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ABSTRACT

Physically-based urban wash-off models are a promising means of studying the
transport of finer suspended solids and their associated pollutants during rain events,
considering spatial and temporal heterogeneities. This study contributes to the
understanding of these models through an in-depth sensitivity analysis to provide the
necessary information to simplify the model and deal with parameter identifiability.
First, based on twelve tailored high-resolution experiments, the accurate measurement
of input variables was used to study the parameters of the Hairsine-Rose sediment
transport model through a global sensitivity analysis. Using Standardized Regression
Coefficients (SRC) and Extended Fourier Amplitude Sensitivity Test (EFAST) methods,
the analysis showed that both the total washed-off mass and the TSS peaks
concentration are highly sensitive to the critical mass, which considers the reduction in
the detachment of particles when the sediment available decreases and is scattered
over the surface. In addition, the rain- and flow-driven detachment parameters were
presented as key for smaller and larger sediment particles, respectively. Then, those

uncertainties that are associated in field studies with the determination of the model



input variables were also considered by conducting a local sensitivity analysis. The
initial load of sediment and the mean grain size were seen to be the most important
variables, thus underlining the need for very accurate measurements here. Moreover, a
precise definition of Harsine-Rose parameters is also necessary to achieve reliable
results in order to work on treatment and management techniques to minimize the

impact of urban surface contaminants on urban environments.
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1. INTRODUCTION

The trend towards rapid urbanization and population migration to towns and
cities has led to the development of more impervious surfaces, which themselves
become a major contributor of pollutants in urban areas (Butler and Davies 2010).
Urban runoff contains dissolved and suspended solids that have accumulated in
streets, roofs and other surfaces, and are washed-off during rain events (Zafra et al.
2008). Heavy metals and Polycyclic Aromatic Hydrocarbons (PAH) are traditionally
considered to be the major causes of contamination in urban stormwater and have
been found to be associated with fine particles (Herngren et al. 2005, Akan and
Houghtalen 2003, Sartor and Boyd 1972). In addition, recent studies (Dris et al. 2015,
Dehghani et al. 2017, Vogelsang et al. 2019) have highlighted the significant presence
of microplastics (sizes from 0.1 to 1000 um) in urban catchments. Thus, the transport
process of these fine particles can be used to study stormwater quality during rain
events, typically using the concentration of total suspended solids (TSS) as indicator
(Rossi et al. 2009, Sikorska et al. 2015).

A thorough understanding of the processes involved in the wash-off of
suspended solids, then, is essential in estimating runoff pollution loads and
concentrations, and in improving treatment and management techniques to minimize
their impact on the environment (Anta et al. 2006). To that end, empirical wash-off
equations (e.g. Sartor and Boyd 1972, Egodawatta et al. 2007, Leuthant et al. 2018,
Muthusamy et al. 2018) have been developed and implemented in urban drainage
models like SWMM (Rossman, 2015) over the last 40 years, but without significant
advances in prediction accuracy (Schellart et al. 2010, Gorgoglione et al. 2019)).
These lumped formulations take as the main variables the initially available sediment
load or the total runoff volume, and neglect spatial heterogeneities (Wang et al. 2011),
which has the effect of only roughly approximating the complexity of the physical
phenomena. Specifically, they do not take into account processes such as the

detachment of soil particles due to raindrop impacts or runoff shear, the transport of



these particles by the overland flow, or their deposition. Hence, the predictive results
obtained are rather uncertain, and they are not particularly useful for engineering risk
assessment or design.

Given these limitations of empirical lumped equations to adequately model a
complex process such as urban wash-off, several physically-based models have arisen
as alternatives. Deletic et al. (1997) considered the spatial distribution of solid particles
over the street surface and developed a new formulation, including the rainfall and the
shear stress of the overland flow as main variables, to model the entrainment of the
particles into suspension. In the wash-off model proposed in Shaw et al. (2006, 2009),
the particles are suspended due to raindrop impacts on the flow, in which they are
transported until their deposition. In the model introduced by Massoudieh et al. (2008),
this particle detachment was assumed to be a function of flow velocity. All these
studies showed the potential for modelling the wash-off processes in impervious
surfaces with physically-based formulations, but their 1D approximation limits their
performance in real urban catchments. More recently, Hong et al. (2016a, b, 2019)
evaluated and calibrated the urban wash-off process on a road catchment of 2661 m?
using the physically-based Hairsine-Rose (H-R) formulation (Hairsine and Rose,
1992a, b) coupled with a 2D shallow water model. Their results showed a promising
level of agreement with respect to the field-measured pollutographs, suggesting that
2D physically-based wash-off models could be a feasible alternative to empirical wash-
off equations for a better representation of the spatial and temporal heterogeneities in
urban water quality studies.

However, several difficulties remain in the use of physical-based models to
simulate urban wash-off: i) the high computational cost of these models currently limits
their application to small urban catchments; ii) the H-R model was originally developed
for, and is usually applied to, model erosion in rural catchments (Cea et al. 2016, Heng
et al. 2011), so the lack of experience in urban catchments and the large number of

variables needed to model the physical processes render the calibration of the model



difficult; iii) due to the randomness and variability in the build-up process (Wijesiri et al.
2015a, Sandoval et al. 2018), uncertainty measuring some input variables, such as the
initial load and the sediment distribution over the street surface and characteristics, can
lead to unreliable model results in real-world studies.

Therefore, the aim of the present study is to contribute to the understanding of
physically-based wash-off models in urban catchments by means of a rigorous
sensitivity analysis, this on the basis of a series of specifically designed full-scale
laboratory experiments. In these, the physical properties, initial mass and spatial
distribution of the deposited sediments in the surface were accurately measured under
controlled laboratory conditions. This has allowed the assessment of the model
sensitivity to the H-R model parameters through a global sensitivity analysis. Then, the
uncertainties associated to all model inputs were considered in a local analysis to
assess the relative importance in the water quality results of hydraulics, sediment
inputs, and H-R model parameters. Hence, this study is novel regarding three specific
aspects:

e The Hairsine-Rose wash-off model was applied coupled with a 2D shallow
water model that was previously calibrated with experimental surface velocity
and flow data to have the most realistic description of rainfall-runoff
transformation.

e A series of tailored wash-off experiments were performed, where the wash-off
process was accurately monitored under laboratory-controlled conditions. This
experimental data is unique because they were obtained on a 1:1 scale
including a realistic rainfall simulator of 36 m?, using three rainfall intensities and
four realistic sediment distributions with different uniform grain sizes. In
addition, the data is openly available, which makes our research reproducible
and enables others to test their own models and hypotheses.

e The results from our global and local sensitivity analyses provide the necessary

information to choose the most important parameters and simplify the model to



make it feasible to transfer the Hairsine-Rose erosion model to a broad field of

scientific studies and practical applications in urban catchments.

