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HIGHLIGHTS

¢ ECO-PRO simulates the hydrologic
response of Multi-layer Green Roofs
(MGRs).

e Three years of rainfall, soil moisture &
runoff data at case study were used for
its development.

 R? was 0.88 for daily runoff & 0.91 for
event-scale stormwater retention rates.

e ECO-PRO showed low sensitivity to pa-
rameters and epistemic uncertainty.

e Soil parameters had the greatest influ-
ence on model outputs.
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ABSTRACT

Green roofs are climate-adaptive measures able to address many urban challenges like heat islands, water
scarcity, floodings, pollution and biodiversity loss. Recently, the “blue-green roof” variant has gained attention
for its enhanced functionality, since, incorporating a high-capacity storage layer, they can retain significant
amount of rainwater. This last can be gradually released, reducing stress on urban drainage during heavy storms,
sustain passive irrigation and provide greywater for reuse. Modelling green infrastructures is essential for
optimizing design and efficacy, and, in this context, ecohydrological models, which capture the complex
ecological and hydrological interactions, offer a valuable option.

This study introduces the ECO-hydrological Polder Roof mOdel (ECO-PRO), a tailored ecohydrological model
specifically for multilayer green roofs. ECO-PRO is a numerical model able to simulate dynamically the blue-
green roofs hydrological response to climate conditions and management practices, estimating water flow and
storage across layers. The model was implemented based on an experimental site in Palermo (Italy), using a high-
resolution dataset and performing parameters optimization through genetic algorithms. Simulated water fluxes
and time series of soil moisture and outflow generated by the system demonstrated strong alignment with
observed data over a three-year monitoring period, with robust performance indicators. Notably, the coefficient
of determination (R?) for daily runoff was 0.88. Parameter sensitivity and uncertainty assessments further
validated the model’s reliability. A test model application accurately captured stormwater retention after pro-
longed rainy spells (R? = 0.91), confirming its effectiveness for the dynamic assessment of water volumes
released and retained by the system.
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1. Introduction

Cities exert significant ecological pressures, consuming most natural
resources and generating approximatively 75 % of global carbon emis-
sions (Fragkias et al., 2013). Climate change intensifies these pressures,
by increasing frequency and magnitude of heatwaves, extreme rainfall,
and water scarcity, particularly impacting the Mediterranean (IPCC,
2021; Noto et al., 2023; von Schuckmann et al., 2023). Rapid population
growth and urbanization (UN, 2019), further heighten resource demand
in cities and favour the replacement of natural surfaces with impervious
materials. This exacerbates urban runoff, often overloading drainage
systems and leading to floods. Traditional urban drainage systems are
designed according to a “resistance paradigm” and under the “static”
probabilistic principle of the “return period”, which relies on historical
climate patterns. Consequently, these systems are unable to adapt
effectively to evolving stormwater dynamics in rapidly expanding cities.
These emerging urban challenges, along with the increasing biodiversity
loss, pose significant risks to infrastructures and human health, incur-
ring high social costs (Santamouris, 2020; Portner et al., 2023).

Nature-Based Solutions (NBSs) offer adaptive approaches to such
challenges (Faivre et al., 2017), aligning with Sustainable Development
Goals (UN, 2015) and policies like the European Green Deal and Next-
GenerationEU. Many NBSs promote small-scale hydrologic control for
stormwater infiltrating, filtering, evaporating, and detaining at the
source (Ercolani et al., 2018), fostering hydrologic-hydraulic invariance
(Raymond et al., 2017; Seddon et al., 2021). Green Roofs (GRs) are
particularly promising NBSs for urban environments (Cook and Larsen,
2020), since they support urban regeneration, improve building energy
efficiency, reduce Urban Heat Island (UHI) effects (Getter et al., 2011;
Avila-Hernandez et al., 2023), decrease noise and air pollution (Yang
et al., 2008), and enhance biodiversity. Specific GR configurations can
help mitigate stormwater challenges and improve water quality
(Ercolani et al., 2018; Suszanowicz and Kolasa Wiecek, 2019). GRs also
offer social advantages, such as recreational spaces and urban agricul-
ture opportunities, which benefit public health (Vijayaraghavan, 2016;
Jenkins, 2020).

Multilayer Green Roofs (MGRs), featuring a high-capacity water
storage layer (Blue Layer, BL), combine the advantages of traditional
GRs with Rainwater Harvesting Systems (RHSs) capabilities, so that
MGRs are often considered as hybrid solutions, named “blue-green
roofs” (Brears, 2018; Almeida et al., 2023). A MGR may be a versatile
solution to adapt to extreme weather fluctuations predicted under
climate change (Shafique et al., 2016; Andenes et al., 2018), and are
well-suited for arid or semi-arid regions, where conventional GRs may
encounter difficulties due to prolonged dry conditions. The BL facilitates
passive irrigation (Cirkel et al., 2018), mitigating potential water stress,
and allows rainwater reuse.

However, specific studies on MGRs are still limited and their
numerous benefits remain largely unquantified. The systematic moni-
toring and the development of reliable models to assess GRs and MGRs
under various climate scenarios are essential for integrating these
technologies into sustainable urban planning and shaping incentivizing
strategies (Versini et al., 2015; Johannessen et al., 2019). In particular,
for MGRs, understanding water distribution dynamics within the system
is crucial for optimizing design and management oriented to predefined
objectives, like water reuse and flood mitigation.

Many modelling tools have been used to simulate conventional GRs,
from empirical relations (Liu et al., 2019) to event-based hydrological
models (Lamera et al., 2014) and conceptual models (Carbone et al.,
2014). Some thermal simulation software (e.g., EnergyPlus DT, 2019),
can be used for a rough estimation of the hydrological performance of
GRs based on extremely simplified water balance equations. However,
numerical approaches based on stormwater-specific software, such as
SWMM (Rossman, 2015), MIKE URBAN (DHI, 2017), and HYDRUS
(Feitosa and Wilkinson, 2016), are generally preferred for modelling
hydrological aspects of GRs (Locatelli et al., 2014; Peng and Stovin,
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2017). Nevertheless, most of these models rely on empirical parameters
with limited validation from field data, primarily due to scarce moni-
toring. It is also often argued that such models are too computationally
expensive to be integrated in decision support tools (Soulis et al., 2017),
since they require accurate physical parameters and specific substrate
information that can be difficult to obtain or measure (Hakimdavar
et al.,, 2016) and that can highly affect results (Hernes et al., 2020).
Specific applications of such software for MGRs are almost completely
absent. The inclusion of a high-capacity water storage layer, hydrauli-
cally connected to the vegetated layer and equipped with an outflow
control valve, makes hydrological modelling for MGR more complex
than for conventional GRs, necessitating dedicated models to accurately
simulate stormwater attenuation, rainwater storage, and reuse capac-
ities under variable conditions (Yan et al., 2024).

This study presents a new ecohydrological model for MGRs, named
ECO-PRO (ECO-hydrological Polder Roof mOdel). The model is lumped
and based on the numerical resolution of two coupled water balance
equations: one for the vegetation-soil layer (Green Layer, GL) and
another for the buffer layer (BL). The model is forced by hourly rainfall
and reference evapotranspiration and can incorporate dynamic man-
agement rules by inputting time series of irrigation and closure degrees
of the outflow control valve. As outputs, the model provides hourly time
series of canopy interception, evapotranspiration, leakage and capillary
rise water fluxes, soil moisture, water levels within the BL and outflow
generated by the system.

ECO-PRO is designed to be parsimonious, with only 12 parameters. It
was developed based on a technologically advanced experimental site in
Palermo (Italy), highly monitored since 2020 by a complex network of
sensors (Pumo et al., 2023a,b). Measured rainfall, irrigation water vol-
umes, soil moisture and outflow were used for model calibration and
validation alongside reference evapotranspiration derived using rean-
alysis data. Calibration spanned over two years, with a third year used
exclusively for validation. Parameters optimization around knowledge-
based values was performed using genetic algorithms. Model perfor-
mances, evaluated through various metrics, showed a high matching
degree between observed and simulated traces of soil moisture and
outflow. A further application has demonstrated ECO-PRO’s suitability
and versatility for different practical purposes. ECO-PRO, with oppor-
tune adaptations, could be used across different settings and climate
scenarios, and offers a valuable decision-support tool for green infra-
structure investments and implementations in urban areas.

