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Editorial

Editorial
On behalf of the scientific committee, we are pleased to publish three volumes of papers from the
10th IWA/IAHR International Urban Drainage Modelling Conference held from September 20 to 23,
2015 in Mont-Sainte-Anne, Québec, Canada. These volumes include abstracts of three keynote
contributions, 75 papers that were presented as lectures at the conference and 38 papers that were
presented in the dedicated poster sessions. These papers were selected after thorough peer review by
55 members of the scientific committee that each reviewed about 12 abstracts, making that most of
the submitted abstracts got four to six reviews. This editorial wants to sincerely thank all reviewers
for their commitment.
This is not the only aspect that made UDM2015 a bit different from other conferences in our
discipline. Going against the trend of organizing conferences in which a large number of short
presentations forms the backbone of the programme, we have preferred a programme with quarter
day sessions of two to three 20 minute presentations that are combined around a theme with extensive
discussion afterwards. In this way it is hoped that discussion can go beyond the technical details of
each individual presentation, lifting the discussion to the more general and probably more relevant
level. To pursue maximum quality of the discussions, a tandem of a young water professional (YWP)
and a more senior water professional (SWP) was pulled together as moderator team. They have
contacted the authors, read the papers and prepared for the session discussions. This tandem approach
reflects IWA’s policy to get YWPs increasingly involved and prepared for their future roles within
the organization. We all count on you, YWPs, to keep organizing UDM-conferences! Finally, we
have tried to also give a special place to mid-career water professionals. Traditionally, keynote
lectures at conferences are given by very experienced, renowned specialists. We felt it an interesting
experiment to give the special floor that keynotes provide to four very promising not yet so
established water professionals.
The International Urban Drainage Modelling (UDM) conferences have provided researchers and
practitioners in the fields of urban drainage and integrated water systems modelling, data analytics
and infrastructure management a platform for sharing cutting edge ideas. The conference has been
running since 1986 and this is the 10th iteration in its series, a monumental achievement of the urban
drainage community. The conference deals with topics related to modelling the urban drainage system
and the interactions with other urban water systems and the urban environment. Both theoretical and
practical experiences are presented at UDM. This conference falls under the International Working
Group on Data and Models, who works under the Joint Committee on Urban Drainage (JCUD).
We are grateful to all international authors who contributed to the over 100 papers that are published
inside these proceedings in front of you. However, also on the back cover of these proceedings
important information is provided: The logos express that the success of this international conference
was only possible with the support of the professional organisations IWA, the International Water
Association and IAHR, the International Association for Hydro-Environment Engineering and
Research, Québec City’s universities Université Laval and INRS-Eau, Terre et Environnement, and
the sponsors Computational Hydraulics International (CHI), the International Institute of
Aquaresponsible municipalities (iiAm) and Stantec. Without this support, this conference would not
have been possible. A special thanks also to four young water professionals that relentlessly worked
v
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on making it all happen (alphabetically), Peter Bach, Thomas Maere, Sovanna Tik and Jesús
Zambrano. Merci!
The organizing and scientific committees are excited to welcome all participants and start the
conference. We wish you fruitful discussions and a pleasant stay at Château Mont-Sainte-Anne.

Peter A. Vanrolleghem
Chair, on behalf of the UDM2015 organizing and scientific committees
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Performance benchmark for urban drainage model calibration
R. Schleifenbaum1*, M. Henrichs1, D. Leutnant1, L. Fuchs2 and M. Uhl1
1Muenster University of Applied Sciences, Institute for Water∙Resources∙Environment (IWARU), Corrensstr. 25,
D-48149 Muenster, Germany (Email: schleifenbaum@fh-muenster.de; henrichs@fh-muenster.de; leutnant@fhmuenster.de; uhl@fh-muenster.de)
2
Institute for Technical and Scientific Hydrology (ITWH) Ltd., Engelbosteler Damm 32, D-30167 Hannover,
Germany (Email: l.fuchs@itwh.de)
1

Abstract
Based on a data pool of 266 storm runoff events from 42 study sites, the Benchmark Rating Index
(BRI) is introduced to evaluate the goodness of fit of calibrated urban drainage models. The
characteristics of the data pool and the process of generating the multi-criteria rating system is
described. It is discussed how the BRI can be used to rate the performance of model calibration
results outside of the presented data pool.
Keywords
Urban drainage models, model calibration, model evaluation criteria, goodness of fit

INTRODUCTION AND OBJECTIVE
Urban drainage models are indispensable tools for urban water management. Model calibration is an
important task to reduce parameter uncertainty and therefore to obtain realistic modeling results
(Deletic et al., 2012). To evaluate the performance of calibration results, differences between
simulation results and observed data can be assessed in terms of (i) mass balance (ii) peak flow and
(iii) hydrograph. As (i) and (ii) are mathematically defined, (iii) is fundamentally assessed through
visual inspection but also commonly rated by using the Nash Sutcliffe Efficiency (NSE) (Nash and
Sutcliffe, 1970; Legates and McCabe, 1999; Dotto et al., 2012). While there are information on the
valuation of these criteria in scientific literature (e.g. Moriasi et al., 2007), tangible statements to the
goodness of obtained results are often missing.
The objective of this study is to benchmark the performance of urban drainage model calibration by
analyzing a collected data pool of calibration results. The data pool was derived from real world
studies and has been accomplished under best practice in model calibration.
DATA POOL
The study bases on a data pool of 266 storm runoff events from 42 study sites which were used for
model calibration. The catchment areas range from 7.5 ha to 124 ha with a median of 36.5 ha and
impervious percentages between 20 % and 79.7 %. 28 models were run with hydrodynamic transport
simulation (HDN) (SWMM 5.0, SWMM 5.1 (US Environmental Protection Agency), HYSTEMEXTRAN 6.0 (ITWH, Germany)). 14 models used steady flow transport simulation (SF) (SWMM
5.0, MOMENT 9 (BGS Wasser, Germany)). Aggregated events rainfall depths range between 5.0
and 94.6 mm, mostly between 5 mm and 20 mm and with a median of 11.7 mm. The maximum
rainfall intensities in a time step of 1 or 5 min vary from 5 mm/h to 106 mm/h with a median of 32.4
mm/h.
1
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METHODOLOGY
To evaluate the goodness of fit of simulated events, three model evaluation statistics are used: (i)
PBIAS for runoff volume, (ii) DYMAX for peak flow and (iii) NSE for the hydrograph. The results
for all events are assessed my means of probability distribution function (PDF). This forms the base
to evaluate the performance for the three criteria.
Model calibration mostly cannot optimize for all three criteria simultaneously. Therefore multi
criteria analysis is required to evaluate the results. To generate a multi criteria benchmark, a simple
weighting procedure is applied in this study. The (model calibration) Benchmark Ranking Index
(BRI) is a weighted mean of the three model evaluation statistics PBIAS, DYMAX and NSE. The
weighting factors are based on the respective quantiles of the PDFs of the three model evaluation
statistics (Figure 1).
Basing on the PDFs of the model evaluation statistics and their combination, the BRI allows modelers
to compare model calibration results to the data displayed in this paper.

Figure 1. Example for generating the multi criteria rating index
RESULTS
The PDFs of the three deviations are given in Table 1 for both model types and in total. PBIAS and
DYMAX are shown as absolute values. It is highly noticeable that HDN models perform better than
SF models concerning NSE. These differences are especially significant between the 0.15-quantile
(Q0.15) and the 0.65-quantile (Q0.65), with deviations varying from 0.09 to 0.20 of NSE value. The
differences of PBIAS and DYMAX between SF and HDN models is less considerable, albeit existing,
as results of HDN models show an overall higher goodness of fit than SF models.
60% of the HDN models and 25 % of the SF models show good fitting with NSE higher than 0.8.
PBIAS less than 0.1 were achieved by 50 % of the HDN models and 40 % of the SF models. DYMAX
less than 0.1 were observed for around 35 % of the models.
The results of the multi criteria analysis are given in Figure 2 for all 266 events and both model types.
The 0.25-quantile of the BRI is 0.36, the median is 0.50, the 0.75-quantile is 0.65 and the 0.95quantile 0.82.

2
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Table 1. Quantiles for NSE, abs. PBIAS and abs. DYMAX
Quantile

161

105

abs. PBIAS (-)
HDN
SF
TOT
0.01
0.00
0.00
0.01
0.01
0.01
0.02
0.03
0.02
0.03
0.05
0.03
0.04
0.06
0.05
0.05
0.06
0.05
0.06
0.07
0.06
0.07
0.09
0.07
0.08
0.10
0.08
0.09
0.13
0.10
0.10
0.14
0.11
0.11
0.15
0.14
0.14
0.17
0.15
0.15
0.18
0.17
0.17
0.20
0.18
0.18
0.23
0.20
0.21
0.27
0.22
0.22
0.32
0.26
0.28
0.38
0.31
0.35
0.48
0.40
0.44
0.76
0.65

266

161

105

266

abs. DYMAX (-)
HDN
SF
TOT
0.01
0.00
0.00
0.01
0.01
0.01
0.03
0.01
0.02
0.04
0.03
0.04
0.06
0.05
0.05
0.07
0.07
0.07
0.08
0.08
0.08
0.10
0.09
0.10
0.12
0.11
0.12
0.12
0.14
0.14
0.15
0.16
0.16
0.17
0.18
0.17
0.18
0.20
0.19
0.21
0.21
0.21
0.23
0.23
0.24
0.26
0.24
0.26
0.29
0.27
0.29
0.31
0.31
0.32
0.37
0.38
0.38
0.48
0.54
0.48
1.62
0.84
1.20
161

105

266

100%
90%
80%
70%
60%

cdf (-)

0.01
0.05
0.10
0.15
0.20
0.25
0.30
0.35
0.40
0.45
0.50
0.55
0.60
0.65
0.70
0.75
0.80
0.85
0.90
0.95
0.99
Number
of events

HDN
-0,81
0.08
0.43
0.60
0.67
0.71
0.74
0.77
0.79
0.82
0.84
0.85
0.86
0.88
0.89
0.91
0.92
0.93
0.95
0.97
0.98

NSE (-)
SF
TOT
-0.53
-0.53
0.04
0.03
0.34
0.34
0.40
0.49
0.50
0.57
0.56
0.63
0.60
0.67
0.65
0.71
0.68
0.74
0.70
0.76
0.73
0.78
0.75
0.81
0.77
0.83
0.79
0.85
0.83
0.87
0.84
0.88
0.87
0.90
0.88
0.92
0.91
0.94
0.94
0.96
0.95
0.97

50%
40%
30%
20%
10%
0%
0,00

0,25

0,50
BRI (-)

0,75

1,00

Figure 2. CDF plot of the BRI of 266 calibrated events
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DISCUSSION
HDN models obviously are fitting the observed data better than SF models with respect to NSE and
PBIAS. The hydrographs can be fitted very well by most of the models and many have low deviations
regarding runoff volume and peak flow as well. The used multi criteria BRI describes the combination
of model evaluation statistics for each event. Although the BRI tends to equalize the different model
evaluations statistics, the suggested solution shows a sufficient qualification to differentiate the
goodness of fit of calibrated models. To benchmark calibration results on the basis of the analyzed
data pool, the limits in Table 2 are suggested. They base on the median and quartiles of the CDF of
the BRI given in Figure 2.
Table 2. Ratings for the Benchmark Ranking Index
BRI
> 0.65
0.50 - 0.65
0.36 - 0.50
< 0.36

Rating
very good
good
moderate
poor

CONCLUSION
Based on real world studies, a multi objective rating index consisting of three characteristic model
evaluation statistics was developed. Most of the calibration results showed a notably good fit to the
observed data. Analyzing the present data pool, poor performance can in most cases be lead back to
five main influences (i) uncertainties in model input data, (ii) uncertainties in flow or rainfall
measurement, (iii) asynchronous measurement data, (iv) unknown behavior of modelled system, (v)
unknown network structures and (vi) poorly chosen model structure. The BRI can be understood as
tool for identifying low quality models by comparing them to the presented data pool. To improve
the representativeness of this data pool, it is planned to collect more data from a wider range of models
and countries.
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Parameter estimation of urban drainage models using binary
observations from low-cost sensors
Omar Wani1,2, Frank Blumensaat1,2, Andreas Scheidegger2, Tobias Doppler2 and Jörg Rieckermann2
1

Institute of Environmental Engineering, ETH - Swiss Federal Institute of Technology, Zurich, Switzerland
Department of Urban Water Management, Eawag - Swiss Federal Institute of Aquatic Science & Technology,
Überlandstrasse 133, CH - 8600 Dübendorf (Email: omar.wani@eawag.ch).
2

Abstract
To better calibrate urban drainage models, it would be good to use not only dedicated flowmeters,
but also cheap and robust sensors, such as binary level or overflow detectors. In this study, we
suggest a formal likelihood function to efficiently extract the information content of these binary
signals. We apply this methodology on data from a small urban drainage system, where we calibrate
a hydrodynamic rainfall-runoff model on both continuous observations and the corresponding
binary data in a Bayesian framework. For our case study, we find that the inference leads to a
comparable model performance for both types of data - with Nash-Sutcliffe efficiencies of 0.80
using continuous and 0.78 using binary observations. As expected, model predictions based on
binary data are much more informative than predictions with prior parameters, i.e. an uncalibrated
model. However, in our case, the binary information describes the duration of an exceedance of a
threshold and thus cannot capture peak flows very well. Therefore, an optimal experimental design
will probably not rely exclusively on cheap and robust sensors, but use many of them together with
a few accurate flow meters. The results could possibly be improved by extending the likelihood
function with a reliable description of monitoring errors of binary sensors.
Keywords
Low-cost sensors, binary observations, urban drainage model, parameter estimation, Bayesian
inference, likelihood function

INTRODUCTION
Traditionally, computer models of urban drainage systems are calibrated on continuous observations
of physical variables, such as discharge or water levels. Unfortunately, the installation and
management of monitoring devices in an urban drainage network is laborious and costly, so that
typically only a few locations are equipped with such sensors (Siemers et al., 2011). However, often
other sensors are available, which simply detect the occurrence of overflow events (Rasmussen et al.,
2008) or exceedance of critical water levels, and thus provide only binary information. Recently, it
has even been suggested to specifically develop such binary monitoring devices based on robust and
low-cost sensors such as temperature probes (Hofer et al., 2014; Montserrat et al., 2013), motion
detectors (Siemers et al., 2011) and electrical switches (Rasmussen et al., 2008) (Figure. 1). In the
future, such sensors should help to better calibrate urban drainage models (Rasmussen et al., 2008;
Siemers et al., 2011). The idea that many inaccurate sensors provide more information about a
complex (urban drainage) system than few very accurate ones is very compelling. However, so far
only ad-hoc approaches to model calibration and parameter estimation have been suggested and it is
currently not clear what the information content of such binary observations is and how we can use
them most efficiently to learn about model parameters.
In this paper, we therefore suggest a novel approach to use binary observations for the calibration of
urban drainage models based on rigorous statistical principles. The main innovation is a sound
5
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likelihood function which allows for parameter inference using binary signals. Coupled with an error
model, it also makes possible the explicit accounting of uncertainties in input variables and
uncertainties arising from model structure deficits.

Figure 1. Different types of low-cost sensors for sewer system monitoring. From top left clockwise:
i) Electrical switch at overflow crest (Rasmussen et al., 2008); ii) Motion detector at leaping weir
(Siemers et al., 2011); iii) Motion detector; iv) Flood float (www.123mc.com)
METHODS AND MATERIAL
A likelihood function for binary observations
To efficiently calibrate an urban drainage model, we must first construct a likelihood function. In our
case, this function describes the likelihood, given a parameter set for our drainage model and the error
model, of observing a set of binary signals. To be able to consider model structure deficits and input
errors, we follow the suggestions of Dietzel and Reichert (2012) and describe the true system response
𝑌𝑡 at time t with a deterministic model M, and stochastic process B, the so-called “bias” term:
𝑌𝑡 = 𝑀(𝜃, 𝑋𝑡 ) + 𝐵(𝜃, 𝑋𝑡 )

(1)

Here 𝜃 is the parameter vector and Xt is the input variable vector. The bias term B captures the
mismatch between system response and model predictions due to the uncertainty in input variables,
deficiency in the structure of model equations. Then, a likelihood function 𝑝𝑌 (𝐘⃓𝜃)for the continuous
system response 𝐘 = {𝑌𝑡1 , … , 𝑌𝑡𝑛 }, such as water level in a combined sewer overflow tank or
discharge, can be formulated. However when only a binary signal is observed 𝑌𝑡 can be written as Zt
such that:
𝑍𝑡 = {
6

1 Yt > 𝑦𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
0 𝑌𝑡 ≤ 𝑦𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

(2)
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The likelihood function for 𝐙 = {𝑍𝑡1 , … , 𝑍𝑡𝑛 } becomes
𝑢1

𝑢𝑛

𝑝𝐙 (𝐙⃓𝜃) = ∫ … . ∫ 𝑝𝑌 (𝑌𝑡1 , … , 𝑌𝑡𝑛 ⃓𝜃)𝑑𝑌𝑡1 … 𝑑𝑌𝑡𝑛
𝑙1

(3)

𝑙𝑛

where 𝑢 and 𝑙 are the upper and lower limits of 𝐘 respectively.
To have a convenient mathematical formulation, we describe B with a Gaussian process, which makes
𝑝𝑌 (𝐘⃓𝜃) a multivariate normal distribution. In addition, a Gaussian process is a suitable model for
the involved errors, because it can capture the autocorrelated differences between the simulation
results and observations which are usually found in hydrological applications.
Parameter inference, implementation and performance assessment
The parameters of the likelihood function in Eq. 3 are difficult to estimate due to the problem of
identifiability between M and B. Inference is possible if we include our prior knowledge on probable
parameter values in the analysis. And incorporation of prior knowledge is generally done in a
Bayesian framework.
Although the integrals in the likelihood function (Eq.3) are known to be analytically intractable for
normal distributions, a very efficient numerical solution has been suggested (Genz, 1992). We
implemented the inference in the programming language R (CRAN, 2015) and used the pmvnorm
function (Genz et al., 2015) to compute these integrals. The mode of the posterior can be estimated
with an effort comparable to the use of an informal objective function. Markov Chain Monte Carlo
(MCMC) methods are used for sampling from the posterior. Samples converge to the distribution and
allow for the computation of the moments and other statistics of the distribution. The best parameter
estimate is made by getting the parameter vector corresponding to the maximum posterior
distribution. Here, we assess the predictive performance of the model based on the Nash-Sutcliffe
efficiency (NSE) (Nash and Sutcliffe, 1970).
Catchment and data
We demonstrate the potential of the suggested technique by calibrating a rainfall-runoff model for
the small urban drainage system of Adliswil near Zurich. Adliswil is a small city that lies on the
western side of Lake Zurich. The catchment area has size of about 1km × 3 km. In a dedicated
monitoring campaign over 1.5 years we collected detailed rainfall information with a dense network
of 6 weighting rain gauges. Also, level and flow measurements were done in several manholes. As
our corresponding monitoring campaign is still ongoing, we transform the continuous readings into
binary observations by “detecting” an exceedance as all values above a threshold of 100 l/s (Figure
2, dotted horizontal line). Here, we only focus on the observations at the outlet of the catchment.
Model and inferred parameters
We model the urban drainage system of Adliswil with the semi distributed model - EPA SWMM,
version 5.1 (EPA, 2015). For our study case, SWMM employs a conceptual hydrologic model for the
runoff estimation in the small subcatchments and routes the discharge in the pipes using the dynamic
wave equation. The model has 101 sub catchments, 458 junction nodes, and 461 conduit links. We
chose ten SWMM parameters for estimation based on sensitivity analysis, which include i) the
7
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subcatchment imperviousness, ii) subcatchment width, iii) subcatchment slope, iv) manning
roughness of the subcatchment and v) manning roughness of the conduit. The other parameters are
related to the storages and weir heights.
Defining prior distributions
The prior distributions were defined based on the physical constraints of the calibration parameters.
Normal truncated distribution was used as priors and the mean of these distributions were chosen
based on expert opinion. This eliminates unrealistic parameter estimates and allows for the
incorporation of accumulated knowledge about a system like a drainage model. As it is challenging
to formulate the priors of the bias parameters, we have good experiences with defining them based
on preliminary analysis of residuals of past observation periods.
Numerical experiments and performance assessment
We perform two different numerical experiments. First, we compared the NSE of the model that has
been calibrated on the binary dataset to that which has been calibrated on the continuous data. Second,
we assessed the information content of different thresholds.
The second experiment is interesting, although in most real applications, binary sensors would detect
overflow events at a certain weir with given height, or a predetermined critical levels which for
example would lead to local flooding. In our case study, however, there is no such one critical
exceedance threshold and we could test how far the information content in the binary data depends
on the threshold of our binary sensor. In a real sewer, this would correspond to installing an electrical
switch, or motion sensor, at different heights in the cross-section. In the extreme cases, binary sensors
would never (or always) “detect” events by choosing an unrealistically high or low installation height.
First, we generated sixteen different binary data sets from the continuous observations by increasing
the threshold values from 0 to 300 l/s in increments of 20 l/s. Second, we estimated the best model
parameters from each of these data sets. Initially, to save computing time, we only evaluated the
prediction performance of the model, in terms of NSE, at the maximum of the posterior distribution.
To find the maximum, we used a general simulated annealing algorithm (Gubian, 2015). At this point,
we were only interested in the NSE and have not yet been assessing the coverage and sharpness of
the predictions achieved with the different binary datasets.
RESULTS AND DISCUSSION
In general, we find that the data from the binary sensors are informative. Thus, it is possible to learn
about model parameters (Figure 2. left) and the resulting posterior distributions (grey) are narrower
than the corresponding priors (dotted lines). The spread of posterior distribution captures the
parametric uncertainty. Numerically, we approximated the joint posterior distribution of the model
parameters and error parameters by drawing 5000 sampling from the posterior with an MCMC
algorithm (Chivers, C., 2012; Scheidegger, A., 2012; Vihola, M., 2012).
Interestingly, in our case study, the model can be calibrated almost equally well on the binary data
(NSE= 0.78) when compared to continuous data (NSE= 0.80) (Figure 2 right). This is the parameter
set which corresponds to maximum posterior probability density value from the sampled set (Figure
2 left); whereas the NSE from the optimization of posterior distribution is obtained using general
simulated annealing (Figure 3), which manages to only delivers local optima.
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The performance of model calibrated on binary data based on Nash efficiency seems decent, however
looking at the discrepancies between model results and continuous observations, it can be seen that
the binary data lose a lot of information regarding observed peak flows.
Apart from capturing the system behaviour we are also able to capture the parametric uncertainty
using the likelihood description (Figure 2. left). If the inferred parameters of the drainage model and
the error model are used for future predictions, the uncertainty arsing due to model structure deficits
and input will also be covered.

Figure 2. Left: Prior (dashed lines) distributions of urban drainage model parameters and error model
parameters (last two graphs). Posteriors (light grey) estimated from binary data. The y axis is the
probability density and the x axis shows the value of multiplicative parameters.
Right: Model predictions for the calibration phase based on continuous (thin black line), binary
observations (thin red line) and prior parameter values (dashed grey line). The continuous data are
plotted as black circles and the binary observations as a red horizontal and black line at the top of
figure. The dashed blue line depicts the threshold of the sensor, 100 l/s.
It is observed that the information content in a binary data time series first increases with increasing
threshold and then decreases. This is an expected result as less or no variability is captured by the
binary sensor towards low and high values of threshold. For a centrally located threshold, the binary
signals can calibrate a model pretty well (Figure 3.).
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Figure 3. Information content, expressed as Nash-Sutcliffe efficiency, of observations from binary
sensors with different detection thresholds
It is assumed that the binary signals 𝐙 are measured without error. Nevertheless, by distinguishing
between the observed binary signals 𝐙𝐨 and the “true” signal 𝐙, an observation model can be
introduced 𝑝𝐙𝐨 (𝐙𝐨 ⃓𝐙) which accounts for the uncertainty in binary observations. The likelihood
function requires marginalization over 𝐙 (Eq. 4)
1

1

(4)

𝑝𝜃 (𝜃⃓𝐙𝐨 ) ∝ ∑ … ∑ 𝑝𝐙𝐨 (𝐙𝐨 ⃓𝐙) ∙ 𝑝𝐙 (𝐙⃓𝜃)
𝑧𝑡1 =0

𝑧𝑡𝑛 =0

resulting in summing 2n terms. Even for moderate n this is likely to be not feasible. Alternatively,
samples from 𝑝𝜃 (𝜃, 𝐙⃓𝐙𝐨 ) ∝ 𝑝𝐙𝐨 (𝐙𝐨 ⃓𝐙) ∙ 𝑝𝐙 (𝐙⃓𝜃) could be generated. The marginalization is then
achieved trivially by ignoring the 𝐙 dimensions of the samples. However, this can be computationally
still challenging. Thus, the incorporation of observational uncertainty in binary sensors has been left
out for future research. Our analysis still helps in making a preliminary value judgement on binary
data in the context of calibration.
Apart from the potential for a reasonable parameter estimation, the use of binary likelihood function
allows for the quantification of uncertainty arising from the unknown parameters, input errors and
model structure deficits. Thus apart from the model predictions, we also get an indication of the
reliability of these predictions. We have not included the uncertainty estimates here as the emphasis
is on parameter estimation, but previous research shows (Del Giudice, 2013) that an autocorrelated
error process makes it possible to cover data well and produce reliable (albeit largely varying)
predictions using similar bias description
We repeated the same analysis as done above for level data only (instead of discharge) and it does
not produce as good a calibration as the data from a flowmeter. Nevertheless, it gives the expected
trend, where the model calibrated on continuous data is better than that calibrated on binary data,
which in turn is better that the model with prior estimates of the parameters. Theoretically, at least,
this relative performance of calibration should not depend on the system response variable and binary
data should provide information usable in parameter inference.
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Also, we are currently analysing real binary observations of level data from a dedicated monitoring
campaign that was conducted on a catchment in Lucerne, and in near future this analysis will be
repeated for binary observation collected from there.
CONCLUSIONS
In sewers, usually many more sensors than traditional flow and water level measurement devices are
available. Unfortunately, they often produce only binary observations, such as overflow detectors and
it has not been known how to efficiently use such measurements in parameter estimation. In this
paper, we present a statistically sound likelihood function which, for the first time, makes it possible
to efficiently extract the information content from the binary data in a probabilistic framework. Our
results, using Bayesian inference on a didactical example demonstrate that, although binary
observations are inferior to continuous measurements, they contain substantial information to
calibrate urban drainage models. As our models are always prone to deficiencies, we suggest to use
error models, such as autocorrelated stochastic processes, which make it possible to capture errors in
the model structure and input data.
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Abstract
The future reliability, resilience and sustainability of a number of catchment-scale drainage
strategies (including green and grey alternatives for the management of stormwater and wastewater)
is investigated in an integrated urban drainage case. Reliability, resilience and sustainability indexes
are defined by aggregating different performance metrics (flooding, water quality, CSOs, etc.) based
on the concept of regret. The results indicate that reliability and resilience are necessary but not
sufficient conditions for sustainability, highlighting the role of green infrastructure alternatives and
multi-concept srategies as opposed to large grey infrastructure schemes.
Keywords
future uncertainties, integrated urban drainage modelling, performance indicators, reliability,
resilience, sustainability.