The remainder of the paper is structured as follows: the numerical model, the
laboratory experiments, and the global and local sensitivity analysis methodology are
described in Section 2; the results of the sensitivity analyses are set out in Section 3;
Section 4 offers a discussion of the results; and finally, general conclusions of the

study are presented in Section 5.

2. MATERIALS AND METHODS

The physically-based wash-off model and the different variables and
parameters involved are introduced first, in Section 2.1. Then, Section 2.2 includes a
description of the experimental facility and the methodology used in the laboratory
experiments, which are used as a basis for the sensitivity analysis (SA). Section 2.3
and 2.4 describe the procedure and methods used to perform the global and the local
SA. Finally, the ranges of the input factors considered, the implementation of the SA
methods, and a preliminary assessment of model predictions, are set out in Sections

2.5, 2.6 and 2.7, respectively.

2.1. Numerical model

The physically-based urban wash-off model used in this study consists of a
process-based H-R formulation coupled to a 2D shallow water model. The model was
previously applied to soil erosion modelling in Cea et al. (2016). The only modification
required for its application to urban environments was the definition of a non-erodible

layer corresponding to the impervious surface.

2.1.1. Hydrodynamics



The model Iber (Bladé et al. 2014; Garcia-Feal et al. 2018) was used as a basis
for the implementation of the Hairsine-Rose sediment transport equations. This
hydrodynamic model solves 2D unsteady depth-averaged shallow water equations
using an explicit unstructured finite volume solver, including rainfall and infiltration
terms in the mass conservation equation, and using the Manning formula to compute
bed friction. Previous studies have shown the capacity of the model to adequately
represent the spatial distributions of water depth and velocity under overland flow
conditions and including rainfall-runoff transformation (Cea et al., 2010, Cea and Bladé
2015). The runoff model has also been validated for urban areas in the same
laboratory facility described in this work (Fraga et al. 2015, Naves et al. 2019b) and
also in field applications (Fraga et al. 2016). The input factors in the hydrodynamic
equations are the rain intensity (R), the bed roughness Manning coefficient (n), and the

surface initial losses (IL).

2.1.2. Wash-off model

The original H-R model uses a vertical layer structure where the sediments can
be part of three different compartments. The first compartment is the original soil from
which sediments can be detached through the effect of raindrop impacts or through the
shear generated by overland flow. The eroded sediments become part of the flow's
suspended solid concentration, and can remain in the flow or be deposited over the
bed, forming a deposited layer from where they can become re-detached. In the
application of the formulation to urban drainage, the original soil corresponds with the
impervious surface, so the interactions with the flow are only made from the deposited

layer, which is where the urban surface sediments build up. In this way, the time (t)
and spatial (x, y) evolution of the suspended sediment concentration is computed by

partial derivates from the following depth-averaged equation:
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where C (kg/m°) represents the depth-averaged concentration of sediment in the water
column, h (m) is the water depth, g, and dy (m2/s) are the two components of the
specific discharge, e, (Kg/m?s) and 7, (Kg/im?/s) are, respectively, the rainfall-driven
and flow-driven detachment rates from the deposited layer, and d (Kg/m?/s) is the
deposition rate.

The rainfall-driven detachment rate e, is usually assumed to have a linear
relation with rain intensity (Sharma et al.,, 1993, 1995; Gao et al., 2003) and is
computed as:

e, = aRe

)
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where «a, (kg/m?m) is the rainfall detachability coefficient, h, (m) is a water depth
threshold from where the rainfall detachment rate begins to decrease due to the
damping of the rainfall energy on the water layer, b is a constant exponent, ¢ is a
correction coefficient to account for the availability of sediment over the impervious
non-erodable surface, Ms (Kg/m?) is the mass of deposited sediment per unit surface,
and Ms,, (Kg/m? is the mass of sediment over the non-erodable layer needed to
achieve the potential rain-driven detachment. Some authors do not implement the
correction coefficient € when modelling soil erosion in rural catchments because in

such applications the availability of deposited sediment is guaranteed. This is not the



case in urban environments, where the small amount of sediment available over the
impervious layer, as well as its heterogeneous distribution, makes it necessary to
include this parameter in the model. In this way, it is possible to consider the lower
detachment rates in areas where the mass of deposited sediments is low, as well as
the decrease in the detachment rate produced when the sediment is being washed-off.

The flow-driven term 7, models the transfer of solids due to the effect of bed

friction and is computed using the following equation:

(ps—pw)gh’
0, otherwise
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(5)

where p, and p,, (kg/m®) are the density of the solid particles and water, respectively, O
(W/m?) is the runoff stream power per unit surface, Q, (W/m?) is the critical stream
power threshold below which the entrainment rate is zero, F is the fraction of stream
power excess over (, that contributes to the entrainment of sediments, g (m/s?) is the
gravity acceleration, and ¢ is a correction coefficient to account for the availability of
deposited sediment, as explained above. This formulation assumes that only a fraction
of the total stream power dissipation, given by F(Q — Q,)e, contributes to sediment

detachment and the rest is spent in other head losses.
The deposition rate d of solids from the flow to the surface is modelled as:
d = pswiC
(6)
where wg is the settling velocity of sediment particles (m/s), which depends on the
density and the mean diameter (Dso) of the particles, and is computed using the
formulation of Van Rijn (1984).
Finally, the evolution of the sediment mass in the surface is computed by solving the

following mass balance equation:
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2.2. Laboratory experiments

A series of wash-off experiments performed in an urban drainage physical
model have been used as the basis for a SA of the wash-off model. The advantage of
using these experiments instead of field data is that the variables involved in the wash-
off process can be measured with a high degree of accuracy under controlled
laboratory conditions. In our case, the initial sediment conditions and the rest of
hydraulic input factors could be fixed to a constant value, and the global SA was
focused on the influence of the poorly-known H-R parameters. The experiments were
also used to determine the ranges of the local SA, where hydrodynamic variables and
parameters, and initial sediment conditions, are considered.