The paper is structured as follows. Section 2 introduces case study
and model, detailing procedures used for calibration, sensitivity, and
uncertainty analyses. Model performances and the results of sensitivity
and uncertainty analyses are described in Section 3, along with the
demonstrative application. This last was specifically designed to assess
the potential contribution of the MGR in terms of stormwater retention
after significantly wet periods and evaluate the role of the different
layers in the retention function of the system. Section 4 discusses results,
followed by concluding remarks.

2. Materials and methods
2.1. The Polder Roof of Palermo and its monitoring system

The experimental site (Fig. 1) is an advanced prototype, named
Polder Roof, developed by the Metro-Polder company and installed on a
rooftop at the University of Palermo (Italy) in 2019 as part of the project
Polder Roof Field Lab, supported by the EIT Climate-KIC program
(Cristiano et al., 2022).

Palermo’s climate, classified as Csa (Hot-summer subtropical Medi-
terranean climate), under the Koppen-Geiger system, is marked by hot
and dry summers and rainy winters. Data from 2002 to 2022, recorded
at gauge station Uditore of the SIAS (Servizio Informativo Agro-
meteorologico Siciliano) regional agency, located approximately 3 km
from the site, show mean annual air temperature of 18.9 °C, and mean
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annual precipitation of 740 mm, with approximately 75 % occurring in
autumn and winter.

The Polder Roof follows the concept of Multilayer-Green Roofs
(MGRs), comprising a high-capacity blue layer (BL) beneath a green
layer (GL). Rainfall not intercepted by the vegetation infiltrates through
the GL, increasing soil moisture. Once soil’s field capacity is exceeded,
excess water percolates into the BL where it is retained until the storage
retention capacity, regulated dynamically by the outflow weir, is
reached. The BL, thus, provides storage for reuse in non-potable appli-
cations, such as greywater supply and passive irrigation through capil-
lary cones, connecting the BL with the GL. When the percolation exceeds
the BL retention capacity, surplus water is discharged from the system as
outflow. The general functioning of the MGR and its enhanced effect of
lamination are explained in detail in Pumo et al. (2023a).

The MGR covers 32.1 m? divided into two zones with different soil
depths: a central 18.0 m? area with 20 cm depth, and a 14.1 m? border
region with 10 cm depth. The substrate consists of a mixture of volcanic
lapillus (90 %) and pumice (10 %), conforming to the Italian standard
UNI 11235 (2015). This fertile soil provides high drainage, hydraulic
conductivity and water retention, which, along with lateral aluminium
barriers surrounding the GL, prevent from the generation of surface
runoff for saturation excess even during intense storms. Vegetation in-
cludes a selection of Mediterranean vegetation and crassulaceae plants,
with a prevalence of typical autochthonous species for Sicily, rather
drought-tolerant once established. Various sedum and typical meadow
species (e.g., sedum album, sedum sediforme, stipa capensis, trifolium
angustifolium, aegylops geniculata and silene coeli-rosa) cover the shal-
lower sub-region, while the deeper area is prevalently covered by aro-
matic species (e.g., rosmarinus officinalis, teucrium fruticans, lavandula
spica, coridothymus capitatus, origanum heracleoticum). Some seasonal
spontaneous species (e.g., oxalis pes-caprae) are periodically removed
after their life cycle to maintain a balanced ecosystem. Therefore, the
overall vegetation system can be seen as a complex dynamic green
system evolving in time in response to seasonal and climatic changes and
the maintenance practices applied (Schrieke et al., 2023).

The BL, separated from the GL by a capillary geotextile drainage
membrane, is 10 cm deep and can store nearly 2500 1 of water. It in-
cludes a modular system with plastic support units and capillary cones
(Permavoid system), a protective geotextile filter fabric, and a waterproof
membrane. The BL is equipped with a remote-controlled semi-automatic
outflow control weir, clearly visible in the left picture of Fig. 1, which
was however constantly set at its maximum closure degree (cg; = 1),
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corresponding to a weir height of 8 cm.

Manual irrigation, measured by a flowmeter, was supplied during
dry periods until July 2023, when an automatic irrigation system, with
120 drippers and an automatic controller (Gardena Water Control Flex),
was installed to improve water distribution and control. The site has
been monitored since Dec. 2020 by a Polder Roof integrated monitoring
system, Sm'rtMILL, which tracks variables like precipitation, air tem-
perature, and wind speed in real-time. Data, acquired with frequency of
10 min, are transmitted to an online dashboard, AQORA, by which it is
also possible to regulate the control weir. The integrated equipment also
included a sensor of BL water levels neglected in this study; this sensor
was, in fact, working only for a limited period (from Jan. 13rd to Jun.
29th, 2021), and numerous anomalies and data inconsistencies rendered
the readings unsuitable for analysis.

An adjacent weather monitoring station 65 m far from the site,
described in detail in Lo Conti et al. (2015), provides high resolution
meteorological data, which are freely accessible at the HYCLIC (HY-
drology & Climate change ImpaCts Lab) website (http://idrologia.unipa.
it/). This station is equipped with three different sensors of rainfall
with 1-min acquisition frequency: a weighing rain gauge (OTT Pluvio2-
400), a laser-optic disdrometer (OTT- Parsivel2) and a tipping bucket
rain gauge (LSI LASTEM - DQA130.1). It also includes a thermo-
hygrometer, and an air pressure sensor not considered in this study.
Outflow from the BL is directed to a 1000 1 external rain barrel and
continuously measured (acquisition frequency of 5 min) using a couple
of pressure sensors (i.e., vanEssen micro-diver and baro-diver baro-
metric pressure loggers).

A set of thermometers also track indoor and outdoor roof tempera-
tures every 30 min. Recent enhancements to the monitoring system
include the following additional sensors operative from Feb, 2024: a 3D
sonic anemometer, a net radiometer, a thermos-hygrometer probe, a
self-calibrating heat flux plate, six averaging soil thermocouple probes,
and five water content reflectometers, WCR (CS616 by Campbell Sci-
entific), buried at different positions across the GL and gathering data at
15-min intervals. Additionally, since Dec. 2023, periodic field cam-
paigns have also been conducted to sample spot soil water content at 14
fixed points, homogeneously distributed across the GL, using a portable
soil moisture meter (TDR 6440FS, Spectrum Technologies Inc.) with
probes of 3.8 cm for the shallower area (8 points) and 12 c¢m for the
deeper region (6 points).

Fig. 1. Pictures of the experimental site taken on different days in 2023. The left picture highlights the Sm"rtMILL system and the outflow control weir.
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2.2. Description of the model

The ECO-hydrological Polder Roof mOdel (ECO-PRO) is a lumped

@i Xi
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n-zZ n-Z,)

Ah =hiy —h =Li(s)) + R (siaIﬂ,iaPhIi) — Us(si, PET;, h;) — Ep ;(PET;h;)

AS:SHl*Si:(

model for MGRs which simulates the temporal dynamics of soil moisture
(s), and BL water levels (h), and outflow (OUT) by integrating climatic,
pedological, and vegetational attributes. Its hydrological conceptuali-
zation, depicted in Fig. 2, comprises a two-bucket element, associated
with the GL, and a reservoir with an outflow weir, associated to the BL.

The fundamental principle guiding the model’s development was
simplicity, wherein the reduction of parameters was prioritized in the
attempt to concentrate uncertainties arising from data and model
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structure. The model is based on the numerical solution, at the hourly
time-scale, of the following system of two water balance equations:

@

— OUT(k)

The former water balance equation pertains to the GL, while the
latter to the BL. The various terms of Eq. (1) are explained and discussed
individually in the following sections.

2.2.1. Water balance equation for the Green Layer

Adopting a classical ecohydrological approach (Rodriguez-Iturbe
and Porporato, 2004), the soil-vegetation system is assumed homoge-
neous in soil and plant properties, with depth equal to the average depth

)
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Fig. 2. Schematic conceptualization of the MGR (symbols are explained in Sections 2.2). a) Cross-sectional view of the system, including a detailed characterization
of its structure, and inset figures displaying photos highlighting specific components of the system. b) The vegetation canopy and the Green Layer (GL) are
conceptualized by bucket elements with capacity A and n-Z,, respectively; s;-n-Z, (mm) is the water storage into the GL at the generic time i, with relative soil moisture
s;. The Blue Layer (BL) is conceptualized as a reservoir with height BLH and an inclined rectangular weir with regulable opening degree (c4g). Capillary cones connect
the BL with the GL. The BL water level at the generic time i is denoted as h; (mm). The hydrological components of the water balance at each layer are also depicted
using different colors. ¢) Schematic representations of the outflow weir, in front (upper scheme) and side (bottom scheme) view. The weir has length W and variable
height p;, which determinates the maximum retention capacity of the BL, while H; is the head over the weir.
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of the GL, and root zone interesting the full GL thickness.

