered in the 
analysis.

For soil moisture, a direct comparison between observation 
and simulations is not possible, given that the soil moisture ob-
servations are depth-specific (Franz et  al.  2012), whereas the 
model uses a single soil layer. Therefore, given the lack of infor-
mation to characterize the distribution of soil moisture across 
soil depth (Albergel et al. 2008; Wagner et al. 1999), a simple ap-
proach to scale soil moisture values was used for the evaluation 
(Quichimbo et al. 2021):

where * indicates the scaled value, and α is estimated by:

The period between 01/01/2007 and 01/01/2018 was used as the 
calibration period to overlap with the period of flux tower obser-
vations and streamflow data, but soil moisture was only eval-
uated for the period of available data, 01/10/2010–01/01/2018. 
A warm-up period of 1 year, prior to the evaluation period, was 
used to reduce the influence of the model initial conditions on 
model outputs.

Note that we use the entire period 2007–2018 for evaluation 
of model outputs under different spatial and temporal resolu-
tions, as well as infiltration equations, even though much of 
this period was also used for model calibration. This longer 
period corresponds to the time domain after a switch over to 
digital rainfall gauges in WGEW (Goodrich et al. 2008). Given 
the high variability of streamflow in this dryland basin, a large 
sample of gauged observations is required to represent the hy-
drological responses to climate forcing (Zoccatelli et al. 2019). 
Furthermore, this approach is reasonable since our goal here 
is to evaluate model outputs under different resolutions to as-
certain impacts on the water balance, rather than to predict 
hydrological responses to conditions not yet experienced in 
the basin.
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The spatial aggregation of topography at the selected grid sizes 
is also likely to influence the flow direction within the model 
domain. Changes in flow direction affect the contributing 
area of subbasins, and this in turn may affect the temporal 
and spatial distribution of runoff over the entire model do-
main and particularly at flume locations. It is expected that 
models at high spatial resolution (300 m) will be less affected 
by the redistribution of contributing areas, whereas coarser 
models, particularly the 5-km grid size, will have large dis-
crepancies in relation to the finer resolution. Therefore, the 
use of all three flumes along the main channel for the selec-
tion of behavioural models is only considered when the con-
tributing area of these flumes varies up to 20% from reported 
values in (Stone et al. 2008). If one flume does not meet this 
requirement, only one flume is used in the selection of be-
havioural models.

A total of 36 000 (Figure  2) simulations were performed in 
the calibration process: that is, 1000 sets of parameters drawn 
from a uniform distribution for each of the 36 combinations of 
the four infiltration approaches (Philip's, Schaake, upscaled 
GA, and modified GA), three timesteps (15, 60 min, and 24 h), 
and three grid sizes (300 m, 1 and 5 km) (Table S2). This allows 
us to isolate the secular effects of either spatial resolution, 
temporal resolution, or infiltration approach on the water 
balance.

2.5   |   Evaluation of Focused Recharge From 
Behavioural Models

Once we obtained behavioural models, we sought to eval-
uate the realism of the focused recharge generated by these 
models, which is a key component of the partitioning of water 
in this dryland basin. This evaluation occurred outside the 
GLUE framework, given the limited spatial extent of available 
groundwater data in comparison with the spatial and tempo-
ral scale of the models, and the fact that the deep water table 
at WGEW means that stream-aquifer interactions are unidi-
rectional, where water generally only moves from the surface 
to the subsurface aquifer (Quichimbo et al. 2020). Thus, the 
evaluation of the modelled recharge was performed sepa-
rately from the catchment model using a bespoke 1D transect 
model by taking the total recharge output from the basin-scale 
model at the location of flume F01 and using this output to 

drive 1D simulations of water table evolution. The goal is not 
to capture the dynamics of the water table across the entire 
model domain, but rather to assess the magnitude and timing 
of simulated focused groundwater recharge and its influence 
on water-table dynamics at locations where groundwater-level 
observations are available (see Figure  1a). This step is im-
portant to better constrain aquifer recharge via transmission 
losses below the channels.

Accordingly, a 1D DRYP model was set up to capture the small-
scale influence of focused recharge on the water table near the 
ephemeral stream channel. Focused recharge is expected to 
produce a local mounding of the water table that will lead to 
an initially steep recession due to transverse groundwater flow 
perpendicular to the channel. This steeper recession will even-
tually be attenuated and will often transition to a more linear 
shape governed by the regional groundwater recession, which 
expresses the ratio of long-term recharge to specific yield of the 
aquifer (Cuthbert 2014; Cuthbert et al. 2016), This is a common 
process in dryland regions where the recharge is sporadic, and 
this latter linear recession has also been reported by Goodrich 
et al. (2013) at WGEW.

A schematic representation of the model and the geometrical 
characteristics of the model domain is shown in Figure 4. The 
model domain consisted of 1 × 100 active grid nodes and one 
layer. Grid size elements were specified as 15 × 15 m. Values of 
specific yield, Sy [−], were assumed to vary between 7% and 
9% according to hydrogeological reports of aquifers with sim-
ilar geological characteristics, that is, cemented conglomer-
ates, located in areas close to WGEW (Pool and Schmidt 1997; 
USBR 1977). Flux boundary conditions were specified at the 
channel cells and at the bottom of the model domain, whereas 
no-flow boundary conditions were specified for the rest of the 
model domain (Figure 3). The flux boundary at channel cells 
represents the focused recharge and was obtained from the 
catchment model outputs after calibrations. Focused recharge 
from the closest stream cells to the monitoring well was used 
to define input flow rates to the aquifer. The flux boundary at 
the bottom was used to represent the longitudinal recession. 
Flow rates for the long-term longitudinally driven linear re-
cession were calculated to emulate the observed head changes 
over the period between 2002 and 2004, for which ground-
water monitoring data is available. This period corresponds 
to water table changes at which groundwater mounding, due 

FIGURE 4    |    Conceptual model for evaluation of estimated focused recharge, and a diagram for model setup. (a) water table mound during re-
charge event, (b) water table linear recession after the recharge has occurred, and (c) groundwater model setup and boundary conditions.
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9 of 24Hydrological Processes, 2026

to the input pulse, dissipated (see Figure 6 in the Results sec-
tion). Considering the range of variation of aquifer specific 
yield, Sy, the flux boundary condition varies from 0.00007 
to 0.00009 m3 d−1. Initial conditions for the water table were 
specified as 50 m deep from the model top elevation, which 
corresponds to the mean annual water table depth registered 
by the monitoring wells at WGEW.