The experimental facility is located in the Hydraulic Laboratory of the CITEEC,
at the University of A Corufia, and consists of a 36 m? full-scale street section. A rainfall
simulator is located 2.6 m over a concrete street surface, which is divided into a
sidewalk and a roadway (Figure 1). The detailed surface elevation data of the facility
and the details of the rainfall simulator, which is able to generate rain intensities of 30
mm/h, 50 mm/h and 80 mm/h with high spatial uniformity, were described in Naves et
al. (2019b). The generated rainfall-runoff drains into two gully pots located along the
curb and into a lateral outflow channel. The surface has an approximate transversal
slope of 2% up to the sidewalk and a 0.5% longitudinal slope up to the outflow channel.

The experiments consist of measuring the hydraulics and the total suspended
solids (TSS) at the entrance of the gully pots, given a known initial load of sediment
over the roadway surface. The initial amount and spatial distribution of sediments over
the surface have been determined following previous wash-off studies by the authors

(Naves et al. 2017) and the references included therein. The initial load of sediment

10



was fixed to 20 g per meter of curb. It was distributed realistically over the street
section, following the results of Sartor and Boyd (1972), since it is known that roadway
sediments tend to accumulate close to curbs (Grottker 1987; Deletic and Orr 2005). As
shown in Figure 1, most of the sediment (78%) was placed homogeneously within the
first 0.15 m from the curb. 10% and 9% of the sediment was then placed over the next
0.15 and 0.70 m, and the remaining 3% over the rest of the surface up to the road
median, which in our case was fixed at 2 m from the sidewalk. The sediment deployed
was collected from a real road surface, which is described in Fraga et al. (2016), and
sieved to obtain four different uniform granulometries (sediment classes in Table 1)
with gradation coefficients (04 = /Dg4/Dy6) between 1.3 and 2.2 (Julien 2010). The
density of the material, measured by a pycnometer for all the granulometries, was
2557+16 kg/m?, this corresponding to a high value within the range obtained in Pitt et
al. (2004), where different urban build-up studies were reviewed.

Each laboratory experiment involves the combination of a sediment class (D1-
D4 in Table 1) with steady, homogeneous rainfall of 30, 50 or 80 mm/h intensity, with a
duration of 5 minutes. The water discharge through both gully pots was measured by
means of a triangular weir and an ultrasonic distance sensor (UB500-18GM75-1-V15,
Pepperl and Fuchs), while the TSS were obtained from 200 mL manual grab samples
taken at regular time intervals. At the end of the experiment, the solids that remained in
the physical model were collected to verify the correct operation of the experiments
through a sediment mass balance. The mass balance errors remained below roughly
the 5% of the total mass, which is very satisfactory considering the complexity of the
physical phenomena. The detailed methodology to perform the mass balance can be
found in Naves et al. (2017). The plots in Figure 2 show the flow and TSS results for
rain intensities of 80, 50 and 30 mm/h and for the different grain sizes. In addition, a
more detailed description of the physical model and those experimental results not
included here have been uploaded to the open-access repository Zenodo (Naves et al.

2019a). The hydraulics of the experiments has already been calibrated successfully,
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using the measured hydrographs with the 2D shallow water model in Naves et al.

(2019D).

2.3. Global sensitivity analysis

A global SA (Saltelli et al. 2008) was performed to investigate the variability of
the model output under changes in the H-R model parameters. The SA methods and
metrics were constrained by the high computational time of the model and the high
number of input factors. Thus, to make analysis feasible, the rest of the input factors
were not considered, their values being fixed according to the initial conditions of each
laboratory experiment. Global SA was evaluated using two techniques: the
Standardized Regression Coefficients (SRC), obtained from a multiple linear
regression; and the Extended Fourier Amplitude Sensitivity Test (EFAST), which is
able to consider the effect of the interactions of factors. These two methods have been
applied recently in the field of urban drainage in Gamerith et al (2013) and Donckels et
al. (2014), respectively. In addition, Vanrolleghem et al. (2015) and Mannina et al.
(2016) used both methods at the same time, showing that robustness of global SA is

substantially increased by using multiple methods and multiple objectives.

2.3.1. Standardized Regression Coefficients (SRC)

Standardized Regression Coefficients (Helton, 1993) were used as quantitative
measures of the sensitivity of the model outputs to the H-R parameters considered
(Saltelli et al. 2000, Saltelli et al. 2008). The multiple linear regression model takes the
following form:
yi = b+ Xi=1bijxij +§ (8)
where y; are the different outputs studied, x; (x;1, X;2, --.., Xin) are the n parameters

vectors, b; are the regression coefficients, and ¢ is the residual error due to the linear

12



approximation. The SRC (b_stand;;) measure the effect of the input factors (x;) in the

variance of the output (y;), and are obtained as:

Var(x;j)

b_standij = biJ' Var(y;)

)

The absolute value of the regression coefficients represents the influence of
each parameter to a certain model output, with negative SRCs indicating inverse
relationships. The coefficient of determination (R?) was used to check the assumption

of linearity, so low R? indicates unreliable SRCs.

2.3.2. Extended Fourier Amplitude Sensitivity Test (EFAST)

The Fourier Amplitude Sensitivity Test (FAST) is a variance-based method
developed by Cukier et al. (1973) for sensitivity and uncertainty analysis. The FAST
method does not require any assumption of linearity and is based on the exploration of
the entire parameter space by an efficient search curve; it is able to obtain the direct
influence of each parameter in the total variance (first-order indices, S;). The EFAST
(Saltelli et al. 1999), which is an improvement of the FAST method, is used in the
current global SA to estimate both the main effect (S;) as well as the total effect
sensitivity indices (Sr;), which include all its interactions with other factors at any

order. S; and S;; are obtained as:

_varg[Ex_;(Y|x)]

i var(Y)
(10)
vary_,[Ex;(Y|x_;)]
Sri=1- var(Y)
(11)

where var is the variance, E is the expected value, Y the model output, and x; and x_;

indicate, respectively, that the operator is either applied over the ith factor or over all of

13



them except the ith factor. The interaction between factors are therefore represented

by the difference between S;; and S;.

2.4. Local sensitivity analysis

In a regular field application, it is not possible to measure all the input variables
as accurately as in a laboratory facility, especially considering the randomness and
variability in the sediment build-up. Therefore, a local SA was carried out including all
the model input factors, not only the H-R parameters, to ensure the transferability of
the results to real catchments and to analyze the relative importance of hydraulic
parameters and variables, initial sediment conditions and H-R parameters in the model
outputs. The thirteen input factors considered in the local SA are those described in
Section 2.1 plus a uniformity coefficient (UC), which considers the uncertainties in the
spatial distribution of the initial sediment load over the street surface. This coefficient
varies linearly the distribution of the initial load of sediment among the four predefined
zones shown in Figure 1, taking a value of zero when all the sediment is placed in the
area attached to the curb, and a value of one for a spatially uniform distribution. In our
experiments the UC is 0.32.