Both soil and vegetation characteristics are assumed time-invariant,
disregarding surface effects induced by raindrop impact (e.g., soil
crusting, sealing, etc.), as well as potential long-term changes, such as
the increase in soil organic matter content over time (Getter et al., 2007;
Spolek, 2008). Additionally, seasonal variations in vegetation coverage
are not considered (i.e. assuming a stationary “mean” vegetation, with
an “average behaviour™). A horizontally and vertically averaged relative
soil water content, s, is used in Eq. (1) to represent water within the GL.
This assumption is based on the negligible lateral water movement on
flat roofs and rapid redistribution of moisture within the root zone due
to the plants capacity to compensate for spatial variations in saturation
(Guswa et al., 2002).

The GL water balance equation, reported in the first relationship of
Eq. (1) and solved through a finite difference method (Pumo et al., 2008;
Viola et al., 2014), calculates soil moisture variation (As) in the GL on an
hourly time-step (At = 1 h). The subscriptsiand i + I in Eq. (1) refer to
the beginning and the ending of the time-step. The terms n and Z, are the
soil porosity and the root depth (equal to the mean depth of the GL),
respectively.

The term ¢; denotes the water flux incoming into the GL at time ¢; and
it is given by:

@i =ILri+Pi—1; (In,i7pi7Ew,i) -k (Si,In,i,PuIi) + Us.(si, PET;, hy) 2

where I;; is the irrigation water depth, P; is the rainfall, Us; is the
capillary rise flux from the BL, while I; and R; are the aliquots of
incoming water not infiltrating and lost via canopy interception and
surface runoff, respectively.

Interception (I3, is modelled with a bucket approach, where a fixed
threshold (A) represents the maximum canopy water storage. This, ac-
cording to Rodriguez-Iturbe and Porporato (2004), can vary from few
millimetres for grass to few centimetres for trees. The interception
module in ECO-PRO computes dynamically an interception storage ca-
pacity (c;) at given time ¢;, ranging from zero, when canopy is no longer
able to intercept water due to previously intercepted rainfall, to A,
reached after long dry periods. When incoming water (Ir,; + P;) does not
exceed c;, it is entirely retained by the plants (I; = I; + P;), no water
reaches the ground and c; reduces consequentially (i.e., ¢;1; = ¢; — I}). On
the contrary, when incoming water exceeds c;, the surplus (i.e., I,; + P;
— ¢;) infiltrates into the soil, the interception terms I; is equal to c; and
the interception capacity at the following step become null (c;; = 0).
During dry steps (I,.; + P; = 0), I; is null and the interception capacity
replenishes via direct evaporation (E,,;), increasing (i.e., ¢i11 = ¢; + Ey,1)
up to the threshold A.

Surface runoff (R;) follows a Dunnian saturation mechanism and
occurs only when water arriving at the soil surface (AW; = P; + Lj — L))
exceeds its instantaneous storage capacity, SSC;, given by (1-s;)-n-Z,. The
term R; is given by the surplus (AW; - SSC)) and is instantaneously routed
to the BL. However, given the GL high hydraulic conductivity, runoff is
rare and was not observed during the study period.

The capillary rise flux, Us;, simulates the processes of exfiltration,
which allows water from the BL to reach the GL through capillary cones.
It can occur only when leakage is absent and it is simulated by a specific
module of the wflow sbv model (Seizarwati and Syahidah, 2021),
included in the open source wflow platform (Deltares, 2016). This model,
derived from the topog sbm model (Vertessy and Elsenbeer, 1999), cal-
culates capillary rise as the product of a potential capillary rise term
(PCR;) and a scaling factor CSF;, as:

Us.i = PCRlCSFl
PCRI = min[(ksa[-At):, (ETi'At); (1 — si)~n~Z, ; hl] (3)
CS
=
CSF, CS + BLH — b

PCR; is the maximum possible capillary rise in a time step At,
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constrained by the saturated soil conductivity (ks), the actual evapo-
transpiration (ET;), the soil moisture deficit with respect to saturation,
(1-s)n-Z;, and the water level in the BL (h;). The scaling factor CSF;
reduces PCS; in proportion to the distance between the root depth and
water surface in the BL (BLH-h;). BLH is the thickness of the BL, which,
under the assumptions made for ECO-PRO, is also corresponding to the
distance of the root zone from the BL bottom surface, while CS is a
parameter.

The term y; in Eq. (1) denotes water losses from the GL at the generic
time ¢; due to the evapotranspiration (ET;) and the leakage (L;), and it is
computed as:

Zi = ETi(si, PET;) + Li(si) @

with the evapotranspiration and leakage terms respectively given by:

EWISS‘:,:SS’; forsp < s < sy
ETi=1E,, + (PET; — E,;) SSz:st fors, <s; <s* ®)
w
PET; fors® <s <1
0 fors; < s
L={ &b 1] ©)

Ksar- for Spe <5 < 1

P

Water loss through actual evapotranspiration (ET) and leakage (L)),
depends on relative soil moisture (s), calculated with a stepwise func-
tion. When s is below the wilting point, s, plants cannot uptake water,
so only direct evaporation occurs; this is conceptualized considering a
linear function ranging from zero, at the hygroscopic point (sp), to a
maximum evaporation rate, E,, at s,. ET reaches the potential evapo-
transpiration value (PET) when soil moisture is above a critical value, s*,
comprised between s,, and the field capacity (sg), which represents
incipient stomatal closure based on plant and soil types. For s below s*,
plants enter a water-stressed state, reducing their water use. This is
modelled, considering ET constant and equal to PET, when s is higher
than s*, while for s lower than s*, a linear variation from E,, at s, to PET
at s* is assumed.

When s exceeds s, soil water loss by gravity is triggered. This
leakage process is simulated in ECO-PRO by Eq. (6). More specifically,
the leakage rate is modelled exponentially (Clapp and Hornberger,
1978), reaching a maximum value, equal to the saturated hydraulic
conductivity (kg), at saturation (s = 1), and decreasing as soil dries,
following the decay of hydraulic conductivity. An exponent = 2b + 4 is
considered, where b is the soil pore size and distribution index. Gener-
ated leakage is assumed instantaneously transferred to the BL. To avoid
leakage overestimation from non-linear effects (Manfreda et al., 2005),
ECO-PRO calculates leakage every 10 min and averages it hourly.

2.2.2. Water balance equation for the Blue Layer

The leakage (L) and surface runoff (R) contributions from the GL are
diverted into the BL, increasing its water level (h), whose dynamics are
modelled by the second relationship in Eq. (1). Water stored in the BL
may be lost through direct evaporation (Ep), capillary rise (Us) or
outflow (OUT). Direct evaporation (Ep;) occurs only when rainfall is
absent, and is calculated by scaling E,, ; by a factor a,, which is a model
parameter, ensuring it does not exceed h;. Considering the Polder Roof’s
control weir geometry, the outflow term is computed through the
equation for a contracted rectangular pivot weir (Aydin et al., 2011),
implemented in the Innovyze H20Calc of the US EPA SWMMS5 (available
from the EPA’s website: http://www.epa.gov/ednnrmrl/models/sw
mm/index.htm):


http://www.epa.gov/ednnrmrl/models/swmm/index.htm
http://www.epa.gov/ednnrmrl/models/swmm/index.htm

D. Pumo et al.

0 for H; < p;

Q= H;
Qi (0.4 + 0.05p—‘> -\/2g-(W — 0.2 H,)-H;*? for H; > p;
i

)

where: Q; (m3/s) is the discharge; p; (m) is the height of the weir crest,
which could vary with the weir regulation as a function of the weir
closure degree, cq; H; (m) is the head over the weir crest, given by the
difference between the water level h; and p; (Fig. 2b); g is gravitational
acceleration; W (m) is the weir width, with the term (W — 0.2 H;) that
represents the effective width considering lateral contractions; and,
finally, ay,; is a correction factor accounting for the weir inclination,
which varies with cq;. Specifically, this last is obtained considering a
linear variation of a,,; from 1, when the weir is fully open (i.e., c4.; = 0)
to a maximum value, a;, which is a model parameter, when the weir is
fully closed (i.e., c4r,; = 1). It is worth emphasizing that during the entire
monitoring period the weir was not subject to regulations and, thus, a,.;
was constant and equal to a;. Analogously to what assumed for the
leakage computation, to prevent overestimations, hourly outflow values
were calculated by finite differences at a 10-min resolution, capturing
the progressive water level changes within each hour; hourly outflow
OUT; (expressed in terms of runoff in mm) is derived from the cumula-
tive water level reduction in an hour with respect to the initial value h;,
assuming it results solely from discharge through the weir during
outflow occurrences.