2.6   |   Assessing the Water Balance Over Different 
Temporal and Spatial Resolutions

Finally, we evaluated how the water balance varied for differ-
ent spatial and temporal model resolutions and for different 
infiltration equations. To do this, we collated mean annual 
values of modelled fluxes and stores for the entire basin from 
all behavioural models for each permutation of resolution 
and infiltration equation into ensembles, which can be sum-
marized for each flux/store as a distribution. This allowed 
us to directly compare ensembles of model outputs across 
resolutions.

A grid-by-grid comparison was not performed because spatial 
aggregation of topography substantially alters surface-flow 
pathways and, consequently, the contributing areas within 
the basin. This effect is particularly important at the 5-km 
grid size, where aggregation can considerably modify the con-
tributing areas to the flumes and therefore influence which 
models are classified as behavioural. Consequently, grid cells 
at different spatial resolutions do not necessarily represent 
equivalent hydrological units, making direct grid-by-grid 
comparisons difficult to interpret. We therefore focused on 
basin-scale water-balance partitioning and model perfor-
mance as a consistent basis for evaluating the effects of spatial 
and temporal resolution.

3   |   Results

3.1   |   Capturing Water Balance Dynamics 
for the ‘Best’ Calibrated Models

We first verify the best behavioural model against observed 
data to see how well the calibrated models perform in captur-
ing key components of the water balance. We identified the 
best overall combination of spatial and temporal resolution 
and infiltration approach was the Philips equation at 300 m 
and 1 h (P300m60min). The discussion below provides a de-
tailed evaluation of all behavioural models for P300m60min 
as a demonstration of how well DRYP captures the dynam-
ics of different components of the WGEW water balance. It is 
also worth noting here that the best model from this analysis 
matches previous simulations of the same basin (Quichimbo 
et al. 2021).

In general, modelled soil moisture, actual evapotranspiration, 
and discharge at the catchment outlet show a good agreement 
in terms of dynamics in response to input precipitation with 
their corresponding observed/proxy variable (Figure 5). A com-
parison between simulated and measured soil moisture data, 
after scaling (see Section 2.4), shows good agreement with NSE 

values above 0.60 (Section  3.2, Figure  6b). Indicating that the 
best model well captures the dynamics of the soil moisture over 
the evaluation period (Figure  5b). However, we acknowledge 
that the transformation of observed values is likely to intro-
duce some artefacts since it is unable to capture the variation of 
the effective depth of saturation of the measured soil moisture 
(Dimitrova-Petrova et  al.  2020; Franz et  al.  2013, 2012). This 
effective depth of saturation is greater (~33 cm) for low values 
of soil moisture (5%) and shallower (~16 cm) at higher values of 
soil moisture (65%). This may explain the discrepancies between 
simulated and observed peak values.

The best model also well captures (NSE ~0.60) the overall tem-
poral variation in evapotranspiration (Figure  5c). However, 
discrepancies are observed at peak events in 2016 and 2017 
where AET is overpredicted, which may in part stem from 
uncertainties in the data. Discrepancies between flux towers 
and simulated AET up to 15% for 1 year have been reported 
for grassland vegetation in previous studies (Scott 2010; Twine 
et  al. 2000), where such errors are mainly attributed to the 
uncertainty in rainfall and latent heat flux measurements 
(Scott 2010). This may also be attributed to the lack of a dy-
namic vegetation component in the existing models (Warter 
et al. 2020), as the crop coefficient factor in the water balance 
calculation is currently assumed constant over the entire sim-
ulation period.

The best model also well captures the monthly temporal variabil-
ity of runoff at the three main flumes (F01, F02, and F06) along 
the main channel with values of NSE above 0.60 (Figure 5d–f). 
This includes simulating the correct number of streamflow 
events (R2 > 0.75) for the evaluation period. However, the perfor-
mance of the model varies along the channel, for example, high 
peak values at flume F06 are underpredicted (e.g., 2008, and 
2012), whereas, at downstream flumes for the same events the 
model shows a better fit. The number of streamflow events is un-
derpredicted at flumes F02 and F01, however this does not seem 
to impact the overall volume of streamflow events. The under-
estimation of runoff during wet years may be attributed to high 
intensity rainfall events that increase the hydraulic conductivity 
of the soil as a result of surface soil crust removal, which con-
sequently increases the infiltration rate (Becker et al. 2018), an 
effect not currently included in DRYP. Discrepancies are also 
attributed to the redistribution of drainage areas due to the spa-
tial aggregation of the topography as indicated above. Changes 
in catchment areas for different spatial aggregations affects the 
timing and the volume of water at each stream cell and conse-
quently the overall production of runoff.

Regarding focused groundwater recharge below the streambed, 
simulated changes in the water table depth from the 1D model 
driven by outputs from the basin-scale model agree with water 
table observations, particularly for the last period of available 
data, mid 2017 to late 2018 (Figure  6). This suggests that be-
havioural basin-scale models are generating realistic values of 
total recharge. Therefore, the total estimated recharge for these 
models can be used as reference values for comparison across 
scales and infiltration approaches used in this analysis. For the 
year 2001, when there was no large streamflow event captured 
by the model, recharge is underestimated and consequently the 
extent of the groundwater mounding is also underestimated. 
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10 of 24 Hydrological Processes, 2026

However, the overall linear recession rate illustrates that the 
amount of water recharging the aquifer between 2004 and 2017 
is simulated well as the water table matches the observation at 
the end of the simulated period.