Performing a variance-based method that considers all the variables was
impossible due to the computational expense of the model. Thus, the Elementary
Effects (EE) method (Saltelli et al. 2008, Campolongo et al 2007, Morris 1991), also
known as the Morris screening method, was chosen following Saltelli and Annoni
(2010). This method is based on the evaluation of the model along a determined
number of trajectories (r) where the different factors are changed in a one-at-a-time
(OAT) experimental design. Considering a model of k independent inputs X;,i = 1, ..., k,
each input is assumed to vary in the k-dimensional unitary hypercube across p
selected levels. This means that the input space is discretized into a p—level grid (Q).

The ranges of the factors are assumed to be normalized for sampling, and the actual

14



values are then calculated for simulations. The elementary effect (EE;) for a given X; in
the output Y is defined as:

EE; = (Y(Xy, o, Xi + 4, 0, X)) = Y(Xy, o, Xy o, Xp)) /4 (10)
where 4 is the distance between two realizations of factor X; (inside Q). The starting
point and the order and direction in which the inputs are evaluated OAT change
randomly between the different trajectories. Therefore, the mean of the absolute values
of all the elementary effects obtained in each trajectory (u*) and their standard
deviation (o) are the sensitivity measures for each input. u* indicates the overall
influence of the factors on the output and ¢ estimates the variability of the EE and thus

the dependency with respect to the rest of the factors.

2.5. Variables and parameters ranges

2.5.1. Global sensitivity analysis

Given the lack of work using the H-R model in urban catchments, which is limited to the
studies presented in Hong et al. (2016a,2016b, 2019), the range of variation of the H-R
parameters for the global SA (Table 2) was determined by taking into account previous
erosion studies (Proffit et al. 1991, 1993, Beuselinck et al. 2002, Shaw et al. 2006,
Sander et al. 2007, Heng et al. 2011 and Cea et al. 2016) and thus seeking to cover

the complete performance range of the model.

2.5.2. Local sensitivity analysis

Table 3 shows the range of variation of the hydrodynamic variables and
parameters and the initial sediment conditions used in the local SA. The ranges were
centered according to the experimental layouts and their size was defined following the
methodology presented in Brun et al. (2002). The input factors were classified on three
levels corresponding to the degree of knowledge available in a typical field study. A

relative uncertainty of 5 % (accurately known, level 1), 20 % (inaccurate known, level

15



2) and 50 % (very poorly known, level 3) was assigned to each level, respectively. In
this way, as shown in Table 3, the hydrodynamic factors were considered as level 1.
Due to the randomness and variability in the build-up and wash-off processes, the
sediment diameter and the initial deposited mass and distribution of solids were
defined as very poorly known variables (level 3). The sediment density was considered
as a moderately inaccurate known variable (level 2), given its lower associated
uncertainty.

The ranges of the H-R parameters for the local SA (Table 4) represent the
uncertainty in the estimation of these parameters in order to compare the relative
importance of their correct determination with respect to the hydraulic and initial
sediment conditions inputs. The ranges have been defined from the global SA
simulations as the interquartile ranges of the parameter sets whose total washed-off

mass results differed by less than 5% from the experimental measurement.

2.6. Implementation

The selected SA methods and metrics have been conditioned by the computationally
expensive model. The model is solved using the explicit finite volume solver presented
in Cea and Vazquez-Cenddn (2012) and compiled for a Windows environment. Each
simulation takes about five minutes using an Intel® Core i5-7500 3.4 GHz computer.
The methodology implementing the different sensitivity methods and the number of

simulations performed for each analysis are included in the following sections.

2.6.1. Standardized regression coefficients

Regarding the SRC, the Latin Hypercube Sampling (LHS) method was used to
generate 1000 sets of H-R parameters for each of the twelve laboratory experiments,
and considering the ranges of variation established in Table 2, using the free Matlab
toolbox SAFE (Pianosi et al. 2015). Then, the multiple linear regressions were obtained

by means of the regress function in Matlab. Convergence test considering 100, 500,

16



1000, 2000 and 5000 simulations showed that convergence was achieved with a
sample size of 1000 simulations. Thus, over the twelve laboratory experiments, the

total number of simulations was 12000.

2.6.2. Extended Fourier amplitude sensitivity test

The toolbox Eikos, developed by Ekstrom (2005), was used for the calculation
of the EFAST indices and for the sampling process, taking into account the ranges
defined in Table 2. Due to the computational cost of the wash-off model, the number of
simulations used for the implementation of the EFAST method was set to 505 per
factor (3030 simulations per laboratory experiment and a total of 36360), which
remains within the practical recommendations accordingly to Saltelli et al. (2005) and

Cosenza et al (2013).

2.6.3. Elementary effects

Following Campolongo and Saltelli (1997), Campolongo et al. (1999) and
Saltelli et al. (2000), a number of trajectories r=10 and values of p=4 ({0, 1/3, 2/3, 1})
and 4=2/3 were chosen in the implementation of the EE method. In order to facilitate a
better coverage of the input domain, these ten trajectories were selected from a set of
twenty-five, which effectively maximizes their spread in the input space (Campolongo
et al. 2007). The local SA assessed thirteen inputs, so the number of simulations was

10(13+1)=140 for each laboratory experiment, a total of 1680 simulations.

2.7. Assessment of model predictions

In order to analyze the model performance, we first compared predictions with
the results of the laboratory experiments, using the mean of the Nash-Sutcliffe model
efficiency coefficient (NSE) in each of the gully pots as an objective function to assess
overall prediction performance. Second, we checked the adequacy of the ranges

selected for the global SA by visual assessment of the contours of the results of
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simulations. Although Root-Mean-Squared-Deviation (RMSE) or NSE can be used as
objective functions to assess model sensitivity (Hong et al. 2016a), in the light of the
model performance observed, we chose the TSS concentration peaks and the washed-
off loads as outputs to analyze. These two outputs are the most significant ones for
practitioners, since they are relevant variables for estimating the impacts of the

stormwater pollution inflows to sewerage systems or the aquatic media.