BACKGROUND AND RELEVANCE
Emerging threats affecting urban areas now and in the future may significantly contribute to the
deterioration of the level of service delivered by critical infrastructure, such as urban drainage
systems. Climate change, population growth, urbanisation, and other threats could be particularly
damaging when simultaneously acting upon these systems. In addition to this, the uncertain nature of
these hazards and the unknown magnitude and extent of their impacts over the long-term may
question the robustness of conventional and alternative solutions to future changes (Urich and Rauch,
2014).
Under these circumstances, urban drainage infrastructure may be required to undergo adaptive
improvements in order to become less vulnerable to potential future conditions, whether these are
typical or extraordinary (Ferguson et al., 2013). Indeed, it is expected that urban drainage systems are
reliable, able to minimise failure and deliver a satisfactory level of service most of the time, while
behaving resiliently to reduce the damage when failure eventually happens (Butler et al., 2014). At
the same time, reliable and resilient systems should also pursuit sustainability in the long-term; that
is, to comply with operational objectives while not compromising economic, environmental and
social goals in the future. In this sense, drainage strategies that provide a high level of technical
performance (i.e. reliable and resilient strategies) may not necessarily be financially viable,
environmentally balanced (e.g. protecting the aquatic environment at the expense of other
environmental issues), or socially equitable.
Understanding the relationship between these operational (reliability and resilience) and strategic
(sustainability) goals becomes thus paramount to devise drainage strategies likely to be successful
now and in the future. However, there currently exists limited knowledge regarding the extent and
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qualities of such relationships, and while it seems reasonable to assume that reliability and resilience
are necessary conditions for sustainability, it is very challenging to ensure that these are maintained
over time and changing conditions.
MATERIALS AND METHODS
The present study approaches the problem of understanding these relationships from a performance
point of view, aggregating a range of indicators into reliability, resilience and sustainability indexes
(see Table 1). These indexes were evaluated in a case study facing a range of uncertain changes in
the future (i.e. climate change, population growth, urban creep, misconnected sewers, groundwater
infiltration, changing perceptions), represented in four scenarios.
Table 1: An example of category indicators used to define reliability, resilience and sustainability
indexes.
Category

Reliability index
Flood frequency
(annual events)

Resilience index
Flood volume (m3)
Flood duration (hours)

River DO

Annual events
<4 mg/l

Annual low (mg/l)
Duration (hours)

River AMM

Annual events
>4 mg/l

Annual high (mg/l)
Duration (hours)

Frequency of spills
(annual events)
Flood frequency
(annual events)
-

Annual spill (m3)
Duration of spills (hours)
Flood volume (m3)
Flood duration (hours)
-

Sewer Flooding

CSOs
River Flooding
Energy Use
Cost
Acceptability

Sustainability index
Affected properties
Material damage (£)
Impact to aquatic
resources
[6 h minimum (mg/l)]
Impact to aquatic
resources
[99%ile (mg/l)]
Aesthetic and health
impact of spills
Affected properties
Material damage (£)
Operational tCO2
Whole-life costs (£)
High-med-low

A comprehensive integrated model (Butler et al., 2008), comprising the main elements of the urban
wastewater system (i.e. sub-catchments, sewer network, treatment plant and receiving watercourse),
was employed to assess the impact of future scenarios on performance indicators and, subsequently,
on aggregated indexes. The concept of regret (Lempert et al., 2006; Savage, 1954) was introduced as
a measure of the relative failure of each alternative option in delivering reliable, resilient or
sustainable wastewater services within each performance category.
The integrated modelling framework consisted of the software platform SIMBA 6.0 (Ifak, 2007) and
the hydrodynamic sewer model SWMM 5.0, both coupled to model the integrated urban wastewater
system (including catchment, sewer network, wastewater treatment plant, and river models) during
one year of extended period simulation. This permitted detailed model representation of hydrologic
and quality processes in the catchment (rainfall-runoff generation), sewer hydraulics, physical and
biochemical treatment processes, as well as hydrologic and water quality processes taking place in
watercourses.
Several alternative strategies (mono-concept solutions) and combinations of alternatives (multiconcept solutions), aiming at the improvement of stormwater and wastewater management in the case
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study, were similarly tested for reliability, resilience and sustainability under each future scenario.
Among others, decentralised source control techniques (e.g. raingardens and bioretention planters)
and
centralised
conventional
schemes
(e.g.
pipe
rehabilitation
and
storage).
RESULTS AND DISCUSSION
 The results obtained suggest that the qualities of reliability and resilience are both positively
correlated to that of sustainability; however, these alone are not sufficient to ensure
sustainability. Higher levels of reliability were generally found to relate to higher resilience.
 In particular, large grey infrastructure schemes (CST in Figure 1), which resulted in high
reliability across scenarios (i.e. low regret scores in Figure 1), did not perform equally highly
in terms of resilience and sustainability (i.e. high regret scores).
 Instead, decentralised source control alternatives, such as roof disconnection using raingardens
(SCR) or a combination of decentralised and centralised strategies (H4; raingardens, sewer
separation and on-site wastewater treatment), provided a balanced performance between
reliability, resilience and sustainability regardless of future conditions.
1
0.9
Reliability Index

Resilience Index

Sustainability Index

0.8

Index Regret Score
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Figure 1. Mean reliability, resilience and sustainability indexes (calculated from four future
scenarios) obtained for a number of drainage strategies applied to the case study
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Abstract
This article presents an assessment of the quality of prediction of a Markov-based statistical sewer
deterioration model using the extensive CCTV dataset of a German city, Braunschweig.
Additionally, a sensitivity analysis has been performed in order to assess the influence of input data
availability on model performance. Results indicate that models are able to simulate quite accurately
the condition distribution of the network with deviations smaller than 1%. Results also indicate that
the performance of deterioration models is quite independent of the amount of CCTV data available
to calibrate the model. Even when using very few data (≈3%, i.e. 1000 inspections) to calibrate the
model, very good model performance can be obtained.
Keywords
Infrastructure management, sewer condition, deterioration modelling, sensitivity analysis

BACKGROUND AND RELEVANCE
Several infrastructure studies highlight the ongoing deterioration of assets in water and wastewater
systems (WERF, 2007). In order to support the planning of future investments, regular CCTV (Closed
Circuit Television) inspections are necessary to identify sewer failures. However, CCTV inspections
are time and fund consuming. As a result, inspection rates are generally very low and the condition
of only a small part of sewer systems can be known (ONEMA, 2012).
Since rehabilitation strategies are generally limited by the lack of information about sewer condition,
deterioration models have been developed to forecast the evolution of the system according to its
current and past condition. Several modeling approaches are now available but not commonly used
by sewer operators to support strategies (Kley and Caradot, 2013). Indeed, most of these models still
fail to show that they can adequately forecast future conditions (Ana and Bauwens, 2010; Scheidegger
et al., 2011). Furthermore, the data requirement in order to obtain reliable modelling results is still
unknown. In particular, most operators are concerned by the minimum amount of CCTV data required
and the relevance of using such models on their networks.
This article presents an assessment of the quality of prediction of a sewer deterioration model using
the extensive CCTV dataset of a German city, Braunschweig. Additionally, a sensitivity analysis has
been performed in order to assess the influence of input data availability on model performance.
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MATERIAL AND METHODS
Braunschweig is an ideal case study, since the entire sewer system (~36.500 pipes/1.370 km) has
already been inspected once and over 50% has been inspected at least twice. After data cleanup,
35.826 consistent CCTV inspections were linked to 25.787 sewer pipes.
The CCTV inspections were classified using the French classification methodology RERAU (Le
Gauffre et al., 2004), implemented in the software OctaVE. Aim of the methodology is to rank
inspected sewer pipes considering the emergency of rehabilitation needs. A structural condition grade
is assigned to each sewer segment (from manhole to manhole) on a four-grade scale (1 to 4, 4 being
the worst condition meaning that immediate rehabilitation is needed) (Figure 1).

Figure 1. Condition distribution of the 35,826 inspected sewers in Braunschweig. Please note that
this graph shows the condition distribution of the set of inspected sewers but not of the sewer system
itself: some sewers have been inspected several times.
On a second step, the deterioration model GompitZ (Le Gat, 2008) has been applied to simulate sewer
deterioration. GompitZ is a Markov-based statistical model developed within the European project
Care-S (Saegrov, 2006). Input data to the model are (i) condition class for each pipe and (ii) covariates
values for each pipe. Covariates are the factors that are suspected to drive the deterioration process.
It includes a list of pipe features (material, diameter, type of sewage) as well as environmental factors
(traffic load) (Figure 2). The model outputs for each pipe and each year a vector of condition
probabilities indicating sewer deterioration over time.
The sewer material, type (sanitary, storm, combined), diameter and depth were found to be the only
relevant covariates and thus included in the model (analysis based on significance of model
parameters, p-values, not shown here).
The general modelling procedure is to select a random amount of inspections for model calibration.
Another randomly selected dataset of inspections is used for model validation. The condition of each
pipe of the validation dataset is predicted at its year of inspection. Finally, predicted condition classes
are compared with observed condition classes from the inspections. To assess the influence of data
selection, 100 Monte-Carlo simulations were run using each time different randomly selected
calibration and validation data.
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Figure 2. Pipes and environment features available as possible covariates in Braunschweig
RESULTS
Results are shown in Figure 3b-3c and compared with inspection data in Figure 3a (inspected
condition distribution of the entire CCTV dataset).
 Figure 3b shows modelling results (predicted condition distribution) using 100% of data for
model calibration (i.e. 35,826 sewers) and 100% for model validation. The same dataset has
been used to calibrate and validate the model: aim is to assess a “best case” of model
performance for simulating the condition of the entire network.
13% of sewers have been simulated in condition 4. The deviation between predicted and
inspected condition 4 is very low (13% - 12.7% = 0.3%) indicating very good model
performance. A simple graphical analysis over time confirms that the model is able to reproduce
quite accurately the deterioration of the network.
 Figure 3c shows modelling results (predicted condition distribution) using only 3% of data for
model calibration (i.e. 1000 sewers, randomly selected) and 100% for model validation.
The average deviation between predicted and inspected condition distributions is still very low.
Even with very few data for calibration, the model is able to simulate the condition distribution
of the network with an average deviation of 0.5% for condition 4 (13.2% - 12.7%). Depending
on data selection, the percentage of sewers simulated in condition 4 ranges between 10.7% and
15.7% (95% confidence interval). Respectively, the deviation between inspected and simulated
condition 4 ranges from -2% to 3%.
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Figure 3. Inspected and predicted condition distributions of the network. Figure c) shows average
condition distribution from 100 Monte Carlo simulations. Whiskers show 95% confidence interval of
the amount of sewers in poor condition 4 (red). The number of sewers for each 10 years period is
indicated below the bars.
SUMMARY AND KEY FINDINGS
A deterioration model has been tested using the CCTV dataset of the city of Braunschweig in
Germany.
 Models are able to simulate quite accurately the condition distribution of the network with
deviations smaller than 1%.
 Results also indicate that the performance of deterioration models is quite independent of the
amount of CCTV data available to calibrate the model. Even when using very few data (≈3%,
i.e. 1000 inspections) to calibrate the model, very good model performance can be obtained.
Actually, model performance is almost similar by calibrating the model using 3% of data, i.e.
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1000 inspections and 100% of data, i.e. 35.826 inspections. A wide amount of inspection data
is not required to use successfully deterioration models, if inspections have been selected
randomly on the network. This can be achieved by performing random inspection on a small
part of the network.
These results are quite promising for the future use of deterioration models. Findings underline the
interest and the potential benefits of using deterioration models to support asset management
strategies.
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Abstract
The aim of this paper is the development and the validation of a particle tracking model to evaluate
the trapping efficiency of a settling tank. A solver able to calculate the trajectories of solid particle
in open-channel flow is created using the CFD software OpenFOAM®. Two new boundary
conditions for the interaction of the particles with sloping walls are implemented: one based on the
bed shear stress and one based on the bed turbulent kinetic energy. The numerical results are
compared with experimental data collected on a settling tank in laboratory. The numerical results
on the trapping efficiency are in good agreement with measurements. The solver is finally used to
evaluate the trapping efficiency of a cylindrical settling tank.
Keywords
Particle tracking; CFD; solid transport, open-channel flow, settling tank

INTRODUCTION
Lagrangian particle tracking for the modelling of solid transport and deposition in tanks has been
used in many studies over the past twenty years (Stovin & Saul, 1998; Adamsson et al., 2003;
Dufresne et al., 2009; Lipeme Kouyi et al. 2010; Vosswinkel et al., 2012; Yan, 2013). All these
authors coupled CFD modelling with experiments on physical models in laboratories or
measurements in real detention tank. The results are generally satisfactory both on settling efficiency
of the tank and on the spatial distribution of the deposits on the bed. However, the structures were
always flat-bottomed rectangular basins, whereas in our case we want to apply the lagrangian particle
tracking method to a cylindrical tank in which the slope of the bed varies between 0 and 90 degrees.
The objective of the study is the development of a numerical solver able to quantify the settling
efficiency of a cylindrical tank and the spatial distribution of deposits in it. The developments are
made using the free CFD software OpenFOAM®, and in particular the lagrangian library that provides
a wide range of models to build a particle tracking solver (OpenFOAM, 2014). The first step is the
creation of a solver to simulate the trajectories of the particles in an open-channel flow. Then, new
conditions are implemented to take into account the interactions of the particles with sloping walls
(deposition or resuspension depending on the local hydrodynamic conditions and the slope of the
wall). The results provided by the solver are then compared with the experimental data from Frey et
al. (1993) to validate the model. Finally the code is applied to evaluate the efficiency of a cylindrical
tank for rainwater pre-treatment.
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MATERIAL AND METHODS
The concentration of suspended solid in rainwater is usually low so the solid phase does not influence
the flow behaviour (Graf & Altinakar, 2000). An uncoupled approach between the flow field and
solid particles, named lagrangian particle tracking, can be used. The liquid phase is treated as a
continuous phase by solving the Navier-Stokes equations and the solid phase is modelled as discrete
particles by solving the Newton’s equation of motion.
Liquid phase modelling
The motion of a fluid can be described by the Navier-Stokes equations (Versteeg & Malalasekara,
2005). The flows considered in this study are turbulent so the equations are time-averaged using the
Reynolds decomposition for the instantaneous velocities and the instantaneous pressure (Reynolds
equations) and a turbulence model is used to describe the effect of the fluctuating velocities on the
mean flow. The isotropic turbulence model k-ω SST with standard wall functions have been selected.
The two-phases model Volume of Fluid (Hirt & Nichols, 1981) has been used in order to catch the
free surface.
Solid phase modelling
The trajectory of each particle is calculated by solving the Newton’s equation of motion (Eq. 1).
Indeed, knowing the force balance on a spherical particle (Maxey & Riley, 1983), it is possible to
determine the position and the velocity of each particle.
𝑚𝑝

⃗⃗⃗⃗⃗𝑝
𝑑𝑢
𝑑𝑡

= ⃗⃗⃗⃗
𝐹𝐷 + ⃗⃗⃗
𝐹𝑔

(1)

⃗⃗⃗⃗𝐷 is the drag force and ⃗⃗⃗
Here 𝑚𝑝 is the mass of the particle, ⃗⃗⃗⃗
𝑢𝑝 is the particle velocity, 𝐹
𝐹𝑔 is the
gravity and buoyant force. The complete expressions of the forces can be found in Dufresne et al.
(2009). A wide range of sub-models is available to complement the calculation of the trajectories, in
particular for the size repartition of the particle injected (fixed value, normal distribution or RosinRammler distribution) and for the dispersion of particles due to the turbulence in the carrier fluid
(stochastic dispersion using a discrete random walk model).
Particle tracking in open-channel flow
The classical use of the solver proposed by OpenFOAM® does not allow us to do particle tracking in
two distinct phases: some particles move from the water into the air which is physically impossible.
We therefore proposed a modification of the input data of the solver, i.e. the characteristics of the
carrier fluid in which the particles move (density of the fluid 𝜌𝑐 and viscosity of the fluid 𝜇𝑐 ). The
particle tracking simulations are based on the results of hydraulic simulations in open-channel flow
using the Volume of Fluid method. Thus the volume fraction α is known, it is equal to 1 in the water
phase and 0 in the air phase. This value is used to create the new following variables:
𝜌𝑐 = 𝜌𝑤𝑎𝑡𝑒𝑟 = 103 𝑖𝑓 𝛼 > 0.5 𝑒𝑙𝑠𝑒 𝜌𝑐 = 𝜌𝑎𝑖𝑟 = 1.4
𝜇𝑐 = 𝜇𝑤𝑎𝑡𝑒𝑟 = 10−3 𝑖𝑓 𝛼 > 0.5 𝑒𝑙𝑠𝑒 𝜇𝑐 = 𝜇𝑎𝑖𝑟 = 1.8 × 10−5
After these variable changes, the particles do not move in the air phase.
Particle-wall interactions
The trajectory of a particle can be calculated if the particle moves in the flow field. When it hits a
wall, a specific condition needs to be used to simulate the behaviour of the particle. Two conditions
are available in OpenFOAM® for the interaction between a particle and a wall: stick and rebound.
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For the stick condition, a zero velocity is assigned to the particle hitting the wall and the trajectory
ends. For the rebound condition, the particle is reflected in the flow field. In the first case, a particle
hitting a wall always settles, and in the second case, it is always reflected. These two conditions
cannot be used to simulate the resuspension of the particles. Adamsson et al. (2003), Dufresne et al.
(2009) and Vosswinkel et al. (2012) used a bed shear stress (BSS) condition to take into account the
resuspension of the particles. If the local BSS is inferior to a threshold value, the particle settles. If it
is superior, the particle is reflected in the flow field. Dufresne et al. (2009), Lipeme Kouyi et al.
(2010) and Yan et al. (2011) also used a bed turbulent kinetic energy (BTKE) to evaluate the
distribution of sediments on the bed. Similarly, if the local BTKE is inferior to a threshold value, the
particle settles; if not, the rebound condition is used. The main difficulty linked to the BSS and BTKE
boundary conditions is the choice of the threshold value. Adamsson et al. (2003) and Dufresne et al.
(2009) used a fixed value for the BSS threshold. The critical value was found around 0.03-0.04 Pa
according to Stovin and Saul (1996). Vosswinkel et al. (2012) used the Shields curve to calculate the
critical BSS for deposition depending on the properties of the particle. Dufresne et al. (2009) also
proposed a fixed value for the BTKE threshold by comparing the BTKE distribution with
experimental deposits location. Yan et al. (2011) introduced a variable BTKE threshold based on the
energy of the particles and calculated by (Eq. 2).
𝑘𝑐 = 𝜉. 𝑤𝑠2

(2)

Here 𝜉 is a fixed coefficient and 𝑤𝑠 is the settling velocity of the particle.
In order to take into account the resuspension of the particles hitting a wall, two new conditions are
implemented in the OpenFOAM® library: one based on the BSS condition and one based on the
BTKE condition.
BSS condition. Following the work of Vosswinkel et al. (2012), the BSS threshold is calculated using
the Shields curve which links the dimensionless critical shear stress θ (Eq. 3) and the grain Reynolds
number R* (Eq. 4). A convenient expression of this curve for numerical implementation was proposed
by Vanoni (1975) and can be expressed as (Eq. 5) and (Eq. 6).
𝜏𝑐

𝜃 = (𝜌
𝑅∗ =

(3)

𝑠 −𝜌)𝑔𝑑
𝑢∗ 𝑑

(4)

𝜈
𝜌

𝜌𝑠 −𝜌

𝛽 = [𝜇 √

𝜌

−0.6

𝑔𝑑 3 ]

(5)

𝜃 = 0.22𝛽 + 0.06 × 10−7.7𝛽
(6)
where 𝜏𝑐 is the critical bed shear stress, 𝜌𝑠 the particle density, 𝜌 the fluid density, 𝑔 the acceleration
of gravity, 𝑑 the particle diameter, 𝑢∗ the shear velocity and 𝜈 the kinematic viscosity of the fluid.
In addition, we implemented the correction of the critical bed shear stress 𝜏𝑐 for a sloping wall (Eq. 7)
as proposed by Loiseleux (2005).
𝜏𝑐,𝛽 = 𝜏𝑐 ×

sin(𝛽+𝛿)
sin(𝛿)

(7)
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With β the angle of the slope and δ the internal friction angle of the particle.
BTKE condition. Concerning the BTKE threshold, we used the relationship (Eq. 2) from Yan et al.
(2011) but changing the value of the coefficient 𝜉. The value of 𝜉 is not fixed but calculated for each
particle depending on the dimensionless diameter of the particle, defined in (Eq. 8), according to the
criteria proposed by Van Rijn (1984) for suspended load transport. The expressions for 𝜉 are given
in (Eq. 9).
1

𝑑∗ =
𝜉=

𝜌(𝜌 −𝜌)𝑔 3
𝑑 [ 𝑠𝜇2 ]

(8)

0.8421 𝑖𝑓 𝑑∗ > 10

{84.21
𝑑∗2

(9)

𝑖𝑓 1 < 𝑑∗ < 10

Both for the BSS condition and for the BTKE condition, a critical angle φc corresponding to angle of
internal friction of the particles was added to the particle/wall interaction model. If the angle of the
slope is greater than φc, the rebound condition is used. If the angle of the slope is less than φc, the
BSS (BTKE) condition is used.
RESULTS AND DISCUSSION
Experimental data
The previously developed solver is applied to four settling tanks for which experimental data are
available (Frey et al., 1993). Tanks considered consist of a sloping backward-facing step, a horizontal
bed and a full width rectangular weir as shown in Fig.1. Tanks are laterally delimited by two parallel
and vertical walls. Four different geometries were used in order to study the influence of length, depth
and slope (Table 1). Experiments were carried out for two discharges respectively of 1.1 l/s and 2.2 l/s.
For each configuration, five samples of fine sand (density 2.65) were injected at the inlet. The
granulometric curves relative to the five samples used for the experiments are presented on Fig. 2.
Each fraction is characterised by its median diameter d50. The values for d50 are respectively 51, 60,
70, 84 and 101 µm.

Figure 1. Geometry of the tank considered in Frey’s experiments
Table 1. Dimensions of the four tanks used in Frey’s experiments
Geometry
Length of the horizontal bed (cm)
Height of the weir (cm)
Width (cm)
Slope
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1
97
19

2
62
19

3
97
14

4
97
14

25°

20°

25
25°

25°
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Figure 2. Granulometric curves of the five samples
The authors measured the particles outgoing percentage (outgoing mass divided by injected mass) for
each experiment (different configurations and d50 samples). The results are shown in Figure 3. The
precision on the outgoing percentages was evaluated by the authors at about 5%.
Numerical results
Hydrodynamic modelling. The eight configurations (four geometries and two discharges) were
simulated using the parameters presented in the section Liquid phase modelling. The computational
grid was composed of 530,000 - 570,000 cells depending on the geometry. The simulations are
performed under steady-state as the inlet discharge is fixed. The inlet boundary was modelled using
an inlet velocity and the outlet boundary was set as an atmospheric pressure.
Solid transport modelling. The particle tracking model was applied to the eight configurations for
each sand sample. Five Rosin-Rammler particle size distributions were interpolated in order to
reproduce the experimental granulometric curves shown on Fig. 2. Ten thousand particles were
injected randomly at the inlet. The side walls and the weir were specified as rebound condition. The
new BSS and BTKE conditions were used on the bottom of the tank in order to compare their effect
on deposition and therefore on the settling efficiency. The forces taken into account to calculate the
trajectories were the drag force on a spherical particle, the gravity and buoyancy force. The influence
of the turbulence was taken into account using a stochastic dispersion model (discrete random walk
model).
The outgoing mass percentages for all experiments are displayed in Fig. 3 (one graphic correspond
to one geometry and one discharge). The numerical results using the BSS condition are in good
agreement with experiments (average gap of 5%) for the large diameters (size distribution d50=70,
84, 101 µm). For small diameters, the difference between the numerical results and experiments can
reach 23%. This difference can be explained by the high sensitivity of the critical shear stress to the
dimensionless diameter of the particle in left side of the Shields diagram (d* < 1). Using the BTKE
condition, the numerical results are closed to the measurements and generally inside the experimental
uncertainty bars for all the particle size distribution. The average gap is about 4% and does not exceed
8%.
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Figure 3. Compaison between numerical and experimental outgoing mass percentage

28

Isenmann et al.
Application to a cylindrical settling tank
The code is able to reproduce the trapping efficiency of a settling tank. The next step is to apply the
particle tracking model to a cylindrical tank in order to evaluate its settling efficiency for several
internal configurations and to identify the one that maximizes the settling in the tank. Due to a
contractual reason, the internal configurations that have been tested cannot be shown at this moment.
The methodology is presented on the cylindrical tank without any internal arrangements.
The tank consists of a horizontal cylinder with a diameter of 2.1 m and a length of 3.5 m as shown in
Fig. 4. The inlet and outlet pipes are located at a height of 1.75 m and 1.7 m respectively. The diameter
of these pipes is 0.3 m. The hydrodynamic simulations were carried out for two discharges
respectively of 30 l/s and 60 l/s. For these two configurations, five fixed sizes of particles have been
tested: 43, 60, 85, 147 and 210 µm. The particle density was 2,400 kg/m3; the corresponding settling
velocities were about 5, 10, 20, 40 and 70 m/h. Using the particle tracking model, it is possible to
evaluate the settling efficiency of the tank (intercepted mass divided by injected mass) depending on
the inlet water discharge and the settling velocity of the particle. The numerical results are shown on
Fig. 5. The same methodology can be applied to the tank with baffles and other arrangements within
the structure to quantify the improvement on settling efficiency.

Figure 4. Geometry of the cylindrical settling
tank

Figure 5. Trapping efficiency
cylindrical settling tank.

of

the

CONCLUSION
A numerical solver for lagrangian particle tracking in open-channel flow has been developed using
the CFD software OpenFOAM®. Two new conditions have also been implemented to take into
account the deposition or resuspension of a particle hitting a wall depending on the local
hydrodynamic conditions and the slope of the wall. The first condition is based on a critical bed shear
stress and the second is based on a critical bed turbulent kinetic energy. Thirty-four simulations have
been carried out. The numerical results have been compared to experimental data on settling
efficiency for four geometries, two discharges and five sand samples. A good agreement for mass
percentage trapped by the tank has been achieved by the model. The error was on average about 4%
using the BTKE condition.
The next objective is the application of the particle tracking model to the design of a cylindrical
settling tank for rainwater pre-treatment (internal configuration to maximize the settling within the
tank). The methodology that will be followed in order to compare different configurations has been
presented on the cylindrical tank without any arrangement within it.
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Abstract
This extended abstract addresses the results of a comparison of CFD simulation results with
experimental results to obtain a first insight about the ability of CFD as tool for wastewater pump
sump design. The comparison focusses on the prediction of surface vortices in wastewater sumps.
The experimental data for the comparison is obtained by conducting experiments in a real scale
experimental wastewater pump sump. The comparison shows that a simple single-phase CFD model
is able to predict the formation and location of strong free-surface vortices with adequate accuracy.
Application of a complex two-phase model seems unnecessary to obtain a first impression of the
presence and location of strong free-surface vortices. The ability of CFD to predict the presence of
vortices is related to the research conducted by the authors to investigate the ability of surface
vortices as a mechanism for the transport of floating pollution in a wastewater sump like fat and
scum. As an introduction to this research, this extended abstract also addresses the preliminary
experimental results on the interaction between an experimental surface pollution (sawdust) and
strong free-surface vortices. The experimental results show a first indication that the presence of the
pollution doesn’t affect the (transport) strength of the vortex although the observed shape of the
vortex decreases from type 4-6 to 1-2. This result gives support to an extensive future research on
the use of vortices as transport mechanism for floating pollution.
Keywords
Sump, floating pollution, vortex, experiments, CFD

INTRODUCTION
In the Netherlands, many wastewater pump sumps are dealing with problems due to significant
pollution by floating layers of fat and scum. The current guidelines for wastewater sump design (i.e.
ANSI/HI, 2012) to transport sediment and floating debris deals only for a limited number of sump
geometries like trench types. In general, the guidelines are more focussed on preventing poor flow
conditions at the pump inlet. As a matter of fact, applying the recommendations could even result in
an increment of floating layers of fat and scum. Therefore, research is being conducted by the author
on the formulation of new generic guidelines for wastewater sump design. These guidelines must
address the transport of (floating) debris on one hand and avoiding air-entrainment and poor flow
conditions on the other hand.
The authors have defined two hypotheses for the transport of floating pollution to the pump suction
inlet: 1) strong free-surface vortices as a transport mechanism and 2) suspended transport as
mechanism. This abstract focuses only on the first hypothesis. The presence of pollution is presumed
to influence the formation of free-surface vortices. Because experimental data on surface pollution
influenced vortices is scarce, extensive experimental research will be conducted in an industrial scale
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experimental test facility (Moens, 2008) to achieve knowledge on the interaction between floating
pollution and the formation, transitions and transport ability of strong free-surface vortices.
The experimental results will be used as a first step to develop for the formulation of the new
guidelines for the design of wastewater pumping stations. Furthermore, the experimental results will
be used to investigate the capability of computational fluid dynamics (CFD) as tool for optimized
wastewater sump design as described in the following section.
CFD as tool for optimized wastewater sump design
In the first design phase of a wastewater pump sump, it is important to realize that good flow
conditions at the pump inlet are a prerequisite for proper pump operation. Also, as a result of the
author’s definition of surface vortices as transport mechanism, the presence of vortices at specific
hydraulic conditions wants to be known. To obtain insight in these hydraulic phenomena’s physical
scale models or CFD can be applied. The use of CFD has the preference at first design stage as the
set-up of physical scale models will be expensive and time-consuming. However, what is obviously
missing is a validation of results obtained using CFD for waster sump design which is needed to
justify the use of it.
OBJECTIVE OF THIS EXTENDED ABSTRACT
This extended abstract addresses the results of a comparison of CFD simulation results with
experimental results to obtain a first insight about the ability of CFD as tool for wastewater pump
sump design. The comparison focusses on the prediction of surface vortices in wastewater sumps
influenced by the characteristic hydraulic conditions as present in wastewater pump sumps. Also, this
abstract addresses some preliminary experimental results on the interaction between surface pollution
and surface vortices as an introduction on the research to the ability of surface vortices as a transport
mechanism.
EXPERIMENTAL TEST FACILITY
Set-up
The experimental test facility consists of a pump sump with submersible pump and an upstream
reservoir, both made of concrete. The sump has a rectangular geometry of 1.5 m by 1.5 m and 3.3 m
high. The sump bottom is flat without fillets or flow regulating measures like splitters or cones. The
sump is connected by a Ø600 mm concrete inlet to the upstream 3 m by 3 m reservoir. The pump
discharges into the the reservoir. The experimental set-up acts as a loop providing a constant water
depth (whereas the water depth is an governing experimental parameter). Figure 1 shows the front
and side view of the facility.
The facility is equipped with a Flygt type 3153.181-412 submersible wastewater pump providing a
flow rate of 50 to 400 m3/h. The flow rate is controlled by a combination of a frequency converter
and control valve. The flow is measured with a Krohne Aquaflux F DN300 electromagnetic flow
meter. The sump water level is measured by a Vegason 61 ultrasonic sensor. The discharge pressure
is measured by an Endress+Hauser PMC131-AR1 pressure sensor. The water surface profile is
recorded by a D-link DCS-2310L outdoor camera located at the top of the pump sump providing HD
resolution (1280 x 720) images and video’s. The camera records at real time with a maximum
recording rate of 30 frames per second (30 fps) which is suitable for image processing.
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To measure the amount of entrained air by the pump due to the air entraining strong free-surface
vortices, an 2 m Ø250 mm vertical acrylic pipe is mounted on the horizontal part of the discharge
line. On top of the acrylic pipe there is an air-released valve and an Endress+Hauser PMC131-AR1
pressure sensor.
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Figure 1 Side and front view of facility: 1) pump sump; 2) pump; 3) flow meter; 4) inlet conduit; 5)
hydraulic gate in overflow sill; 6) measurement of entrained air; 7) controle valve; 8) ultrasonic sensor
for water level measurement; 9) outflow; 10) reservoir; 11) pressure sensor; 12) HD outdoor camera

Figure 2. Photo's of experimental test facility. Left: top view of pump sump with at the right side the
Ø600 mm inlet conduit; Right: upstream reservoir with part of discharge lin
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Experimental procedure
The experimental set-up is able to create strong free-surface vortices with strength 4-6 at different
combinations of flow rate and water depth. To make a comparison between the CFD-results and
experimental data at flow conditions which are realistic in wastewater sumps, the hydraulic conditions
are set to create a jet-shaped inflow from the circular inlet. The flow rate is set to 275 m3/h by a water
depth of 0.93 m. When a sufficient stable strong free-vortex is present, a camera snapshot is made of
the water surface which is used to made the comparison between CFD-results and experimental
results.
The research to the effects of floating pollution on free-surface vortices is conducted at the same
hydraulic conditions. At a sufficient stable vortex, the water surface is suddenly ‘polluted’ by a layer
of fine sawdust acting as a surface pollution. The interaction between the sawdust and the vortex is
recorded by camera for visual observation of the interaction. To prevent inaccuracies or uncertainties
in the visual observations, the experiment is repeated several times at same conditions
CFD-MODEL SET-UP
The pump sump is modelled with the commercial CFD-package STAR-CCM+. The model exists of
a hexahedral mesh with about 1.2 million cells of 2.5 cm. Figure 3 shows the mesh of the model
including the circular inlet, the submersible pump with electro motor, pressure line, stairs and guide
bars. The modelling of these obstacles is essential because they disturb the stream pattern which
influences the formation of strong free-surface vortices.
A single-phase calculation method is utilised in which the interface between water surface and air is
modelled as a slip-wall. The boundary condition comprises a pressure boundary at the inlet conduit
and a mass outflow at the pump pressure line. The k-ϵ and k-ω model are both used as turbulence
model providing the same results.