3.2   |   Analysis of Overall Model Performance 
and Uncertainty

Below we examine all behavioural model simulations for each 
permutation of spatial and temporal resolution and infiltration 
equation. Section 2.6 showed that the grid resolution of the DEM 

affected the size of the contributing subbasin areas. At the catch-
ment outlet, flume F01, the contributing area for the three model 
grid sizes (300 m, 1, and 5 km) showed variations of 2%, 8.5%, and 
−2%, respectively, when compared to the reference values (see 
Section  2.3.3). At flume F02, variations in subbasin area were 
estimated to be 3%, 13%, and −2% for the 300 m, 1, and 5 km 
model grid sizes, respectively; and for flume F06, variations in 
contributing areas were 4%, −5%, and −42% for model grid sizes 
of 300 m, 1, and 5 km, respectively. This variation in contributing 
area to each streamflow flume precluded the evaluation of the 
5-km grid resolution models at the three flumes, and so 5-km 
simulations were only evaluated at the catchment outlet (F01).

FIGURE 5    |    Comparison between observed (red) and simulated (P300m60min) (black) values of monthly temporal variations of (a) precipitation, 
(b) soil moisture at cosmos Kendall location, (c) actual evapotranspiration at Kendall, (d) streamflow at flume F01, (e) streamflow at flume F02, and 
(f) streamflow at flume F06. See Figure 1 for station locations.
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11 of 24Hydrological Processes, 2026

Figure  7a show the overall performance (p-value) based 
on evaluation at all flumes, soil moisture, and AET, of each 
permutation of resolution and infiltration equation plotted 
against the number of behavioural models for that permuta-
tion. Only the best models for each grid resolution and time 
step (and infiltration method) are plotted. All models are la-
belled by the infiltration model followed by the grid resolution 
and the time step at the end (e.g., Model-1 km-60 min). The in-
filtration model is specified as follows: M for modified Green 
and Ampt, P for Philip's model, S for Schaake, and G for the 
Green and Ampt model (see Figure 2). Models at 5 km resolu-
tion are not included in Figure 7a because they could not be 
evaluated at all flumes. All Schaake infiltration models failed 
to reach the threshold specified for evaluation at all 3 flumes 
mainly due to their inability to capture the number of run-
off events. However, the S-300m-15min models were included 
in the analysis, despite failing the threshold for the number 
events, to compare their performance in relation to the rest 
of models.

Overall, model performance varies highly with spatio-
temporal resolution and infiltration equation. Although we 
do not show the non-behavioural models, such models were 
mostly rejected due to higher absolute values of streamflow 
PBIAS and low correlation on the number of simulated run-
off events. Most behavioural models came from the Philip's 
infiltration equation at 300-m grid size and 15-min time step. 
However, the best overall model uses the same Philip's infil-
tration approach but at the spatial and temporal resolution of 
300 m and 60 min. It is important to note that for both Philips 
(P) and modified GA models (M), the 15-min models perform 
better than the 60-min time step, suggesting that high tempo-
ral resolution is needed to best capture the runoff response to 
input rainfall.

The best models show good ability to represent both soil 
moisture and AET with NSE values for both exceeding 0.55 
(Figure 7b). Soil moisture does not show a strong sensitivity to 
the temporal resolution and infiltration method, as values of 
NSE show a small range of variation (between 0.64 and 0.67) 
for behavioural models at 15-min and 60-min resolutions. At 
the 300 m spatial resolution, values of actual evapotranspira-
tion show variations in response to changes in temporal res-
olution with values of NSE falling between 0.55 and 0.64 for 

behavioural models. However, the NSE increases to its highest 
value (~0.67) for the 1-km and 60-min spatial and temporal 
resolution respectively. Thus, the model P-1 km-60 min is the 
best model for representing the dynamics of both the soil mois-
ture (NSE ~0.70) and actual evapotranspiration at WGEW. 
The S-300 m-15 min model also shows good performance with 
similar values of NSE for both AET and soil moisture, in com-
parison to valid models (Figure 7b).

Figure 7c shows the model performance in relation to the num-
ber of streamflow events of flumes F01 against flume F06. 
Models at the spatial resolution of 5 km have also been added to 
the figure in order to evaluate temporal variability of the model 
at coarser scales. Again, the scale of the model as well as the 
infiltration method greatly affect model performance. In gen-
eral, results show a high R2 (> 0.6) for all valid models, with the 
P-300 m-60 min showing the best performance at both flumes. 
For the 5-km grid size, the best models are the ones that use the 
Philip's infiltration equation at 15-min and 60-min time steps. 
Models with a time step of 24 h also appear to have good per-
formance, despite the coarser temporal and spatial resolution. 
High values of R2 suggest good ability of the model to capture 
the development of ephemeral streams at a monthly timescale, 
regardless of their magnitude. However, the good model perfor-
mance is also due to the strong correlation between streamflow 
events and rainfall events. These results suggest that the num-
ber of events is not sensitive to the performance of the model or 
the spatial and temporal scale. However, the number of events 
is very sensitive to the infiltration method, which ultimately re-
sulted in the rejection of all Shaake models, as mentioned above.

Figure  7d–f shows the estimated NSE against PBIAS in 
streamflow for the three flumes. Results for models at 5-km 
grid size were also added; however, they were only evaluated 
at flume F01 because of discrepancies in catchment contribut-
ing areas at upstream flumes (see Section 2.6). In general, all 
behavioural models capture the dynamics of flow (NSE > 0.5) 
but have lower skill in capturing the overall mass fluxes, par-
ticularly at flume F01, where we see high values of PBIAS. 
Again, the best model (P-300m-15min) has the highest NSE 
(~0.95) and a PBIAS of 12%. P-300m-60min and M-300m-
60min models have slightly lower performance in relation to 
the best model (NSE = 0.90 and 0.86 respectively) and a PBIAS 
of 12% for both models, which indicates their skill. There is a 

FIGURE 6    |    Temporal variation of groundwater recharge at the river cell of the flume F01 (see Figure  1) from the best basin scale model 
(Section 3.2) (top x-axis), and comparison of simulated and observed values of water table elevation; locations of monitoring wells are shown in 
Figure 1. Simulated water table elevations were obtained from the 1D groundwater model (see Section 2.5).
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12 of 24 Hydrological Processes, 2026

notable decline in model performance for discharge with dis-
tance upstream of the catchment outlet for all models, suggest-
ing a challenge for capturing the streamflow dynamics at the 
upstream flumes (Figure 7e,f). The mass balance represented 
by PBIAS switches from positive to negative values at the far-
thest upstream flume (F06), which results in overestimation 
of streamflow, whereas at the catchment outlet streamflow is 
underestimated.