2.3. Dataset of analysis

The reference period considered in this study spans a total of 1287
days (from 12/22/2020 to 06/30/2024). Rainfall data was primarily
sourced from the weighing pluviometer, using disdrometer and tipping-
bucket gauges data to replace occasional gaps, prioritizing the former,
when present, in order to consider data at the maximum possible reso-
lution. Hourly irrigation volumes, available for the entire period, were
converted into depth (mm) to obtain the I, time series. The hourly series
of PET was derived through the FAO59-PM equation (Allen et al., 1998),
leveraging local atmospheric variables at 0.1° x 0.1° spatial resolution
from the ERA5-Land reanalysis, according to the methodology adopted
and validated in Sicily by Ippolito et al. (2024).

A total of 185,328 continuous hourly outflow measurements (OUT-
obs) are also available for the entire period and used to assess model
performances and drive model parameter calibration, alongside soil
moisture observations, available from the end of 2023. The soil moisture
dataset, depicted in Fig. 3, includes 3411 measurements of mean areal
absolute soil moisture data (6.ps) from two sources: 3382 continuous
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data (black line in Fig. 3) from WCR sensors (i.e., from 02/05/2024 to
06/30/2024, with a 5-days gap in March due to sensors maintenance
operations), and 29 sporadic measurements (black circles in Fig. 3) from
the TDR device (i.e., periods after Dec. 2023 without WCR data avail-
ability). In Fig. 3, values derived from TDR and not used (red circles) are
also reported to highlight how discrepancies between WCR and TDR
data were minimal, confirming consistency in soil moisture
measurements.

The Full dataset was split into two subsets: approximately 70 % of
data, covering a period from 01,/09/2022 to 06/30/2024 including the
full series of soil moisture observations, was used for Calibration, while
the remaining data, corresponding approximately to the first year, were
exclusively used for Validation.

2.4. Model parameterization

Model requires to preliminarily set some contour and initial condi-
tions, listed in Table la. Contour conditions describe the system’s
configuration, and include drainage area (A), mean soil depth of the GL
(Z,), BL height (BLH), and weir length (W). Initial conditions for nu-
merical simulations include initial interception storage capacity (co),
relative soil moisture (sg) and BL water level (hp). Model, for both cali-
bration and validation, was initialized on winter days, shortly after
outflow events, reasonably assuming a null ¢y, soil moisture at field
capacity (i.e., sp = sf), and initial water level equal to the weir height (i.
e., hp = 80 mm), indicating a full BL. A one-week warm-up period was
also neglected from performance evaluations to mitigate the impact of
initial condition inaccuracies on calibration and validation.

The model involves 12 parameters, listed in Table 1b. Soil properties
are characterized through porosity (n), saturated hydraulic conductivity
(ksq), coefficient j for the hydraulic conductivity law, field capacity (6z.)
and plant available water content (p.a.w.), which enables to estimate soil
moisture at the wilting point, 6,, from field capacity (i.e., 6, = 0y — p.a.
w.). The relative soil moisture points characterizing the water retention
curve (sp, Sy, $*, and s5) are calculated based on parameters 6y, p.a.w, n
and two scaling parameters: scs; and scg«. The former allows to estimate
sp and is given by the ratio (sp-Spmin)/(Sw-Sh,min), Where sy min is a lower
constrain for the hydroscopic point, assumed equal to that associated
with the minimum hydroscopic soil moisture retrievable from literature,
On,min, fixed as contour condition (Table 1a). A null value for scs, implies
Sh = Spmin, While scg, = 1 sets s = s,,. The parameter scg+ is given by the
ratio (s*-sf)/(sfc-sw), and allows for estimating the incipient stomatal
closure point, s*, once determined s,, and sg.. A null value for sc, sets s*
= sy, while scs+ = 1 implies s* = sg.. This approach to soil parametriza-
tion was selected to fit information typically available during the pre-
liminary soil selection for GR installations, and it always ensures the
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Fig. 3. Hourly time series of mean areal absolute soil moisture (0,5). Solid black line refers to data derived from WCRs, fully considered in this study. Black circles
refer to further spot data derived using a portable TDR and considered in periods without WCR data. Red circles refer to TDR data not considered since acquired in

periods already covered by WCR data.
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Table 1

Contour and initial conditions (a). Calibration parameters, with indication of the
Literature Parameter Set (LPS), the range of variation for each parameter
explored in calibration (LRs), and the Optimized Parameters Set (OPS) values
(b).

a) Contour and initial conditions

Description Symbol Value Unit

Drainage area A 32.1 m?

Mean soil depth (GL) Z, 156.1 mm

Height of the BL BLH 100 mm

Length of the weir w 500 mm

Max inclination of the weir 174 45 °

Max heigh of the weir Prmax 80 mm

Initial interception storage capacity co 0 mm

Initial relative soil moisture in the GL So Sfe -

Initial water level into the BL ho 80 mm

Min soil moisture at the hygroscopic point Ohmin 0.005 -

b) Model calibration parameters

Description Symbol  Unit LPS LRs OPS

min max

Veg. threshold for canopy A mm 1.00 0.30 1.70 0.70
interception

Max. correction factor for as - 1.20 1.00 1.40 1.37
the weir slope

Mean daily evaporation Ey,day mm/ 0.10 0.03 0.17 0.10

d

Parameter for the CcS - 100.0 30.0 170.0 147.3
capillary rise model

Soil porosity n - 0.55 0.35 0.70 0.61

Scaling coef. for the SCsh - 0.50 0.00 1.00 0.37
hygroscopic point

Plant available water p-a.w. - 0.12 0.05 0.20 0.18
content

Scaling coef. for the incip. SCy - 0.75 0.00 1.00 0.78
stom. closure point

Soil moisture at field Or - 0.18 0.15 0.25 0.20
capacity

Coef. for water retention p - 3.40 0.18 11.00 4.91

curve

Saturated hydraulic Ksar mm/ 6000 3800 8000 6099
conductivity h

Scaling coef. for the Qe - 0.25 0.01 0.50 0.26
evaporation from the
BL

hyperspace of possible solutions for parameters calibration.

Other model parameters are: the vegetation threshold A for inter-
ception; the parameter CS of the capillary rise module (Eq. (3)); the
maximum value of the weir slope correction factor, a; (Eq. (7)); the
mean daily evaporation E,, 4qy; and, the scaling factor a, for calculating
direct evaporation from the BL (Ep ;). In particular, it is assumed that the
hourly variability of the evaporation E,, follows that of PET, with the
parameter E,, 44, equal to the long-term mean daily evaporation. Thus,
staring from the hourly PET series, the model derives hourly E, ; at the
generic time i as Ey,; = (Ey,dqy/24)-PET;/(PET), where (PET) is the
average hourly PET over the reference period.

An initial parameter set (referred to as LPS, “literature parameters set”)
and the variability ranges for each parameter (LRs, “literature ranges’)
were first defined based on available information on the experimental
site and relevant literature (Table 1b). During the MGR installation, soil
data indicated porosity, n, between 0.40 and 0.68, and p.a.w. between
0.06 and 0.18. Such ranges, slightly enlarged (Table 1b), were consid-
ered for the LRs. They are consistent with other studies (Chow, 1964; de
Munck et al., 2013; Li and Babcock Jr., 2016), some of which specific for
GRs volcanic substrates (Stanic et al., 2019, 2020), which also provided
useful information for the preliminary setting of other soil parameters
and their LRs, such as ks, f, 6f, Scsh and scg«. The soil moisture

condition of spmin < sp < sy < s* < sg < 1, reducing consistently the
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characteristic points of the water retention curve for the LPS, especially
with regards to 6y, were also verified through the combined analysis of
soil moisture and outflow records, considering that outflow is triggered
by an increase in the BL water level over the weir height, indicative in
turn of leakage occurrences, generated when soil moisture exceeds the
field capacity.

The LPS values for the parameters A and E,, 44, Were estimated based
on values typically adopted in ecohydrological models for grass vege-
tation (Rodriguez-Iturbe and Porporato, 2004), while the parameter CS
was fixed equal to default value used in the wflow_sbm model. For these
three parameters (A, Ey, dqy, and CS) a wide variation range (£70 %) was
considered for LRs (Table 1b). The scaling factor a, was initially set to
0.25 for the LPS, that is the midpoint of its expected range variation,
assumed from 0.01 to 0.50. This assumption arises from the consider-
ation that the BL is permanently in shaded conditions, thermally insu-
lated by the upper GL, and with reduced wind effects and air
movements; all this likely implies a significantly reduced BL evaporation
rate compared to the GL direct evaporation. Considering that for the
experimental site the weir slope at the maximum closure is 45°, the weir
inclination correction factor, a,,, was set to 1.2 for the LPS, based on
studies (Bijankhan and Ferro, 2018; Di Stefano et al., 2018) indicating
values from 1 to 1.4 (range used for defining the LR for a;), with the
highest values corresponding to weir inclinations between 30°-50°.