Figure 3. CFD model mesh of experimental pump sump. The mesh includes the circular inlet, the
submersible pump with electro motor, discharge line, stairs and guide bars.
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COMPARISON OF CFD RESULTS WITH EXPERIMENTAL RESULTS
At the hydraulic conditions of a flow rate of 275 m3/h and a water depth of 0.93 m water depth, the
experimental test facility shows a sufficient stable vortex with strength of 4 to 6 (ANSI/HI 2012), see
the top left picture in Figure 4 The CFD simulation results also shows a surface vortex near the same
location, see top right and middle left picture. The picture of the 3D streamlines also shows a clear
presence of a strong surface vortex. The predicted surface stream lines are more stratified than the
flow patterns observed in the experimental set-up. This is a result of the single-phase approach which
does not model the effect of the turbulent water surface due to the jet-shaped inflow. To take this
effect into account, the simulation should be carried out with a complex two-phase model.
Conclusion
To predict the formation of strong free-surface vortices at highly turbulent water surfaces like
occurring in wastewater pump sumps, the use of a two-phase CFD-model is preferable because it
accounts the interaction between the interface water-air that affects the turbulence. However, the use
of CFD as a modelling tool with a single-phase approach can be very effective to obtain a first
impression of the formation and location of strong free-surface vortices at severe hydraulic conditions
like a jet-shaped inflow from circular inlets in wastewater sumps.

Vortex formation in experimental test facility

Streamlines at the water surface

Velocity vectors at water surface

3D streamlines with origin at the surface

Figure 4. Experimental and CFD results
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EXPERIMENTAL RESULTS ON THE INTERACTION BETWEEN POLLUTION AND
STRONG FREE-SURFACE VORTICES
Figure 5 shows the preliminary experimental results of the interaction between surface pollution and
the strong free-surface vortex at different moments. At the moment of 7 s after obtaining a sufficient
stable strong vortex of type 4 to 6 (VT 4-6), a certain amount of sawdust is gently poured on the water
surface, see picture at T = 7 s. The experimental results show a tendency that the surface pollution
(fine saw dust) affects the vortex form. Based on visual data of multiple experiments under equal
conditions, the vortex seems to change from VT 4-6 to VT 1-2 with a surface swirl and a varying
presence of a dimple, see pictures at T = 16 s and T = 22 s. On the other hand, after the visually
assessed transition from VT 4-6 to VT 1-2 the vortex seems to continue transporting pollution to the
suction inlet because of an (visually observed) decrease in the floating pollution, see pictures T = 22
s to T = 45 s. This can be an indication that beneath the water surface, the vortex maintains his
strength whereas the visual observation shows a decrease in strength. However, in this stage of the
research, this cannot be confirmed because of the inhomogeneous character of the used pollution with
particles becoming in suspension.
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T=0s

T=3s

T=7s

T = 11 s

T = 16 s

T = 22 s

T = 25 s

T = 34 s

T = 45 s

Figure 5. Preliminary experimental results of the interaction between pollution and free-surface
vortices
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CONCLUSION
Based on the executed experiments, the preliminary conclusions can be drawn that the presence of
floating pollution affects the visual shape of the strong free-surface vortex into a vortex shape of
decreased strength. Regardless of the presence of this visual transition, there is an indication that the
vortex maintains his strength for the transport of pollution to the pump suction inlet. Extensive future
research will be executed by the author to investigate the ability of strong free-surface vortices as a
mechanism for the transport of floating pollution.
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Abstract
Hydrogen sulfide is produced by sulfate reducing bacteria, which are mainly associated with the
biofilms covering the surfaces in rising mains. This means that the area-volume ratio (A/V) is one
of the key parameters in modelling the formation of hydrogen sulfide as this indicates the relative
contribution between biofilm and wastewater processes. The A/V is naturally related to the pipe
diameter. A high A/V is associated with small pipe diameter, and would lead to a high contribution
from the biofilms and hence potential for high hydrogen sulfide formation. However it would also
decrease the residence time of the wastewater, which would tend to decrease the amount of hydrogen
sulfide formed. This study quantifies the importance of the pipe diameter and pumping strategy for
optimal design for rising mains, to minimise hydrogen sulfide production, either to improve the life
time for the downstream sewer structures or to minimise the potential chemical dosing needed in
the rising mains. The model results from this study shows optimal diameter options for both existing
rising mains in terms of minimum hydrogen sulfide formation.
Keywords
Corrosion, Flow, Hydrogen sulfide, Odour, Pumping, Rising main.

INTRODUCTION
The formation of hydrogen sulfide is a universal and frequent problem in urban drainage system
(Nielsen et al., 2008). Hydrogen sulfide causes problems such as odour and corrosion of sewer pipes,
and costly remediation techniques are used to mitigate these problems (Zhang et al., 2008). Hydrogen
sulfide is produced by sulfate reducing bacteria, which are mainly associated with the biofilms
covering the submerged surfaces in wastewater in sewer pipes (Jiang et al., 2009). Thus, the
area/volume ratio (A/V) defines the relative contribution of biofilm and wastewater processes on the
formation of hydrogen sulfide. The formation of hydrogen sulfide in sewer systems has been
intensively studied, and different modelling tools have been developed (Matias et al., 2014). As the
starting point for conceptual models of sewer systems, the WATS model is a commonly used
modelling tool, initially developed by Hvitved-Jacobsen et al (1998) and regularly extended, for
example, by Nielsen et al (2005) to include the sulfur cycle. Further models were developed based
on WATS such as SeweX which implements different kinetic equations for the formation of hydrogen
sulfide (Sharma et al., 2008). The WATS model assumed that the formation of hydrogen sulfide does
not consume organic substrates, however, the kinetic equation does depend on the concentrations of
organic substrates, which involves the parameters of organic matters in the equations. Aqua3S model
has been developed to implement the WATS model which uses the kinetic equations for sulfide
formation from the SeweX model (Donckels et al., 2014). This study indicates the most sensitive
parameters for model prediction sewer processes such as the maximum sulfide formation rate.
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Based on field studies a number of factors have been identified as influencing the formation of
hydrogen sulfide in sewers (Sharma et al., 2008). These can be summarised as: the flow rate of
wastewater; soluble organic matter concentrations; sulfide concentration; temperature and pH, and
whether oxygen is present. Compared to the findings of Sharma et al, Freudenthal et al (2005) and
Hvitved-Jacobsen et al (2013) suggested flow rate, COD and sulfide concentration were the key
factors. The COD and sulfide concentrations in wastewater fluctuates within certain ranges. Typical
COD concentrations in the United States, Europe and Australia sewer networks have been shown to
vary between 200 and 800 gO2·m-3, 5 – 15 gS·m-3 for sulfide concentration in municipal wastewaters
(Hvitved-Jacobsen et al., 2013). The flow rate of wastewater controls the residence time or hydraulic
retention time (HRT) of wastewater in a sewer (Mohanakrishnan et al., 2009). In general, higher
COD, sulfate concentration and longer HRT result in higher sulfide generation. Traditional mitigation
techniques such as chemical dosing and oxygen injection are costly for long term sulfide
management. In terms of manipulating the flow of wastewater, the available techniques include pump
control strategies and optimising dimensions of sewer pipes (Read, 2004).
The wastewater flow pattern in catchments generally peaks in morning and evening periods and
comes to a relative low flow at night; it normally results in high sulfide generation overnight and low
sulfide generation during morning and evening peak times (Vollertsen et al., 2011a, Vollertsen et al.,
2011b). The result tells the flow rate of wastewater is the hydraulic element effecting the formation
of hydrogen sulfide. Sun et al (2015) confirmed that low flows are linked to high sulfide generation
and also showed that reduction in morning and evening peak flows will result in increased sulfide
production. Methods to change the wastewater flow conditions in sewers have been used such as the
commonly implemented sewer storage tanks (Dufresne et al., 2009) and various pump control
strategies (Ostojin et al., 2013). The flow pattern can be manipulated through these methods and
simulated by models or be reported by on-site monitoring tools (Nguyen et al., 2009). These flow
control methods can be not only used for improving the hydraulic conditions of sewer systems, but
potentially also for hydrogen sulfide mitigation.
Conceptual in-sewer process models are based on equations and parameters which are originating
from experiments and field works. Some of the parameters are found to be highly sensitive in model
predictions. Donckels et al (2014) carried out a global sensitivity analysis on determining the most
important model input factors, this showed that the diameter and length of a rising main are attributed
to the highest uncertainty class. Compared to the stochastic modelling study by Vollertsen et al
(2005), both studies indicated heterotrophic biomass (XHw), readily biodegradable substrates (SS),
fermentable substrates (SF), fermentation products (SA), and maximum sulfide formation rate as being
highly sensitive and influential in terms of aerobic biomass transformation and the anaerobic
formation of hydrogen sulfide.
MATERIALS AND METHODS
Concept for model set-up
The aim of this study is to assess the effect of pipe diameter and pump control strategies on the
hydrogen sulfide build-up in a rising main. The concentrations of hydrogen sulfide at the end of the
rising mains and the total hydrogen sulfide formation have been compared on different diameter rising
mains. This paper is based on the model results from two small catchments in England, UK, which
will be termed A and B. Catchment A has a population of 3600 and 14900 in Catchment B, shown in
Figure 1. Output flow data include gravity inflows into the wet well, upstream wet well flow and flow
in the rising main. The flow data at the downstream outlet from the catchments was generated using
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verified InfoWorks CSTM hydraulic models. Rising main flows were generated based on InfoWorks
inflows to the wet well and the previously described switching levels and pump flow rates. From GIS
data, the length of the rising mains are 3600 m and 4200 m respectively. The chemical and biological
processes in the rising mains have been modelled in MATLAB Simulink®. The stoichiometric and
kinetic equations for sulfide formation from WATS and SeweX model were used to compare the
effects and results on sulfide generation (Sharma et al., 2008, Hvitved-Jacobsen et al., 2013).
Wastewater COD parameters used were from Danish and German sewers (Vollertsen et al., 2005).

Figure 1. Layout of study catchments and rising mains with flow recording locations
Figure 1 illustrates the two study rising mains in the two catchments. Rising main A follows a
pumping station from catchment A and connects to a gravity sewer in the downstream. Rising main
B follows the main trunk gravity sewer from catchment B and connects to the wastewater treatment
plant. The two circles indicates the flow recording points for the two catchments. In catchment A the
flow was recorded in the wet well before rising main A. In catchment B, the flow was recorded at the
end of the gravity sewer before rising main B.
Redesign pumping stations
At the pumping station in catchment A, two gravity sewers flow into the wet well. The InfoWorks
results show the flow is immediately upstream of the wet well and appears to become surcharged
when the wet well fills up. The pump is operating almost constantly during the morning
corresponding with the pump discharge only being a little higher than the peak daily inflow. In order
to test different pumping operations and avoid surcharge, the pump is redesigned for this study. The
average dry weather flow into wet well A and gravity sewer B are 0.0088 m3·s-1 and 0.056 m3·s-1
respectively. The dimension of the pump stations were redesigned based on the dry weather flows.
The redesigned wet well A has an inner diameter of 1.13m; the pump switching on level is 1.89 m,
switching off level 0.3 m. GIS shows the pump in catchment A had an original pump switching levels
on: 79.55 m AOD (Above Ordnance Datum); off 79.04 m AOD. The redesigned pump in Catchment
B has a 10.08 m3 switch on/off volume wastewater. The redesigned outflows of the two pumps are
0.018 m3·s-1 and 0.112 m3·s-1 respectively. Current on-site pipe diameter of rising main A is 0.1 m;
the diameter of rising main B is 0.4 m.
Selection of rising main pipe diameter
To investigate the effect of different area / volume (A/V) ratios and HRTs, five different diameter
pipes were investigated on each of the rising mains. The selection of the pipe diameters was based on
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the flow velocity of wastewater in sewers which should be less than 3 m·s-1 to avoid hydraulic damage
(Read, 2004). The diameters investigated were in steps of 0.05 m, for rising main A the range was
from 0.1 to 0.3 m, giving an A/V ratio of from 13.3 to 40 m-1; and for rising main B from 0.25 to 0.45
m, giving an A/V ratio of from 8.89 to 16 m-1.
Comparing kinetic equations of sulfide formation in process models
Different kinetic equations of sulfide formation from the WATS and SeweX model have been
compared. The temperature coefficient in WATS model has been set up to 25oC in order to correspond
with the same temperature in the SeweX model.
Table 1. Kinetic equations and rate coefficients for the formation of hydrogen sulfide
Kinetic equations
WATS a
SeweX b
a

Rate coefficient

𝐾𝑜 𝐴 (𝑇−20)
𝑟𝑎 = 𝑎√𝑆𝐹 + 𝑆𝐴 + 𝑋𝑆1
𝛼
𝐾𝑂 + 𝑆𝑂 𝑉
𝑆𝑆𝑂4
𝐾𝑂2
𝑆𝐹𝐶𝑂𝐷 + 𝑆𝑉𝐹𝐴
𝐴
𝑆𝐹𝐶𝑂𝐷
𝑘𝐻2 𝑆
𝐾𝑠𝑓 + (𝑆𝐹𝐶𝑂𝐷 + 𝑆𝑉𝐹𝐴 ) 𝐾𝑆𝑂4 + 𝑆𝑆𝑂4 𝐾𝑂2 + 𝑆𝑂2 𝑉 𝑆𝐹𝐶𝑂𝐷 + 𝑆𝑉𝐹𝐴

Hvitved-Jacobsen et al., 2013

b

Sharma et al., 2008;

c

Tanaka et al., 2000;

d

a = 0.001 ~ 0.1 c
𝑘𝐻2 𝑆 = 1.36 ± 0.16
d

Guisasola et al., 2009

Table 1 shows the kinetic equations and rate coefficients for sulfide formation process in WATS and
SeweX model. There is a calculating difference on the equation parameters and rate coefficients. A
comparison has been implemented on the two model equations and rate coefficients for the variation
of hydrogen sulfide concentration.
Model implementation and integrations
The transformation of organic substrates and the formation of hydrogen sulfide processes were
simulated using the WATS process model. Table 2 shows the WATS model matrix processes. The
output flow data of the pump operation was fed into the process model to simulate the variation of
sulfide concentration with the change of flow. Different dimensions of the rising main was compared
on change of hydrogen sulfide concentration. The output time interval from Infoworks is 1 second.
The concentration of hydrogen sulfide and total generation at the end of the rising mains was
simulated in process model as a time interval of 60 seconds, the time interval is needed for model
stability. The COD concentration of wastewater used in the process model were collected from a
dataset based on 109 samples from five different locations (Vollertsen et al., 2005). An average COD
concentration of 450 gCOD·m-3day-1 with a COD fraction (XHw 12.5%; SS 7.5%; XS1 28%; XS2 52%)
was used to investigate the five different pipe diameters. The effect of pipe diameter on sulfide
formation was also modelled under extreme COD concentrations. A COD mass-balance check had
been implemented for model validation.
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Table 2. WATS model matrix expression of the processes in rising mains
Process
Growth of biomass in bulk water
phase
Growth of biomass in biofilm
Maintenance energy requirement
Hydrolysis, fast
Hydrolysis, slow
Reaeration
Decay of biomass, XHw
Fermentation in the water phase
H2S formation

XHw

Ss

1

-1/YHw

1
-1

-1/YHf

-1
1
1

XS1

XS2

-SO

SF SA S(-II) SSO4

(1 –
YHw)/YHw
(1 – YHf)/YHf

1
-1

1
1

-1
-1

-1

1
-1

1
1

-1

Sensitivity analysis on model predictions
A sensitivity analysis has been carried out to identify the most influential parameters based on the
previous literature sensitivity analysis studies. Heterotrophic biomass and readily biodegradable
substrates were identified as the most sensitive parameters on the hydrogen sulfide concentration
through Monte Carlo simulations. The sensitivity and uncertainty analysis of model parameters was
also compared between WATS and SeweX model for the different sulfide formation kinetic
equations.
Pumping control strategies
The operation of pumps is essential because it controls all the flows in the rising main which results
in the different wastewater residence time and transformation. Different pump switching frequencies
were compared for the effects on the formation of hydrogen sulfide. It was designed different pump
operation frequencies with relative pump switching on and off levels. The pump operation has been
set to 10 start/stops per hour as standard frequency for modelling. A 5 and 20 start/stops per hour
pump operation frequency was also simulated for the redesigned pump station of Catchment A and
B pump stations. The three different pump operation frequencies were compare on the influence of
hydraulic retention time and sulfide formation. The operation strategies of pumps can be potentially
used to interact with the retention capacity of sewer systems and available storage facilities at
probable locations.
RESULTS AND DISCUSSION
The output flow data of Catchment A from InfoWorks include gravity flows, wet well flow, upstream
wet well flow and flows in the rising mains. Only the wet well out flow was used for model
simulations. The flow data recorded at the two catchment locations were plotted in Figure 2.
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Figure 2. Dry weather flows in catchment A and catchment B at the locations marked in Figure 1
Figure 2 shows the modelled dry weather flows from the two catchments being studied, in catchment
B it can be seen that in addition to gravity flows there is an upstream pump, shown by the spikes in
flow rate. The flow in the rising mains is not constant due to pump operations. The pump is operating
almost constantly during the morning corresponding with the pump discharge only being a little
higher than the peak daily inflow. During the night the average residence times would be longer due
to the intermittent flow from the pump. The Catchment B is the flow in the main trunk sewer pipe at
the end of the catchment B, and which is connected to the wastewater treatment plant. The operation
of pumps is based on the inflows and it is related to the flows in rising mains.
Table 3. Average hydraulic residence time and A/V ratio on two rising mains with different
diameter pipes
Rising main Catchment A
Pipe
Average A/V
Flow
diameter
HRT
velocity
(m)
(hour) (m-1)
(m·s-1)
0.1
0.68
40.00
2.25
0.15
1.50
26.67
1.02
0.2
2.67
20.00
0.56
0.25
4.20
16.00
0.36
0.3
6.02
13.33
0.25

Rising main Catchment B
Pipe
Average A/V
Flow
diameter
HRT
velocity
(m)
(hour) (m-1)
(m·s-1)
0.25
0.77
16.00
2.29
0.3
1.10
13.33
1.59
0.35
1.50
11.43
1.16
0.4
1.97
10.00
0.89
0.45
2.51
8.89
0.70

Table 3 shows the average hydraulic residence time in rising mains of different diameters with a
pump operation of 10 starts an hour. It can be seen that the change of residence time in larger pipes
is less substantial than that in smaller pipes. The velocity of wastewater in the rising mains are
between 0.25 m·s-1 to 2.25 m·s-1 on the pipe diameter from 0.1 m to 0.3 m; and between 0.7 m·s-1 to
2.29 m·s-1 on the pipe diameter from 0.25 m to 0.45 m. The influence of pipe diameter on A/V ratio
is significantly decreased for larger pipes. The A/V ratio of 0.1 m, 0.15 m, 0.2 m diameter pipes varies
in a quite range. It changes smoothly after 0.25 m pipes.
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Figures 3 and 4 each compare sulfide formation results from the WATS (a) and SeweX (b) models
for rising mains A and B respectively for a 24 hour period. It can been seen from Figure 3, that the
sulfide concentrations predicted by the two models for the rising main in Catchment A are
significantly different. This is because in the SeweX model, the sulfide formation equation takes into
account the change of organic substrates and sulfate concentration, and the rate coefficient for the
equation is considerably different from the one in WATS model.
a

b

Figure 3. The variations of H2S concentration in a day on different diameter pipes at the end of the
rising main in Catchment A. a: WATS; b: SeweX
Figure 3 also illustrates the variation of hydrogen sulfide concentration on different diameter rising
mains. Figure 3a shows a hydrogen sulfide concentration varying between 5 and 6 gS·m-3. Sulfide
concentration fluctuates a lot depends on time and location. Hvitved-Jacobsen et al (2013) model
results from WATS shows hydrogen sulfide gas concentration varies between 0 – 8 ppm, 0 – 15 ppm,
and 15 – 16 ppm in different sewers. A higher sulfide concentration was observed in graph B with
the SeweX sulfide formation equations. A maximum sulfide production rate of 10 gS·m-2day-1 was
obtained in the study of Sharma et al (2008).
a

b

Figure 4. The variations of H2S concentration in a day on different diameter pipes at the end of the
rising main in Catchment B. a: WATS; b: SeweX
It can be seen from Figure 4, that apart from the similar variation trend to sulfide concentrations in
rising main A, the most significant difference is that sulfide concentrations in both the 0.4 m and
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0.45m diameter pipes calculated to be higher than to 0.25 m, 0.3 m and 0.35 m diameter pipes which
showed very similar sulfide concentrations.
The formation of hydrogen sulfide under extreme conditions was also simulated on 0.1 m and 0.3 m
diameter rising mains A; 0.25 m and 0.45m diameter rising mains B with low (30 gCOD·m-3) and
high ( 150 gCOD·m-3) heterotrophic biomass and readily biodegradable substrates concentrations.
a

b

Figure 5. Sulfide formation on extremely high and low organic substrates concentration in different
diameter pipes. a: Both high and low organic subs. in 0.1m and 0.25m pipes; b: In 0.3m and 0.45m
diameter pipes
Figure 5 shows the formation of hydrogen sulfide concentration changes with high and low
heterotrophic biomass (XHw) and readily biodegradable substrates (SS). These parameters were
identified in the sensitivity analysis to have a high influence on the formation of hydrogen sulfide and
both resulted in higher hydrogen sulfide concentration compared to a low concentration of XHw and
SS. Model results showed the effect of SS was greater than that of XHw. Figure 5a also shows the
hydrogen sulfide production in 0.1m diameter pipe is similar to that in 0.3 m diameter one in Figure
5b when the wastewater is both low in XHw and SS concentration. While if the wastewater composition
is both high in XHw and SS, a large diameter pipe with small A/V can also result in high hydrogen
sulfide formation. The variation trends from Figure 5a are all the same as them in Figure 5b, only the
time for maximum and minimum sulfide concentration appears delayed due to longer HRT.
The total hydrogen sulfide produced in different diameter pipes and the potential amount of hydrogen
sulfide could be removed if replace with the optimise diameter pipe was simulated summarised below.
Figure 6 shows the total hydrogen sulfide produced in different diameter rising mains. Model results
demonstrates both rising mains have optimal options on pipe diameter for less sulfide production. It
can be conclude that for rising main A in catchment A with an original pipe diameter of 0.1 m would
have the least sulfide formation if it could be replaced with a 0.15m diameter pipe. It would produce
13 g (WATS) or 91.5 g (SeweX) H2S less per day than the original 0.1 m pipe. For rising main B, It
would significantly reduce 714.8 g (WATS) or 4111.5 g (SeweX) H2S production per day if the
original 0.4 m diameter pipe would be replaced by a 0.35 m one. It is noticeable in the catchment B
scenario, the model results shows that the original 0.4 m diameter rising main got exactly the most
sulfide production in a day compared to other diameter pipes due to the combination of relative high
residence time and A/V ratio. The effect of pipe diameter on sulfide formation in rising mains is more
significant for larger catchments in the aspect of total sulfide production.
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▲ A/V, m-1; ● HRT, h
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Figure 6. Sulfide formation in different diameter pipes. a: Rising main A; b: Rising main B

a

b

Figure 7. Variation of sulfide concentration with different pump operation frequencies (WATS
model). a: Catchment A; b: Catchment B
Figures 7 indicate the comparisons of total sulfide production between different pump operations
simulated with the WATS model. Results shows the effect of the pump operation is less substantial
than the effect of pipe diameter on sulfide formation. It is difficult to conclude which is the optimised
pump operation frequency, the minor differences are also within the model uncertainties.
CONCLUSION
This study provided a theoretical simulation results of the effect of pipe diameter on the formation of
hydrogen sulfide in rising mains. The model results on two catchments showed that there potentially
is an optimal pipe diameter selection which results in reduced sulfide formation, which was larger
than what was currently present in Catchment A, but smaller than the current diameter in Catchment
B. The effect of pipe diameter is more significant on large catchment in terms of total hydrogen
sulfide formation. It delivered a general view that the designers can consider potential hydrogen
sulfide formation as well as hydraulic performance when selecting pipe diameter for rising mains.
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NOMENCLATURE
XHw
SS
XS1
XS2
SO
SF
SA
S(-II)

Heterotrophic biomass
Readily biodegradable substrates
Fast hydrolysable substrate
Slow hydrolysable substrate
Dissolved oxygen
Fermentable substrate
Fermentation products
Dissolved sulfide

g COD m-3
g COD m-3
g COD m-3
g COD m-3
g O2 m-3
g COD m-3
g COD m-3
g S m-3

SSO4
a, 𝒌𝑯𝟐𝑺
α
KO, KO2
KSO4
Ksf
SFCOD
SVFA

Sulfate in wastewater
Sulfide formation rate coefficient
Temperature coefficient
Saturation constant for DO
Saturation constant for sulfate
Saturation constant for SS in biofilm
Fermentable COD
Volatile fatty acids

g S m-3
g S m-2
-g O2 m-3
g S m-3
g COD m-3
g COD m-3
g COD m-3
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Abstract
The paper demonstrates a method for predicting air-water mass transfer of volatile compounds of
both high and low volatility at sewer drop structures. The method combines a traditional approach
of simulating reaeration at drop structures using empirical models with novel findings of air-water
mass transfer of compounds with different volatility under highly turbulent conditions.
Keywords
Modelling; Corrosion; Drop Structures; Odor; Volatile compounds

INTRODUCTION
Sewer drop structures represent areas of high turbulence. At such locations, air-water mass transfer
of gases is significantly increased compared to the normal flow regime represented by gravity driven
flow in partly filled pipes and conduits. The exchange of gases at drop structures has several
implications. The adsorption of oxygen by the wastewater, i.e., the reaeration process, is important
with respect to the redox conditions under which in-sewer processes occur. In addition to oxygen
adsorption, several gas release processes are also relevant to consider; e.g., the release of hydrogen
sulfide gas is recognized as the main cause of sewer corrosion, the air-water mass transfer of carbon
dioxide is important with respect to the wastewater pH, and the release of volatile organic compounds
is a key process for the assessment of sewer odor impacts (Apgar and Witherspoon, 2007).
A number of empirical models for prediction of reaeration at sewer drop structures have over the
years been proposed. The main input parameter for these models has been the difference in hydraulic
head up- and downstream of the drop structure (e.g., Matos, 1992). These models have been adapted
to also simulate the release of H2S for odor and corrosion assessment. This is possible as both
compounds are highly volatile and according to the two-film theory proposed by Whitman (1924)
have their resistance against air-water mass transfer in the water phase. Accordingly, their transfer
across the air-water interface is in both cases mainly controlled by the hydraulic conditions of the
wastewater. However, the theory entails that less volatile compounds have their resistance against
air-water mass transfer in the gas phase or in both phases. As a consequence, their release is mainly
controlled by the hydraulic conditions of the gas phase or of both phases. This is particularly relevant
for several of the odorous compounds including most volatile organic compounds (VOCs) and
organic nitrogenous compounds. A number of odorous sulfur compounds also fall into this category.
Due to the fundamental difference in mass-transfer mechanisms of such compounds compared to
oxygen, it is not possible to directly apply the reaeration models for simulating their release.
49

Session Sewer Gas

UDM2015

Figure 1. Schematic illustration of a sewer drop structure and the exchange of gases between the
sewer atmosphere and the flowing wastewater
A recently conducted study has shown that the application of the two-film theory with two reference
compounds, one with the main resistance to mass transfer in the liquid film, and another with the
main resistance in the gas film, can accurately predict the mass transfer of substances where both
films contribute to the overall resistance (Matias et al., submitted). The study also found that for a
typical free-fall drop as illustrated in Figure 1, a fixed ratio between the mass transfer coefficients of
the two reference compounds can be assumed. The present study demonstrates how these two findings
allow for a revision of the classical reaeration models to also account for the release of VOCs and
similar compounds.
MATERIALS AND METHODS
The rate of gas release is described in terms of a mass transfer coefficient multiplied by a driving
force represented by the degree of disequilibrium according to Equation 1.
dCL , x
dt
(1)

 K L ax  CL , x  CLeq , x 1.03T 20 C

where:
CL,x is the liquid phase concentration of compound x (mol m-3),
CLeq,x is the concentration of x at equilibrium with the gas phase (mol m-3),
t is time (s),
KLax is the mass transfer coefficient for compound x (s-1),
T is the temperature (°C).
The mass transfer coefficient (KLax) is related to system characteristics as follows (Equation 2):
KLax = Kx A/V
(2)
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where:
Kx is the overall mass transfer coefficient of compound x (m s-1),
A/V is the water–air surface area to wastewater volume ratio (m-1).
Model background
The theoretical background behind Equation 1 is the two-film theory proposed by Whitman (1923),
which is based on molecular diffusion through two stagnant films, a liquid and a gas film, at the air–
water interface (Equation 3). At the interface, equilibrium between the two phases is assumed to exist
and therefore that Henry’s law is applicable.