3. RESULTS

3.1. Model and ranges performance

To assess the suitability of model predictions, Figure 3 shows two examples of
the five best TSS with rain intensities of 50 and 80 mm/h and sediment classes D2 and
D3, respectively. It can be seen that the flexibility of the model and the established
ranges allow for an accurate prediction of the TSS pollutographs in both gully pots at
the same time and for both initial conditions. In addition, the parameter sets of the five
best-fitted predictions performed for the global SA are also included in Figure 3. It can
be seen that, as expected, different sets of parameters resulted in very similar

pollutographs.

3.2. Global sensitivity analysis
3.2.1. Standardized Regression Coefficients (SRC)

The SRC of the six H-R parameters regarding the total washed-off mass and
the TSS peak for each gully pot are shown in Figure 4. The plots show the sensitivity
indices of each parameter for the twelve laboratory experiments that have been used
as layouts for the SA, considering the three different rain intensities and the four
sediment grain sizes described above (Section 2.2).

In general, the plots in Figure 4 show the critical mass (Ms.) as the most
important H-R parameter, with the highest influence in both outputs and for all the

laboratory experiments. The critical mass is the mass required to reach the total rain-
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driven and flow-driven potential detachment, so its effect on the results is increased in
urban catchments due to the scattering of sediment when low loads are presented over
the street. In addition, the relative importance of the H-R parameters varies widely with
respect to the grain size, and b and Q, remain with a low influence in both outputs and
for all the laboratory experiments.

Looking at the total washed-off mass sensitivity results in Figure 4 (first row
plots), it can be seen that as the grain size of the sediment increases, the influence of
the rain-driven detachment parameters «, and h, decrease and F becomes more
important. Ms,.,, a, and h, are thus key parameters for modelling wash-off with small
grain sizes, but F has to be taken into account if bigger diameters are involved. An
increase in rain intensity also involves a large increase in the sensitivity of the total
washed-off mass results to h,, which depends on the water depth. The sensitivity
results for the TSS peak (second row plots in Figure 4) are very similar in terms of the
main parameters and in the different laboratory experiments analyzed. However, h,
and b become wholly negligible to the results, since h, is the water depth threshold
from which the rain-driven detachment is dumped, thus the TSS peak, which is
produced at the beginning of the rain event, and is not affected.

Another interesting result in Figure 4 is the high match between the sensitivity
results of both gully-pots. Despite gully pot 2 having a far more important curb flow
component, only a slight increase in the sensitivity to F and a small reduction in the
sensitivity to ay and h, were observed for gully pot 2. Finally, it should be noted that
the coefficients of determination obtained in the regressions, with values between 0.5
and 0.85 in the total mass and between 0.35 and 0.6 in the TSS peak, indicate that a
significant part of the variance is not explained by a linear regression model, which
cannot represent the interaction between model parameters. In sum,a,, hy, Ms., and F
appeared to be the important parameters for the washed-off mass, and only a,, Ms,,

and F for the TSS concentration peak. In addition, the rain and flow-driven detachment
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parameters were presented as key for smaller (mean grain sizes of 30 and 68 um) and

larger (144 and 274 um) sediment particles, respectively

3.2.2 Extended Fourier Amplitude Sensitivity Test (EFAST)

In contrast to SRC, the EFAST method considers the interactions between the
different parameters. Figure 5 shows the direct or first order effect and the total effect
of the H-R parameters in the total washed-off mass and the TSS peak, computed with
the EFAST methodology. Despite the fact that the coefficients of determination in the
SRC analysis indicated in the same cases low reliability, with values below 0.6, the
ranking of the most important parameters considering the first order effect results is
very similar, as was also found in Cosenza et al. (2013). In addition, variations in the
first order indices due to the changes of the sediment diameter and rain intensity in the
different laboratory experiments show the same trends as in the SRC.

The critical mass (Ms.,) is the most important H-R parameter for all the
laboratory experiments in the plots presented in Figure 5. Regarding the total washed-
off mass results (first row plots in Figure 5), a, and h, are at a secondary level, with
only a low degree of influence, including F in the case of the larger grain sizes
(sediment classes 3 and 4). b and (), appear to be negligible parameters for all the
laboratory experiments analysed. In addition, some differences in the EFAST indices
between both gully pots should be noted: a, and h, decrease and F increases their
influence in the results for gully pot 2, which has an important curb flow component.
Considering the sensitivities of the TSS peak to the parameters (second row plots in
Figure 5), the flow-driven detachment parameters F and Q, are low influential
parameters, the rest of the rain-driven detachment parameters, «,, hy, and b, being
negligible.

The differences between the total (bars with light colors) and first order effect
indices (bars with dark colors) in the plots in Figure 5 show the variance of the results

due to interactions between parameters. It can be seen that the interactions play an
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important role in the results, especially in the TSS peak concentration and in the larger
diameters (sediment classes 3 and 4) for the total washed-off mass. Unfortunately, this
complicates the separation of the individual effect of each parameter and confirms our
expectations that it is indeed challenging to calibrate this model. Summarizing,
washed-off mass and TSS peak are very sensitivity to Ms., in all the experimental
layouts. The same trends as in SRC have been observed between the relative
importance of rain-driven and flow-driven detachment parameters and rain intensity
and grain size values. In addition, a high level of interaction between parameters was

found.

3.3. Local sensitivity analysis

Figure 6 shows the absolute mean (u*) of the elementary effects of each input
factor with respect to the total washed-off mass against their standard deviation (o) for
the twelve laboratory experiments. The relation between p* and ¢ is an indicator of the
linearity of each variable with respect to the model output, assuming that below 0.1
there are no substantial interactions with other factors. Only the results corresponding
to the gully pot 2 are plotted here, but similar results are obtained for the gully pot 1.
The initial load of sediment over the surface (Msg) and its mean diameter (Dsp),
classified as very poorly known variables, are the most influential measurable variables
in all cases. The influence of the density is lower than that of the sediment diameter,
although both variables affect the settling velocity of the solid particles. This is because
its associated uncertainty is lower.

The other input factor that shows a notable influence in the results is critical
mass (Ms,,-), which was identified as the most influential H-R parameter in the global
SA. Regarding the rest of the H-R parameters, their relative importance is the same in
both the SRC and the EFAST analyses. Thus, the influence of a, and h, is higher for
the particles with lower diameters (sediment classes 1 and 2) and decreases as the

sediment diameter increases. The influence of the uniformity coefficient (UC) is low in
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all cases, despite its high level of uncertainty, which allows us to conclude that the
differences in sediment distribution considered do not substantially affect the total
washed-off mass. This confirms the findings of Naves et al. (2017). The hydraulic
variables and parameters remain with the lowest influence on the results, mainly
because of the low uncertainties associated with these.