2.5. Calibration procedure and performance indicators

The optimization of the LPS within the LRs defined in Table 1b was
conducted using a genetic algorithm, resulting in the Optimal Parameter
Set (OPS) reported in the same table. Notably, most OPS values were
close to those in the LPS, supporting the accuracy of initial parameter
estimates.

The genetic algorithm was implemented using the Global Optimi-
zation Toolbox of MATLAB, with default settings. A performance Global
Index (GI) was defined ad-hoc and used as objective function: it is a
weighted average of four dimensionless error indices, each ranging from
0 (perfect matching) to 1 (poorest matching), thus preserving the same
range and interpretability. Specifically, the GI is defined by the
following equation, whose constituent terms are explained in what fol-
lows:

Y Sout + YL-PAE,g1 + “1-PAE; + W5
wy +wy

Gl = (8)
Each index in Eq. (8) is derived by comparing simulated and

observed variables over a reference period (e.g., Calibration, Validation
or Full period). The indices §,, and §; refer to the one’s complement of
the Willmott’s index (Willmott et al., 2012), which measures alignment
between observed and simulated hourly series for outflow and relative
soil moisture, respectively. The index for each variable, 5,4, (With var =
OUT for outflow or s for relative soil moisture) is defined by:

Nyar

S (SIM; — OBS;)*
Svar = k=l ©)

n

> (|SIM; — OBS| + |OBS; — OBS| *
k=1

where n,q is the sample size, SIMy and OBS;, are simulated and observed
hourly value at the generic time step k, and OBS is the average observed
value over the reference period. This index was chosen due to its
reduced sensitivity to outlier driven errors.

The PAE,, indices (PAE,q and PAEp) represents the Percentage
Absolute Error in total outflow volume and frequency of not-null
outflow (i.e., OUT; > 0.1 mm), respectively. The general formula for
these indices is:

_ ‘SIMvar - OBSV(IY‘

PAE,; = —"———C 1
va 0BS... (10)
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where SIM,, and OBS,, are simulated and observed value for either
cumulative outflow volume (vol) or frequency of not-null outflow (fr),
respectively. An upper bound caps the PAE,,, indices at one, so that all
candidate solutions for calibration (i.e., parameters set) with errors
exceeding observed values are equally deemed ineffective (i.e., PAE, 4 =
1).

For evaluating model performance by the GI, outflow and soil
moisture reproduction are weighted differently based on observation
coverage. The weights, w;, in Eq. (8) reflect the proportion of the
reference period with available data for outflow (w;) and relative soil
moisture (wy). They can range from 0 (no data available) to 1 (full period
coverage). Moreover, outflow is represented in GI by three different
indices (8ous, PAE,, and PAEg), with 6, weighted at w;/2 and the other
two at w;/4 each.

This approach allows GI computation when at least partial data for
either variable (outflow or relative soil moisture) are available.
Although robustness of GI increases with data availability and improves
when measurements for both variables are available, the index does not
lose generality if observations for one variable are missing. Additionally,
other well-known indicators, including the Root Mean Squared Error
(RMSE) and coefficient of determination (Rz), are applied in this study
to further assess model accuracy.

2.6. Sensitivity and uncertainty analyses

A sensitivity analysis was performed to evaluate the influence of
input variations on output predictions and assess the relative importance
of each parameter. Specifically, a Perturbation-based Sensitivity Anal-
ysis (PSA) was applied to three outputs: absolute soil moisture 6, water
level h, and outflow OUT. The analysis involved repeating the following
steps for each output, parameter x;j of Table 1b (withj=1,2, ..., 12), and
across 100 perturbation ratios ¢; (where k =1, 2, ..., 100), from —25 %
to +25 % with increments of 0.5 %:

Table 2
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1- Calculation of the output Y; time series (with Y; representing 6;, h;, or
OUT;, and i referring to the generic hour of the Full period) using the
OPS values, and determination of the average value (Y).

2- Perturbation of each parameter, xj, by & to create a perturbated
input set, Xfe"‘k, where all parameters are at their optimal values
(OPS) except for the j-th parameter, which is modified as:

XK = OPS; + £-OPS; a1

3- Model simulation using Xfe"'k to compute the perturbated output
time series, Yj.’e"'k.

4- Calculation of the mean sensitivity, Sjx, for each parameter-
perturbation ratio pair, as:
Ttk
1 K| -1

Sik =
jik %

(12)

2|

i1 Ek*

where N is the total number of hours in the Full period.

Sensitivity results across all perturbation ratios and parameters were
aggregated and analyzed by output type.

Model uncertainty was evaluated using a Monte Carlo (MC) method
to estimate epistemic uncertainty (i.e., uncertainty in the estimate of
model parameters) at a 95 % confidence level. Uncertainty was assessed
by quantifying the variability in hourly time series of s, h and OUT, based
on multiple realizations of uncertain model parameters. This involved
generating 10,000 parameter sets by randomly sampling each parameter
from a uniform distribution within +5 % of its OPS value (Table 1b).

Comparison between the observed (Obs.) hydrological response and that simulated (Sim.) using the LPS and OPS (Table 1b). Comparison refers to the Calibration,
Validation and Full periods and reports the mean annual rates of input forcings (Rainfall, Irrigation and Reference Evapotranspiration) and computed water fluxes
(mm/y). Performance indices are reported in the bottom section. Some observed values are not available (n.a.), and Willmott’s Index (1-5;) for the Validation period is
not computable (n.c.) due to the lack of observed data. The values of the reconstructed observed actual evapotranspiration from the system (AET,,) are highlighted in

bold.

Reference period

Full period Calibration Validation
Obs. Sim. Obs. Sim. Obs. Sim.

LPS OPS LPS OPS LPS OPS
Model input
Mean Annual Rainfall P mm/y 582 470 845
Mean Annual Irrigation I, mm/y 160 153 176
Mean Annual Ref. Evapotranspiration PET mm/y 1170 1189 1125
Model output
Mean Annual Canopy Interception I mm/y n.a. 26 24 n.a. 25 22 n.a. 30 27
Mean Annual Act. Evapotransp. - GL ET mm/y n.a. 548 592 n.a. 519 569 n.a. 617 644
Mean Annual Evaporation - BL Ep mm/y n.a. 9 7 n.a. 9 7 n.a. 9 6
Mean Annual Evapotransp. - MGR AET mm/y 619 583 622 584 553 599 700 655 677
Mean Annual Leakage L mm/y n.a. 347 323 n.a. 253 225 n.a. 568 552
Mean Annual Capillary rise Us mm/y n.a. 174 188 n.a. 166 182 n.a. 193 202
Mean Annual Outflow our mm/y 123 169 140 38 85 53 321 366 344
Performances
% hours with outflow > 0.1 mm/h PRout,h % 1.8% 1.8% 1.4% 1.2% 1.1% 0.7 % 4.0 % 3.4 % 3.3%
% days with outflow > 2 mm/d PRout,d % 3.3% 4.5% 3.6 % 1.2% 2.8 % 1.7% 8.4 % 8.6 % 8.1%
Root Mean Square Error - Hourly OUT RMSEoyr mm/h - 0.19 0.18 - 0.12 0.09 - 0.30 0.30
Coefficient of determination, Daily OUT Rur [-] - 0.86 0.88 - 0.68 0.80 - 0.90 0.89
Willmott’s Index- hourly soil moisture 1-5 [-1] - 0.90 0.96 - 0.90 0.96 - n.c. n.c.
Global Index GI [-] - 0.49 0.42 - 0.65 0.45 - 0.46 0.46
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3. Results
3.1. Model performances

The model was applied to the case study, considering both LPS and
OPS parameter sets and comparing the simulated and observed hydro-
logical responses of the system over the Calibration, Validation and Full
periods.

Table 2 presents a comparison of mean annual rates of water fluxes
across these periods and the associated performance indicators,
including: the percentage of hours (PRoyr) and days (PRoyrn) with
significant outflow, assuming 0.1 mm/h and 2 mm/d as lower bounds
for defining significant hourly and daily outflow, respectively; the RMSE
for hourly outflow (RMSEpyr in mm/h); R for daily outflow (Ryp); the
Willmott’s index for hourly relative soil moisture (1-8;); the GI used for
model calibration.