J x  k L , x (CLi , x  CL , x )  kG , x (CGi , x  CG , x )
(3)
where:
Jx is the mass flux of compound x (mol m2 s-1),
CLi,x and CGi,x are the concentrations of compound x at the air-water interface (mol m-3),
kL and kG are the mass transfer coefficient for compond x in the liquid and gas films, respectively (m
s-1).
Based on Equation 3, it can be shown that the total resistance to mass transfer across the air–water
interface is equal to the sum of the resistances across the liquid film and the gas film (Eqution 4).
1
1
1


K x k L , x kG , x H x
(4)

Hx is the Henrys law constant for compound x
For compounds that exhibit either a very high volatility or a very low volatility, the following applies:
Kx ≈ kL,x
(5)
Kx ≈ kG,x Hx
(6)
A recent study by Matias et al. (Submitted) has shown and experimentally verified that by using two
reference compounds, w and g, fulfilling the conditions of equations 5 and 6, respectively, it is
possible to estimate the mass transfer coefficient of a third arbitrary compound, x (Equation 7).
1

Kx

1
D 
k L , w  L , x 
 DL , w 

nL



1
D
kG , g  G , x
D
 G,g

nG


 H x


(7)
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where:
DL and DG are liquid and gas diffusion coefficients at 25°C (m2 s-1),
nL and nG are exponents (-).
Equation 7 is developed under the assumption that the ratio between mass-transfer coefficients of two
compounds is related by the ratio between their molecular diffusion coefficients. According to the
two-film theory, the value of the exponents nL and nG is 1. By investigating different combinations of
drop height and tail water depth, the study of Matias et al. (submitted) also suggested that for a specific
configuration a constant ratio between the mass transfer coefficients kL,x and kG,x exist.
Simulation example
In the present study, air-water mass transfer of selected gases at a sewer drop structure is simulated.
The example considers a force main discharge manhole with a drop height of 0.25 m. The flow rate
is 5 L s-1 and the temperature of both the wastewater and the sewer gas phase is 15°C. The downstream
gravity sewer has a diameter of 0.2 m and a slope of 0.005 m m-1. For the hydraulic calculations,
steady uniform flow is assumed. The gas phase velocity in the downstream gravity sewer was
calculated as 10% of the wastewater flow velocity (Madsen et al., 2006). The airflow is expected to
enter the system via openings in the cover of the discharge manhole. The ambient air draw into the
sewer system by the wastewater drag force is assumed to contain only oxygen (O2 = 21%; i.e.,
210,000 ppm) and carbon dioxide (CO2 = 400 ppm).

Figure 2. Air and gas flows in the simulation example
In the example, the KLax values for a selection of volatile compounds relevant to sewer odor and
corrosion have been predicted according to Equation 7 (Table 1). The basis for the calculation is a
KLax value for oxygen estimated from a drop structure reaeration model (Matos, 1992). Subsequently,
the mass transfer coefficients for the selected gases are estimated based on a fixed ratio approach
proposed by Matias et al. (submitted). Specifically for a drop structure as the one simulated, the ratio
between the mass transfer coefficients, kL,x and kG,x, has been shown to be around 1:10.
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Table 1. Predicted mass transfer coefficients for a selection of relevant sewer gases at a sewer drop
structure of 0.25 m
Compound

Oxygen
Carbon dioxide
Hydrogen sulfide
Methyl mercaptan
Dimethyl
disulfide
Butyraldehyde
Acetone
Ammonia

Predicted KLax

O2
CO2
H2S
CH3SH
C2H6S2

Henry’s
constant
(-)
31.11
1.189
0.404
0.123
0.0444

(s-1)
0.440
0.357
0.335
0.196
0.088

a
b
b
b
b

C4H8O
C3H6O
NH3

0.0047
0.0015
0.0007

0.016
0.0066
0.0068

b
b
b

Formula

Method of
prediction

Method of prediction: a) Drop structure reaeration model (Matos, 1992), b) Equation 7.

Based on the predicted KLax values, the potential gas release at the drop structure is simulated for a
typical composition of wastewater that has been subject to anaerobic transport. Accordingly, the
concentration of VOCs and volatile organic sulfurous compounds were assumed to be 0.25 g m-3 and
5 g m-3 for total sulfide (e.g., Bhattacharya et al., 1996, Hvitved-Jacobsen et al., 2013, Hwang et al.,
1995). Ammonia and CO2 concentrations were calculated from a wastewater pH of 7.5, a total
alkalinity of 10 eq m-3 and a total ammonia (NH3 + NH4+) concentration of 50 g N m-3. The
simulations are made for a well ventilated sewer where the gas phase concentrations are far from
equilibrium, i.e., CLeq,x can be assumed zero for all gases except for oxygen. The simulations thus
represent a worst case scenario in terms of gas release.
RESULTS AND DISCUSSION
The results of the simulation example are summarized in Table 2. Despite the relatively low drop
height, gas exchange is significant and of potential impact in terms of odor and corrosion. The
wastewater is assumed to be anaerobic and accordingly the dissolved oxygen concentration is
increased by more than 1 g per m3, corresponding to approximately 10% air saturation.
Combining the simulated release rates with the rate of sewer ventilation allows for the prediction of
gas phase concentrations immediately downstream of the discharge manhole. These concentrations
can be evaluated against odor threshold levels for impact assessment. The predicted gas phase
concentrations of hydrogen sulfide, volatile organic sulfurous compounds and butyraldehyde all
exceed their odor thresholds which are in the low ppb range (Hvitved-Jacobsen et al., 2013). With
respect to ammonia and acetone, the predicted concentration levels are on par with their odor
thresholds.
The simulated hydrogen sulfide levels in the sewer atmosphere are expected to be lower in reality
due to adsorption and oxidation on the surfaces exposed to the sewer atmosphere. This aspect is
particularly relevant to consider if the pipes and manholes are constructed from concrete that are
subject to corrosion (Vollertsen et al., 2008).
53

Session Sewer Gas

UDM2015

Table 2. Potential release of selected compounds for a typical composition of wastewater that has
been subject to anaerobic transport, c.f. text for details.
Compound

Oxygen*
Carbon dioxide
Hydrogen sulfide
Methyl mercaptan
Dimethyl disulfide
Butyraldehyde
Acetone
Ammonia

Concentration in
the wastewater
upstream
(g m-3)

Change in
concentration of
wastewater
(g m-3)

Release

Gas phase
concentration

(g h-1)

(ppm)**

0
32.49
1.20
0.25
0.25
0.25
0.25
0.89

1.09
-2.62
-0.09
-0.01
-0.005
-0.001
<-0.001
-0.001

-19.65
47.09
1.63
0.199
0.090
0.017
0.007
0.024

209,086
1,992
71
6.2
1.4
0.3
0.2
2.1

* Oxygen is in the example absorbed by the wastewater, i.e., release is negative.
** Immediately downstream of the discharge manhole

Overall, the ratios between the predicted gas phase concentrations correspond well with the ratios
between carbon dioxide, hydrogen sulfide and aldehydes in sewer air as reported by Thislethwayte
and Goleb (1972).
ACKNOWLEDGEMENT
The research work was mainly supported by the Portuguese Foundation for Science and Technology
(Fundação para a Ciência e a Tecnologia, FTC) under the scholarship SFRH/BD/60361/2009.
REFERENCES
Apgar, D. and Witherspoon, J. (2007). Minimization of Odors and Corrosion in Collection Systems, Phase I. Report no.
04-CTS-1. Wat. Environ. Res. Found., Alexandria, VA, USA.
Bhattacharya, S. K., Madura, R. L., Dobbs, R. A., Angara, R. V. R., and Tabak, H. (1996). Fate of selected RCRA
compounds in a pilot-scale activated sludge system. Wat. Environ. Res., 68(3), 260-269.
Hvitved-Jacobsen, T., Vollertsen, J. and Nielsen, A.H., (2013). Sewer processes: microbial and chemical process
engineering of sewer networks. CRC press, Boca Raton, FL, USA.
Hwang, Y., T. Matsuo, K. Hanaki, and N. Suzuki (1995). Identification and quantification of sulfur and nitrogen
containing odorous compounds in wastewater. Wat. Res., 29(2), 711–718.
Madsen, H. I., Hvitved-Jacobsen, T., Vollertsen, J. (2006). Gas Phase Transport in Gravity Sewers - A methodology for
determination of horizontal gas transport and ventilation. Wat. Environ. Res., 78(11), 2203-2209.
Matias, N., Nielsen, A.H., Vollertsen, J., Ferreira, F. and Matos, J.S. (Submitted). Liquid-gas mass transfer of volatile
substances in an energy dissipating structure. Submitted for Environmental Science and Technology.
Matos, J.S. (1992). Aerobiose e septicidade em sistemas de drenagem de águas residuais, Ph.D. thesis, IST, Lisbon,
Portugal.
Thislethwayte, D.K.B. and Goleb, E.E. (1972). The composition of sewer air. Proceedings of the 6th Int. Conf. Wat.
Pollut. Res., Jerusalem, Israel, June 18-23, 1972, 281-289.
Vollertsen, J., Nielsen, A. H., Jensen, H. S., Wium-Andersen, T., & Hvitved-Jacobsen, T. (2008). Corrosion of concrete
sewers: the kinetics of hydrogen sulfide oxidation. Sci. Total Environ., 394(1), 162-170.
Whitman, W.G., (1923). The two film theory of gas absorption. Chem. Metall. Eng., 29(4), 146-148.

54

Shypanski et al.

Evaluating impacts of demand management on sewer corrosion
Adam Shypanski1, Zhiguo Yuan1 and Keshab Sharma1
1

Advanced Water Management Centre, University of Queensland, Level 4, Gehrmann Laboratories Building (60),
Brisbane, QLD, Australia (Email:a.shypanski@awmc.uq.edu.au)

Abstract
Australian municipalities are reporting decreased sewer flows due to the adoption of water demand
management practices and the implementation of decentralized re-use systems (Arbon et al., 2015,
Beal et al., 2010, Roberts et al., 2005). Changes to network hydraulics and waste water chemical
parameters were modelled to determine the effect on total sulphide generation in a corrosion
impacted domestic sewer branch located in South Australia. Through the use of a field verified
corrosion model, it was determined that decreased flow resulted in increased sulphide generation,
however, results from the model were primarily influenced by changes to fluid velocity.
Additionally, the incorporation of end use flow and loading profiles were found to significantly
influence the model outputs.
Keywords
Hydrogen sulphide; reduced flows; sewer corrosion; water demand management

INTRODUCTION
In Australian communities, there is a growing focus to reduce water consumption through changes to
social behaviours, infrastructure and financial systems (Marleni, Gray, Sharma, Burn, & Muttil,
2012). Currently the Australian CRC for Water Sensitive Cities is working towards a unified strategy
for urban water reform in which water demand management will play a key role.
Increased implementation of water demand management strategies is expected to change residential
sewer flow rates and waste water quality. For example in Brisbane Australia, per capita water
consumption has decreased by approx. 30% between 2005 and 2010 (Beal, 2010). The shape of
diurnal flow patterns, which describes water usage throughout the day, will also change as water
efficient appliances are adopted and consumer behaviours change. As a direct result, it is expected
that solids concentrations in waste water will increase while solids loadings remain constant. These
changes in sewer conditions have the potential to change in-sewer transformation processes that
control hydrogen sulphide generation and sewer corrosion.
METHODS
Four hydraulic flow scenarios and one baseline model were created using a modified EPASWMM
engine for a mixed gravity – pressure sewer catchment. The catchment covers an area of approx. 2000
hectares and serves approx. 60,000 residential properties in South Australia. The baseline hydraulic
model was created using GIS and flow data provided by the municipality.
The four scenarios were constructed by changing network flow conditions. Two models were
constructed with an average daily flow rate 20% higher than the baseline model.
The other two models were constructed with an average daily flow rate 20% lower than the baseline
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model. Two methods of modifying flow conditions were employed. In one case, flows were changed
by uniformly applying a constant flow factor. In the second case, the diurnal flow profile was derived
by applying a flow factor to each end use source including showers, baths, toilets, washing machines,
dish washers, sinks and leaks. Appliance usage data was acquired from a regional end-use study
completed in a nearby community (Arbon, 2014). In each model, a CODT diurnal concentration
profile was calculated by combining this end-usage data and previously reported source loadings and
concentrations (Tjandraatmadja, Pollard, Gozukara, & Sheedy, 2009), (Almeida, Butler, & Friedler,
1999) (Figure 1).

Figure 1. Diurnal Flow and COD Loading Profile
Dissolved sulphide concentrations were predicted using a Matlab based dynamic sewer model, which
describes anaerobic and aerobic carbon and sulphur transformation processes (Sharma et al., 2008).
Waste water characteristics for the baseline model were provided by the municipality, and by two
rounds of field sampling at 14 sites, completed in December, 2013 and January, 2014. The baseline
model was then verified against one month of H2S(g) monitoring from 8 of the 14 field sites. For the
purpose of this study, the dissolved sulphide model was limited to a 2 km sewer branch that included
both a pressure main and gravity sewers.
RESULTS AND DISCUSSION
Dissolved sulphide concentrations between high and low flow conditions were found to be marginally
statistically different from the baseline (p = 0.1). Test cases incorporating increased diurnal flows by
20% of the baseline resulted in a network-wide average decrease in dissolved sulphide by approx.
30%. Decreasing diurnal flows by 20% of the baseline resulted in a corresponding increase in
dissolved sulphide of approx. 20% (Table 1). There was a negative relationship between average
dissolved sulphide concentrations with flow (p = 0.009), depth (p = 0.006), and fluid velocity (p
=0.001). Velocity had the greatest correlation with dissolved sulphide concentrations (r2 = 0.60)
followed by depth (r2 = 0.44) then flow (r2 = 0.42). This can potentially be explained with the
Manning equation for open channel flows, in which fluid velocity is primarily controlled by pipe
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slope and only marginally by flowrate. The results show that the amount of impact a change in flow
will have on sulphide generation depends on the pipe slope and diameter. Therefore, impacts from
reduced water consumption can likely be mitigated through sewer design. Finally, there was a
significant difference between model sets that incorporate diurnal flow patterns based from modified
end uses over modifying only the average flow and loading rate (p = 0.001). This suggests that
incorporating end-use data can provide statistically relevant results.
Table 1. Average Dissolved Sulphide Concentrations (mg S/L) by Test Case

AVG

Base Case
1.899

End Use
Q=120%
1.343

End Use
Q=80%
2.263

Average
Q=120%
1.592

Average
Q=80%
2.219

CONCLUSION
This studies hydraulic and dynamic chemical model successfully predicted potential flow and
dissolved sulphide conditions in a South Australian community. Decreases to network flows were
demonstrated to increase average dissolved sulphide concentrations, however, changes to fluid
velocity had the greatest impact. In addition, using end use flow data to derive diurnal profiles was
found to significantly influence the model outputs. The model suggests that increased implementation
of water demand management practices can result in increased sulphide generation and therefore
greater sewer corrosion.
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EXTENDED ABSTRACT
Gully pots are essential components of sewer systems responsible for collecting and conveying excess
water from the urban surface. By capturing particles suspended in runoff, silting and wear of
downstream sewer works is reduced. Moreover, pollutants attached to these particles are not
discharged to receiving water bodies during CSO events. As the level of the sediment bed increases
over time, clogging of the structures outlet pipe may impair the gully pots ability to discharge
stormwater runoff to the sewer system. Nuisance and tangible damage are among the possible
consequences of pluvial flooding due to a blockage. Ten Veldhuis and Clemens (2011) found that
gully pot blockages are the main cause of flood events in urban areas. The probability of an
unexpected blockage is reduced by undertaking preventive cleaning activities at fixed certain
intervals. Currently, maintenance activities do not take into account the characteristics of different
gully pot designs such as the depth of the sand trap, position of the outlet pipe or the presence of a
water seal.
Several studies explore the relationship between local catchment characteristics and transport
processes in gully pots (e.g. Pratt and Adams (1984), Conradin (1989) and Butler and Karunaratne
(1995)). Most data consist of time series acquired at a limited amount of locations. These data are,
however, not suitable to model relations between time-invariant characteristics (e.g. geometrical data)
and sediment bed levels. The risk of a “false positive” (type I error) is increased as repeated
measurements from the same site are likely to be correlated. Further insight into the effect of different
design characteristics allows for a better optimisation of maintenance activities and the improvement
of the gully pot design. This allows for an increase in cost-effectiveness. To this end, a stochastic
model has been constructed based on monthly measured sediment bed levels of 300 gully pots for
over a year.
Materials
Measurement data were obtained from a typical residential urban area of 10.5 ha in Amsterdam, The
Netherlands. Geometrical and catchment properties of every gully pot present in the area were
inventoried. This inventory contains data on the location, road type, depth of the sump, contributing
surface area, average catchment slope, position of the outlet pipe and the presence of a water seal.
These properties were used to apply a stratified sampling strategy to improve precision. A proper
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initial state for all inlets is obtained by first vacuum cleaning all inlets, then cleaning and hydraulically
testing all the connection pipes and subsequently vacuum cleaning the inlets once again.
Methods
The influence of the geometrical and catchment properties were modelled by applying a Generalised
Linear Mixed Model (GLMM) with an autoregressive component from a Bayesian perspective. A
mixed model is able to account for the inherent correlation between repeated measurement from the
same statistical unit. This model recognises that the effect of explanatory variables may vary for
different gully pots and are essentially random, since each gully pot is a sampled randomly from the
population.
An advantage of the Bayesian approach over classical frequentist statistics is the circumvention of
approximate quasi-likelihood techniques, which may suffer from inaccuracy (Zhao et al. 2006). An
autoregressive component was added to the model to capture any temporal correlation due to the high
sampling frequency with respect to the relevant time scale of the long term sedimentation processes
in gully pots.
Results and discussion
Comparison of the prediction interval and the estimate of the median filling rate of gully pots in
Figure 1 reveals two distinct regimes. The median shows a cluster containing a majority of all gully
pots, which experience relative stable sediment levels over time. The upper bound of the 95%
prediction interval has been stretched by gully pots that experience progressive accumulation of solids
and eventually block. Figure 2 shows that the smoothed 95% prediction interval contains the diagonal
line characterising a perfect agreement between measured data and model estimates.

Figure 2. Measured filling rates
Figure 1. Modelled filling rates as a function
versus modelled filling rates,
of the elapsed time since cleaning.
including a 95% prediction interval
Horizontal noise was added to aid visual
interpretation.
The posterior marginal distribution of the standardised geometrical and catchment properties that
distinguish the regimes are presented in Figure 3. The negative coefficient associated with the depth
of the sediment trap implies that gully pots with a shallow sand trap are more prone to a blockage. As
the measured sediment levels in deeper sand straps are larger, it appears that next to a decrease in the
transport of solids to the main sewers, deeper sand traps also lower the blockage likelihood.
Furthermore, the filling rates for gully pots located in main (asphalt) roads are significantly higher
60

Post et al.
compared to local (brick) roads. For the range of area contributing to runoff found in the study area
(5 – 1380 m2), the scouring effect of a higher flowrate appears to be subordinate to the increase in
particles available for transport from the urban surface. In summary, a gully pot with a shallow sand
trap and the outflow pipe located on the front, located on a main road with a large contributing area
is most likely to experience progressive accumulation of solids.

Figure 3. Marginal Posterior distribution for each significant property including the 95% credible
interval
Conclusions
The presented Generalised Linear Mixed Model is able to identify geometrical and catchment
properties of gully pots that distinguish stable sediment levels from progressive accumulation that
eventually result in a blockage. These findings may aid to improve anagement strategies by focussing
work on gully pots with an increased blockage likelihood.
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Abstract
The construction of the central storage tunnel (CST) for combined sewer overflows (CSOs) in Graz,
Austria raised the issue of keeping sediment deposits to a minimum during operation while still
working as cost effective as possible. By installing the necessary facilities (flushing chamber,
submersible weirs, …) to support low pressure flushing in the tunnel, the local sewer operator laid
the ground stone to an efficient operation of the CST.
This paper deals with the implementation of a one-dimensional hydrodynamic hydraulic runoff
model (1D-HHRM) to simulate emptying and flushing scenarios in the CST. The simulated average
flow velocity was used as a surrogate parameter for the average bottom shear stress in the tunnel.
Further, various scenarios were tested for the process of emptying the CST as well as flushing the
tunnel afterwards to find the optimal strategy to achieve the best possible cleaning effect.
The implemented model was calibrated and validated with water level and flow velocity data
measured in the CST during various experiments. It provides a good overview of the advantages
and disadvantages of the generated scenarios. The optimal strategy found to empty and flush the
CST shows significant improvements compared to the strategy intended to be used by the sewer
operator and will be applied in the facility in the near future.
Keywords
Flushing waves; optimization; sedimentation; sewer cleaning; storage tunnel; submersible weirs

INTRODUCTION
In every sewer deposit formation of sediments is an issue that needs to be taken care of. Accumulated
sediments can result in a decrease of the sewer’s cross section, higher operating costs for cleaning
measures, higher pipe roughness, and other problems (Dettmar et al., 2005). Whereas these problems
are of less importance in normal sewer pipes due to constant water flow, they rise to significant
importance in storage tunnels with temporarily static conditions and dry periods after storage events.
Especially in close proximity to weirs excessive accumulation of sediments are assumed to occur
because the horizontal velocity component of the sediments falls to zero whereas sedimentation
continues to happen.
In common sewer cross sections periodically executed mechanical cleaning strategies like high
pressure cleaning are sufficient to keep sediment deposits at a minimum. Storage tunnels however
have much bigger cross sections and therefore high pressure cleaning strategies might be too
ineffective and costly (find another example of a storage tunnel in Thomas and Crawford (2011)).
Another option to clean deposits would be to use a cleaning vehicle to remove accumulated deposits
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(only if the cross section’s form supports such a vehicle). All these mechanical cleaning measures are
costly and time consuming (Campisano et al., 2006). Therefore, low pressure flush waves to reduce
sediments directly after a storage event have been considered. This strategy uses a flushing chamber
in combination with a moveable weir. The chamber can be filled with relatively clean water (e.g.
river water) to be opened and to create a flush wave that creates enough bottom shear stress to loosen
and remove sediments (see Figure 1).

Figure 1. Functionality of a low pressure flush wave (Dettmar, 2005 modified)
This paper aims to create and use a sufficently accurate 1D-HHRM to simulate low pressure flush
waves in a storage tunnel and to find the best way to empty and flush the tunnel after a storage event
in regard to its cleaning efficiency.
METHODOLOGY
At first a cost comparison between traditional mechanical cleaning actions and flush waves, as used
in this case study, was conducted to evaluate the general cost effectiveness of the chosen strategy.
The values were derived from a thorough literature research.
Because a 1D hydrodynamic hydraulic runoff model is not enough to reproduce the bottom shear
stress on the invert of the collector tunnel on its own due to not supporting a turbulence model, the
bottom shear stress has to be derived from the flow velocity. Equation 1 shows the connection
between those two parameters (Hager, 2010; Schaffner et al., 2011).
Equation 1
With τ0: shear stress (N/m2), ρ: density of the wastewater (kg/m3), g: acceleration of gravity
(m/s²), rhy: hydraulic radius (m),IE: energy slope (-) and SF: friction slope (-)
The friction slope SF is calculated in Equation 2.
Equation 2
With SF: friction slope (-),M: Manning value for bottom roughness (s/m1/3),v: flow velocity
(m/s) and rhy: hydraulic radius (m)
The scenarios created in this work will be applied and tested in an already constructed storage tunnel,
the Central Storage Tunnel (CST) in the city of Graz. This tunnel is constructed alongside the river
Mur and stores combined sewer overflows (CSO) from the sewer system of Graz to later channel it
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towards the water resource recovery facility (WRRF) in the south of the city. It is 3.2 km long and
has a storage capacity of about 20,000 m³. At its beginning a flushing chamber with a capacity of
400 m³ is situated and can be filled with water from the river. Figure 2 shows a schematic of the
system that also resembles its implementation in the simulation software. CST1 and CST2 are the
parts of the storage tunnel with the biggest risk of accumulation of sediments right in front of the
weirs KS1 and KS2. KS2 and KS3 are two submersible weirs with a width of 3.2 m and a height of
up to 3.8 m. With a speed of 7 to 9 m/min the weirs can be submerged into the ground entirely.

Figure 2. Schematic of the central storage tunnel (CST) as modeled in the hydrodynamic hydraulic
runoff model (not to scale). In green the CST itself, red indicates available actuators, in black the
already existing drainage infrastructure, to which the CST has been connected and blue represents
the receiving water body.
The model was implemented in SWMM5 (Rossmann, 2007). The CST was divided into equidistant
sections of 100 m each to give an accurate picture of the velocity distribution throughout the storage
tunnel. Figure 3 shows the side view of the filled CST with its equidistant sections. More Information
about the CST and the model can be found in Maier (2014).

Figure 3. Side view of the CST as modeled in SWMM5 with equidistant sections
In SWMM5 the time sensitive movement of weirs can be simulated either by using time series or PID
controllers. To implement the necessary control actions independent from the simulation time
however, it is necessary to use PID control in this case. The independence of time is necessary to
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reuse the model in future applications involving real-time control and integrated urban drainage
modelling (Hofer et al., in preparation; Maier et al., in preparation).
For the calibration, measurement data available from previous projects conducted in the CST was
used. The model was calibrated with the averaged water levels and flow velocities of 20 single waves.
This calibration was later validated by the averaged measurement data of three multi wave sequences.
Generally the scenarios produced in this paper aim to raise the cleaning efficiency in the CST by
keeping the operating costs as low as possible. Further, the local government also set the limitation
to use as little unpolluted river water as possible to gain results to not stress the WRRF and the river
more than necessary.
Two main processes can be distinguished during the cleaning process. Emptying the CST after a
storage event and flushing it. The cleaning effect results during both processes. In order to evaluate
the scenarios a base was set which represents the currently used strategies for both situations. For
emptying the CST two additional scenarios were created, both to enhance the flow velocity. For
flushing, it was experimented with ten different scenarios one of which representing the one originally
presented by the sewer operator.
RESULTS
Both strategies, mechanical and low pressure cleaning, will ultimately not be enough to completely
remove all sediments from the storage tunnel. Therefore a cleaning vehicle is needed for both of them.
Table 1 shows the cost comparison between both strategies calculated for a useful economic life of
20 years. As it turns out low pressure cleaning is 6% cheaper than mechanical cleaning.
Table 1. End result for cost comparison between low pressure cleaning and traditional mechanical
cleaning both in combination with a cleaning vehicle. Calculated for a useful economic life of 20
years with an interest rate of 3%.
Low pressure cleaning
Mechanical cleaning
Annual Investment
22,183.00 €
18,817.00 €
Annual maintenance cost
2,760.00 €
520.00 €
Operation of cleaning vehicle
5,040.00 €
12,600.00 €
Sum
29,983.00 €
31,937.00 €
The results from tuning the PID controller towards the results from a simple time series control are
shown in Figure 4 where the wave form for both strategies is graphed for seven consecutive waves.
The graph proves that PID is a valid solution to control weirs independently from the simulation time
in SWMM5.
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Figure 4. Comparison between PID and time series control with a wave sequence of seven waves
This result was accomplished using control rules according to the following code example:
IF PUMP pump1 STATUS = ON
AND NODE node1 DEPTH <= 1.0
THEN WEIR weir1 SETTING = PID 0.01 -0.03 -0.05

Figure 5 shows the calibration’s result. Figure 6 shows the result of the validation with the multi wave
experiment. As can be seen, the calibration proved to be a success and delivered an absolute deviation
of 0.54% for flow velocity for the single wave experiments and an absolute deviation of 17.49% for
the flow velocity for the multi wave experiments.