3.2.1   |   Variability of Model Parameters

For all behavioural models (p > 0) for all permutations of spatial 
and temporal resolution and infiltration equation, the distribu-
tions of parameters that greatly impact model performance are 
shown in Figure 8. Recall that k represents a scaling factor ap-
plied to the initial estimated parameter values (moving all val-
ues up or down) to maintain the spatial distribution of model 

FIGURE 7    |    Indices estimated for the best behavioural models selected according to the combined performance metric ‘p’ (Equation 4) based on 
the evaluation of flumes F01, F02 and F05, and soil moisture and AET at Kendall. (a) Estimated ‘p’ against the number of valid models resulted from 
the Monte Carlo analysis for different grid size, time-step, and infiltration approach. (b) NSE for the soil moisture (SM) estimated at the Kendall lo-
cation against NSE of the evapotranspiration at Kendall location. (c) R2 of flumes F06 against F01. Panels (d–f) represent the NSE against the PBIAS 
for the three flumes located along the main channel, flume F01, F02 and F06. Results at 5-km grid size were evaluated only at flume F01. Models 
using different infiltration methods are represented as P = Philip's, S = Schaake, G = upscaled Green and Ampt, and M = modified Green and Ampt. 
Marker size represents model spatial resolution with the biggest size representing the highest resolution. Models at 5-km grid size do not consider the 
evapotranspiration on the evaluation.

 10991085, 2026, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hyp.70733 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [19/10/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



13 of 24Hydrological Processes, 2026

parameters. A narrow distribution of a parameter suggests that 
model results are quite sensitive to that model parameter. Results 
show a narrow distribution for parameters that control the pro-
duction of runoff, kKsat, (Figure 8a) and the volume of transmis-
sion losses, kKch, (Figure 8c), whereas the parameter that controls 
the flow routing, kT, has a broader distribution (Figure 8d).

Figure 8a shows that values of kKsat depend on the infiltration 
method and the model spatial and temporal resolution. In gen-
eral, when the spatial or temporal resolution of the models in-
creases (becomes coarser), the magnitude of the Ksat must be 
reduced in order to allow the model to capture the production 
of runoff. This is expected because the peaks of rainfall events 
are flattened with aggregation of both spatial and temporal res-
olution. This results in low infiltration rates that are required to 
reduce the amount of water entering the soil in order to produce 
the expected runoff. Thus, for the best model, using the Philip's 
infiltration equation, the multiplicative factor of hydraulic con-
ductivity (kKsat) must be reduced from 0.2 for the 300 m–15 min 
models to 0.01 for the 5 km–24 h models. It can also be seen 
that values of kKsat for the modified Green and Ampt model are 
higher than the rest of the models for larger spatial and tem-
poral resolutions. The differences in magnitude of Ksat values 
for different model structures mean that infiltration rates at 
the beginning of the precipitation event play an important role 
in the partitioning of precipitation (see also Michaelides and 
Wilson 2007). Higher values of Ksat mean that models produce 
less infiltration at the onset of the precipitation event than mod-
els with lower Ksat values.

The distribution of the factor controlling rooting depth (kDroot) 
varies between 0.85 and 1.12, with mean values ~1.0 (Figure 8b) 
across different scales and infiltration methods. These results 

suggest that the model outputs are less sensitive to the rooting 
depth than Ksat. Less variation in Droot means that the storage in 
the unsaturated zone is almost similar across all models. This 
factor is important for diffuse recharge across the landscape, as 
large values in Droot combined with low rainfall rates will pre-
vent the production of recharge as the water storage capacity of 
the soil increases.

For channels, the factor controlling the hydraulic conductivity 
(kKch) also needs to be reduced at coarser temporal and spa-
tial scales (Figure 8c). However, this calibrated factor exhibits 
less variation between infiltration methods compared to Ksat. 
This means that similar rates of water infiltration through the 
streambed are expected. In contrast, the parameter that controls 
channel storage shows low sensitivity to temporal and spatial 
scales (Figure 8d). Higher values of kT signify higher velocity 
rates along the channel. In summary, the choice of infiltration 
method mainly influences the production of runoff via the Ksat 
parameter and good simulations of discharge at the catchment 
outlet, are affected by the channel infiltration parameter (Kch). 
Therefore, these two infiltration parameters (on hillslopes and 
in the channel) play an important role in the performance of 
the model.

3.3   |   Impact of Spatial and Temporal Model 
Resolution and Infiltration Approach on the Water 
Balance Components

Results of the water balance obtained from the behavioural 
models are shown in Figure 9, which presents distributions of 
each component of the water balance as a percentage of the input 
precipitation. Results from all behavioural models across all 

FIGURE 8    |    Distribution of parameter factors (a) kKsat, (b) kDroot, (c) kKch, and (d) kT for behavioural simulations based on evaluation at flumes 
F01, F02 and F06, and soil moisture and AET at Kendall. Results at the 5-km grid size were evaluated only at flume F01. Models using different infil-
tration methods are represented as P = Philip's, S = Schaake, G = upscaled Green and Ampt, and M = modified Green and Ampt. Models at 5-km grid 
size are not considered in the evaluation the evapotranspiration.
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14 of 24 Hydrological Processes, 2026

temporal and spatial scales and infiltration equations show that 
infiltration is the highest flux representing up to 95% of the input 
precipitation (Figure 9a). The M-300m-60min shows the highest 
mean values of infiltration (~93%). Mean infiltration values do 
not show a great variation with model structure (91%–94%), even 
though calibrated infiltration parameters (Ksat) show high vari-
ations for different infiltration equations. The high range in Ksat 
(Figure 8a) reflects that this parameter largely controls the ratio 
of precipitation and infiltration regardless of the choice of the 
infiltration method employed in DRYP. Actual evaporation is 
the second largest flux of the WGEW water balance (85%–94%), 
and one of the main sources of water losses within the basin. 
Actual evapotranspiration consumes almost all the infiltrated 
water (Figure 9b) due to high rates of potential evapotranspira-
tion typical of this semi-arid environment.