The local sensitivity results regarding the TSS peak concentration in gully pot 2
for all the laboratory experiments are included in Figure 7. The input factors with most
influence in the TSS peak are the same three factors (Ms,, D5y and Ms,) as in the case
of the total washed-off mass. However, the H-R parameters related to the flow-driven
detachment, especially F, are at a similar level of importance for the TSS peak. Thus,
as seen in the global SA, the flow-driven detachment is key to accurately modelling the
maximum TSS concentration. The hydraulic input factors and the rain-driven
detachment parameters seem to be almost negligible for this output.

In sum, our findings suggest that the initial load of sediment and the mean grain
size were the most important variables. H-R parameters exhibited a high influence in
the model outputs, with a similar behavior to that observed in the global SA. Finally,
hydraulic input factors variations do not affect the outputs, since their determination

has a low degree of uncertainty associated with it.

4. DISCUSSION

In the previous sections, we have presented a SA of a physically-based urban
wash-off model. The study has shown that the flexibility of the model allowed for the
replication of the laboratory results from accurately measured initial conditions by
tuning the H-R model parameters. However, this flexibility also leads to identifiability
problems and makes it difficult to obtain precise predictions in field studies. Therefore,
it is important to discuss our findings in terms of: i) a careful interpretation of the SA
results, ii) transferability to field studies, and iii) limitations and future steps towards

improving urban wash-off predictions.
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4.1. Interpretation of the sensitivity analysis results

Uncertainties and interactions between the different processes involved in
wash-off modelling such as flow and rain characterization, model parameters, or
sediment initial conditions and characteristics, make it difficult to separate their
individual contribution to a model's predictions. Therefore, controlled laboratory
experiments have been used to eliminate disturbances and to focus the global SA on
the H-R model parameters, fixing remaining input variables. However, despite the
accurate definition of the initial conditions, Figure 3 shown a wide range of possible
model predictions that might alter the H-R parameters. This is a consequence of a lack
of knowledge in estimating their possible values in urban catchments. In addition, there
is no consensus as to model simplifications in the literature and, to date, it is difficult to
define narrower ranges a priori. However, using the obtained global SA results, it is
possible to address this lack of knowledge and identifiability issues, and thus to reduce
the number of parameters to calibrate in future research.

While flow-driven detachment is usually negligible in soil erosion (Cea et al.
2016), it was seen as an important process for the largest grain sizes (144 and 274
pgm) in our urban application. Therefore, rain-driven and flow-driven detachment are the
two physical processes that have to be taken into account using the H-R parameters.
Regarding rain-driven detachment, exponent b is negligible for all the laboratory
experiments that we simulated, so its value could be fixed at 1. The water depth
damping threshold, h,, is typically set to two third of the mean raindrop size (Heng et
al. 2011, Hong et al. 2016a). However, its high influence in modelling TSS peak
concentrations, as well as the current lack of studies accurately measuring rain drop
size distributions (DSD), mean that the development of work aimed at adequately fixing
this parameter is an interesting line of research. With respect to the flow-driven

parameters, Q, showed a low influence in the results and may be fixed to values
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around 0.01 W/m? following previous studies (Proffitt et al. 1993, Sander et al. 2007,
Heng et al. 2011).

Two processes must be adjusted by the remainder H-R model parameters: rain-
and flow-driven detachment of particles. Among these three parameters (a,, Ms.- and
F), which are those with the highest influence in the results, Ms.. affects both
processes at the same time, and may be fixed in future applications. However, due to
the current lack of knowledge on this parameter, its notable influence in the results,
plus its interactions with other parameters, this is not currently recommended.
Therefore, given the sensitivity results, we proposed in this section a reduction from 6
to 3 calibration parameters. However, next field and laboratory urban wash-off studies
will increase our understanding of the H-R parameters, and may lead to a reduction in

parameter ranges and to a consideration of further simplifications.

4.2. Transferability to field studies

When applying the H-R model in real-world catchments, we currently see three
main limitations: i) high computational cost, ii) inaccurate input variables, and iii) the
consideration of sediment heterogeneity.

The model was already previously calibrated for different rain events in a 2661
m? road urban catchment in Hong et al. (2016a, 2016b, 2019). This work is the first and
available field application of H-R model in urban environments, and studies in larger
field catchments are currently challenging due to the mentioned limitations. However,
physical-based wash-off models are at the beginning of their development and can be
compared to 2D flood models in the early 2000s, when their applicability to large
catchments were limited because computers were still slow and high-resolution terrain
models were missing. In the same way as 2D-1D coupling is currently industry
standard in urban drainage models, we think that the limitations in the catchment size
for urban wash-off physically-based models will be significantly decreased in the near

future and this will highlight, also for large catchments, the opportunities raised by
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physically-based wash-off models. In this regard, the 2D shallow water model Iber has
recently been improved, and now takes advantage of the parallelization functionalities
of both CPUs (central processing units) and GPUs (graphics processing units),
achieving speedups of up to two orders of magnitude in comparison with the version
used in the present study (Garcia-Feal et al. 2018). In addition, the use of fast
emulators has already been applied in hydrodynamic urban drainage models (Carbajal
et al. 2017, Hong et al. 2019), and these might be a very practical solution to reduce
the computation time. Meanwhile, the application of physically-based wash-off models
to small and medium-size basins is an opportunity to increase understanding of wash-
off process and model performance.

Regarding the definition of input variables, as shown by the local SA, the initial
load of sediment and mean grain size are the most important input variables in terms of
model’'s predictions, as also found in Hong et al. (2016a). Therefore, the uncertainties
associated with these variables due to the variability and randomness of sediment
build-up can limit the reliability of the results and make the model ineffective. The
determination of the initial conditions, then, is key to the modelling of urban wash-off,
and future research should continue to be oriented towards the determination of the
initial build-up mass and characteristics, either through field studies analyzing urban
dust samples (Wijesiri et al. 2015b) or by following the ideas in Sandoval et al. (2018)
where input variables are estimated from measured pollutographs using virtual state
variables.