Figure 5. Calibration result for a single wave test; the left graph shows the results for the flow
velocity; the right graph the results for the water level
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Figure 6. Validation result for the multi wave test; the left graph shows the flow velocity’s result, on
the right the results for the water level are presented.
The following figures will show the comparison between the current scenario (reference) and the best
strategy found during the simulations (enhanced). Figure 7 shows the comparison of the velocity
distributions of each equidistant section for the upper and lower part of the CST for the emptying
scenario. The sections are named as shown in Figure 3. For the enhanced scenario much more volume
is released together to form a bigger flush wave, which also results in a higher flow velocity of 1.8 m/s
at KS2 and 1.5 m/s at KS1 in comparison to 0.8 m/s and 0.4 m/s from the reference scenario. Figure
8 shows the comparison of the flushing strategies. Again it can be seen that the enhanced strategy
reaches a higher velocity of 1.3 m/s and 1.2 m/s at the weirs KS2 and KS1 in comparison to 1.1 m/s
and 1.1 m/s which in place means a better cleaning efficiency regarding sediments.

Figure 7. Comparison of the emptying scenarios; each graph represents the velocity distribution of
one of the equidistant sections of the CST; velocities smaller than 0.1 m/s have been ignored
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Figure 8. Comparison of the flushing scenarios; each graph represents the velocity distribution of
one of the equidistant sections of the CST; velocities smaller than 0.1 m/s have been ignored
DISCUSSION, CONCLUSION AND OUTLOOK
In this paper emptying and flushing strategies were simulated to reach the highest possible flow
velocities and therefore bottom shear stress in a storage tunnel to efficiently reduce sediments. The
results clearly show the enhancement gained during the process. However these simulations can only
be seen as a comparison and without further tests in the actual facility are merely generated to figure
out the most efficient strategy to deal with sediments after a storage event. To represent the actual
state it would need a three dimensional hydrodynamic hydraulic runoff model in combination with a
turbulence model to see what really happens with the bottom shear stress on the invert and how the
wave head would form. If the actual tests of the strategies yield different data than the model
generated in this work the implementation of a more sophisticated model will be considered. As of
now a one-dimensional hydrodynamic hydraulic runoff model represents the available measurement
data sufficiently.
The found strategies will later be applied in the actual facility. The operation of the facility will also
yield information about the sedimentation processes and the actual situation which until now could
only be assumed. The strategies will be triggered at first only manually and later as part of an
integrated RTC strategy that also includes the control of more actuators and considers the current
state of the WRRF.
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Abstract
In the framework of the French ANR project “Trafipollu”, a recent physically based and spatially
distributed numerical model FullSWOF (which stands for Full Shallow Water equations for
Overland Flow) (Delestre et al. 2014) was adapted to simulate the urban sediment transport in
stormwater runoff on a road catchment near Paris (Le Perreux sur Marne, Val de Marne, France,
2661 m²). The 2D-model uses the Shallow Water equations to calculate water flows and the
Hairsine-Rose (H-R) model (Hairsine et Rose 1991) to compute the sediment processes. The H-R
model is characterized by its capacity to describe separately the sediment detachment processes
which are driven by overland flow or raindrops impact. The set-up of FullSWOF is based on
centimeric-resolution Digital Elevation Model (DEM) data and tipping-bucket rain gauge records
(every 0.1 mm), as well as knowledge on urban sediment data given by granulometric measurements
of urban deposits on the catchment. The appropriate ranges of parameter values are investigated
using a systematic exploration and the simulation outputs are compared to continuous observations
of discharge and turbidity at the sewer inlet. The modelling results show that the application of
FullSWOF model coupled with high spatial- and temporal-resolution data is a promising approach
to reproduce the various dynamics of water flows and sediment transports on the catchment.
Keywords
Physically based and distributed model; FullSWOF; Urban sediment transport; Hairsine-Rose
Model; Raindrops-driven solid detachment; Centimeric-resolution GIS data.

INTRODUCTION
It is believed that by 2020, more than half the world population will live in urban areas. This trend of
increasing urbanization emphasizes the importance of managing urban contaminated stormwater and
comprehending the processes involved in the production and dispersion of pollutants. In recent times,
urban stormwater runoff and its non-point pollution sources, especially the road dust, have been
considered as one of the major sources of water pollution (Zoppou 2001; Aryal et al. 2010). As urban
traffic activities cause huge pollutant emissions such as heavy metals and Polycyclic Aromatic
Hydrocarbons (PAHs) on the road surface, these two types of contaminants are of major concerns.
Several researchers have investigated the chemical nature of the individual metals and PAHs in urban
storm-water (Kafi et al. 2008; Aryal et al. 2010; Gunawardena 2012). They concluded that most of
the heavy metals (Cu, Pb, Ni etc.) and PAHs are associated with finer particles in particulate phase.
This experimental observation hence requires a detailed understanding of urban surface sediment
transport processes.
Over the last 30 years, there has been a rapid development of erosion and sediment transport models
applied to the natural environment. However, most traditional urban runoff quality models are based
on empirical exponential wash-off functions (e.g. SWMM, M-QUAL, HSPE, STORM etc.). With the
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conceptual wash-off equations, the links between pollutant sources and pollutographs at the outled
are aggregated and hidden. It is hence difficult to adress the impacts of stormwater pollution
management strategies (Ward et Robinson 1990; Wainwright et Mulligan 2013). Moreover, although
some physically-based erosion models already exist nowadays, few research has focused on sediment
erosion on urban areas. Thus, in this study, modelling of the sediment erosion processes has been
performed on a small road catchment near Paris (Le Perreux sur Marne, Val de Marne, France, 2661
m²) aiming to investigate deeply the urban surface dust erosion dynamics over stormwater events.
The physically based and spatially distributed numerical model FullSWOF (Delestre et al. 2014) has
been developed over recent years by a joint effort of mathematicians and hydrologists. The water
flow simulations are based on a high order and well-balanced finite volume schemes to solve the
Shallow-Water (SW) equations. Besides, the modelling of soil erosion and sediment transport are
currently introduced into FullSWOF by Le et al. (2015) by coupling the Hairsine and Rose (H-R)
model (Hairsine et Rose 1991; Hairsine et Rose 1992a; Hairsine et Rose 1992b) and the SW
equations. The H-R model allows any sediment particle to be present in one of three compartments:
the flow itself (in the form of suspended solid concentrations), the deposited layer composed by noncohesive solids and the original soil composed by cohesive solids. Once sediments have been
detached by the impact of raindrops, particles can aggregate or return to the bed load by deposition
to form a deposited layer from which they can be subsequently redetached.
Up to now, the commonly used models apply generally empirical methods (e.g. USLE) or statistic
models (e.g. power-law) to simulate soil erosions, which are not well adapted for the complex urban
areas. On the contrary, the H-R model uses physical principles and can represent directly the soil
erosion and sediment transport. However, although the H-R model has been widely applied for natural
environments (Ciesiolka et al. 1995; Misra et Rose 1996; Beuselinck et al. 2002; Van Oost et al.
2004; Tromp-van Meerveld et al. 2008; Jomaa et al. 2010; Heng et al. 2011); no study has been done
for urban surfaces, up to our knowledge. While the applications of H-R model for natural
environments were usually performed with the assumption of infinite sediment sources (initial soil
profound > 0.2m), this assumption is no longer valid for the urban context. Indeed, the initial dry
stock of urban dust is a priori limited and may be limiting for the processes at stake. In the case of
urban catchment, the road concrete is assumed to be a non-erodible soil, while the road dust forms
the deposited layer. Therefore, our current modelling approach over a road catchment coupled with
the up-to-date modelling scheme of H-R model and SW equations may considerably expand the
actual understandings and practices of the erosion processes on urban areas.
In this paper, special efforts have been made to assess optimized Hairsine and Rose parameters for a
highly trafficked road area. The following sections will provide details on model configurations,
applications, investigations and parameter assessment applied to an urban road.
MATERIALS AND METHODS
The FullSWOF software
The computational code FullSWOF is written in C++ language and is originally developed for water
quantity modelling (Delestre et al. 2014). The model uses a finite volume scheme to solve the
bidimensional SW equations with topographical and friction source terms. The water infiltration
process was also represented by using the Green and Ampt model. Recently, Le et al. (2015)
introduced a numerical scheme for coupling H-R model with SW equations within FullSWOF system
allowing to simulate the soil erosion and the transport processes of multi-classe of sediments.
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Hairsine and Rose Model (H-R)
The concept of H-R model is illustrated in Figure 1. H-R model identifies two types of erosion
processes, one is due to rainfall impact (ri, rri), and the other is caused by the shear stress exerted on
bed load by overland flow (ei, eri). Whilst these erosion processes continuously add sediment to
overland flowing water, the process of deposition causes a continuous loss and form a deposited layer.
Thus, there is always some fraction of the original soil surface covered by a layer of deposited
sediment. This assumption allows model to distinguish between rate of detachment of the original
cohesive soil and of the weak non-cohesive deposited sediments. In the case of urban catchment, the
road concrete is considered as a non-erodible original soil, while the road dust forms the deposited
layer.

Figure 1. Concept of Hairsine - Rose Model
The H-R equations governing soil erosion are (Equations 1 - 2):
𝜕ℎ𝑐𝑖 𝜕𝑞𝑐𝑖
+
= 𝑟𝑖 + 𝑟𝑟𝑖 + 𝑒𝑖 + 𝑒𝑟𝑖 − 𝑑𝑖
𝜕𝑡
𝜕𝑥
𝑑𝑚𝑖
= 𝑑𝑖 − 𝑟𝑟𝑖 − 𝑒𝑟𝑖
𝑑𝑡

(1)
(2)

and
𝑖𝑓 ℎ < 𝑃𝑜𝑛𝑑𝑖𝑛𝑔 𝑑𝑒𝑝𝑡ℎ,

𝜕ℎ𝑐𝑖
𝜕𝑡

+

𝜕𝑞𝑐𝑖
𝜕𝑥

= 0;

where ci and mi are the unknown standing for the concentration in mass per unit volume and is the
deposited mass per unit area of sediment in the ith sediment class, respectively.
Recall that the water height h and the water flux q are computed from the SW equations. ri is the rate
of entrainment of original soil sediments, rri is the rate of re-entrainment of deposited layer sediment,
ei is the detachment of original soil by raindrop impact, eri is the re-detachment of deposited layer
sediment by raindrop impact, di is the deposition, and Ponding depth is the depth of surface water
represented as the number of times of the particle sizes, below which the water flow is not capable to
transport particles. These terms are given by equations 3 - 7:
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Ω𝑒
𝐽
𝑚𝑖
Ω𝑒
𝑟𝑟𝑖 = 𝐻
𝜌
−
𝑚 𝑇 𝑠 𝜌𝑤 𝑔ℎ
𝜌𝑠
𝑒𝑖 = (1 − 𝐻)𝑝𝑖 𝑎 𝑃
𝑚𝑖
𝑒𝑟𝑖 = 𝐻
𝑎 𝑃
𝑚𝑇 𝑑
𝑑𝑖 = 𝑣𝑖 𝑐𝑖
𝑟𝑖 = (1 − 𝐻)𝑝𝑖

where:

(3)
(4)
(5)
(6)
(7)

H = min(1, mT ⁄mT* ) ;
𝛺𝑒 = 𝐹(𝛺 − 𝛺0 ), 𝛺 = 𝜌𝑤 𝑔𝑆𝑓 𝑞.

- H is the fraction of the original cohesive soil shield by the deposited layer;
- mT is the calculated mass of deposited (cohesionless) sediment (kg/m²);
- mT* is the mass of deposited (cohesionless) sediment required to shield the original cohesive soil
from further erosion (kg/m²);
- pi is the fraction of class i particles in the original soil;
- 𝛺e is the effective stream power (W/m²);
- 𝛺 is the calculated total stream power (W/m²);
- 𝛺0 is the threshold stream power below which there is no entrainment or re-entrainment (W/m²);
- F is the effective fraction of excess stream power;
- J is the energy expended in entraining an unit mass of cohesive sediment (J/kg);
- 𝜌s and 𝜌w are the densities of sediment and water (kg/m3);
- a and ad are the detachabilities of the original soil and the deposited sediment (kg m-3);
- P is the rainfall intensity (m/s);
- vi is the settling velocity of class i sediment in water (m/s).
Study site
FullSWOF is used for the simulation of pollutant transport on a small urban catchment which consists
of a segment of a highly trafficked street (more than 30 000 vehicules per day) and its adjacent
pavement and parking zones, as well as the gutters between the road and the pavement (Figure 2).
The total surface of the studied catchment is 2661 m². The western part has a altitude higher than the
eastern part.The average slope is about 2%.

Figure 2. Study area at Eastern Paris, France. The road cachment is delineated by red lines.
74

Hong et al.
Input data
Topographical data
In the frame of the ANR (French National Agency for Research)-Trafipollu project, the National
Institute of Geography of France (IGN) provided us high resolution topographical data (1 cm), which
they had performed by using on-vehicle laser sensors. In order to apply the model with a convenient
number of pixels, an aggregation of 1cm-resolution (8 bit) to 10cm-resolution was performed. The
topographical data is demonstrated in Figure 3:

Figure 3. Topographical data of 10cm-resolution for the model, (pixels 1833 x 515)
Rainfall, flowmeter and turbidity data
As an event-based modelling, the selection of rainfall events is the next crucial step. In general, 92
events have been identified from 20/09/2014 to 27/04/2015 with the measured data of a tippingbucket rain gauge, which was installed less than 100 meter far from the road cachment. We firstly
selected 8 events for model configuration and calibration/validation, the investigated events are
summarized in TAB.1. These events are selected owning to their diversity in durations and intensities.
Table 1. Summary of the first 6 selected rainfall event
Duration
(min)

Total
rainfall
(mm)

Max
intensity
(mm/hr)

Mean
intensity
(mm/hr)

Antecedent
dry hours (hr)

2014/10/7

70.7

2

20

1.6973

3.7

2014/10/08

185.3

7.1

12.4138

2.2994

7.5

2014/11/03

564

13.5

36

1.43613

309.8

2014/11/15

264.5

12.4

6.2069

2.8125

11.4

2014/11/26

446.3

4.4

5.1429

0.5915

217.3

2015/2/28

134.8

4.6

5

2.0475

48.8

2015/4/2

156.2

2.6

8.5714

1

80.3

2015/4/3

490.7

6.9

5.625

0.8453

22.4

Year/Mon/Day
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Model outputs are compared to continuous measurement of flow at the outlet. The flowmeter is a
Nivus Flowmeter using the cross correlation method and functionning on full pipes. The flow is
recorded with a 1’ time step at the road inlet. Where a multiparameter probe (mini-probe OTT) is
located in the inlet, measuring turbidity with a 1’ time step. Meanwhile, a peristatic pump Watson
Marlow pumps 250 mL at regular volume interval entering the inlet (300 L) for the further TSS
measurements in laboratory. The TSS-Turbidity relationship is hence established basing on samplings
during 16 rainfall events, it follows a linear regression TSS=0.8533*Turbidity, with the R2 equal to
0.97.
Particle size, intial dry stock and settling velocity
In order to minimize the number of investigated parameters, we decide to simulate road dust by a
single-class sediment in a first time. Regarding to the insitu data on Particle Size Distributions of
stormwater samples and dry weather depositions samples (Bechet et al. 2015), the averaged particle
size suspended in water is set to be 50 µm. Besides, the intial road dust is considered as 0.1 kg/m² and
the settling velocity is equals to 1 cm/s according to the literatures (Bhargava et Rajagopal 1992;
NCHRP et al. 2006; Hettler, Gulliver, et Kayhanian 2011; Oursel et al. 2014).
Systematic exploration of H-R parameter range
Water flow parameters are calibrated using trial-and-error procedure for the event of 15 Nov. 2014
and then evaluated on the other 7 events listed in Tab.1. Otherwise, concerning water quality
simulation, since none of the existing research of H-R model has been done for road catchment, the
litterature is hence deficient in H-R parameter values adapted to this urban context. Moreover, no
assessment of this model performance has been performed yet on continuous suspended solid
measurements. Besides, as the modelling configuration is based on 10cm-resolution DEM data (1833
x 515 pixels), each event simulation is quite long and therefore a Monte-Carlo approach to explore
the optimized parameters was impossible. Therefore, we decided to apply a systematic and discrete
method for parametric investigations. The two events of 02/04/2015 and 03/04/2015 are firstly used
for calibrate H-R parameters. Prospectively, in-site observations of surface water height are available
for this period as well.
RESULTS AND DISCUSSIONS
Water flow simulations
Correct water quantity simulation is prerequisite for water quality modelling in FullSWOF.
Therefore, a trial and error procedure has been performed for calibrating the Manning coefficient for
water flows firstly. The Nash–Sutcliffe Efficiency coefficient (NSE) was used to evaluate the model
performance. The optimized Manning coefficient value of 0.05 is calibrated and validated for the 6
examined rainfall events. The results are presented in Figure 4.
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Figure 4. Calibration/validation of water flow simulations using the NSE objective function. The
simulated discharges at outlet (solid blue line) are compared with the measured data (red circles).
Rainfall is plotted on the upper part. (a) Event 7 Oct. 2014; (b) Event 8 Oct. 2014; (c) Event 3 Nov.
2014; (d) Event 15 Nov. 2014; (e) Event 26 Nov; 2014; (f) Event 28 Feb. 2015
Preliminary bibliographical research on H-R parameter values
The second step in adapting H-R model to an urban context consists in finding the suitable ranges of
the H-R model’s parameters that would fit to this context. We begin with a bibliographical research
over the existing publications.
Misra et Rose (1996); Sander et al. (1996); Hogarth et al. (2004) investigated individually the flume
experiments results of Proffitt, Rose, et Hairsine (1991), in which sediments are eroded under 2
intensities of simulated rainfall such as 56 mm/hr and 100 mm/hr, with different very low slopes (0.1
- 1%) and significant water heights (2 - 10 mm) above the eroded surface. These experiments assumed
that the detachment was only caused by raindrop impact in supposing the effective stream power 𝛺e
is always below a threshold 𝛺0 under slow water flows. Although these authors used the same
experimental data, the optimized parameters they obtained were quite different. That's partly because
of the instable level of shielding statues (H, in equations 4-6) they achieved during the modelling
procedures. Sander et al. (1996) concluded that the H value increase very rapidly at the beginning of
the simulation and remains > 90% after, but its value is quite instable. Since the values of a and ad,
are quite different (factor 100 - 1000 between these parameters), small differences in H largely change
the detachment calculations, the estimations of other parameters are hence incomparable among
different studies. Considering the case of impervious urban surfaces, we set a very small mT* value
(1.0 e-12 kg/m²) leading to H ≈ 1 when there were road dust on the surface.
On the detachebility coefficients a and ad of the H-R model, we set a=0, pi = 0 to cancel the soil
detachment from the urban concrete layer. For ad, we use a well-known power law equation (Proffitt,
Rose, et Hairsine 1991):
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𝑎𝑑 = 𝑎𝑑0 × {

if ℎ < ℎ0
ℎ0 𝑏
( ) else.
ℎ

where ad0 is the related maximum value at the breakpoint depth h0 which is about the mean drop
diameter, and b is an exponent depending on the type of soil.
For our simulations, we set h0 = 2mm (Mutchler et McGregor 1983) and use a range 2000 < ad0 <
50000, inspirited from the work of Sander et al. (1996); Misra et Rose (1996); Hogarth et al. (2004)
and Jomaa et al. (2010).
As for the flow-driven detachment, Proffitt, Rose, et Hairsine (1991) measured the threshold stream
power 𝛺0 on two low-slope rainfall experiments. The value was determined to be 0.008 - 0.009 W/m².
Besides, Hairsine et Rose (1992a) obtained a best value of F = 0.1 experimentally with the same
experimentation. Otherwise, Laurent Beuselinck et al. (2002) calibrated the H-R model with their
flume experiment data (L. Beuselinck et al. 1999). They obtained F = 0.0075 and 𝛺0 = 0.185 W/m²,
which were quite different values from that of Proffitt, Rose, et Hairsine (1991); Hairsine et Rose
(1992a). They explained that Hairsine et Rose (1992a) obtained F = 0.1 with coarser sediment (with
settling velocity v ≈ 0.003 m/s ), while they used much finer sediment with a settling velocity v ≈
0.0009 m/s.
Overall, the chosen fixed parameter values and the range of values proposed for the systematic
exploration are summarized in Tab. 3. Where we varied 3 values of each inspected parameter in the
testable range as we discussed in the above sections, for the purpose of identifying the proper
magnitude of H-R parameters for road dust erosion as well as roughly analyzing the sensitivity of
each parameter to the concentration of TSS at the outlet.
Systematic exploration of H-R parameters and sensitivity analysis
The parameters listed in Table 3 are used for the simulations of water quality of two rainfall events
(The 2nd of April 2015 and the 3rd of April 2015). As the first peak concentration of TSS is
considered to be representative of pollutant wash off for each rainfall period, the selected parameters
are tested to evaluate the ability of the model to simulate water quality until the decrease of the first
peak concentration. This strategy was adopted in order to reduce simulation time. In general,
simulations are launched systematically for all the possbile combinaitions using the 3 values of 5 nonconstant parameters tabled in Tab. 3. There are altogether 243 simulations for every rainfall event.
The simulation results of the TSS concerntrations are then compared with measured data at the
catchment outlet, NSE coefficients are used for evaluating the modelling performance of every
attainable combinaition of investigated parameters. For each given value of a certain parameter, the
best-fit simulation could be captured by finding the max value of the NSE coefficients. Hence, the
sensibility of the examined parameter could be roughly represented by inspecting the correlation
between the tested parameter values and the related optimized NSE coefficients. The NSE of the bestfit simulations for each inspected parameter are exposed in Figure 5:
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Table 3. Summary of investigated parameters for the adaptation of H-R model to urban context.
Where, mT* is the mass of deposited sediment required to shield the original cohesive soil from further
erosion (kg); a0 is the raindrop detachability of original soil (kg/m3); pi is the fraction of class i
particles in the original soil; h0 is the threshold of flow depth (m); vi is the settling velocity; and the
initail dry stock on road surface (kg/m²). Whilst, Systematic exploration is applied to the raindrop
detachability of deposited layer sediment (ad0, kg/m3); the exponent constant (b); the fraction of
effective stream power that used for flow-driven detachment (F); the threshold stream power velow
which there is no entrainment or reentranment (𝛺0, W/m²); and the Ponding depth below which the
water flow is not capable to transport particles, it is represented by the multiple of particle size.
Constant Parameters

Non-Constant Parameters

Parameter

Value

Parameter

Tested Values

mT* (kg)

10-12

a0 (kg/m3)

2000

20000

50000

a0 (kg/m3)

0

b

0.5

3.5

6.5

pi

0

F

0.008

0.014

0.02

h0 (m)

0.002

𝛺0 (W/m²)

0

0.09

0.185

vi (m/s)

0.01

Initial dry stock
(kg/m²)

Ponding depth

1

2

4

0.1

As presented in Figure 5, the sensibilities of examined parameters to model performance in predicting
TSS concentrations are ad0 > 𝛺0 > F > b > Ponding depth, amont which the b and Ponding depth
seems not influantial, while 𝛺0 and ad0 are quite sensitive to the TSS concerntration within the tested
range. The best-fit simulations of the 2 studied events are displayed in Figure 6 as well.
Generally, the present results ensure that the preliminarily proposed parameter ranges fit FullSWOF
for these two studied events. However, as the most-adapted values for ad0 and 𝛺0 just fall to the
lower-limit and upper-limit of the tested range, respectively, it would be worthy of re-directing
slightly the range of optimized parameters. With this adjustement, we may obtain even better NSE
coefficients prospectively. We propose here a more specific range of investigated parameters tabled
in TAB.4. Accordingly, as the road sediment transport processes is originally investigated with the
phycically-based H-R model, it is the first time that a proper range of the H-R parameter values is
proposed for urban road dust erosions. Moreover, since these parameter values are obtained by using
detailed measured data, this acquired information is quite useful for the further studies of the urban
surface sediment erosion.
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Figure 5. NSE of the best-fit simulations for given parameter values of the 2 studied rainfall events
(blue line for the rainfall 02/04/2015, and red line for the rainfall 03/04/2015). (a) For ad0; (b) For b;
(c) For F; (d) For 𝛺0; (e) For Ponding depth

Figure 6. Best-fit simulations of TSS concentrations at outlet (solid blue line) and the corresponding
parameter values and NSE coefficient. Compared with the measured data (red circles), rainfall is
plotted on the upper part. (a) Event 2 April. 2015; (b) event 3 April. 2015
Table 4. Proposition of the proper ranges of the investigated parameters for the adaptation of H-R
model to urban context
Parameter

Tested Values

a0 (kg/m3)

100 - 10000

b
F

2-4
0.001 - 0.01
0.1 - 0.3

𝛺0 (W/m²)
Ponding depth
80
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CONCLUSIONS AND PERSPECTIVES
In the current study, the physically-based H-R model coupled with FullSWOF is originally
investigated for modelling road dust erosion processes in urban stormwater runoff. The simulation
results show that the model application combined with high spatial- and temporal-resolution data is
a promising approach to reproduce the various dynamics of water flow and sediment transport on the
road catchment.
H-R parameters for road dust erosion are deeply discussed. Since no existing researches of H-R model
have been performed over road catchment, we propose for the first time a proper range of parameters
for H-R model. Moreover, the sensibility of examined parameters to model performance in predicting
TSS concentrations is briefly exposed as well. This tool may be very powerful in the future to help
to investigate deeply the processes at stake on the urban surface.
Otherwise, since FullSWOF requires costly time of simulations (30 hours of simulation for only 1
hour precipitation), only 3 values of the 5 investigated parameters have been examined for two rainfall
events in this present research. Benefitting from the achieved results, we plan to zoom on some
parameter values aiming to get more appropriate results. Meanwhile, we are at present working on a
MPI (Message Passing Interface) version of FullSWOF in order to reduce the computation time. An
elaborate sensitivity analysis and auto-calibration procedure are in prospect as well.
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Summary of key findings
• Validation of time-uses approach for stochastic modelling of flows in extensive sewer networks
• Stability of the best parameter set
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BACKGROUNDS AND RELEVANCE
Quantifying wastewater pollutant loads is a key aspect in wastewater management. But as it is time
consuming and costly to evaluate these loads, it is important to propose predictive models. The
transport of pollutants in sewer systems, in both dissolved and particulate phases, strongly depends
on the water flow. Thus, we must first build models to predict dry weather flow in sewer networks.
Elías-Maxil et al. (2012) proposed a model derived from another model on domestic water usages
(Blokker et al. 2010) in order to predict household outflows for minor sewer networks. It is based on
people time-use and water usages statistics. This paper describes how the model is adapted to an
extensive semi-rural sewer network (population +15 000 inhabitants, catchment area +130 km²). The
final aim of this study is to couple this discharge model with another one describing household
excretion of drugs in urine in order to simulate the flow and drugs concentrations and loads at the
inlet of the waste water treatment plant.
MODEL
Given a certain area with a known number X of households, the model first estimates the outflow of
each household. Then the X outflows are transferred into the sewer network and a hydraulic model
propagates the flow to the catchment outlet. As the elementary processes are randomly picked from
probability distributions, it is necessary to repeat this process many times (Monte Carlo simulations).
At the end, the model generates a probability distribution of the flow at every time step.
Household definition
Each household is described by the number of persons, their type (working adult, not working adult,
child/student) and the water uses (toilet flushing, washing machine, kitchen tap...). As the number of
households is large, it cannot be known exactly. So population statistics of the area of interest are
used and all above descriptors are randomly picked according to their statistical distributions.
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Time-use data
In order to estimate the behaviour of each person in each household, statistics from a comprehensive
national French time-use survey were used (Emploi du temps, 2009-2010). 27 903 time-use agendas
over 27 h were analysed. First, week-end days and data from people living in too large cities were
excluded as they do not correspond to the conditions of our case study. Then the three different types
of persons were sorted out. For each type of person, daily behaviour patterns were determined and
parameterised. Five daily behaviours were defined: never leave home, leave home for one long
period, leave home once in the morning, leave home once in the afternoon, leave home twice in the
morning and the afternoon (figure 1). Consequently, for each type of person, the probabilities of daily
behaviour and of the corresponding parameters are known. Picking randomly all parameters enables
to generate the time-use of each person. Then a water use probability is assigned to each time step
over 24 h (depending on the fact that each person is at home or not, is asleep or not, etc.).