Both LPS and OPS parameterizations produced similar water fluxes
across all periods, despite a marked climate variability (Table 2), indi-
cating a certain stability of model outputs with respect to variations in
climate forcings. Simulated hydrological responses also matched satis-
fyingly the observed behaviour in terms of frequency and magnitude of
generated outflow, soil moisture profiles (when available), and annual
actual evapotranspiration from the system (AET). Simulated AET was
computed as the sum of actual evapotranspiration from the GL, canopy
interception and evaporation from the BL (i.e., AETy, = ET + I + Ep),
while observed AET was estimated through long-term water balance (i.
e., AETops = P + I,-OUT,ps), reasonably assuming a negligible variation
of water storage into the GL and BL at the end of the reference period
with respect to other terms.

Compared to the LPS, the OPS achieved a more accurate reproduc-
tion of the mean annual outflow in all the examined periods, with
percent error of 14 % over the Full period (vs. 38 % using the LPS)
corresponding to an error of only 27 mm/y. All performance indicators
for daily outflow demonstrated for the OPS superior performance over
the Full and Calibration periods compared to LSP, and similar perfor-
mances over the Validation period. For instance, especially over the
Calibration period, the model with the OPS provided an accurate

Validation Period
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reproduction of the outflow frequency, resulting in lower errors in
PRoyr,q and a higher R%UT than the LPS. The PRoyr,, values denoted for
all periods a slightly higher capacity of the model in reproducing the
frequency of significant hourly outflow with the LPS rather than using
the OPS; however, the lower RMSE,,; values obtained with the OPS
confirms that this last outperforms the LPS also in terms of hourly
outflow reproduction.

In terms of AET, the OPS slightly outperformed LPS across all pe-
riods, with a negligible error (+0.5 %, corresponding to 3 mm/y) over
the Full period. The values of Willmott’s index were notably high with
both parameterizations (i.e., 0.90 with LPS and 0.96 with the OPS for
both periods with available soil moisture records), underscoring model’s
ability in capturing soil moisture dynamics during both Calibration and
Full periods.

A visual comparison over the Full period between model outputs
with the OPS and observed values is reported in Fig. 4, which shows
daily time profiles of water input (P + I,) in mm/d, absolute soil
moisture 6 (—), BL water level (mm), and outflow (mm/d). Simulated
soil moisture dynamics strongly reflect seasonal patterns driven by
water input, as it was expected given the relatively small thickness of the
GL and the strong climate seasonality. The comparison with observed
soil moisture (red markers in figure) during the last period confirm the
model’s effectiveness in capturing both rapid wetting and slower drying
phases and supports the results of the optimization of the soil parameters
characterizing the water retention curve.

The simulated time profiles of BL water level exhibited a seasonal
alternance in water storage, coherently with observed soil moisture
traces in the GL, as water enters the BL via leakage. The BL dryness rates
varied seasonally: during the wet-cold season, drying rates were low due
to reduced atmospheric and plant water demand, while during the
spring-summer period, which is also the growing season for vegetation,
drying processes were more rapid. Over the Full period, consistently
with evidence from periodic on-site visual inspections of the BL, ECO-
PRO predicted annually a period in the summer with BL completely
empty, lasting at least 30 consecutive days. The possibility of a dynamic
assessment of water storage into the BL is valuable for the MGR man-
agement, as it allows for evaluating at any time the available water

Calibration Period
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resources for reuse and the residual stormwater retention capacity of the
system, which is crucial for mitigating extreme rainfall.

Although BL water levels were not systematically monitored, the
model’s reliability in simulating them is supported by its demonstrated
accuracy in predicting outflows, which occur only when water levels
exceed the weir height. The bottom plot in Fig. 4 shows that the model
closely reproduced the timing of most significant outflow events, with
slight discrepancies, especially in some peaks reproduction, potentially
due to measurement inaccuracies. Some observed anomalies, such as
isolated small outflows during summer when the BL was empty, may
arise from sporadic and undesired rainfall infiltrations in the zone of
connection of the MGR with the draining system that convey outflow
toward the external rain barrel, where outflow is measured; this could
lead to possible overestimations of observed occurrences of small
outflow values and, to a lesser extent, of the observed outflow volumes.

3.2. Model’s sensitivity to parameters and epistemic uncertainty

The sensitivity analysis, following the procedure in Section 2.6,
assessed the model’s response to variations in input parameters for soil
moisture (Fig. 5a), water level (Fig. 5b) and outflow (Fig. 5¢). Mean
sensitivity values (S;jx) above one indicate high model sensitivity to the j-
th parameter, signifying that the mean percent variation in the output
exceeds the imposed perturbation rate (k). Parameters with higher S; x
are the most influential on the model’s output in relative terms.

Overall, the PSA revealed low sensitivity across all outputs, with
most parameters showing S, under 0.10 across the full perturbation
range. Among the outputs, soil moisture showed the highest sensitivity
to parameter changes (Fig. 5a), with Sj values exceeding one only for
field capacity (65) and porosity (n). Another influential parameter on
soil moisture is p.a.w., whose sensitivity was however in the order of 0.5.
Except for scs» and CS, having Sjx values in the order of 0.25, soil
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moisture is essentially not sensitive to all other parameters, with S
values generally below 0.03.

Water level, h, and outflow, OUT, displayed minimal sensitivity to
parameter variations. Specifically, the most influential parameters for h
(Fig. 5b), with S in between 0.25 and 0.5, are p.a.w., CS, and, to a lesser
extent, scg+ Sensitivity for h to other parameters never exceeded 0.05.
Outflow sensitivity (Fig. 5¢) was most strongly affected by a;, p.a.w. and,
in a lower measure, by sc;+ and CS, showing however S;x values
approximatively between 0.15 and 0.5. Except for E,, 44y, having sensi-
tivity of 0.05, outflow predictions resulted essentially not sensitive to
variations in the remaining parameters.

The PSA results show symmetric model response to positive and
negative perturbations, suggesting no directional bias. Slight descendent
trends in Sj x for increasing & (from —25 % to 25 %) can be noticed only
for the most influential parameters of each output, with the only ex-
ceptions for the sensitivity to 65 and scs+ that exhibit slight increasing
trends. However, sensitivity remained generally constant for small
perturbations (—5 % to +5 %) across different perturbation levels
(Fig. 5).

Fig. 6 summarizes the results of the uncertainty analysis conducted
according to the procedure in Section 2.6. Figure shows the variability in
each model output (i.e., relative soil moisture, water level and outflow)
within the fixed confidence interval, reporting the mean prediction and
the 95 % confidence band (i.e., delimited by the 2.5th and 97.5th
percentile) of all the realizations considered. In the bottom graph, inset
plots reporting a zoom for some outflow events are also depicted for
helping visualization. Results show limited impact of parameter uncer-
tainty on model reliability, with the greatest output variability appear-
ing during decay phases of soil moisture and water level, while recharge
phases displayed narrower uncertainty bands, indicating greater
robustness in the model’s predictions. Outflow was the least affected
output by parameter uncertainty, reflecting the process’s dependence on
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Inset plots in the bottom graph, report a zoom over periods of duration from 9 to 14 days for three outflow events.

high soil moisture in the GL and water levels in the BL exceeding the
weir height, typically following recharge phases. However, significant
changes in outflow traces can occur for low-magnitude outflow events,
while the model response appears much more stable for the most severe
events, as can be noticed from inset plots in Fig. 6. Overall, model’s

predictions for timing and duration of significant outflow events remain
stable under the explored parameter uncertainty range (+5 % around
the OPS values).

Table 3

Selected Prolonged Rainy Spells (PRSs) generating outflow according to the model. Assigned identification number (ID), start date, total cumulative rainfall (Py,,),
rainfall duration (dur) and mean intensity ({I,)) for each PRS. Outflow observed (OUT,) and simulated (OUTy;,) during each PRS and corresponding observed
(SRR,»s) and simulated (SRR;n) Stormwater Retention Rate (OUT,,s and SRR values are reported in italics). Relative percentage contribution to the SRR of the Green
Layer (GL) and Blue Layer (BL) for each PRS. Bottom row reports mean values across all PRSs (in bold italics).