Spatial heterogeneity is other important issue to consider in terms of the
transferability of the model. First, an accurate representation of the surface flow is
needed to reduce the propagation of hydraulic uncertainties to the sediment transport
equations, since the hydrodynamic model is used as a basis for wash-off equations.
Visualization techniques such as large-scale particle image velocimetry (LSPIV) or
surface structure image velocimetry (SSIV) can help to achieve the required accuracy

here by obtaining useful surface calibration data (Naves 2019b), with the possibility of
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using surveillance camera footage, as proposed in Leitdo et al. (2018). The accuracy
and resolution of elevation data are also key to attaining a suitable characterization of
surface flow. However, current LIDAR techniques are able to provide high-resolution
elevations each 0.1 m which, combined with manual measurements to incorporate
important elements such as curbs, have demonstrated their effectiveness in
representing adequately flow spatial variations (Hong et al. 2016a, b). In addition, gully
pots and grid performance should be also included at this level of detail. In fact, this is
interesting not only for surface flow modelling (Martins et al 2018) but also for water
quality interactions and gully pot efficiency (Post et al. 2016).

Rainfall input data involves spatial intensity distribution, which allows for
obtaining an accurate surface flow, as well as rain energy, which depends on DSD and
condition rain-driven detachment. An extensive literature exists on rain distribution and
resolution in hydrological processes, but future research in urban wash-off should
incorporate DSD measurements more frequently, in order to estimate rain-driven
particle detachment from rain kinetic energy. Rainfall simulators, such as the one used
in this study, can contribute to an understanding of this process through the use of
constant rain intensities and varying DSDs.

Finally, it is necessary to take into account the heterogeneity in the surface
sediment mass. In the laboratory experiments described here, there are four different
sediment classes with a uniform granulometry, this as a means of achieving greater
control of the process. However, available surface sediment presents a high degree of
heterogeneity in grain sizes and densities in real catchments, and mean diameter and
density are not representative. In addition, representative characteristics of the
sediment can change during the event as the lightest particles are washed-off first. A
multiclass approach, such as the one used in Hong et al. (2016b), should therefore be
considered as a means of obtaining reliable results with heterogeneous sediment
masses. This approach leads to an increase in the complexity of the model, with

adequate parameters needed for each class, and hence an assessment of the benefits
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and drawbacks that such an approximation might involve would be a useful step. In this
regard, the experimental data set used in this study (which is taken from the dataset
Naves et al. 2019a) also includes experiments where the four sediment classes were
mixed to obtain a realistic granulometry and including coulter samples in the inflow to

the gully pots, and may be used in future studies.

4.3. General perspectives for modelling urban wash-off

The future aims of wash-off modelling in urban areas should not be seek to
implement more and more complex models in which all the physical processes are
perfectly defined. Rather, the objective should be to move towards models capable of
considering the spatial and temporal heterogeneities of the catchment and able to
reproduce the key wash-off process, overcoming the limitations of empirical equations
yet maintaining optimal simplicity in the model. For this purpose, more laboratory and
field applications of wash-off physical-based models should be conducted to increase
our understanding of the parameters and processes here, one very important focus of
attention being an effective characterization of catchment, sediment and rain
characteristics. The wash-off process is challenging, but in view of the promising
results of the first physically-based wash-off studies, it is an important line of research
towards better treatment and management techniques for minimizing the impact of
urban surface contaminants, such as microplastics, heavy metals and PAH, on the

environments of cities and towns.

5. CONCLUSIONS

This study contributes to the understanding of physically-based urban wash-off
models by presenting an in-depth SA using a series of specially-tailored laboratory
experiments obtained on a realistic and 1:1 scale rainfall simulator of 36 m?. Thus, the
accurate determination of the hydraulics variables and the initial sediment conditions

were used to focus a global SA on poorly-known H-R parameters using SRC and
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EFAST methods. Then, in order to ensure the transferability of the results to field

studies, the relative importance in the model outputs of hydraulic parameters, initial

sediment conditions and H-R model parameters was assessed through a local SA,

using the EE method and considering uncertainties in their determination in real field

studies. Specifically, the following can be concluded based on the results:

The flexibility of the model allowed us to successfully reproduce the results of
the laboratory experiments by tuning the H-R model parameters. However, the
predictions obtained suggested a complex calibration process, and thus
highlight the usefulness of the SA performed for decision-making in order to
simplify the model and to deal with identifiability problems.

The SRC indicated a strong sensitivity of the results to critical mass in
comparison to the other H-R parameters. The parameters related to rain-driven
detachment «, and h, were at a second level of importance, roughly half that of
sensitivity, for the total washed-off mass with the smallest diameters (mean
grain sizes of 30 and 68 um). When the grain size of the sediment increased
(144 and 274 um), F was included in this second level of influence. In addition, F
was also shown to be an important variable with respect to the TSS peak, while
b and , remained at a low influence for both outputs.

Although the ranking of the most important parameters obtained from the
EFAST analysis was very similar to that for the SRC results, the EFAST total
effect indices revealed the high importance of the interaction between
parameters in the model outputs, which is also an indicator of the difficulties
that can arise when calibrating the model.

In the local SA, which considered all the input variables and parameters, the
initial load of sediment, mean grain size and critical mass were seen to be the
most important factors for the total washed-off mass and the TSS peak in all the
laboratory experiments. Therefore, very accurate measurement of the available

mass and its characteristics is necessary in order to avoid the variability
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associated with the build-up process affecting to the reliability of results. H-R
parameters were seen to be at a second level of importance, which illustrates
the need for accurate calibration of the model. Finally, variations in hydraulic
variables did not affect the outputs since the uncertainty associated with their
determination was low.

e In the light of these results, the model may be simplified using the three
parameters with the highest influence in the results, «y, Ms., and F, as a means
of modelling the individual contribution of the rain-driven and flow-driven
detachment. Future research should focus on more laboratory and field studies,
to increase our knowledge of H-R parameters and thus to be able to adequately

fix them.

Although the problem is complex, these promising results should stimulate efforts
towards overcoming the current limitations of physically-based models, such as high
computational cost, the need for an accurate definition of the input variables, and the

accurate modelling of spatial and sediment heterogeneities.
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Figure 1. Physical model scheme and initial distribution of the sediment.
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Figure 2. Total suspended solids (TSS) and experimental flow results in both gully pots for the
four different grain sizes (D1-D4) and rain intensities of 80, 50 and 30 mm/h. It can be seen that
the complete pollutographs of the experiments have been a satisfactory measure here, through

analyzing the manual grab samples for all the diameters and rain intensities.
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Figure 3. TSS experimental results and five best-fitted TSS simulations for the
experiments with rain intensities of 50 (up) and 80 mm/h (down) and sediment classes
D2 and D3, respectively. It can be see that predictions agree well with experimental
results. The contours of all the simulations performed in the global SA are also
included (dashed lines), and illustrate the sensitivity of the model output to the