Figure 1. Relative differences between the 5 types of days
Water uses modelling
For each person and each possible water uses in each household, the number of uses is randomly
picked. Then intensity, retention time and duration of the use are also picked. The time of use is
determined by randomly picking a time in the weighed time-use profile. Some uses are set for the
whole household (washing machine, kitchen tap...) and not individually. For other uses, the weighed
time-use profile is multiplied by a probability of the specific use extracted from the survey, for
example the time associated with preparing meals. This finally gives the outflow of each household.
Hydraulic modelling
The hydraulic modelling of the sewer network is set by aggregating main areas of households where
data can be obtain, and then by simplifying the sewer network with only main pipes connecting
aggregates of households and pumping stations (figure 2). Pipes are modelled with a Muskingum
model and pumping stations with a simple volume threshold model.
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Figure 2. Map of the sewer network and the proposed modelling structure
RESULTS AND DISCUSSION
A quick first run of the model (2 days on a standard personal computer) consisted in running 320
different parameter sets. Each set was used 100 times to generate dry weather flows for two
consecutive days at a one minute time step to account for the stochastic variability. Each result (mean
of the 100 repetitions for one set) was then compared with the Nash-Sutcliffe coefficient (NS) to the
flow measured at the catchment outlet (WWTP) for 128 different dry weather week days selected in
2012 and 2013. A fraction of the water entering the WWTP is due to non-domestic uses. This fraction
was supposed to be collected during the daytime. So the final model calibration, to account for this
fraction, was focused on the morning peaks and on the evening decreases. The final NS was then
calculated over one day from 8:00 am to 8:00 am. The average NS value was 0.70 with, with a
standard deviation of 0.09 and only 3 days with NS below 0.5 (figure 3). Most of the days were well
simulated with the same parameter set (94/128)(results in table 1).
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Figure 3. Example of results
Table 1. Parameter sets results
Parameter
set number

Percentage
of best NS
(128 days)

If applied to all the days

319

73

Average
NS
0.7

270

5

0.71

0.08

2

0.33

246

15

0.58

0.15

35

0

299

4

0.58

0.14

31

0.02

185

1

0.64

0.1

8

0.22

253

1

0.48

0.16

68

-0.05

181

2

0.56

0.15

37

-0.04

Standard
deviation
0.1

Number of NS
under 0.5
4

Minimum NS
0.26

CONCLUSIONS AND PERSPECTIVES
The proposed predictive model gives good results with a mean NS value of 0.7. Further work will
include larger parameter sets simulation, statistical estimation of non-domestic flow during the day,
and a test application on another sewer network.
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Abstract
In the urban water cycle there are different sources for extracting energy. In addition to chemical
energy in the wastewater, thermal energy can also be recovered. Heat can be recovered from the
wastewater with heat exchangers that are located decentralized and/or centralized at several
locations throughout the system. It can be recovered directly at the source (e.g. in the showers and
bathrooms), at building block level (e.g. warm water tanks collecting all grey water), at sewers or at
the wastewater treatment plant. In this work, based on literature values, a waste water production
model including waste water temperatures is developed with the aim on heat recovery. The model
is tested for different applications and a comparison with the measured data of a drained area of
approximately 10,000 inhabitants showed sufficient results in terms of water quantity and water
temperature over time. With this calibrated model a modelling study of different heat recovery
scenarios on a household level (decentralized) and of in-sewer heat recovery (centralized) is
conducted. Note that installations on different levels can be competing technologies. In this study a
maximum performance drop of 40% for a centralized (in-sewer) energy recovery was estimated
when all bathrooms are equipped with decentralized recovery systems. Therefore, the proposed
modelling approach is suitable for testing different future conditions and to identify robust strategies
for heat recovery systems from waste water.
Keywords
Future scenarios, temperature modelling sewer, decentralized energy production

INTRODUCTION
In the EU27, approximately 40 MWh per capita are consumed per year at present (Azhar Khan et al.,
2014). Within the urban water cycle, different processes consume a considerable amount of energy.
Energy is consumed for exploitation, water preparation, transportation, heating, collecting, and water
treatment. Approximately 80% of the primary energy demand in the (domestic) urban water cycle is
required for water heating and the rest is for transportation and treatment (Elias-Maxil et al., 2014).
Just in the operational phase of the urban water infrastructure approximately 220–260 kWh per capita
per year are consumed (Venkatesh and Brattebø, 2011), but these values can vary quite a lot (up to
700 kWh per capita and year or even more; Olsson, 2012) depending on, for example if the system is
gravity-driven or not or if a desalination plant is implemented. For the centralized water infrastructure
(without water heating), approximately 0.5–2% of the total energy amount per capita is consumed
and for water heating approximately 5–10%. Most of this energy amount for heating is usually
discharged into the sewer system.
In principle, the water industry can produce energy due to recovery, but as long as the energy
consumption per capita is that high, it can only contribute marginally to covering the required demand
(Svardal and Kroiss, 2011). In the urban water cycle, there are different sources for extracting energy.
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In addition to chemical energy in the wastewater, thermal energy can also be recovered (van der
Hoek, 2012). Heat can be recovered from the wastewater with heat exchangers that are decentralized
and/or centralized at several locations throughout the system. Heat recovery is located directly at the
source (e.g. in the showers and bathrooms), at building block level (e.g. warm water tanks collecting
all grey water), at sewers or at the wastewater treatment plant (Meggers and Leibundgut, 2011). It is
important to consider that the biological processes at the wastewater treatment plant are inhibited
when the temperature is too low (Wanner et al., 2005). Even industrial cooling with wastewater could
be a feasible use, but for these applications, knowledge about the temperature distribution and the
impact of thermal utilization is required. Therefore, Dürrenmatt and Wanner, (2014) presented a
mathematical description of the effect of heat recovery in sewers. When installed in a combined sewer
system, there is especially high variability in the flow rates and temperatures (Cipolla and Maglionico,
2014) throughout the year, which requires extensive numerical efforts (Abdel-Aal et al., 2014).
It is of great interest to understand the interactions of different heat recovery options (decentralized
and centralized) to identify efficient solutions. The payback time of such systems is at least a decade
and in such a period significant changes in warm water consumption due to technical progress and
change in consumer behaviour can take place. When a centralized heat recovery system is installed
in the sewer system, it can significantly be impacted by such behavioural changes and technical
progress (e.g. heat recovery in showers becomes a standard). The goal of this study is the development
of a stochastic model, which creates aggregated wastewater and temperature profiles. This waste
water production model (abbreviated WWPM) is based on an intensively investigated stochastic
water demand model (Blokker et al., 2010) with some modifications and simplifications for that
particular application. For an application to heat recovery, temperatures for the different water
consumptions are implemented based on literature values. With that WWPM, a partitioning of the
different heat sources in the residential heat water demand (and waste water) over a day is possible
and the impact of step-wise changes (technology diffusion) in the different sources (e.g. reduced
temperature or amount) on a centralized heat recovery system can be investigated. The model is tested
for different applications and a comparison with the measured data of a drained area of approximately
10,000 inhabitants showed sufficient results in terms of water quantity and water temperature over
time. With this calibrated model a modelling study of different heat recovery systems on 1) a
household level (decentralized) and 2) of in-sewer heat recovery (centralized) is conducted.
MATERIALS AND METHODS
The WWPM is developed for an application on heat recovery scenarios in sewers. A heat recovery
system in a sewer requires a certain amount of waste water to operate from a technical point of view
and also to operate economically reasonable. In the literature, different minimal amounts of waste
water are specified for separate and combined sewers, due to the different boundary conditions (e.g.,
amount and temperature of sewer infiltration water, flow velocities, air and soil temperature). A
population of approximately 5,000 to 10,000 should be connected to a sewer to beneficial install a
heat recovery system in a sewer pipe (Klinger and Weber, 2004). For a simulation of heat recovery
systems, a corresponding resolution in terms of population is required. Therefore, the developed
model aims to produce waste water hydrographs for a population of 1,000 and more (up to 20,000)
but could also superimposed or be adapted for higher numbers of population.
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Figure 1. Example work flow for a specific waste water production
Figure 1 shows the work flow in the WWPM and the sewer temperature simulations with the
TEMPEST (Dürrenmatt and Wanner, 2014).
Waste water production model (WWPM)
The developed WWPM is mainly based on literature values for water demand and estimated
utilization temperatures for hot water. The initial step in this model development is to obtain the water
demand at a household level with a stochastic demand model. In literature, this has been extensively
investigated on a household level (e.g., Blokker et al., 2010). Based on this work, a simplified model
is applied, because as described before this WWPM is supposed to obtain sufficient results for heat
recovery scenarios in sewers (≥1000 population). Based on Blokker et al., (2010), end-use types as
specified in Table 1 are used with the corresponding water demands (Neunteufel et al., 2014).
Table 1. Water demand data and water temperatures (Hillebrand, 2014)
end use type L per usage
usage per
day


 Q
Q
D
D
C C l/s l/s min min

shower
bathtub
WC
washing
machine
dishwasher
outside use
taps

h
h

h
h

36
76
5.9

0.7
0.03
6.1

37
37
8.5

0.7
0.7
1

7.4
10.5
3

0.9
0.5
0.3

4.8
7.4
2

1
0.6
0.15

9/14/20
1.9/3/1.7
10/14/20 2.4/3/2.2
9/13/20 1.9/3.5/1.7

44

0.4

25

1.5

8.9

0.6

4.9

0.3

10/14/17

2/5/3

16.3
85
1.7

0.25
0.8
21

40
8.5
30

5
1
5

9
6.1
2.5

0.7
0.6
0.15

1.6
14
0.7

0.15
0.14

10/14/20
7/13/19
9/14/20

1.9/2/1.7
1.5/4/2.5
2/2.6/1.8
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For each of the end use types, the water temperature is assumed to be normal distributed (expected
value  and standard deviation  see Table 1). Also water flow (expected value Q and standard
deviation Q see Table 1) and duration (expected value D and standard deviation D see Table 1) of
utilizations are assumed to be normally distributed. For the duration of outside utilization a ²
distribution is assumed.
This model aims to reproduce water demands for populations of 1,000 and more. Therefore, the point
in time of the occurrence of each event is estimated based on a standard demand pattern for that
amount of inhabitants (DVGW, 2008). For the different end use types, a combination of three
different normal distributions is used to model the expected value for the time of occurrence (see
Table 1 expected value h) and standard deviations (Table 1 expected value h). Based on literature
values these values are initially assumed and subsequent calibrated in order to obtain the standard
demand pattern mentioned before. As this is a stochastic model, for calibration 10 runs are performed
and the target value (= standard demand pattern) are compared with the median values of the 10 runs
(see Figure 2 right).

Figure 2. Left: Case study and measurement location; Right:Standard demand pattern used for
calibration
Temperatures from tap to sewer
When recovering heat from hot water, the temperatures available for recovery are not those on the
consumption level. For example when recovering heat from a shower with an instantaneous heat
exchanger the water temperature when the water enters the shower drain is a few degrees lower than
the consumption level due to losses. Wong et al., (2010) measured these temperature losses under
different conditions and determined temperature drops between 2 and 7°C and developed an empirical
equation to determine this drop. Alike as in the shower, there are also temperature losses from the
shower drain to the sewer line. As the temperatures are highest close to the source, also the losses are
highest. Based on Wong et al., (2010) a simplified potential equation is used in this study to determine
the in-house temperature losses T = 10-10*Ti6.673 for each utilization temperature Ti (T<7.5°C).
Temperatures along sewer lines
The developed stochastic WWPM is used to produce the input for the existing mathematical model
TEMPEST (Dürrenmatt and Wanner, 2014) to predict waste water temperatures along sewers.
TEMPEST is not intended to model the temperature characteristics in a detailed sewer model with a
lot of small sewer lines, branches and loops, but to predict water temperature in sewer main lines.
The main line investigated in this work is shown in Figure 2 left. The used sewer line is a simplified
sewer line, which is supposed to drain the entire area connected to the measurement point.
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Case study data
For a real application, a part of a small Alpine case study is used (see Figure 2 left). In the entire
drained area there are approximately 15,000 inhabitants (see green area in Figure 2 left). To the
measurement point, approximately 10,000 inhabitants are connected. For dry weather situations, the
water height and the water temperature were measured. In total, 10 days of measured dry weather
flow were used in this study.
RESULTS AND DISCUSSIONS
In first step, the variability of the developed WWPM is shown. In Figure 3 the results of the WWPM
for 1,000, 5,000 and 10,000 persons are shown as statistical evaluations of 10 model runs. In the
upper figures, for one day (in 6 minutes time steps) the waste water temperatures are shown and in
the lower figures the water flows. Noticeable with increasing persons, the variability of the results
decreases. While e.g. for the waste water temperature there is variation of up to 4°C within the runs
for 1,000 persons, for 10,000 persons this variation decreases to approximately 1°C.

Figure 3. Simulated waste water temperatures and flows for different populations
In a next step, it is evaluated, how the WWPM can reproduce the measured characteristics of the
investigated case study. For that the measured waste water flows are compared with the simulated
ones. In Figure 4 left, the median and the quartile values of the measured water flows are shown in
comparison with the simulated median values and quartiles. While the characteristics of the curves
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agree, the variation in the measured data is higher. In this regard it has to be mentioned that the
simulated data is modelled as one single discharge point in the system. In reality, the dry weather
flow of the 10,000 inhabitants is piecewise discharged in the sewer system over a length of about 3
kilometres. Following this argumentation, the less distinct minimum between 12:00 and 18:00 can be
explained due to the spatial distribution of the inhabitants throughout the real system. The overall
quantity of water is in good agreement with the measured flows.

Figure 4. Measures and simulated waste water temperatures and flows
The measured and simulated waste water temperatures are compared in Figure 4 right. To sufficiently
compare the measured and the simulated waste water temperatures, the water transport and the
temperature distribution along the sewer line has to be considered. For that the model TEMPEST is
used with parameters according to the boundary conditions (slope, diameter, air temperature, soil
conditions, sewer infiltration rate, etc.). For the simplified sewer line shown in Figure 2 left, the
temperature distribution is simulated with 1,000 inhabitants connected to each of the 10 shown orange
nodes. Different spatial distributions are applied by assigning different hydrographs to each of the 10
nodes randomly. As a result, the waste water temperatures for 36 hours for 6 of such scenarios are
shown in Figure 4 right as black lines. In comparison to that, also the measured temperatures for 10
days are shown as grey lines. From a visual comparison, also for the waste water temperatures, the
time variation could be resembled. Based on the evaluations shown above it is concluded, that for the
intended use, this WWPM provides sufficient data and results. In a last step, the WWPM is used for
a modelling study to investigate the impact of different heat recovery strategies within the waste water
system.
When designing and maintaining central infrastructure, it is important to consider potential future
decentralized infrastructure implementations (e.g., Sitzenfrei et al., 2013; Sitzenfrei and Rauch,
2014). In the following it is investigated how a decentralized heat recovery in bathrooms has an
impact on a potential centralized heat recovery system. For that the average waste water temperatures
of the shower and bathtub are reduced from 37°C to 23°C. To investigate the temporal development
of such technology diffusion (stepwise implementation of such devices in the households), different
installation rates are investigated from 0% to 100% implementation. 40% technology diffusion rate
means that 40% of the households have that technology installed. In Figure 5 left the temperature
distributions for the different scenarios are shown. These temperatures are simulated close to the
source. Such temperature levels would for example occur in heat recovery tanks for building blocks,
before the waste water enters the main sewer system.
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Figure 5. Results for waste water temperatures for technology diffusion of bathroom heat recovery
In Figure 5 right the simulated sewer temperatures at the measurement location for the described
scenario are shown. These temperatures would be the design temperatures for a centralized heat
recovery system at that sewer. For an estimation of the effect of such technology diffusion, an average
waste water temperature of at least 12°C is assumed to be maintained in order to ensure a sufficient
waste water treatment at the waste water treatment plant. With no decentralized heat recovery systems
installed, a temperature difference of 3.21K could be used for energy production while this amount
can significantly decrease with increasing technology diffusion (down to 1.93K). A sewer heat
recovery system can approximately utilize 2 to 4K. For in-sewer temperatures of 15.21°C a
performance of approximately 366kW could be achieved with such a device. With a decrease waste
water temperature due to a 100% technology diffusion of decentralized bath heat recovery systems
and the same amount of water (approximately 27l/s), this amount would decrease to approximately
220kW, a 40% performance drop.
CONCLUSIONS AND OUTLOOK
In this work, based on literature values, a waste water production model including waste water
temperatures is developed. The model is tested for different applications and a comparison with the
measured data of a drained area of approximately 10,000 inhabitants showed sufficient results in
terms of water quantity and water temperature over time. With this calibrated model a modelling
study of different heat recovery systems on a household level (decentralized) and of in-sewer heat
recovery (centralized) is conducted. All of these technologies can be installed from a technical point
of view and can also be operated beneficial from the point of view of energy balance. But these
installations on different levels can be competing with each other. The implementation of
decentralized installation can hardly be controlled and are likely to be installed in e.g. bathrooms in
future. A maximum performance drop of 40% for a centralized in-sewer energy recovery was
estimated when all bathrooms are equipped with such decentralized recovery systems.
The payback time of centralized heat recovery systems are at least a decades. When enforcing such
centralized technologies with e.g. subsidies for centralized heat recovery in sewers, it should be also
taken into account that in the next 20 years the temperature levels in the sewer system could change
due to a progressing implementation of in-house devices. A potential solution for these competing
technologies would be to enforce just one by e.g. subsidies. As private installation cannot be inhibited,
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subsidies just for these decentralized heat recovery in the households could be one strategy to solve
this issue.
On the other hand if the transport time in the sewer system after the heat recovery is long enough, the
sewer temperatures are approximately at the level of the average ground or groundwater temperatures.
For an efficient planning, a modelling study as shown in this work could identify robust strategies for
waste water heat recovery.
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Abstract
When building integrated river water quantity-quality models it is paramount that also the pollution
originating for Combined Sewer Overflows (CSOs) can be taken into account. However, even
though it is known that CSO water is polluted, little is yet known about the magnitude of this
pollution. We hypothesize that the WWTP influent measurements can serve as a proxy of the water
quality at the CSO if not located too far from each other. Many models are already available to
simulate the dynamics of the pollutant concentrations at the WWTP influent. Most of these models,
however, require a continuous series of historical water quality measurements at high temporal
resolution (order of magnitude of minutes). In this study, a Multi-Layer Perceptron neural network
(MLP NN) is applied to generate daily concentration time series by training to measurements
available at a weekly resolution. Temporal interpolation is based on daily discharge data and hourly
rainfall intensities. This approach is tested to simulate ammonia (NH4), orthophosphate (OP), and
total phosphorus (TP) for 15 WWTPs in Flanders, Belgium, showing promising results.
Keywords
Artifical Neural Network (ANN), Black-box Model, Combined Sewer Overflows (CSOs),
WasteWater Treatment Plant (WWTP) influent

INTRODUCTION
Modeling water quality concentrations at Combined Sewer Overflows (CSOs) is very challenging
when no CSO water quality measurements are available. On the contrary, Waste Water Treatment
Plant (WWTP) influent measurements are often readily available, at least with low temporal
frequency. We hypothesize that these measurements can be considered as a proxy for the assessment
of the CSO loads. The WWTP influent discharges can be applied to a conceptual model of the
overflow chamber if next to the WWTP influent location, or a larger part of the downstream sewer
system if further away to simulate CSO discharges. For the water quality concentrations, if complete
pollutant mixing is assumed at the overflow chamber or the sewer system part around the WWTPCSO locations, which is a valid assumption for small systems, the WWTP influent concentrations
can be easily transferred to corresponding CSO concentrations. If full mixing would not be a fully
valid assumption, simplified representations of the potential effects of settling can be considered.
Many models are available that can simulate the dynamics of the WWTP influent (e.g. Gernaey et
al., 2011, Langeveld et al., 2014). Broadly, they can be classified in grey box models, which are semiphysical models, and black box models that derive an empirical relation between the input and output
of the observed systems. In a grey-box model approach the influent time series dynamics can be
described through a conceptual reservoir (e.g. Bechmann et al., 2000, Willems, 2010). The main
processes such as DWF loads and diurnal variations, wash-off, sedimentation and resuspension can
be taken into account. This approach, however, requires measurements of both discharges and water
quality concentrations at the time step required for the model (i.e. at least 1-hour and preferably less).
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If discharge and WWTP influent concentration measurements are available at a lower temporal
resolution, calibration of a grey-box model becomes a very difficult and time consuming task.
In a black box or empirical model, the relation between model input and output solely relies on the
measurements at hand without any prior model available. Well known examples are transfer functions
and artificial neural networks (ANN). ANN based models have the advantage that they can be trained
to temporary sparse data, as is often the case for water quality data at CSOs.
This paper tests the application of an ANN model for use in integrated urban drainage - river
catchment studies. It is investigated what are the key factors in determining a good simulation of
WWTP influent concentrations, based on readily available discharge, rainfall and WWTP influent
concentration measurements with a low temporal resolution.
STUDY AREA
The study area is Flanders, Belgium. In total, 15 WWTPs were selected from the 304 WWTPs that
are located in Flanders, representing a good spatial distribution over the region (Figure 1). The
Flanders region has an area of 13,754 km2 and has a population of around 6 million giving a
population density of more than 400 people per square kilometer. It is a highly urbanized region with
98% of the population living in urban areas (World Bank, 2015). Despite this high urbanization, the
percent of households of which the waste water is treated by a WWTP before discharging into the
river system deals with a historical lag although strong efforts have been made to increase this as
demanded by the European Urban Waste Water directive. To this end, a public company, Aquafin
Nv, has been created and given the mandate to construct and operate WWTP facilities. Under their
direction, the percentage of households for which the waste water is treated by a WWTP before
discharging into the environment rose from 26% in 1991 to 48% in 2000 to 81% by the end of 2014
(MIRA, 2015). For each WWTP, daily flow measurements are available for at least 5 years.
Concentration measurements of ammonia (NH4), nitrate (NO3), orthophosphate (OP), and Total
Phosphorus (TP) are also available, but with a temporal resolution of about 1 week only.

Figure 1. Locations of the 15 selected WWTPs in Flanders for which the ANN model was calibrated
The pollution concentration at the WWTP influent depends on both the pollutant loading originating
from households, which typically has diurnal, weekly and seasonal temporal variations, and the
rainfall over the upstream sewer catchment. The rainfall generates runoff that brings pollutants into
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the sewer system. The magnitude of the flow in the sewer can resuspend deposited pollutants leading
to first flush peaks. Later on, during the storm, dilution of the pollutants can result in lower
concentrations. This shows that a simulation model for WWTP influent water quality concentrations
should consider historical rainfall data. In this study, readily available rainfall intensity measurements
with an hourly time resolution at 70 locations well spread over the region (Figure 2) have been
applied. The length of the applied rainfall records was 7 years on average with a maximum of 11
years.

Figure 2. Spatial distribution of the 70 rainfall gauges used in this study
ANN Model
A static Multi-Layer Perceptron neural network (MLP NN, Figure 3) is applied since this model can
handle nonlinearity and has been widely applied in a variety of scientific and engineering fields. For
example, Verma et al. (2013) showed that MLP NN outperformed other algorithms when predicting
TSSs in wastewater. Most applications of ANN models for concentration simulation and prediction
make use of past recorded values of the output variable(s), hence are applied in real-time prediction
mode. Such past values of the output variables are known as the memory values of the system and
may greatly increase the prediction power of the model (Maier and Dandy, 2000). However, because
reliable recorded past values are not always available, such approach is prone to drift and instability,
which makes it less useful for long term model simulations and related scenario analysis. For this
reason, a strictly feed forward neural network is applied in this study.
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Figure 3. Multi-Layer Perceptron neural network architecture
As noted by Maier and Dandy (2000) data pre-processing can have a significant effect on model
performance. The rainfall model input in this study is transformed with a logarithmic transformation
after adding 0.001 to reduce the skewness, which is inherent to rainfall data, i.e. many days without
rain and only a few days with high intensities. After this transformation, all input variables are scaled
to the same range from -0.8 to 0.8 to ensure the same importance is given to all input variables. Also
the target values can be highly skewed and are therefore first transformed by means of a Box Cox
transformation (Box and Cox, 1964). The single parameter of the transformation, lambda, was
optimized between 0 and 1, by the maximum likelihood approach (maximizing the likelihood that the
sample originates from the normal distribution). This probability was calculated with the one sample
Kolmogorov-Smirnov test (Massey, 1951). Prior to this transformation, the measurement outlier data
points were removed from the dataset. A normal, two-sided, outlier-detection approach was used for
this purpose, which considers outliers to be values outside the range [-3σ, +3σ]. Finally, the
transformed target data are scaled between -1 and 1 before being used for training the network.
The optimal number of nodes in the hidden layer was obtained by varying the number of nodes
between 1 and 2*input layers + 1 (Swingler, 1996) and selecting the number that provided the best
fit for the validation data to avoid overfitting of the network. The network training function updates
weight and bias values according to the Levenberg-Marquardt optimization. This algorithm is
designed to approach second-order training speeds without having to compute the Hessian matrix by
using a Newton like approximation (Marquardt, 1963; Hagan and Menhaj, 1994). During the training
a combination of squared errors and weights is minimized after which the correct combination is
determined to produce a network that generalizes well. This process is also called Bayesian
regularization. The available data set was divided in three blocks of training, validation and testing
data sets with a ratio of 55/20/25 respectively. A stopping criterion is applied by using the independent
validation set to avoid overfitting of the network. The testing data set allows for an independent
evaluation to assess the capability of the model to extrapolate. As activation function for the hidden
layer nodes, the tansig function was implemented to account for the non-linear behavior of the system.
The output layer has a purelin activation function.
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RESULTS AND DISCUSSION
A summary of the ANN model results is given in Table 1. Since measurements were not available
for all water quality variables at all locations, the number of WWTPs on which the analysis is based
is also mentioned. It is clear that even with the limited amount of data available, a good model fit of
the ANN can be obtained for all the water quality variables considered in this study. An example
result for the WWTP of Aalst is shown in Figure 4.
Table 1. Summary of the ANN model results (average ± standard deviation)
# WWTPs
# samples
R2 training
R2 test

NH4
9
203 ± 71
0.85 ± 0.04
0.88 ± 0.04

NO3
6
221 ± 40
0.81 ± 0.09
0.79 ± 0.09

OP
8
187 ± 26
0.81 ± 0.06
0.83 ± 0.08

TP
7
167 ± 56
0.79 ± 0.06
0.74 ± 0.06

Figure 4. Time series (Top), and scatterplot (Bottom) comparing the model results with
measurements of ammonia at the influent of the WWTP of Aalst
When investigating which factors determine the accuracy of the ANN model, it is first investigated
what the role is of the number of samples available. When the number of water quality sample values
was limited to 50 or less, the WWTP was not considered in the analysis. Surprisingly, no clear relation
between the number of samples and the model goodness-of-fit evaluated based on the R2 between
simulated and measured values during the test period, exists. This means that more samples does not
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necessarily lead to a higher accuracy for the model after training (Figure 6). This means that other,
yet unidentified factors are more important

Figure 5. Relation between the number of samples available for calibration and the R2 goodness-offit statistic of the resulting model for the testing period
Finally, the influence is of the different input variables on the model performance is tested. Table 2
shows that including all the available variables provides the best model fit. However, only a marginal
improvement could be obtained by including the rainfall information and no good model fit could be
obtained by only using the rainfall information and omitting the discharge data. This is probably
because only few water quality samples are taken during rainfall events, hence calibration may be
improved by focusing on sampling during rainy periods.
Table 2. R2 test results when considering for different ANN inputs
NH4
NO3
OP
TP

time/rain
0.67 ± 0.13
0.62 ± 0.18
0.55 ± 0.10
0.48 ± 0.07

time/discharge
0.86 ± 0.06
0.72 ± 0.10
0.79 ± 0.07
0.70 ±0.06

time/discharge/rain
0.88 ± 0.04
0.79 ± 0.09
0.83 ± 0.08
0.74 ± 0.06

CONCLUSIONS
This paper shows the application of a Multi-Layer Perceptron Neural Network to simulate the water
quality at the WWTP influent as a proxy for the water quality at nearby CSOs. The independent
variables considered are the daily discharge measurement over the last three days, the daily mean and
maximum rainfall intensity based on hourly rainfall measurements over the last three days, the
antecedent dry spell length and logical variables representing the weekend days and the month of the
year.
The methodology is tested for 15 WWTPs in Flanders, Belgium. Average correlation coefficients are
around 0.8 for all water quality variables (nutrient concentrations) investigated in this study. These
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are good results, especially when taking in mind the data scarcity. Despite these good results, there
is room for further investigations and improvements.
A minimum value of 50 time moments with available water quality, discharge and rainfall data was
considered for training the ANN model. Surprisingly, no clear relation between the number of
samples available for training and the goodness-of-fit of the model was found, which needs further
investigation.
It is assumed that the influent loads to the WWTP can serve as a proxy for the pollutant loads at the
CSO. Specific measurement campaigns should be carried out for a range of CSOs with different
characteristics to test to which degree this assumption is valid and how further model training can
take into account the deviations.
Finally, it is recommended to compare this black-box method with physics-based approaches, e.g.
grey-box models, and existing WWTP influent generators in order to further analyze the merits of
these different approaches.
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Key-findings
 This paper presents a novel modular and lumped computationally efficient modelling approach for sewer
system quantity simulations
 An accompanying software tool with GUI was developed for model set-up
 Tests with the developed modelling approach and software on a real-life case study demonstrate that the
methodology can account for backwater effects and deliver accurate CSO predictions, while the simulation
time is reduced by 4∙105 times compared to a full hydrodynamic model
Keywords
Computational efficiency, CSO, Quantity modelling, Sewer, Software, Surrogate modelling

BACKGROUND AND RELEVANCE
Mathematical models play a crucial role in management of urban drainage systems. To assess the
efficiency of alternative management strategies for different return periods correctly, long term
simulations should be performed followed by a statistical post-processing of the results. This
approach allows for the explicit incorporation of antecedent conditions. To perform such simulations,
models with a very short calculation time are required. This need is also shared by numerous
applications that demand for a large number of simulations, such as optimization problems, impact
assessments and real-time control. In addition, the importance and potential of integrated urban water
system models becomes more and more recognized, in which not only the urban drainage system
itself, but many other aspects are being considered simultaneously (e.g. Fratini et al., 2012; Bach et
al. 2014). This evolution towards integrated models has an impact on the way systems are modelled.
In summary, future urban drainage management imposes the following four key requirements on
models: (1) a short calculation time, (2) yield accurate predictions, (3) easily linkable with other
modules, and (4) allow for different levels of model detail tailored to the application in mind, since
not all dynamics are relevant for certain applications.
Conventional full hydrodynamic models, such as InfoWorks and SWMM, emulate reality accurately,
but do not fulfil the other three specified requirements. Their long calculation time and difficulty to
link models made in different software programs in particular makes their use infeasible for many
applications. Different simplified modelling approaches (e.g. Saagi et al., 2014) and software
packages exist (e.g. CITY DRAIN (Achleitner et al., 2007), SMUSI (Muschalla et al., 2006)), but
these suffer from fundamental shortcomings when emulating complex flow regimes, such as
backwater effects and pressurized or reverse flows (Vanrolleghem et al., 2009). This paper presents
a novel conceptual mechanistic modelling approach and accompanying software tool that can account
for such behaviour, and strives for model parsimony and pragmatism by focusing on the dominating
processes.
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METHODOLOGY
The developed modelling approach emulates the results of detailed models. The methodology is based
on the storage cell concept, in which the sewer network is lumped and divided into multiple cells.
The water balance is explicitly closed in each cell, while several structures with different complexity
are employed to predict the inter-cell flows: predefined discharges in combination with logic controls,
a static-dynamic virtual storage approach, multi-input transfer functions representing arrangements
of linear reservoirs, and structures incorporating artificial neural networks. This modular approach is
very flexible and enables the modeller to pick the most suitable model structure depending on the
system’s dynamics. Since some of these structures are data-driven and hence adapt themselves to the
data provided during configuration, many complex flow dynamics can be mimicked accurately.
A software tool with GUIs was developed that guides the user through the configuration of the model.
Finally, the model itself is automatically generated in a C-script together with files containing all
boundary data. Such script can easily be expanded with other modules and is computationally very
efficient. The workflow is schematized in Figure 1. Please contact the authors concerning software
availability.