For all behavioural models, the production of overland flow var-
ies from 5% to 25%, with most infiltration methods showing a 
mean value of runoff of 8%–11% (Figure 9c). However, runoff is 
greatly reduced by transmission losses, which represent around 
3%–15% (Figure  9d). Also, models at the 5-km grid resolution 
and 24-h time step show the highest values of diffuse recharge 
(Figure 9g), which is attributed to the few high rainfall events 
due to temporal aggregation of intense rainfall that creates a 
drizzle effect (Kipkemoi et al. 2021), along with high initial in-
filtration rates at the initiation of precipitation events that allow 
water to percolate through the soil.

For the best model– the P-300m-60min—the simulated trans-
mission losses are ~5% of the input rainfall and are low in com-
parison to other models (mean values ~8%–10% of rainfall). The 

FIGURE 9    |    Flux distribution as a percentage of precipitation for behavioural models based on the evaluation at flumes F01, F02 and F06, and soil 
moisture and AET at Kendall. Results at 5 km grid size were evaluated only at flume F01.
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15 of 24Hydrological Processes, 2026

low percentage of transmission losses of the modified Green-
Ampt results from high volumes of infiltration (Figure 9c) due 
to the high Ksat values, which consequently results in low runoff 
production (Figure 9f). To compensate for the low production 
of runoff and to get a better estimation of discharge at the outlet 
for this permutation, the parameters Kch had to also be reduced 
by kKch (Figure  8b). The rest of the models work in a similar 
way; the production of streamflow is generally regulated by the 
downward flux of transmission losses.

Finally, the overall water balance for the WGEW from the be-
havioural simulation of the best model configuration (P-300m-1h) 
is presented in Figure 10, details of the model selection are de-
scribed in Section 2. The figure also shows the distribution of all 
simulations to illustrate the impact that uncalibrated parameters 
may have in the water balance components. The uncertainty of 
uncalibrated parameters may be considerably high; therefore, 
transferring those parameters to other basins may result in con-
siderable high uncertainty. It is also noted that the estimation 
of water fluxes and environmental states in the basin coincides 
with previous studies (e.g., (Quichimbo et al. 2021; Renard 1970; 
Renard et al. 2008)). Infiltration and evapotranspiration are the 
main fluxes (> 92% of the precipitation), with evapotranspiration 
consuming almost all infiltrated water typical of a dryland envi-
ronment. Focused recharge represents between 1.8% and 3.6% of 
the total input rainfall, whereas diffuse recharge is below 0.01%.

4   |   Discussion

We have presented a comprehensive analysis of the impact of 
the spatio-temporal resolution (and infiltration method) of the 

hydrological model (DRYP) on the variability of the various 
fluxes of the water balance in a dryland basin. Below we focus 
the discussion on: (i) the performance of DRYP in character-
izing water fluxes for dryland regions including model skill at 
capturing surface-groundwater interactions; (ii) the sensitivity 
of water partitioning to spatial and temporal model resolutions; 
(iii) the methodological advance of model parameter calibration 
that achieves good results while remaining faithful to the spatial 
distribution of input datasets; and (iv) the implications of this 
research for making progress in simulating the water balance 
in dryland (and/or humid) areas at regional and global scales.

4.1   |   Model Performance in Accurately 
Representing Hydrological Fluxes in 
Dryland Regions

We found that behavioural models at high spatial resolution 
(e.g., 300 m) and at sub-daily time scales showed the most skill 
in representing streamflow, actual evapotranspiration and 
soil moisture. At these high resolutions, DRYP also produced 
highly accurate results of groundwater recharge, particularly 
focused recharge and their influence on water table fluctua-
tions (Figure 6). This is a key feature of this modelling system 
designed to capture interactions between surface water and 
groundwater, forced by climate and opens up many possibilities 
for using the model under different climate forcings to under-
stand the potential impacts on groundwater storage changes 
(IPCC6 2021). Notably, we also found that behavioural models at 
1-km spatial resolution and at 1-h temporal resolution had skill 
in characterizing the various components of the water balance. 
Additionally, we found that the infiltration approach plays an 

FIGURE 10    |    Schematic representation of the water balance components of the WGEW based on the best model: Philips-300m-60min. Arrow 
scale and direction depend on the magnitude of the components and direction indicates inflow/outflow. Grey shaded areas represent the entire pop-
ulation of model simulations, whereas red shaded areas represent the distribution of behavioural models only.
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16 of 24 Hydrological Processes, 2026

important role in the model performance due to its influence 
on rainfall-runoff partitioning, such that completely different 
results may arise for different water balance components based 
only on differences in the infiltration approach (Figure 9). This 
has important implications for the modelling community, as 
models may need more constrains to better represent the water 
balance. Overall, we found that the Philips approach resulted in 
the best model performance.