plausible values of H-R parameters.
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Figure 4. Standardized Regression Coefficients (SRC) of the Hairsine-Rose
parameters for the total washed-off mass (row 1) and the TSS maximum value (row 2)
in each gully pot (columns) and for each laboratory experiment (colours for the rain
intensities and x-position for the sediment classes). The degree of transparency
represents the R? value. The plots show that the critical mass is the most important H-
R parameter and that there is a strong relation between the grain size of the sediment

and the relative importance of rain-driven and flow-driven detachment parameters.
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Figure 5. EFAST first order and total effect sensitivity indices of the Hairsine-Rose parameters
for the total washed-off mass (row 1) and the TSS maximum value (row 2) in each gully pot
(columns) and for each of the laboratory experiments (colors for rain intensities and x-position
for sediment classes). It can be seen that the critical mass is the most important H-R parameter.
a,, hy and F occupy a secondary level of influence with respect to the total washed mass, but

only F in the case of the TSS peak results.
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Figure 6. Sensitivity results for the Elementary Effects method. Plots show the sensitivity to the
total washed-off mass through gully pot 2 for each of the three rainfall intensities and four grain
sizes considered in the experiments. The ranking of the three most influential input factors is
shown in the upper-left corner of each case. In general, Msy, Dsg and Ms,, are the factors with

the most influence on the result for all the laboratory experiments.
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Figure 7. Sensitivity results for the Elementary Effects method. Plots show the sensitivity to the
TSS maximum value in gully pot 2 in all cases. The ranking of the three most influential input
factors is shown in the upper-left corner of each case. In general, Msg, Dsg, Ms., and F are the

factors with the most influence on results.
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Table 1. Sediment granulometries considered (D1-D4) and total washed-off mass for the twelve

laboratory experiments.

Sediment Granulometries Washed-off mass (g)
class Dso(um) Dig(um) Des(um) o 30mmh  50mm/h 80 mmth
D1 30.1 11.4 54.6 2.19 31.0 48.3 61.2
D2 68.1 46.3 91.8 1.41 13.2 325 53.8
D3 143.9 105.8 186.8 1.33 7.5 17.1 28.6
D4 273.8 204.7 351.8 1.31 6.1 13.6 22.9
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Table 2. Parameters and ranges of variation used in the global sensitivity analysis.

Variable  Units Definition Range

@y Kg/m’/m  Rainfall detachability coefficient 500 - 3500
ho M Water depth damping threshold 0.0001 - 0.0025
b - Positive constant 06-1.4
Ms,, Kg/m? Critical mass to achieve the potential detachment 0-28

F - Effective fraction of excess stream power 0-0.03

Qo W/m? Critical stream power 0-0.02
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Table 3. Input factor ranges for the local sensitivity analysis.

Variable R n IL Dso Ds Mso uc
Units mm/h - Mm um Ka/m®*  kg/Meun -
Uncertainty level 1 3 2 3 3
Range variation (%) 5 50 20 50 50
Lab. experiment
29.25-30.75  0.0156-0.0164  0.585-0.615 22.5-37.5 2301-2812 15-25 0.24-0.40
2 48.75-51.25 0.0156-0.0164  0.585-0.615 22.5-37.5 2301-2812 15-25 0.24-0.40
3 78.00-82.00  0.0156-0.0164  0.585-0.615 22.5-37.5 2301-2812 15-25 0.24-0.40
4 29.25-30.75  0.0156-0.0164  0.585-0.615 51.0-85.0 2301-2812 15-25 0.24-0.40
5 48.75-51.25 0.0156-0.0164  0.585-0.615 51.0-85.0 2301-2812 15-25 0.24-0.40
6 78.00-82.00  0.0156-0.0164  0.585-0.615 51.0-85.0 2301-2812 15-25 0.24-0.40
7 29.25-30.75 0.0156-0.0164 0.585-0.615 108.0-180.0 2301-2812 15-25 0.24-0.40
8 48.75-51.25 0.0156-0.0164 0.585-0.615  108.0-180.0 2301-2812 15-25 0.24-0.40
9 78.00-82.00  0.0156-0.0164  0.585-0.615  108.0-180.0 2301-2812 15-25 0.24-0.40
10 29.25-30.75  0.0156-0.0164  0.585-0.615  205.5-342.5 2301-2812 15-25 0.24-0.40
11 48.75-51.25 0.0156-0.0164 0.585-0.615  205.5-342.5 2301-2812 15-25 0.24-0.40
12 78.00-82.00  0.0156-0.0164  0.585-0.615  205.5-342.5 2301-2812 15-25 0.24-0.40
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Table 4. Ranges of Hairsine-Rose parameters for the local sensitivity analysis.

Variable a, ho b Ms,, F Qg

Units Kg/m?m mm - Kg/m? - W/m?

Lab. experiment

1504-3040 1.05-1.98 0.81-1.17 0.62-1.22 0.009-0.024 0.005-0.016

2 1614-2779 1.02-2.00 0.78-1.19 0.77-1.66 0.010-0.023 0.003-0.013
3 1589-2883 0.95-2.03 0.74-1.14 0.85-1.88 0.008-0.022 0.004-0.014
4 1536-2891 0.91-2.11 0.82-1.22 0.48-1.11 0.011-0.025 0.003-0.015
5 1557-2953 1.03-1.92 0.78-1.20 0.36-0.73 0.009-0.026 0.003-0.013
6 1364-2998 1.08-1.74 0.76-1.12 0.25-0.53 0.009-0.023 0.003-0.014
7 1391-2917 0.66-1.95 0.82-1.18 0.44-0.92 0.011-0.025 0.005-0.014
8 1602-2668 0.45-1.93 0.74-1.21 0.20-0.54 0.011-0.026 0.03-0.012
9 1647-2835 0.95-2.16 0.77-1.16 0.24-0.43 0.010-0.026 0.002-0.012
10 963-2556 0.72-2.11 0.88-1.21 0.25-0.59 0.013-0.026 0.004-0.013
11 1770-2629 0.89-1.96 0.83-1.30 0.14-0.31 0.009-0.025 0.004-0.015
12 1658-2755 1.19-2.07 0.85-1.21 0.12-0.22 0.010-0.025 0.005-0.014
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zone 1 (0-15¢cm):  104.0 g/m’ (78%)
zone 2 (15-30 cm):  13.3 g/m* (10%)
zone 3 (30-100 cm): 2.6 g/m* (9%)
zone 4 (70-200 cm): 0.6 g/m* (3%)

Figure 1
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Rain intensity = 30 mm/h

Sediment initial conditions:
Hydraulics variables and parameters:
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