Figure 1. Schematic overview of the workflow and functionality of the software tool
RESULTS AND DISCUSSION
To demonstrate the approach, a surrogate model was created that emulates an InfoWorks CS model
of the sewer system of the cities Sint-Amandsberg and Oostakker in Belgium (Figure 2). The detailed
model is relatively flat and contains over 6000 conduits, 43 pumps and about 100 other hydraulic
structures. The surrogate model aims to predict the CSO flows and other outflows of the system
accurately, both in magnitude and timing. Simulation results of three synthetic events with a
frequency of 7 times a year (f07), and return periods of 2 (T02) and 10 (T10) years were used for
calibration, while three others (f10, T05 and T20) were used for validation.
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Figure 2. Network topology of the detailed InfoWorks CS model (left) and the configured conceptual
model (right). The inter-cell fluxes and fluxes to outfalls are also indicated.
The topology of the conceptual model consists of 6 cells or subcatchments (SC; see also Figure 2).
The boundaries of these SCs were selected such that the number of inter-cell fluxes is minimal. Some
flows over CSO’s and other outflows that are situated close to each other were aggregated to minimize
the amount of variables that has to be calculated. This yielded 9 flows to outfalls and as many intercell fluxes. For each flux, the most suitable model structure was identified and calibrated. The NashSutcliffe efficiencies (NSE) of the simulated flows to outfalls of the surrogate model are shown in
Table 1. It is clear that most NSE-values are close to unity, indicating a good fit, even for the most
extreme events (f10 and T20) which fall outside the calibration range. The prediction of flow ‘E’ is
characterized by lower NSE-values. This flow is determined by a pump with a predefined discharge
(see also Figure 3). Indeed, small divergences in pump operation can result in large NSE-value
deviations.
The calculation time of the obtained surrogate model amounts approximately 0.003 seconds for
simulating a two-day event with a time step of just 10 seconds. This very short computation time,
together with its potential to emulate complex flow dynamics and its flexibility, make the proposed
modelling approach a suitable tool for many applications in urban drainage management.
ACKNOWLEDGEMENT
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Table 1. NSE-values indicating the goodness-of-fit of the simulated fluxes to outfalls in the
conceptual model and the InfoWorks CS model. The letters “C” and “V” denote calibration and
validation events respectively.
Flow

Symbol

f10 (V)

f07 (C)

T02 (C)

T05 (V)

T10 (C)

T20 (V)

SC1 – Outfalls – a

A

0.97

0.98

0.99

0.99

0.99

0.99

SC1 – Outfalls – b

B

0.86

0.87

0.87

0.90

0.90

0.90

SC2 – Outfalls – a

C

0.94

0.96

0.96

0.96

0.97

0.97

SC2 – Outfalls – b

D

0.80

0.78

0.76

0.76

0.76

0.74

SC3 – Outfalls – a

E

0.57

0.52

0.29

0.36

0.33

0.33

SC3 – Outfalls – b

F

-

-

0.96

0.98

0.98

0.98

SC4 – Outfalls

G

0.96

0.97

0.99

0.99

0.99

0.99

SC5 – Outfalls

H

0.99

0.99

1.00

1.00

1.00

1.00

Figure 3. Simulated fluxes to outfalls in the conceptual and InfoWorks CS model for different
locations and events
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Abstract
Holistic adaptation strategies for wastewater systems are needed to face the diversity of actual and
future challenges. As a consequence, the implementation of a high number of individual adaptation
measures in the different subsystems (catchment surface, sewer system, pumping system, WWTP)
is required to increase the resilience in continued existence. This study shows an approach to
integrally develop and evaluate adaptation measures and their combinations on a large urban
catchment (31 km²) located in the city of Berlin.
Keywords
adaptation measures, resilience, integrated evaluation, scenario technique, integrated modelling,
InfoWorks CS+2D, SIMBA#

INTRODUCTION
Actual and future climatic, demographic and socio-economic changes cause an aggravation of
extreme low- and high-flow conditions in urban drainage and wastewater treatment systems (Borris
et al., 2013). Negative effects related to or caused by surcharge and flooding, combined sewer
overflows (CSO) and deposition of solids after extended dry weather periods are particularly likely
in densely populated urban areas with highly paved surfaces and a flat topography. To minimize
associated environmental, public health and economical risks and to increase the resilience of the
whole wastewater system, flexible adaptation and long-term planning methods are needed.
In the past, measures typically have been developed focusing on one of these major problems to be
solved. Mostly, there has been no integral analysis of all possible (side-)effects and effected parts of
the system.
Working on a large urban catchment located in the city of Berlin, the objective of the KURAS project
is to develop recommendations for action plans to adapt wastewater infrastructure to future challenges
in a sustainable, forward-looking way. For this purpose a holistic scenario and evaluation technique
is applied to consider the whole wastewater system.
In this paper an integral approach will be described to select, model, evaluate and compare different
combinations of adaptation measures considering various future challenges and mutual influences in
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all effected sub-systems (catchment surface, sewer system, pumping station, WWTP) as it is needed
to achieve the objective of the project.
MATERIAL AND METHODS
Overall concept
The way to an integral evaluation scheme for possible combination of measures includes i) the
consideration of extreme low- and high-flow conditions within a scenario analysis, ii) the definition
of indicators for the evaluation of impacts (measures and challenges) inclusive a weak-point analysis,
iii) the set-up of models (in InfoWorks CS+2D, SIMBA#) to calculate status-quo impacts and the
effects of measures and their combinations in an integral way, iv) the draft of a risk-based evaluation
method to compare the different measure scenarios. The overall concept of the project is shown in
Figure 1.

Figure 1. Overall concept of the KURAS project
Wastewater system model
The study area is the CSS catchment of the pumping station “Wilmersdorf”, draining the stormwater
of a connected area of 1,542 ha and the wastewater of about 265,000 Berlin residents. About 60,000
of them are settled in an adjacent area, drained by a separate sewer system and connected with its
sanitary sewage to the combined sewer system. The calibrated 1D-sewage-system-model (InfoWorks
CS) consists of 9,970 conduits, 8,861 manholes and 49,874 subcatchments, divided in the categories
roof, paved, green and road. The WWTP “Ruhleben” (population equivalent of 1,200,000
inhabitants), to which the catchment “Wilmersdorf” is connected, has been modelled in SIMBA#.
For the depiction of the surface, as it is needed for the flood risk analysis, a digital terrain model
(DTM), with a resolution of one height information per square meter, is used. In focal areas
concerning flood risk the DTM has been linked to the 1D-sewage-system-model. The problem of
pump clogging by fibers is investigated using hydraulic models on pilot plants.
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Scenario generation
The scenario generation is composed of four steps: First a status quo scenario is generated to depict
the actual situation concerning rainfall patterns, the demographic situation as well as the urban land
use and specific water consumption. Forecasts to these boundary conditions are investigated and
combined to a baseline scenario for the year 2050. Simulating these two scenarios, current and future
challenges in the different parts of the system can be identified. Additionally, two extreme scenarios
for 2050 are generated based on the lower and upper pathway of all future predictions. This allows a
sensitivity analysis of the interactions of measures and their effects on the whole system. The
scenarios for the development of rainfall, population, urban land use and the specific water
consumption are shown in Table 1. The scenario technique is explained below.
Table 1. Scenario specifications
Precipitatio
n year

Contributing Area
(ha)
roof paved green

Population

Specific water
consumption
(L/C∙d)

Status Quo

1990

381

152

622

264.732

132.3

Base Scenario
2050
Extreme Scenario
“low-flow”
Extreme Scenario
“high-flow”

1990

393

157

605

277.307

112.5

2003

356

142

657

249.510

86.0

2007

429

169

557

304.971

132.3

Precipitation
The choice of an annual precipitation load for the long-term scenario simulation (simulated time: 1
year) was made by carrying out an analysis of the long-term rainfall series in the time period 19812010. Therefore the individual years of the period have been compared and ranked based, inter alia,
on the following criteria: annual precipitation, number of events within defined intensity bands and
number of dry weather periods with a defined length. The mean year of this ranking (1990) has been
chosen for the Status Quo simulation. The year with the highest annual rainfall and the highest number
of intense rainfalls (year 2007) and the year with the lowest annual rainfall and the highest number
of long dry-weather periods (year 2003) have been selected for the extreme low- and high-flow
scenarios. For the base scenario 2050 the rainfall data of the year 1990 was chosen, similar to the
status quo, since projections of the regional climate model CLM (Rockel et al., 2008) show no
significant change in rainfall characteristics in Berlin for the prognosis period 2036-2065.
Population
The future population development is based on the forecast of the Senate Department for
Urban Development and the Environment of Berlin (SenStadtUm, 2012). The high resolution
forecasts exist for areas, separated by “real life-oriented” criteria (e.g. building structure, social
milieus etc.). Five of these “real life-oriented” areas are situated in the study area and made a highly
differentiated scenario generation possible. Averaged over the whole study area, the three chosen
scenarios are the minimum (- 5.75%), mean (+ 4.75%) and maximum (+ 15.2%) value of this forecast.
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Contributing Area
Scenarios for the contributing area are based on the population forecasts as they are generated using
per capita values for roof surface and paved surface. That means the extent of both land use types is
changed in proportion to the change in population. The extent of green areas is adapted in that way,
that the total area of the catchment remains the same. Local boundary conditions as the building
structure have been taken into account by generating the per capita values on subsections of the study
area, the blocks of houses. A change of the road area is not assumed.
Specific Water consumption
The base scenario 2050 for the specific water consumption relies on the Berlin water supply concept
2040 (Möller et al., 2008), it assumes a decrease of about 15% (see table 1). In the extreme scenario
“low-flow” a big decrease of the water consumption is assumed (35%). The value (86 L/C∙d) is taken
from the current situation in Leipzig, Germany. An increase of the water consumption is not assumed.
The value for the extreme scenario “high-flow” is the same as for the Status Quo.
Definition of evaluation indicators
To evaluate the impacts of future developments as well as measure combinations, evaluation
indicators have been defined in the different parts of the system concerning flooding, sewer deposits,
operational reliability, and ambient water quality. Examples for indicators are given in Figure 2.

Figure 2. Evaluation indicators
Scenario Analysis
The scenario analysis is carried out to show the actual and the expected future state of the wastewater
system regarding flooding, sewer deposits, operational reliability and the influence on the ambient
water quality to deduct the need for action. For this purpose, the scenario analysis has been carried
out to i) identify focal areas with a high risk of flooding, to ii) identify focal areas with a high risk of
sewer deposition, to iii) investigate the system performance concerning manhole flooding, combined
sewer overflows and wastewater treatment in the WWTP and to iv) work out enabling factors causing
or favoring pump clogging.
The objective of the Scenario Analysis is to locate and specify the need for action in the study area.
It is furthermore the precondition for the conception of measures. Selected results are described
below, see „Results and Discussion“.
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Adaptation measures
Currently about thirty measures are investigated in each sub-system. A selection is shown in Figure 3.
In a first step the measures are modelled and simulated one by one.

Figure 3. Overview of adaptation measures
Example for an adaptation measure to low-flow-conditions: “Preventive sewer flushing systems with
rainwater”
The goal of this measure is to minimize the manually operated sewer cleaning. Especially in the
extreme scenario “low-flow” with 86 L/C*d the number of weak-points caused by sediments would
drastically increase, as the simulation of flow speed lets expect. Preventive flushing systems could be
very useful during the extended dry weather periods, which often last 2 weeks or more. The idea is
to generate flushing events that cause a minimum shear stress of about 4 N/m² over as long a distance
as possible (Figure 4). Preferentially the flushing tank would be filled by rainwater, but a refill by
drinking water would be possible too. The results of the weak-point analysis give the pre-condition
to calculate the flushing system.
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Figure 4. Drawing scheme of the measure “Preventive sewer flushing systems with rainwater”.
An automatic flushing would provide the option of cyclic flushing along the single conduits between
manholes during dry weather periods. Within the project, a modelling approach is built up in
InfoWorks CS, allowing analyzing the implementation potential of the measure and the possible
effected sewer length.
Example for an adaptation measure to high-flow-conditions: “controlled flood routing”
After focal areas with a high flood risk have been identified throughout the scenario analysis,
measures enabling a controlled flood routing can help to protect objectives with a high damage
potential situated within those hot spots. Often, minor modifications of the topography have big
effects on the surface runoff characteristics. Tools to do this runoff routing can range from raised
curbstones, over low walls to terrain modifications needed for the creation of water squares. A
modelling of these measures is possible by either implementing walls as polylines with a defined
height into the ground model or by directly raising or lowering the concerned parts of the ground
model.
Combining measures to measure scenarios
The individual review of the measure effects leads to several appropriate measure combinations that
are analyzed in the various scenarios. There are two kinds of measure combinations considered in the
scenario analysis: i) single-effect-oriented combinations and ii) multiple-effect-oriented
combinations.
The objective of the single-effect-oriented combinations is to maximize the improvement for one
specific effect (e.g. reduction of CSO events). Municipalities, that have to cope with one of these
specific problems and/or have to increase their resilience against it, can take appropriate measure
combinations. In contrast, the multiple-effect-oriented combinations aim on holistic improvements
considering differently weighted goal criteria.
In a last step the development and measure scenarios are evaluated by carrying out a risk analysis.
For that, expected risks are compiled and methods to evaluate the risks based on the simulation results
for sewer corrosion, flooding and pollution load discharge are developed. Using this method an
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evaluation of the simulation results and the different development and measure scenarios can be
applied and recommendations for future adaptation strategies derived.
RESULTS AND DISCUSSION
Scenario Analysis
At the current state of the project the scenario analysis has been carried out, focal areas and weakpoints have been identified, evaluation indicators and concepts for innovative measures have been
worked out. As an example the results for the scenario analysis concerning the drainage system
performance are given in Table 2.
Table 2. Results of the scenario simulation
Combined Sewer Overflow (CSO)

Status Quo
Base Scenario
2050
Extreme Scenario
“low-flow”
Extreme Scenario
“high-flow”

Manhole flooding

CSO
volume
[10³ m³]
690

CSO
events
[-]
23

BOD5
load
[10³ kg]
48

Surface
floodings
[-]
119

“flood depth
integral” *
[m∙h]
8

696

23

50

131

10

67

19

9

3

0.2

1,761

42

121

4,633

5,335

* “flood depth integral” describes the integrated flood depth over time aggregated for all manholes (see Riechel et al. in
conference proceedings).

Figure 5 shows some results of the flood risk analysis. On the left side the result of a topographical
flood risk analysis can be seen. It shows topographical footpaths and depressions. With a special
classification method several focal areas have been detected which are analyzed more precisely in a
second step, doing a dual drainage integrated 1D-2D flood simulation in the environment of
InfoWorks CS/2D (Figure 5, right side). With that, the risk of flooding is analyzed more accurately,
the causes for specific flood hazards can be identified and measure concepts can be set up and proved
by simulation. Nonetheless, the results have to be reflected critically regarding their local selectivity,
as there are many modelling uncertainties.
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Figure 5. Results of the topographical and 1D-2D flood risk analysis (DOP by SenStadtUm)
Adaptation measures
Currently the measures are described and modelled one by one and their potential and effects are
investigated. An example for the measure “controlled flood routing” is given in Figure 6.

Figure 6. Flood risk analysis (left) and effect of an implemented wall (right)
The results of the dual drainage integrated 1D-2D flood simulation (precipitation load: 39.4 mm,
duration: 1h, return period of rainfall: 20a) show high simulated flood depths (>= 1 m) in the
courtyard of a school. Spatial information about buildings with high damage potential show, that
there is a spatial overlap of a vulnerable infrastructure (transformer station) with the high flood
depths. By analyzing the temporal evolvement of the flooding event and the flow directions and
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velocities in the simulation results (not depicted in the paper) it can be seen, that the water is flowing
into the courtyard through the courtyard access in the southwest without causing high flood depths in
this area. The implementation of a low wall solves the problem in the courtyard at the expense of
higher flood depths in the road space. The result analysis, made in this example on two result
polylines, installed next to the adjacent buildings, shows the change of the calculated maximum flood
depth next to the buildings caused by the implemented wall (Figure 7).
The method of analyzing the change on calculated flood depths by installing result polylines next to
buildings and other critical infrastructure is used to evaluate the effect of all flooding related
measures, analyzed in the project.
Next steps in the study will be the combination of the measures based on this pre-analysis regarding
different aims. After that, the modelling, simulation and evaluation of these measure combinations to
finally deduce recommendations for action for an integral improvement of the whole wastewater
system can take place.

Figure 7. Installation of result polylines (left) and change of the calculated maximum flood depth
next to the buildings caused by the implemented wall (right)
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INTRODUCTION
Occurrence and fate of micro pollutants in urban drainage systems have been intensively investigated
during the last years. As a result, micro pollutants (MPs) continuously became subjected to regulatory
and legislative procedures. Based on demands of the Water Framework Directive (WFD) (EC, 2000),
environmental quality standards (EQSs) were defined. Several emission pathways like atmospheric
deposition, erosion, combined or sanitary sewer overflows (CSOs or SSOs), stormwater discharges
or wastewater treatment plant (WWTP) effluents are known. Except of WWTP effluents, loads from
the other pathways can hardly be determined and only a few information about their ranges is
available today. The target of this paper is to present a methodology based on water quality modelling
to estimate yearly MP emission loads from CSOs.
METHODOLOGY
The methodology consists of five consecutive steps (see Figure 1). First, a hydrodynamic hydraulic
rainfall-runoff simulation has to be set up, which represents the starting point to implement an
approach for water quality modelling based on a constant pollutant concentration for TSS (total
suspended solids). A simplified fractionation model using the solid-water distribution coefficient KD
(Carballa et al., 2008) is introduced to calculate the two main fractions (particulate adsorbed fraction
and soluble fraction) of MPs. Long term simulation runs are executed to get yearly CSO loads for
TSS. The yearly fractionated loads of selected MPs are calculated based on yearly TSS loads using
the introduced KD concept.

Figure 1. Overview of the approach to estimate yearly micro pollutant loads by means of water
quality modelling at CSOs
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The methodology was applied in a case study of the urban catchment “Graz-West” in Graz (Austria)
(Gamerith et al., 2011), which has a total area of 456 ha (126 ha impervious surface). A CSO structure
is located at the catchment’s outlet, including a CSO in-situ online monitoring station (Gruber et al.,
2005) to continuously measure hydraulic and water quality parameters. Two tipping-bucket rain
gauges (RG) are situated in the northern part (RG KAMO) and in the south (RG KLUS) of the
catchment (see Figure 2).

Figure 2. Left: Overview of the catchment “Graz-West” in Graz (Austria) including the CSO
structure, the CSO in-situ measurement station and two tipping-bucket rain gauges (RG); Right:
Detailed overview of the CSO in-situ measurement station
Volume-proportional sampling was done to collect samples from three CSO events. 26 MPs were
selected for the subsequent lab analytics and eight of them were selected for modelling according to
the proposed method to estimate yearly-emitted MP loads at this CSO structure. The solid-water
distribution coefficient KD was calculated for these eight MPs based on the lab results for the three
sampled CSO events. The EPA SWMM5 model (James et al., 2010) was used to set up the hydraulic
and the water quality simulation model. The hydraulic model was calibrated in a two-step procedure
first against the flow volume in the inflow of the CSO structure and second against the flow volume
in the overflow of the CSO structure. The hydrodynamic water quality model was calibrated against
pollutant load for TSS in the same way as for the two-step procedure in the hydraulic model
calibration.
RESULTS AND DISCUSSION
The results from model calibration and validation are shown in Table 1 for both the hydraulic and the
water quality model (based on TSS). Measurement data of 20 CSO events from 2009 were used for
model calibration. The results show a deviation of the yearly CSO discharge volume of 1% and the
yearly TSS loads of 8%. Respectively for validation, in total 43 CSO events from 2006 and 2010
were used. The results show a maximum deviation of 4% for CSO discharge volume and 8% for TSS
loads.

122

Hofer et al.
Table 1. Results of the calibration and validation of the hydraulic and water quality simulation model
(based on TSS)

The yearly variability of CSO emissions for volume and TSS loads was analysed performing longterm model simulation runs using rainfall data (5-min interval) for an 18 years period (1989 to 2006).
The simulated average yearly CSO emission volume is about 200,000 m³ (range from 100,000 m³ to
270,000 m³) and yearly TSS load is about 28,000 kg (range from 15,000 kg to 40,000 kg).
Using additional lab analytics, yearly CSO emission loads for selected MPs were calculated
separately for soluble and particulate adsorbed fractions applying the introduced KD concept). An
exemplary result for zinc is shown in Figure 3. The simulated average yearly emission load for zinc
is about 50 kg (range from 27 kg to 70 kg). The resulting ratio of particulate adsorbed fraction to
soluble fraction is around 3 to 1, which indicates a good potential retention capacity of the CSO
emission load for zinc by sedimentation measures.

Figure 3. Variability of the simulated yearly CSO loads for zinc (kg/year) from 1989 to 2006
CONCLUSION AND OUTLOOK
A methodology to estimate yearly CSO emission loads for micro pollutants based on water quality
modelling was presented and applied on a case study in Graz, Austria. By implementing a simple
fractionation approach in the hydrodynamic water quality model, the estimation of the particulate
adsorbed and the soluble matter of MPs was possible. The simulated CSO emissions loads for eight
selected MPs vary in a wide range from kilograms to milligrams. The calculated solid-water
distribution coefficients KD are in the range of known literature values. As further step in this study,
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it is planned to consider and assess uncertainty sources in load estimation and to apply the
methodology to other CSO structures.
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Summary of key findings
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• Pseudo-realistic modelling of pharmaceuticals loads at an hospital outlet
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BACKGROUNDS AND RELEVANCE
Pharmaceuticals in wastewater and the discussion of their origin and impacts have become a major
issue in water management over the last decades. However, models describing possible drug amounts
in wastewater build on sales numbers or consumption amounts are still based on very basic
simplifying assumptions. Therefore, the drug consumption is often assumed by calculating statistical
average sales figures and concentrations in wastewater are estimated as mean consumption divided
by mean daily volume of water per capita (Heberer T., Feldmann D., 2005; Le Corre et al., 2012).
However, more detailed information and related models have been developed recently (Coutu et al.,
2013a,b). In the IRMISE project, the aim is to develop models able to predict the concentrations of
drugs in urban and hospital wastewater based on drug deliveries in pharmacies. This paper deals with
the model developed for hospital wastewater. In the case of the CHAL hospital (Centre Hospitalier
Alpes Léman in Contamine sur Arve, France), the central pharmacy database with all daily deliveries
of drugs is available for the project, which is a unique opportunity. In addition, the CHAL hospital is
connected to the municipal wastewater treatment plant by a separate 500 m long sewer pipe: the
transit of wastewater is very short and can be neglected in a first approach, and there is no connection
with any other source of wastewater.
METHODS AND MATERIALS
The model is based on the output data of the central pharmacy of the CHAL hospital and is stochastic
to account for the observed variability of drug deliveries. Fifteen drugs were selected to test the
model. It contains five main steps from drug intake by patients to the wastewater concentration:
Consumption, Posology, Kinetics, Excretion and Transport. From the outputs of the central pharmacy
the amount of patients is calculated. Further, a simplified kinetic model for each drug describes the
path and the transformation of the drug throughout the body. The final step predicts the toilet flushing
behaviour using the total outflow of the hospital.
In order to calculate the number of patients for each drug and each day, the central pharmacy (CP)
database is used. Unfortunately, the drug distribution by the CP is influenced by stock problems
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(anticipation for week-ends, returns to CP, etc.) causing the distribution by CP not being equivalent
to the actual daily drug consumption by patients. Therefore, weekly data were chosen and modified
as they better represent a balanced distribution. First, negative outliers (returns to CP) were removed
from raw data. Then, positive outliers (e.g. increased distribution on Fridays to anticipate week-ends)
were identified as the highest 97.5% of the probability distribution and removed. Further, a three
week floating mean was calculated to better fit a possible consumption pattern of the hospital (figure
1). To predict a daily number of patients for one or more days, the random weekly value is divided
by seven and by the defined daily dose (DDD).

Figure 1. Data treatment for Diclofenac. Top: outliers detection; Bottom left: final probability
density; Bottom right: final cummulative probability
The posology includes the dose as well as the intake pattern for each drug. The recommended
posology for each drug is applied assuming that the hospital wards are aiming for an ideal admission
of drugs.
To display the drug change in the human body a simplified kinetic model was used (figure 2). It
consists of three main compartments (gastrointestinal system, blood, urinary bladder). The change of
the drug amount in each compartment is described with the help of three equations based on
exponential decrease and four drug specific constants (full paper).
For modelling the amount of drugs leaving the hospital in the wastewater over time, a probability
distribution is used, describing the toilet behaviour. The probability is estimated from the hospital
outflow daily pattern. As the wastewater transport from the CHAL to the WWTP is very short, we
assume the drug amount in the CHAL outflow can be set equal to the amount WWTP inflow.
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Therefore, the model does not display the transport to the WWTP, but takes the CHAL output as a
final drug amount to compare to the measured values. The model values can then be compared with
daily mean concentrations of drugs obtained by field campaigns at the WWTP.

Figure 2.Simplified kinetic model representing drug change in human body and drug amount in the
different body compartments of Diclofenac
RESULTS AND DISCUSSION
The first run without calibration shows results indicating a strong deviation from the measured values
(figure 3). For the first calculations the mean calculated value of 500 simulations for Diclofenac is
3.8 times higher than the mean measured value. Obviously, the model overestimates the amount of
Diclofenac, compared to the measured flux. As the kinetic model is using literature values, which are
given as minimum maximum information this could be a possible error. Further, Diclofenac might
be subjected to a major modification during the sewer pipe or might be interacting with other sewage
substances. Neither can it be ruled out that drugs are attached to organic matter or that other sorption
processes take place as the measured values are only representing the dissolved fraction.
CONCLUSIONS AND PERSPECTIVES
The current model offers a basic approach to predict an output drug amount based on weekly
contribution data of the central pharmacy in a hospital. Being based on contribution values the model
is able to stochastically predict daily drug consummations. Moreover, it includes a pharmacokinetic
approach displaying the transformation and pass through the patient’s body. Finally, the approach for
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toilet behaviour allows a temporal resolution in hours. As the results between calculated and measured
values are not coherent yet, the model is going to be calibrated. To take all the mentioned errors into
account a global factor is added to the model (full paper). Further work will adapt this model to the
urban wastewater where database from pharmacies located in the catchment will be used, coupled to
a flow generation and propagation model (see Pouzol et al., 2015, companion abstract submitted to
UDM 2015).