Py dur (Int) OUTFLOW [mm] SRR [—] Contr. to SRR [%]
D Start date [mm] [d] [mm/d] OUT pps OUTgim SRR gps SRRim GL BL

1 December 27, 2020 14 2 6.9 6.5 7.4 0.53 0.46 31.5% 68.5 %
2 January 16, 2020 37 4 9.3 24.4 27.9 0.34 0.25 13.3% 86.7 %
3 February 01, 2021 16 3 5.4 5.5 6.3 0.66 0.61 30.2 % 69.8 %
4 February 08, 2021 29 5 5.9 9.0 10.3 0.69 0.65 27.0 % 73.0 %
5 March 19, 2021 91 6 15.1 31.4 58.2 0.65 0.36 10.5% 89.5 %
6 October 14, 2021 82 5 16.3 30.9 11.7 0.62 0.86 3.3% 96.7 %
7 November 01, 2021 12 2 6.0 7.7 8.6 0.36 0.29 21.6 % 78.4 %
8 November 07, 2021 57 6 9.4 37.1 42.1 0.35 0.26 16.3 % 83.7 %
9 November 17, 2021 26 2 13.1 16.2 17.8 0.38 0.32 36.9 % 63.1 %
10 November 26, 2021 52 6 8.6 38.7 41.4 0.25 0.20 11.6 % 88.4 %
11 December 06, 2021 43 3 145 32.5 37.9 0.25 0.13 141 % 85.9 %
12 December 10, 2021 87 5 17.4 76.0 80.5 0.13 0.07 10.6 % 89.4 %
13 January 08, 2022 71 7 10.1 38.2 39.9 0.46 0.44 39.6 % 60.4 %
14 February 09, 2023 42 3 13.9 15.6 24.4 0.62 0.41 35.8% 64.2 %
15 February 27, 2023 57 10 5.7 1.1 19.1 0.98 0.66 34.6 % 65.4 %
16 January 07, 2024 60 8 7.6 7.6 21.7 0.87 0.64 23.4% 76.6 %
17 February 29, 2024 48 7 6.8 0.4 19.1 0.99 0.60 7.7 % 92.3 %

MEAN 48 5 10.1 22.3 27.9 0.54 0.42 21.6 % 78.4%
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3.3. Model application: Stormwater Retention Rate assessment for
prolonged rainy spells

Assessing the hydrological performance of an existing MGR is
essential for evaluating its actual functionality, particularly in the
absence of an extensive sensor network. This section presents an appli-
cation of ECO-PRO with this purpose, which also represents a further
test on the model. In particular, the retention function of the experi-
mental site in response to various significantly wet sub-periods is
reconstructed, analyzing its performance in term of Stormwater Reten-
tion Rate, SRR (Carter and Jackson, 2007; Pumo et al., 2023a), which is
defined as the fraction of the total incoming water (rainfall plus irriga-
tion if present) retained by the system. By simulating soil moisture and
water level into the BL, the model also enables estimation of each layer’s
contribution to the total retention function of the system.

The analysis was conducted on aggregated daily time series, with a
focus on significant wet sub-periods, referred to as Prolonged Rainy
Spells (PRSs), which have the potential to generate outflow. Specifically,
PRSs were defined as periods with two or more consecutive rainy days,
preceded and followed by at least one dry day. The decision to analyze
only significantly long and wet sub-periods was primarily driven by the
aim of assessing the system’s capacity to reduce runoff volumes and
store rainwater for potential later reuse. By aggregating rainfall over
relatively long PRSs, this approach facilitates an effective evaluation of
the retention efficiency under varying initial conditions, which is
particularly valuable for optimizing management strategies for blue-
green systems. The adopted methodology identified a total of 55 PRSs
throughout the full monitoring period.

According to model simulations, only 17 PRSs (Table 3) generated
not-null outflow (>0.1 mm), all of which occurred in autumn and
winter. On average, these PRSs carried a total rainfall of 48 mm (range:
12 to 91 mm) over a duration of 5 days (range: 2 to 10 days). Simulated
outflow in response to these PRSs varied widely, from 6.3 to 80.5 mm
(with an average of 28 mm), and the average simulated SRR per PRS
(SRRgim) was 0.42.

Model predictions closely aligned with observed data. The 55
selected PRSs accounted for 93 % of the total observed outflow over the
Full period, with the 95 % occurring during the PRSs listed in Table 3.
Significant outflow was observed for all the 17 PRSs in Table 3; for these
PRSs the average observed outflow (22.3 mm) was rather close to that
simulated, with an average observed SRR (SRRqps) of 0.54. The model
errors across these PRSs were, on average, approximately 6 mm for total
outflow and 12 % for SRR.

Simulation results further indicated that retention during such PRSs
was largely driven by the BL rather than the GL, with average percent
contributions of 78 % from the BL and 22 % from the GL (Table 3). This
finding is consistent with the fact that the PRSs prevalently occurred
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between November and February, a period characterized by wet ante-
cedent conditions and elevated soil moisture levels, which reduced the
residual water storage capacity of the GL. The critical influence of storm
characteristics (e.g., rainfall depth, duration, and intensity) and ante-
cedent system conditions (i.e., initial soil moisture in the GL and initial
water levels in the BL) on the retention capacity of multilayer green
roofs was demonstrated in Pumo et al. (2023a), which used hourly
monitored data to investigate the system’s hydrological response to
various individual rainfall events, with an inter-event period of 6 h used
to distinguish separate events.

Fig. 7a presents a regression plot comparing SRRgjm to SRRops for the
PRSs listed in Table 3, showing satisfactory alignment along the 45°
perfect match line and an R? of 0.83. When including the remaining 38
PRSs for which model predicted no outflow, the matching degree further
improve and R? reaches 0.91. Fig. 7b provides a visual representation of
all 55 PRSs in terms of cumulative rainfall and duration.

The corresponding hydrological responses for the PRSs in Table 3
and the other PRSs, are presented in Fig. 8a and b, respectively.
Observed data confirmed that the 38 PRSs for which the model predicted
no outflow either produced no outflow (14 cases) or minimal outflow,
exceeding 1.2 mm in only two cases, where outflow reached around 6
mm. Five of these PRSs occurred in winter, six in spring, and the ma-
jority were distributed across summer (12 PRSs) and autumn (15 PRSs).
The average observed outflow and SRR values for these 38 PRSs were
0.6 mm and 0.98, respectively, remarking the strong retention capacity
of the system, which fully retained considerable rainfall (total depth up
to 78 mm and mean intensity up to 26 mm/d) over 2 to 10 consecutive
days.

Fig. 8b shows that for most PRSs with null or negligible observed
outflow (PRSs with ID from 18 to 55), the GL contributed more to the
retention function of the system than the BL. For these PRSs, the average
relative contributions to the SRR were 61 % from the GL and 39 % from
the BL. Notably, for eight PRSs prevalently occurring in summer or early
autumn (IDs: 21, 26, 29, 34, 35, 38, 45 and 48), the GL absorbed all
incoming rainfall, resulting in negligible changes in the BL water level.
This result further emphasizes the significant role of antecedent system
conditions and aligns with the findings of the observational study by
Pumo et al. (2023a).

This application highlights the potential of the model to dynamically
assess the water presence and, consequently, the residual retention ca-
pacity of both the GL and the BL at any time. When combined with
accurate rainfall forecasts, this information can provide a reliable esti-
mate of the expected total retention function of the system in response to
incoming rainfall.
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Fig. 7. Regression plot of observed (SRR,ps) vs. simulated (SRRg;,) Stormwater Retention Rates for the 17 PRSs listed in Table 3(a). Rainfall characteristics (Pyoy =
cumulative rainfall in mm; dur = duration in days) for all 55 PRSs selected, with ID reported in the x-axis (ID for the first 17 PRSs are the same as Table 3). Bars for

PRSs included and not included in Table 3 are represented with different color.
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Fig. 8. Relative percent contribution (right y axis) to the system retention function of the Green Layer (GL) and the Blue Layer (BL) for each PRS; red triangles and
circles refers to the observed and simulated SRR, respectively, whose values are visualized in the left y-axis. Panel (a) refers to the 17 PRSs listed in Table 3, while
other PRSs are visualized in panel (b), where SRR, are not reported since they are all equal to one.