Our analysis points to the importance of streamflow as a 
key calibration dataset for selecting behavioural models 
(Figure  5), as obtaining good results for streamflow led to 
a substantial reduction in the number of behavioural mod-
els (Figure 10). Ultimately, it is challenging for any rainfall-
runoff model to generate accurate streamflow time series (K. 
J. Beven 2004), and this challenge grows markedly in dryland 
regions, where the hydrologic response to rainfall is very non-
linear (Faurès et al. 1995; Goodrich et al. 1997). Our results 
also indicate the great impact of rainfall partitioning between 
runoff and infiltration in the water balance, which in addition 
to the flow routing approach can lead to great uncertainty in 
model outputs. However, for WGEW it is important to con-
sider that the proportion of runoff (e.g., Hortonian overland 
flow on hillslopes) in relation to other components of water 
balance is small, with values as a percentage of input precip-
itation of less than 1%. This factor, in combination with the 
uncertainty due to the spatial aggregation of the DEM sup-
ports a set of low thresholds chosen for the evaluation indices. 
For example, a PBIAS threshold of 20% can yield accurate re-
sults for this dryland study area (Figure 7). Additionally, our 
modelling analysis revealed the challenge of using a simple 
implicit flow routing approach to capture the strong spatial 
and temporal variation of streamflow in such a dynamic basin 
(Cortés-Salazar et al. 2023), even if it still captures the dynam-
ics of the main water balance components (Figure 5).

4.2   |   Sensitivity of Water Partitioning to Model 
Resolution and Infiltration Method

Our analysis revealed strong variability in water partitioning 
at different spatial and temporal resolutions. Models at 300-m 
and 5-km resolutions result in an increase of infiltration as the 
temporal resolution decreases from 15 min to 1 h because forc-
ing datasets (rainfall and PET) are aggregated in time. This tem-
poral aggregation dampens the intensity and disproportionately 
affects the small precipitation events. In fact, dampening these 
small precipitation events results in total infiltration of rainfall 
events, a result that is consistent with prior work done in a 1D 
framework (Kipkemoi et  al.  2021). This effect is propagated 
through all flux components in order to close the water bal-
ance with the observations. Thus, runoff, transmission losses, 
riparian evaporation, and recharge all become reduced, whereas 
actual evaporation increases to compensate for the surplus of 
infiltration generated at low temporal resolutions.

The behavioural model at 5-km spatial resolution shows a 
decrease in average values of infiltration for the 1-day tempo-
ral resolution. This contrasts with the increase in infiltration 
when the temporal resolution decreases from 15 min to 1 h. At 
the coarser spatial and temporal resolutions (5 km and 1 day), 

where the aggregation greatly impacts the high and low precip-
itation events, the model balances the overall amount of water 
required for producing enough runoff from peak and low events 
through low infiltration rates. There is a trade-off between 
runoff and transmission losses as the high runoff produced by 
low infiltration rates on slopes is then reduced by transmis-
sion losses in channels. The production of runoff is mainly 
controlled by Ksat, which shows the lowest calibrated values 
at 5-km resolution (Figure 8a), and therefore causes water to 
quickly accumulate in the rooting zone, which in turn results 
in higher values of diffuse recharge (Figure 9g). The compar-
ison of model fluxes across different scales shows that diffuse 
recharge may be overestimated at coarse temporal scales (daily 
time scales). Therefore, high temporal resolutions may be more 
appropriate to represent diffuse recharge regardless of spatial 
resolution. Similarly, to capture the main characteristics of the 
streamflow and focussed recharge components of the water 
balance in DRYP, a high temporal resolution (< 1 day) of rain-
fall forcing is required. In contrast, soil moisture and AET are 
much less sensitive to larger temporal aggregations of rainfall 
forcing above 1 day. This behaviour highlights the challenge of 
representing the water balance in dryland regions where the 
spatial and temporal variability of precipitation is high (Singer 
and Michaelides 2017).

We also observed that there is more variability of water fluxes 
between different infiltration approaches than for different 
spatial and temporal resolutions (Figure  9). This variability 
means that different infiltration approaches compensate water 
fluxes within the model domain in order to match the observed 
datasets. In fact, we found that high infiltration rates at the 
onset of the rainfall event are critical in the development and 
distribution of runoff events, which ultimately affect the water 
balance outputs of the model. This process is of critical impor-
tance because infiltration excess is the main mechanism of 
runoff generation in dryland environments (Dunkerley  2018; 
Pilgrim et al. 1988).

4.3   |   Calibration of Model Parameters

The model parameter sensitivity analysis showed that soil and 
channel saturated hydraulic conductivity, across scales and in-
filtration methods, are the most sensitive parameters for DRYP 
to have skill in representing streamflow. In general, behavioural 
models required smaller values of saturated hydraulic conduc-
tivity for longer time steps and/or larger grid sizes (Figure  8). 
This is consistent with the expected effect of the spatial and tem-
poral aggregation of forcing datasets. The spatial distribution 
of model parameters was kept constant over the entire model 
domain, as only a multiplicative factor was applied for calibra-
tion. This condition assumes that input soil datasets are highly 
accurate in capturing the soil spatial distribution, which can 
be a challenge to parameterize from regional and global data-
sets (Dai, Shangguan, et al. 2019; Dai, Xin, et al. 2019; Montzka 
et al. 2017; Pelletier et al. 2016). Changing the spatial distribu-
tion of parameters could significantly improve the model's per-
formance, albeit in an uncertain way that may ignore observed 
metrics of environmental variables. Additionally, calibrating all 
parameters at each pixel independently would considerably in-
crease the number of simulations required for calibration.
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The calibration also shows that it is harder to generate be-
havioural models as the spatial resolution decreases because the 
range of variation of sensitive model parameters narrows. This 
has great implications for the transferability of model parame-
ters to ungauged basins or for model application at regional or 
global scales since the uncertainty of estimated fluxes can be 
considerably high.

Additionally, our modelling analysis points to trade-offs be-
tween runoff generation and transmission losses that lead 
to equifinality in simulating flow at a particular flow gauge. 
Having more measurements along the channel helps to con-
strain streamflow within the model domain and therefore 
to accurately represent transmission losses along channels. 
Therefore, estimates of transmission losses are highly un-
certain without additional observational constraints from 
multiple flow gauges along the channel (e.g., 5 km resolution 
models were calibrated only to one flume). This indicates an 
advantage of using DRYP within other data-sparse dryland re-
gions of the world, since its simplicity and efficiency enables 
a full exploration of the range of uncertainty, which would be 
impossible with a more complex model.