4. Discussion

Modelling GRs requires simulating interconnected physical and
biological processes that drive their functions. Depending on data
availability and the specific modelling objectives, such as assessing
stormwater retention, energy savings, biodiversity support, or a com-
bination of these factors, different approaches may be appropriate.
Modelling MGRs is often focused on assessing hydrological behaviour.
This is more complex than for conventional GRs due to the dynamic
water exchanges between different layers. Although general-purpose
hydrological software (e.g. SWMM, MIKE, HYDRUS, etc.) offers flex-
ible options for simulating urban hydrology and NBSs, they require
careful adaptations and simplifications for MGRs (Li and Babcock Jr.,
2016). Additionally, these tools face limitations in modelling LID fea-
tures (Elliott and Trowsdale, 2007; Lee et al., 2012; Burszta-Adamiak
and Mrowiec, 2013; Jeffers et al., 2022). SWMM’s Low Impact Devel-
opment (LID) module, for example, provides an oversimplified repre-
sentation of soil water retention and flow processes, as noted in Baek
et al. (2020), whereas HYDRUS is primarily designed for unsaturated
soil flow modelling and does not inherently account for the integrated
storage and controlled release mechanisms characteristic of MGRs.

Conceptual models based on the water balance theory offer a viable
approach to MGR modelling. For instance, Yan et al. (2024) developed a
simplified daily model based on a pilot-scale MGR module (1 x 1 m)ina
temperate monsoon climate (Beijing, China), validated over a short
(around 4 months) period for simulating SRRs.

Expanding on this approach, the current study introduced the ECO-
PRO, a novel ecohydrological model for simulating MGRs hydrological
behaviour in response to climate conditions. Developed around an
advanced MGR under a typical semi-arid Mediterranean climate, ECO-
PRO numerically solves a combined GL and BL water balance at an
hourly timescale, modelling all water fluxes involved in the balance. The
model simulates comprehensively water exchanges between different
layers, also accounting for capillary rise and root uptake fluxes,
neglected for example in Yan et al. (2024). The proposed model, then, is
specifically designed for MGR applications, incorporating a detailed
representation of the dynamic water exchanges between the different
layers. Additionally, unlike SWMM and HYDRUS, which rely on exter-
nally defined boundary conditions for water storage management, our
model integrates dynamic storage regulation, enabling a more accurate
simulation of retention and controlled outflow processes under varying
environmental and operational conditions.

ECO-PRO requires hourly inputs for rainfall and reference evapo-
transpiration, and can incorporate management functions, such as GL
irrigation and weir regulation. While the first aspect was investigated,
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the second aspect was not tested as the weir remained fixed at maximum
closure. Thus, model performances in terms of outflow, and in particular
the variable correction factor (a,,;) in Eq. (7) associated with the weir
closure degree, should be further verified under dynamic weir regula-
tion. Leaving further evaluation of outflow regulation and its impact on
outflow hydrographs for future works, it is worth noticing that an
imprecise estimate of a,,; may impact hydrograph peaks and base times
but likely has minimal influence on hydrograph volume.

ECO-PRO demonstrated consistent accuracy across various time-
scales and periods (Table 2). Sensitivity analysis revealed that the model
is generally stable even when subjected to parameter estimation inac-
curacies. Specifically, small parameter perturbations had minimal
impact on soil moisture, water levels, and outflow time series. However,
soil parameters, such as field capacity and porosity, showed higher
sensitivity under larger perturbations, particularly for soil moisture,
consistently with what observed in Yan et al. (2024). This behaviour
arises because field capacity and porosity define critical thresholds for
water storage and drainage, regulating water availability in the GL and
its redistribution within the system. When these parameters undergo
significant alterations, the soil-water retention curve shifts nonlinearly,
amplifying their effects on soil moisture dynamics. This aspect is rather
common also using different approaches for modelling green roofs; for
instance, a sensitivity analyses conducted in Baek et al. (2020) demon-
strated that field capacity and porosity are also the most influential
parameters for SWMM Green Roof LID control. This underlines the
importance of precise assessment of these easily measurable parameters
for accurate soil moisture modelling. Other parameters proved less
critical, displaying minimal sensitivity across the various perturbation
rates, underscoring ECO-PRO’s robustness to parameter uncertainties.
This stability was evident when using two similar parameter sets (i.e.,
LPS and OPS, Table 2). Using the LPS, the model delivered acceptable
estimates for all water fluxes (Table 2), demonstrating its suitability also
without a complex parameter tuning, such as that considered here,
based on sensor-data (not always available) and genetic algorithms.

Further validation through uncertainty analysis (Section 3.2)
affirmed that the explored uncertainty level (i.e., parameter variations
of +5 %) is acceptable for the intended uses of the model. This analysis
focused on epistemic uncertainty, as ECO-PRO’s robust performance
across diverse climatic conditions during the Calibration and Validation
periods (Table 2) negated the need to address aleatoric uncertainty,
related to possible noise in the external forcings. Notably, the model
performed consistently over a three-year calibration period with rele-
vant climate variability (Fig. 3), indicating stability across different
climatic contexts.

This work showed only one possible “post-implementation”
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application of the model (Section 3.3), while ECO-PRO has versatile
applications, also concerning pre-implementation analyses for still not
realized MGRs. For example, the model can estimate expected hydro-
logical performance for feasibility studies and explore different design
configurations, such as drainage area size, layer thickness, and vegeta-
tion cover. These insights are crucial for evaluating the cost-
effectiveness of design choices. In post-implementation scenarios,
ECO-PRO can support dynamic MGR management for various objec-
tives, such as water reuse, rainfall impact mitigating, and climate
adaptation. For example, it could guide optimal control of the outflow
weir, adjusting it based on current water storage at the different layers
and weather forecasts.

ECO-PRO was here subjected to a site-specific calibration, but its
modular structure supports wider application. Built in MATLAB, the
model allows configuration of initial/boundary conditions and param-
eters, facilitating adaptation to varied MGR features and climates. Its
modular code also enables modification of individual functions (e.g.,
outflow generation, capillary rise) without altering core equations. For
instance, the outflow function should be modified if the control valve
differs from that of the experimental site here considered and it is no
longer conceptualizable with a contracted rectangular pivot weir.

5. Conclusion

Resilience, sustainability, hydraulic and hydrological invariance are
crucial in urban areas heavily impacted by climate change and urbani-
zation. In response, urban development policies are increasingly
adopting climate-adaptive design principles. While “green” solutions
offer multiple resilience benefits, quantifying these benefits remains
challenging, hindering their integration into urban planning through
cost-benefit analyses. In this context, modelling plays a crucial role in
designing, evaluating, and optimizing these solutions.

Multilayer Green Roofs (MGRs) extend the benefits of traditional
green roofs (e.g. UHI attenuation, enhanced thermal and acoustic
insulation, biodiversity preservation, etc.) while also buffering extreme
rainfall impacts and storing stormwater for reuse. ECO-PRO, a model
designed for MGRs, addresses a critical gap, as most existing models are
focused on traditional GRs and rely on overly simplified water balance
equations.

Despite the limitations highlighted in the previous section, ECO-PRO
is efficient, requiring few parameters and displaying minimal sensitivity
to inaccuracies in their estimation. It also exhibits low output uncer-
tainty, particularly for outflow predictions, which are critical in MGR
applications.

Tested over three years with high-resolution data, ECO-PRO accu-
rately replicated the experimental site’s hydrological responses, pre-
dicting timing and volume of outflows during significant rainfall events
and providing a reliable reproduction of the Stormwater Retention
Rates, SRRs, associated with prolonged rainy spells (R? = 0.91). The
model can provide critical insights into seasonal retention dynamics and
the contributions of GL and BL to stormwater management. For
example, ECO-PRO revealed (Fig. 7) which fractions of rainfall are
retained by the green layer (GL) and blue layer (BL) for potential reuse,
aiding the evaluation of MGR benefits. The analysis also confirmed that
the experimental site can effective manages frequent, small to moderate
rainfall events, with most spring-summer rainfall fully retained by the
system, mainly exploiting the storage capacity of the GL. In contrast,
winter rainfall retention relies more on the BL’s residual storage ca-
pacity, influenced by management rules. Although direct measurements
were unavailable to verify the estimated relative contributions of the GL
and BL to the system SRR, the close match between simulated soil
moisture profiles and observations (Willmott’s index equal to 0.96 over
six months with data availability) supports the reliability of such
model’s partitioning estimates.

The proposed model can facilitate efficient MGR management, even
when real-time sensor networks are unavailable. The potential of the
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model goes beyond the assessment of the hydrological function of a
MGR, which was the focus for the demonstrative application presented
in this study. ECO-PRO can simulate the full spectrum of water fluxes,
including evapotranspiration, whose quantification is essential for
assessing UHI mitigation and thermal performance of MGRs. The
model’s versatility suggests further applications, such as quantifying the
impacts of active outflow regulation on stormwater dynamics and
testing its adaptability across diverse climates and MGR configurations.
Future research could expand on these capabilities, enhancing ECO-
PRO’s contribution to resilient urban design and sustainable water
management.
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