Our evaluation also showed that considering observations 
of soil moisture and evapotranspiration in conjunction with 
streamflow in the selection of behavioural models reduces the 
uncertainty of the estimation of most of the water balance com-
ponents. However, the uncertainty in measured soil moisture 
and estimated AET may be larger than streamflow in absolute 
terms in dryland settings. Hence, the relative accuracy of the 
streamflow estimation may still be very uncertain, for example 
as measured as PBIAS (Figure 7). The analysis also showed that 
good prediction of the number of flow events is easier to achieve 
for a wide range of infiltration methods, as well as for differ-
ent spatial and temporal resolutions than is required to obtain 
accurate volumetric discharge estimates. Thus, while the num-
ber of runoff events may not be a good metric for the overall 
water balance, it may be very useful for predicting the proba-
bility of wetting events that may have local significance for dry-
land water resources and hazards (Larned et al. 2010; Leigh and 
Datry 2017; Steward et al. 2012).

4.4   |   Implications for Land Surface Modelling at 
Regional and Global Scales

Most hydrological models capture the interactions between the 
climate and the hydrological responses of fluxes, but they com-
pletely ignore the surface-groundwater interactions that impact 
underlying aquifer storage. Here, by using a 1D groundwater 
model we have showed that the best model provides values of 
groundwater recharge that accurately reproduce the water table 
fluctuations at the WGEW (Wallace and Renard 1967). Thus, the 
analysis highlights the skill of DRYP to produce accurate esti-
mates of focused recharge due to transmission losses at higher 
spatial and temporal resolutions (e.g., 300 m–1 h, Figure  6). 
Focused recharge was found to be the main mechanism of 
groundwater recharge in the WGEW, which is consistent with 
the current understanding of recharge processes in dryland en-
vironments (Cuthbert et al. 2016; Pilgrim et al. 1988; Quichimbo 
et  al.  2023; Schreiner-McGraw et  al.  2019; Schreiner-McGraw 

and Vivoni 2018; Seddon et al. 2021). This skill makes DRYP a 
powerful tool that can enhance the quantification of the water 
balance in drylands and reduce the uncertainties surrounding 
the sensitivity of groundwater to climate change variability 
(IPCC6 2021).

Finally, the performance of behavioural models, particularly 
at the 1-km scale, reveals that a relatively simple model, such 
as DRYP, has the potential to accurately represent water par-
titioning on a large scale- both regionally and globally. Here, 
we showed that the long-term values of water fluxes, and par-
ticularly focused recharge, for the 1-km resolution simulations 
vary within the range of the 300-m resolution simulations 
(Figure 9f). This agreement between the two spatial resolutions 
is crucial for understanding the complex dynamics of water dis-
tribution in dryland environments, which are currently poorly 
represented in large-scale hydrological or land surface models. 
Furthermore, we found good performance for the 1-km spatial 
resolution, in combination with a 1-h temporal resolution. This 
combination allows for the representation of the development of 
flowing ephemeral streams within DRYP, a process which gener-
ally requires high computational demand because it necessitates 
complex numerical solutions, making its application at regional 
and global scales unfeasible (Goodrich et  al.  2012; Lahmers 
et  al.  2019; Schreiner-McGraw et  al.  2019; Schreiner-McGraw 
and Vivoni 2018; Woolhiser 1989; Zoccatelli et al. 2019). Thus, 
DRYP shows important promise for overcoming the limitation 
of current models for potential application in simulating the dy-
namics of the water balance in response to climate for any dry-
land region of the world.

5   |   Conclusions

In this paper, we analysed the influence of model temporal and 
spatial resolution and different infiltration methods on water 
partitioning and the overall water balance for a dryland basin. 
We used the parsimonious water partitioning dryland model 
(DRYP), which we calibrated separately for each of several 
permutations of spatial and temporal resolutions and (built-in) 
infiltration method, and evaluated the water balance outputs 
against observations of streamflow, soil moisture, evapotrans-
piration and groundwater level data from the semi-arid Walnut 
Gulch Experimental Watershed (Arizona, USA). We assessed 
the sensitivity of water partitioning by identifying behavioural 
simulations based on multi-parameter Monte-Carlo experiments 
evaluated against a range of objective performance metrics.

Overall, the analysis shows that high spatial resolution mod-
els (e.g., 300 m) at sub-daily temporal resolution show the best 
performance for representing streamflow, actual evapotranspi-
ration and soil moisture. However, models at 1-km spatial reso-
lution are also able to perform nearly as well at the 1-h temporal 
resolution. The infiltration approach also plays an important 
role in the model performance due to its influence on rainfall-
runoff partitioning and the Philips approach was found to pro-
duce the best model performance.

Our analysis also revealed that the saturated hydraulic con-
ductivity of the soil, Ksat, and the channel, Kch, play a key role 
in model performance because they control the production of 
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runoff and transmission losses. We found these parameters need 
to be reduced at coarser temporal and spatial resolutions.

For the WGEW, the modelled water balance components are 
consistent with previous studies (e.g., (Quichimbo et  al.  2021; 
Renard 1970; Renard et al. 2008)), highlighting infiltration and 
evapotranspiration as the main fluxes (> 92% of the precipita-
tion), with evapotranspiration consuming almost all infiltrated 
water. Focused recharge represents between 1.8% and 3.6% of 
the total input rainfall, whereas diffuse recharge is below 0.01%. 
Also, evapotranspiration from riparian zones greatly reduces 
the amount of transmission losses when it infiltrates into the al-
luvial sediments (by 40%–60%).

Finally, the analysis highlights the potential of a simple, parsi-
monious model to accurately represent all components of the 
water balance in dryland environments at coarser spatial reso-
lution, for example, 1-km. This is important because it enhances 
our ability to accurately represent dryland hydrological pro-
cesses at regional and global scales. Having this modelling capa-
bility provides the opportunity to enhancing our understanding 
of climate change variability in dryland environments which are 
typically underrepresented and sparsely gauged or monitored. 
Thus, this study paves the way for consideration of how larger 
scale hydrological models can improve their process represen-
tation in drylands.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Table  S1: Soil hydraulic parameters 
for general textural classes, based on Rawls et al. (1982) and Clapp and 
Hornberger (1978): n is the porosity, b is the pore size distribution pa-
rameter, and ψ is the maximum soil matric potential. Table S2: Prior pa-
rameter range for each component and infiltration approach considered 
in the Monte Carlo analysis; parameters starting with ‘k’ mean that it 
is a factor of the model parameter. Infiltration approaches are specified 
as P for Philip's model, G for Upscaled Green and Ampt, S for Schaake 
model, and M for Modified Green and Ampt. Figure S1: Indices esti-
mated for the best models selected according to the likelihood measure 
‘p’ based on the evaluation of only flume F01, and soil moisture and 
AET at Kendall. (a) Estimated ‘p’ against the number of valid models 
resulted from the Monte Carlo analysis for different grid size, time-step, 
and infiltration approach. (b) NSE for the soil moisture estimated at 
the Kendall location against NSE of the evapotranspiration at Kendall 
location. (c) R2 of flumes F06 against F01. Part d, e and (f) represent 
the NSE against the PBIAS for the three flumes located along the main 
channel, flume F01, F02 and F06, flumes F02 and F06 were added only 
for comparison. Results at 5-km grid size were evaluated only at flume 
F01. Models are labelled as P = Philips, S = Schaake, G = upscaled Green 
and Ampt, and M = modified Green and Ampt. Models at 5-km grid 
size do not consider the evapotranspiration in the evaluation. Figure 
S2: Distribution of parameter factors (a) kKsat, (b) kDroot, (c) kKch, and 
(d) kT for behavioural simulations based on evaluation at flume F01, 
and soil moisture and AET at Kendall. Models using different infiltra-
tion methods are represented as P = Philip's, S = Schaake, G = upscaled 
Green and Ampt, and M = modified Green and Ampt. Models at 5-km 
grid size are not considered in the evaluation the evapotranspiration. 
Figure S3: Flux distribution as a percentage of rainfall for behavioural 
model simulations based on the evaluation at flume F01, and soil mois-
ture and AET at Kendall. 
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Appendix A: Differences Between Infiltration Approaches

A detailed description of each infiltration approach is provided by 
Quichimbo et al. (2021). Here, the differences in infiltration dynamics 
among the four approaches—Schaake (S), Philip (P), Upscaled Green–
Ampt (M), and Green–Ampt (G)—are illustrated through a controlled 
numerical experiment. The simulation was conducted using a constant 
precipitation intensity of i = 30 mm h−1 throughout the entire simula-
tion period.

Soil hydraulic properties correspond to a sandy loam soil texture with 
saturated water content �sat = 0.453 m3 m−3, air-entry pressure at satu-
ration � = 211.01 mm, and pore-size distribution index � = 4.9 following 
Clapp and Hornberger (1978). The saturated hydraulic conductivity was 
specified as Ksat = 1.6 cm h−1, based on experimental values reported by 
Craig et al. (2010), with a logarithmic standard deviation of 0.5. The se-
lected precipitation and hydraulic conductivity values correspond to a 
precipitation-to-conductivity ratio of approximately 0.5, consistent with 
the experimental configuration of Craig et al. (2010).

Infiltrated water was assumed to drain freely below the soil profile 
under gravitational conditions. Soil depth was fixed at 200 mm, and 
the initial soil water content was prescribed at wilting point conditions, 
�wp = 0.19 m3 m−3. The simulation time step was set to 1 min. All simu-
lations were performed using the infiltration component of DRYP 1.0.

Figure A1a presents the temporal evolution of infiltration rates simu-
lated by the four approaches. For the same values of Ksat, precipitation in-
tensity, and initial soil moisture conditions, the M, G, and P approaches 

exhibit similar initial infiltration rates, as expected from their physical 
formulations (Quichimbo et al. 2021). However, their temporal evolu-
tion differs substantially. The Philip approach (P) maintains the high-
est infiltration rates for the longest duration (approximately 145 min), 
whereas the Green–Ampt approach (G) exhibits a rapid decline after 
approximately 25 min. In contrast, the Upscaled Green–Ampt approach 
(M) shows a gradual decrease, starting at t = 25 min, that eventually 
exceed the infiltration rates simulated by the Philip approach at time 
t = 210 min. The Schaake approach (S) evolves differently from the other 
three methods, with infiltration rates decreasing gradually during the 
first 100 min, followed by a more abrupt decline from approximately 25 
to 5 mm h−1.

Figure A1b shows the cumulative infiltration simulated by each model. 
The P and M approaches produce the largest cumulative infiltration vol-
umes, consistent with the higher infiltration rates shown in Figure A1a. 
The G approach exhibits a slower but steady increase in cumulative in-
filtration, whereas the S approach reaches a threshold corresponding to 
conditions close to saturation of the entire soil layer.

Overall, Figure A1 highlights the substantial differences in infiltration 
behaviour among the four approaches, despite the use of equivalent hy-
draulic parameters and boundary conditions. These differences suggest 
that model calibration may require compensatory adjustments of hy-
draulic parameters to reproduce comparable infiltration rates and cu-
mulative infiltration volumes across different infiltration formulations.

FIGURE A1    |    (a) Temporal evolution of infiltration rates simulated by the infiltration approaches used in the main text: Philip (blue), Upscaled 
Green–Ampt (orange), Green–Ampt (green), and Schaake (red). (b) Cumulative infiltration over the simulation period. Rainfall intensity was held con-
stant throughout the simulation at i = 30 mm h−1 . The parameters used in the experiment were: Saturated hydraulic conductivity, Ksat = 1.6 cm h−1; 
saturated water content, �sat = 0.453 m3 m−3 ; air-entry pressure at saturation, � = 211.01 mm; pore-size distribution index, � = 4.9 [−]; and standard 
deviation of saturated hydraulic conductivity, �Ksat = 0.5.
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