Figure 3. Boxplot showing calculated values (left) and measured values (right) for Diclofenac
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Abstract
We present simple method for bias correction of high temporal resolution rainfall data from
commercial microwave links (MWLs). Our results indicate that MWLs can be conveniently
corrected even by remote rain gauges with low temporal resolution, i.e. by rainfall information often
available by national weather services. Corrected MWL data correspond very well to reference
rainfall measured in our experimental catchment. The presented method can be thus conveniently
used to correct MWL bias, especially in sparsely gauged catchments.
Keywords
Bias reduction, cumulative rain rates, commercial microwave links, urban rainfall monitoring

INTRODUCTION
Urban hydrology applications require rainfall data of high spatial and temporal resolution (Schilling,
1991) which are often not available. Commercial microwave links (MWLs) represent interesting
source of rainfall information as their attenuation can be related to rain rate (Messer, Zinevich, et al.,
2006) and could therefore aid in this regard (Fencl et al., 2013). MWL rainfall estimates are however
often biased. In this investigation we use remote rain gauges (RGs) with one hour temporal resolution
(i.e. information often available from national weather services) to dynamically calibrate simple
MWL rainfall model. The goal of the presented method is to provide unbiased MWL rainfall with
high-temporal resolution.
METHODS AND MATERIALS
Presented method is based on dynamic calibration of MWL attenuation-rainfall model (k-R model)
by cumulative rainfalls from remote RGs. The method is tested on seven MWLs located in an
experimental catchment (area 2.3 km2) in a suburb of Prague, Letnany (Fencl et al., 2015). MWL data
are polled with 10 s time step. The MWL rainfall is compared to reference rainfall from three
reference tipping bucket RGs installed in the experimental catchment, which record tipping times
with one second resolution and each tip corresponds to 0.1 mm. Remote RGs used for MWL
calibration have temporal resolution one hour and provide cumulative rain rates with 0.1 mm
resolution.
MWL attenuation-rainfall model
Rain rates can be related to MWL attenuation using simple k-R power-law model (Messer, et al.,
2006):
R=α*kβ

(1)
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where R [mm/h] represents rain rate, k [dB/km] rain induced specific attenuation and α and β are
empirical parameters dependent on MWL frequency, polarization and rainfall drop size distribution.
Specific attenuation k is usually determined as a difference between dry and wet weather attenuation.
However, as additional attenuation caused by antenna wetting occurs during rainfall this simple
baseline separation leads to significant bias. Therefore parameter aw [dB/km] reflecting this bias
should be subtracted from specific attenuation to correct the MWL rainfall:
R=α*(k – aw)β

(2)

The parameter aw can be modelled by different wet antenna models i.e. (e.g. Leijnse, et al., 2008),
however these models are affected by significant uncertainty.
Calibration of k-R model
The proposed method uses parameter β from literature (ITU, 2005) and assumes aw and α to be
calibration parameters. As β is close to unity, for the frequencies and polarizations usually used by
MWLs, and aw is usually in order of few dB/km, the k-R relationship (Equation 2) is almost linear
and can be expressed as:
R ≈ α*(kβ – aw)

(3)

This simple linear model can be easily fitted with least squares approach using hourly data from
remote RGs together with specific attenuations aggregated to one hour time step. We take advantage
of a fact that spatial correlation of rain rates increases with growing time span over which they are
measured (Berne, et al., 2004). Thus, averaged hourly rain rates from more RGs provide very good
estimation of cumulative rainfall along the MWL, even when the RGs are few kilometers away from
the catchment. The fitted linear model (Equation 3) can be used for MWL data aggregated to arbitrary
time step (in our investigation one minute).
As both α and aw parameters have different values for different types of rainfalls (e.g. rainfall can hit
only part of MWL) we fit the model (3) dynamically, considering always only records from three last
rainy hours. We also test the approach when rainfalls are first classified as frontal or convective and
parameters are fitted separately for those two classes.
Performance evaluation
Rain rates from MWLs are compared against reference RG data collected in the experimental
catchment between June and October 2013. Only rainfall events exceeding total height 5 mm were
used for evaluation which resulted into a data set of 12 events, which includes both frontal and
convective rainfalls. Only MWLs without outages during the experimental period were selected for
the evaluation, i.e. seven MWLs (Figure 1). Root mean square error (RMSE) was chosen as a
performance statistics, as it reflects the ability to capture temporal dynamics of rainfalls.
RESULTS AND DISCUSSION
Our results show that hourly data from remote RGs can significantly improve one minute temporal
resolution MWL rain rate estimates. The reduction in RMSE compared to MWL model with not
calibrated parameters taken from ITU (ITU, 2005) is 10 to 70 % for single MWLs. Calibration method
without classification of rainfalls leads to RMSE which ranges for single MWLs from 1.6 to 2.6
mm/h, RMSE for mean MWL rainfall is 1.5 mm/h. The classification of rainfalls results on average
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to slight improvement, for single MWLs RMSE ranges from 1.5 to 2.3 mm/h, RMSE for mean MWL
rainfall is 1.2 mm/h (Figure 2).

Figure 1. Case study area, experimental layout

Figure 2. RMSE for single MWLs and for a mean MWL rainfall
The error in MWL estimates is probably caused mainly by quantization of MWLs (1 dB) and also by
the fact that the MWLs reach outside of the catchment region and thus they can be affected to different
rain rates than reference RGs. Part of the error is also caused by quantization of reference RGs (0.1
mm).
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CONCLUSION
MWLs can be conveniently corrected for a bias even by remote rain gauges with low temporal
resolution, i.e. by rainfall information often available by national weather services. Corrected MWL
data correspond very well to reference rainfall measured in our experimental catchment. Further
research is currently focused on better classification of rain rates and development of probabilistic
model which would consider likelihood of MWL k-R model parameters given the remote RG data.
As data acquisition even from thousands of commercial MWLs is technically undemanding and
requires minimal costs the bottleneck lays in legal status of data which belongs to MWL owners
(mostly cellular operators). Thus, close collaboration with cellular operators is crucial for taking
advantage of this novel technique.
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Abstract
This paper proposes a method designed to forecast online water quality data obtained using UV-Vis
spectrometry. The method combines clustering (k-means)—meant to reduce a dataset’s
dimensionality—and Bayesian inference (Markov Chains)—meant to aid in forecasting. In addition,
Locally Weighted Scatterplot Smoothing (LOWESS) was employed to smooth the forecasted
absorbance spectra values. With regards to performance assessment, three absorbance time series
datasets consisting of 5705 UV-Vis spectra were used; likewise, Absolute Percentage Errors (APE)
were calculated by applying the proposed k-means clustering and Markov Chains (collectively
referred to as KmMC). Across the three study sites, APE results vary from 0% to 36%. Generally
speaking, these results cannot be generalized, for they are highly dependent on specific water system
dynamics. However, that does not mean the data lack trends: KmMC produced APE values under
20% for a variety of circumstances in all three spectra absorbance time series. In sum, the proposed
method is best suited for forecasting determinants within the UV spectrum (e.g. NO2-Nitrites and
NO3-Nitrates).
Keywords
Forecasting methods, K-means, Markov Chains, Online monitoring, Time series analysis, UV-Vis
Spectrometry, Water quality

INTRODUCTION
Pollutant monitoring in sewer systems is generally carried out by means of sampling. After collection,
these samples are transported, stored and analysed in the laboratory (Bertrand-Krajewski et al., 2007).
However, there are numerous difficulties associated with this multifaceted process. Researchers have
therefore sought for alternative water quality monitoring methods. One prime example is in situ UVVis probes. These probes report continuous readings in the form of discrete time steps for commonlystudied wastewater parameters, e.g. Total Suspended Solids (TSS) or Chemical Oxygen Demand
(COD). In fact, the last two decades have seen the development and application of UV-Vis
spectrometry in urban drainage studies, allowing researchers to record absorbance from the UV
(wavelengths 200 nm to 400 nm) and visible ranges (wavelengths 400 nm to 750 nm) (Langergraber
et al., 2004; van den Broeke, 2007).
UV-Vis probes are online sensors that record light attenuation (absorbance) and provide a single
absorbance value for each measured wavelength in a predefined spectrum per time step (Gruber et
al., 2005). For the most part, these probes are used to monitor pollutant load dynamics in urban
drainage systems, including sewer systems, wastewater treatment plants (WWTP) and receiving
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waters (Rieger et al., 2004). Collected data can also be utilized for decision-making purposes and
real-time control applications (US-EPA, 2006; Campisano et al., 2013).
Relying on UV-Vis sensors entails a number of steps. Firstly, probes must be calibrated (Torres et
al., 2013; Salgado et al., 2013). Secondly, time series analysis must be performed on UV-Vis
absorbance spectra. Thirdly, forecasting methods must be developed to employ the online control
monitoring in real time. Although the literature reports experiences dealing with water quality time
series forecasting (e.g. Martin et al., 2011; Ramin et al., 2012; Riesco et al., 2014), there are scarcely
any references to forecasting UV-Vis time series with short time steps (acquisition time on the order
of 1 min) using PCA/DFT (e.g. Plazas-Nossa and Torres, 2014; Plazas-Nossa and Torres, 2015) or
PCA/ANN (Plazas-Nossa et al., 2014). What is more, the literature contains no examples of this type
of study based on clustering and Bayesian inference.
Taking into account that UV-Vis time series involve multivariate information (one absorbance
magnitude for each wavelength and each time step), compression is often used to reduce processing
time. Though studies show PCA may satisfy this requirement (Plazas-Nossa and Torres, 2014;
Plazas-Nossa et al., 2014; Plazas-Nossa and Torres, 2015), cluster analysis represents another viable
option insofar as it addresses underlying multivariate data structure, natural classification and
compression (Jain, 2010). Here, a common clustering algorithm was utilized: centroid-based
clustering, also known as k-means clustering (Riesco et al., 2014). Applied to UV-Vis time series, kmeans clustering provides a time-dependent sequence of states. Thus, time-dependent sequence of
states given by the k-means clustering procedure can be analysed via Bayesian inference for
forecasting purposes (Markov Chains). It is worth pointing out that Markov Chains are among the
simplest models for dependent sequence analysis (Eichelsbacher and Ganesh, 2002).
The present article proposes an innovative method that combines k-means clustering and Markov
Chains (KmMC) to forecast output data for water quality using UV-Vis absorbance time series.
MATERIALS AND METHODS
The submersible spectro::lyserTM UV-Vis probes (s::can company) are approximately 65 cm long,
with a 44 mm diameter. They are designed to collect light attenuation (absorbance) quasicontinuously (one signal per minute). To provide light to the probe, a xenon lamp generates
wavelengths from 200 nm to 750 nm at 2.5 nm intervals (Langergraber et al., 2004; s::can, 2006).
Ascertaining the proposed method’s feasibility involved a case study. Conducted on a total of 5705
UV-Vis data, the case study spanned three sites (Figure 1). The first was located in Bogotá,
Colombia’s capital: data was acquired from the Salitre-WWTP influent from June 29th 2011 at 9:03
h to July 3rd 2011 at 17:33 h (readings every minute). The second was also located in Bogotá: data
was acquired from Gibraltar Pumping Station (GPS) from October 18th 2011 at 16:17 h to October
22th 2011 at 15:21 h (readings every minute). The third and final site was located in Itagüí, part of the
Medellín metropolitan area (Colombia’s second most populated region): data was acquired from the
San Fernando-WWTP influent from September 24th 2011 at 06:04 h to October 2nd 2011 at 09:16 h
(readings every two minutes).
For calibration, 4320 absorbance spectra (roughly 76% of the time series) were used, and the
remaining 1385 absorbance spectra (roughly 24% of the time series) were used for validation. As far
as the former phase is concerned, sub-sampling was performed; this sub-sample process used one
absorbance spectrum for each time step. Therefore, for the first forecasted minute, the process used
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all calibration absorbance spectra; for the second forecasted minute, the process used less absorbance
spectra; for the third forecasted minute, even less absorbance values and so on until the process uses
four absorbance spectra for 1385 values (Salitre-WWTP and GPS) or 2770 values for the last
forecasted minute (San Fernando-WWTP). However, within the framework of the present
investigation, the proposed method was systematically applied to three independent wavelength
spectra: (i) UV range from 200 nm to 380 nm; (ii) Vis range from 382.5 nm to 745 nm; and, (iii) UVVis range from 200 nm to 745 nm.
a)

b)

c)

Figure 1. UV-Vis Absorbance Time Series for Salitre-WWTP (a), GPS (b) and San FernandoWWTP (c)
The resulting data comprises a multivariate dataset. To manage such datasets, a variety of statistical
techniques have been proposed: variance analysis, linear regression, discriminant analysis, canonical
correlation analysis, multi-dimensional scaling, factor analysis, PCA and cluster analysis, among
others (Tukey, 1977; Jain, 2010). Faced with myriad options, clustering analysis was chosen for the
present investigation on account of the fact that it seeks to discover the natural grouping(s) of a set of
patterns, points or objects and is widely used when dealing with multivariate data. Furthermore, data
clustering serves three main purposes: (i) underlying structure analysis to gain insight into the dataset,
i.e. generate hypotheses, detect anomalies and identify salient features; (ii) natural classification to
identify the degree of similarity among forms or organisms (e.g. phylogenetic relationship); and, (iii)
compression to organize and summarize data through cluster prototypes (Jain, 2010).
As previously mentioned, centroid-based clustering is frequently employed; this tool consists of
clusters represented by a central vector that is not necessarily a member of the dataset (Riesco et al.,
2014). The k-means algorithm assigns each point to the cluster with the nearest centre (also called a
centroid). From there, this iterative algorithm minimizes the sum of distances from each object to its
respective cluster centroid until the sum of distances from all objects in each cluster to the respective
centroid cannot be further reduced. It goes without saying that this process is repeated for all clusters.
Once all objects have been assigned, the k centroids are recalculated several times until they no longer
move (Martin et al., 2011; Farrou et al., 2012). Many researchers have applied the k-means clustering
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technique as a complementary tool for forecasting purposes (see Zhang and Zhu, 2012; Venkatesh et
al., 2014; Cheng et al., 2015).
In the present study, k-means clustering was implemented in line with the algorithm proposed by Jain
(2010), in which k partitions of n observations are found by minimizing the distance between the
empirical means of each cluster and the points included, thereby solving an NP-hard problem.
Consequently, selecting the number of clusters (k-means) invites expert knowledge: most applications
involve classification (grouping) and, considering the nature of the problem itself, users can
determine the number of clusters. However, if the number of clusters cannot be determined a priori,
the Rule of Thumb may be deployed: k=(n/2)1/2 (Martin et al., 2011; Farrou et al., 2012). For its part,
the Rule of Thumb offers a fixed procedure to obtain the number of clusters depending on n
observations, a procedure developed to classify or group applications.
Having discussed k-means clustering and its relevance for the present research, it is essential to
establish the pertinence of the Bayesian approach to inference. Besides being a mainstay in statistics,
its further use has been fueled, in part, by ever-increasing computational power. Furthermore,
sequences of observations can be analyzed using Bayesian inference. Markov Chains represent one
of the simplest models for dependent sequences (Eichelsbacher and Ganesh, 2002), and, within the
framework of this research, Markov Chains were used as a step in forecasting UV-Vis absorbance
time series. This approach was implemented after defining the states stemming from k-means clusters.
For the sake of clarity, Markov Chains are a mathematical system that undergoes transitions from one
state to another on a state space (Ramin et al., 2012). The underlying process is random, usually
“memoryless,” such that changes of state in the system are called transitions; concomitantly,
probabilities associated with various state changes are called transition probabilities. The process is
characterized by a state space—a transition matrix describing the probabilities of particular
transitions—and an initial state (or initial distribution) across the state space (Vrugt et al., 2013;
Ginting et al., 2014). Therefore, the transition matrix describes the transition probability from one
state to another possible state as realistically as possible. The package (markovchain) and the function
(“createSequenceMatrix”) for Markov Chains were based on R statistical language (R Core Team,
2015).
There is one important caveat to the Rule of Thumb: without knowing the number of clusters, this
rule should not be used given that it helps classify in the absence of forecasting applications. In
response to the problems related to the number of clusters, k-means clustering and Markov Chains
are combined to create the proposed KmMC method. This method relies on calibration dataset subsampling to determine the number of clusters: for each sub-sample time step, a specific number of
clusters (ranging from two to half of the calibration dataset length) is used to establish a sequence of
observations. Subsequently, this sequence is used to obtain Markov Chains transition matrices. For
each sub-sample time step, the number of clusters chosen represents the highest number of degrees
of freedom obtained based on the transition matrix. The aforementioned step was aimed at increasing
the number of transitions from one state to another, i.e. reducing unvarying behavior in the forecasted
absorbance values. Then, results were compared with those obtained with the Rule of Thumb. To
apply the clustering process, the “kmeans” function in R statistical language was used (R Core Team,
2015).
Additionally, a smoothing procedure was needed. To this end, Locally Weighted Scatterplot
Smoothing (LOWESS), as proposed by Cleveland (1979), was employed. It served to smooth the
forecasted absorbance spectra values following implementation of KmMC. LOWESS entails
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nonparametric regression that includes a multiple regression model in a k-nearest-neighbor based
meta model and is based on the linear and nonlinear least squares regression (Mariani and Basu,
2014). Useful smoothing parameter values typically fall in the range of 0.1 to 0.5 for most applications
(Israël et al., 2014); 0.1 was chosen for this paper. The function “lowess” was used to apply the
smoother, which used locally-weighted polynomial regression from R statistical language (R Core
Team, 2015).
After applying KmMC and LOWESS to the absorbance time series data, a crucial step must be carried
out: forecasting performance assessment. With this objective in mind, Absolute Percentage Error
(APE) was used. APE is calculated as the absolute value of the difference between each original time
series value (Valreal) and each forecasted time series value (Valfore) divided by each original time
series value (Valreal) and then multiplied by 100% (Bowerman et al., 2005). Readers should note that
APE accurately expresses forecasting performance.
Finally, a 95% confidence interval (CI) was established to capture the uncertainty from a function or
curve derived from values with a certain degree of uncertainty (Lind et al., 2012). The 95% CI was
obtained from the data analysis proposed by Tukey (1961) in the form of a Boxplot. This type of
graphical analysis summarizes data in five numbers: two extremes (maximum and minimum), a
median and two quartiles, with the median and quartiles functions of the empirical distributions. In
other words, Boxplots analyze the difference between values obtained from the KmMC procedure
and the trend of the values (both for the calibration dataset). The upper CI is obtained as the sum of:
i) the forecasted value and ii) the difference between the maximum extreme value and the median;
this value is multiplied by the root square of a distance value that depends on the forecasting time
step (Lind et al., 2012). Likewise, the lower CI value is obtained as the difference between i) the
forecasted value and ii) the difference between the median and the minimum extreme value; the result
is multiplied by the root square of a distance value that depends on the forecasting time step (Lind et
al., 2012).
RESULTS AND DISCUSSION
For all three study sites, the number of clusters was arrived at using k-means clustering and subsampling. Figure 2 compares the number of clusters obtained for Salitre-WWTP in UV-Vis using the
Rule of Thumb and sub-sampling. Similar results were obtained for GPS and San Fernando-WWTP.
Figure 2(a) displays the number of clusters when using the Rule of Thumb; for all time steps, the
number of clusters proved lower than that obtained with sub-sampling (Figure 2(b)). In sum, the
number of clusters seems to be a key parameter: APE values were lower using sub-sampling than
using the Rule of Thumb for all time series.
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a)

b)

Figure 2. Number of Clusters Obtained for Salitre-WWTP (UV-Vis): Rule of Thumb (a) and Subsampling (b)
Next, sub-sampling results were applied to the complete procedure (KmMC) to forecast the
absorbance time series. Figure 3 provides an example of results for GPS absorbance time series using
200 nm (the first wavelengths) in the UV and UV-Vis spectra and 382.5 nm in the Vis spectrum.
a)

b)

c)

Figure 3. Forecasting Results for Absorbance Values at GPS: UV (200 nm) (a), Vis (382.5 nm) (b),
and UV-Vis (200 nm) (c)
In Figure 3, the red line corresponds to the original time series, the blue line corresponds to subsampling forecasted values and the gray area corresponds to the 95% CI. Results for Salitre-WWTP
and San Fernando-WWTP mirrored those obtained for GPS. In the case of GPS, the first 830 forecast
minutes for absorbance values are included in the 95% CI area for UV, Vis and UV-Vis spectra.
Figure 4 shows an example of the APE for San Fernando-WWTP for each wavelength and each
forecasting time. Similar results were obtained for Salitre-WWTP and GPS. For San FernandoWWTP, the forecasting time periods obtained with APE no greater than 20% were: (i) 700 minutes
(11h 40 min) at UV—Figure 4(a); (ii) 1004 minutes (16h 44 min) at Vis—Figure 4(b); and, (iii) 248
minutes (2h 8 min) at UV-Vis—Figure 4(c).
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a)

b)

c)

Figure 4. APE % Results for San Fernando-WWTP: UV (a), Vis (b) and UV-Vis (c)
The results obtained with the proposed methodology were compared with the results obtained with
the rule of Thumb. In general, results obtained with the proposed KmMC methodology show that for
the first 45 wavelengths (200.0 nm – 310.0 nm) in UV spectrum, there is little (significant) difference
between the two approaches. However, for last part of UV spectrum and complete Vis spectrum, 174
wavelengths (312.5 nm – 745.0 nm), the KmMC methodology presented better results in terms of
APE.
Table 1 summarizes results for the three absorbance time series as maximum forecasting period (time)
and takes into account APE values up to 15%, 20% and APE for forecasted values that fell outside
of the CI. Readers should note Table 1 results are divided into three spectra ranges (UV, Vis and UVVis). This table exhibits results for Salitre-WWTP absorbance time series, clearly indicating that the
proposed KmMC methodology is better adapted for the UV wavelength range with a forecasting
period of 750 minutes and APE under 20%. Yet, forecasted values did not stay within the CI after
170 minutes (APE values up to 10%). Results for GPS absorbance time series do not point to a
remarkable difference for KmMC in terms of the three spectra ranges (UV, Vis and UV-Vis). That
is, for all three spectra, forecasting periods nearly reached 9 hours with APE under 20%. Interestingly,
forecasted values for the three spectra ranges remained within the CI until 830 minutes with a mean
APE value of 29%. Lastly, results for San Fernando-WWTP absorbance time series show the
proposed KmMC method to be best suited for the Vis wavelength range with a forecasting period of
1004 minutes and APE under 20%. However, for this study site, forecasted values in the three spectra
ranges stay within the CI as follows: (i) for UV, forecasted values remained within the CI up to 740
minutes with APE values under 21%; (ii) for Vis, forecasted values remained within the CI up to
2770 minutes with APE values under 36%; and, (iii) for UV-Vis, forecasted values remained within
the CI up to 720 minutes with APE values under 22%.
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Table 1. Maximum Forecasting Times for 15% and 20% APE; * = Time for Value to Fall Outside of
95% CI

200-380

382.5-745

Wavelength
λ(nm)

Wavelength
λ(nm)
382.5-745

<15
<20
<15
<15
<20
<31
<15
<20
<36

200-745

200-745

200-745

APE (%)

San
FernandoWWTP

382.5-745

152
169
150*
475
523
830*
984
1004
2770*

Forecasting
time (min)

200-380

<15
<20
<10
<15
<20
<27
<15
<20
<21

APE (%)

GPS

220
750
170*
561
595
830*
218
700
740*

UV-Vis

Forecasting
time (min)

200-380

APE (%)

SalitreWWTP

Vis

Forecasting
time (min)

Time
Series
(Study
Site)

Wavelength
λ(nm)

UV

173
196
175*
484
520
830*
215
248
720*

<15
<20
<16
<15
<20
<29
<15
<20
<22

On balance, the KmMC forecasting methodology performs best when forecasting determinants within
the UV spectrum (e.g. NO2-Nitrites and NO3-Nitrates) for the three absorbance time series studied.
In the case of the San Fernando WWTP, KmMC seems best suited to forecasting suspended solids
within the Vis spectrum.
Results stemming from the same databases/study sites were compared with those obtained using the
PCA/DFT procedure developed by Plazas-Nossa and Torres (2015): despite the fact APE values for
the three spectra ranges (UV, Vis and UV-Vis) were overall lower using PCA/DFT relative to KmMC,
the latter represents a promising tool for multivariate time series forecasting and/or complementing
other forecasting tools.
CONCLUSIONS
In this paper, an innovative method referred to as KmMC was proposed for UV-Vis water quality
forecasting. This method combines clustering (to reduce dimensionality), Bayesian inference (for
analysis of sequences of observations obtained after clustering) and LOWESS (for smoothing).
KmMC entails an approach based on Markov Chains transition matrix analysis with an emphasis on
choosing the number of clusters by means of sub-sampling as an alternative to the conventional Rule
of Thumb method.
To assess the method’s performance, three databases (from the same number of study sites) were
used (for a total of 5705 UV-Vis spectra data). The first site was located in Bogotá, Colombia’s capital
(Salitre-WWTP influent); the second was also located in Bogotá (Gibraltar Pumping Station); the
third site was located in Itagüí, part of the Medellín metropolitan area (San Fernando-WWTP
influent).
Forecasted values obtained using the number of clusters from the proposed sub-sample procedure
were more accurate than those obtained using the number of clusters from the Rule of Thumb.
Furthermore, the number of clusters obtained with sub-sampling was higher than that arrived at using
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the Rule of Thumb. Taken together, these results provide evidence of the methodology’s relevance,
especially considering forecasting is done using the cluster sequences obtained (hence increasing the
importance of the number of clusters). The present research confirms that the number of clusters is
likely dependent on observed dynamics and dataset length, which means further research is required
to expand upon the current understanding of the effect of this number or to develop more appropriate
methods for determining this number in accordance with the objectives pursued.
KmMC results varied among the three study sites and, consequently, cannot be generalized.
Nevertheless, specific forecasting periods and wavelength ranges for which APE were lower than
20% merit highlight: (i) for UV absorbance spectra: first 8 hours for Salitre-WWTP, first 10 hours
for GPS and first 12 hours for San Fernando-WWTP; (ii) for Vis absorbance spectra: first 4 hours for
Salitre-WWTP, first 8 hours for GPS and first 17 hours for San Fernando-WWTP; (iii) for UV-Vis
absorbance spectra: first 4 hours for Salitre-WWTP, first 9 hours for GPS and first 10 hours for San
Fernando-WWTP. In the light of these data, it is safe to posit that the KmMC forecasting methodology
is best suited to forecasting determinants within the UV spectrum (e.g. NO2 and NO3).
Regardless of the lower APE values obtained using PCA/DFT (Plazas-Nossa and Torres, 2015) for
the three spectra ranges (UV, Vis and UV-Vis) relative to those obtained using KmMC, the latter
offer better results for specific wavelengths, forecasting periods and specific study site time series
behaviors. Therefore, the method proposed here may well serve as a complementary forecasting tool
for multivariate time series, i.e. a method to be used in tandem with other methods (e.g. PCA/DFT,
PCA/ANN, ANFIS and Genetic Algorithms).
On balance, the present research forms part of an ongoing study of KmMC method and other methods
such as Support Vector Machine and Kalman Filter algorithms to assess whether or not APE values
can be decreased and forecasting times increased. Findings in this vein would benefit decisionmaking support tools that eventually lead to the optimization of urban water systems.
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INTRODUCTION
A model of the urban wastewater system of the city of Graz (Austria) including the sewer system and
the water resource recovery facility (WRRF, a.k.a. wastewater treatment plant) was used to estimate
the overall performance of the system when exposed to different rain events and emptying scenarios
of a new Central Storage Tunnel (CST) built to collect and temporarily store discharges from
combined sewer overflows (CSOs). The objective of this study was to derive best management
practices (BMP) to minimise the total emissions from the integrated system to the river Mur.
CASE STUDY
Together with the construction of a hydroelectric power plant (HPP) the first stage of a central storage
tunnel (CST) alongside the river Mur was built to increase the storage volume in the existing drainage
system from 32,000 m³ by additional 22,000 m³ (+91,000 m³ in the final stage). The already installed
first stage of the CST collects and temporarily stores discharges from three CSO structures to route
them either to the WRRF or directly to the river Mur. Figure 1 shows a schematic overview of the
CST including all relevant facilities. To activate the storage volume of the CST four control structures
(KS0 – KS3) were installed. Each of the structures KS2 and KS3 contain a moveable weir dividing
the CST into two storage cascades. An inlet for river water upstream of KS3 allows to initiate flushing
waves for auto-cleaning the CST. Discharges into the river are possible via three pathways: i) an
emergency CSO of the CST at KS1, ii) the emergency CSO of the CSO tank at the WRRF and iii)
the WWTP effluent. On-line sensors were installed throughout the system to gain detailed
information about hydraulic behaviour and water quality.
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Figure 1. Left: Schematic overview of the CST in Graz (Austria) to collect existing CSOs; Right:
Overview of the already operated part of the CST including control structures KSi, connected CSOs,
main collector to WRRF, WRRF and the three possible emission pathways to the receiving river Mur.
MODEL SET-UP
An integrated model was set up by creating coherent sub-models (Figure 2). To reduce model
complexity and to increase simulation speed, a methodology was applied using the method of
boundary relocation (Vanrolleghem et al., 2005) and three rigorous integration techniques
(Muschalla, 2015): (i) Semantic Integration (ii) Methodological Integration, and (iii) Technical
Integration. Each independent sub-model was calibrated separately and connected via sequential
script-based model interfaces or by direct connections where bi-directional interaction is required to
simulate system-wide control actions. Rainfall information from the city’s precipitation measurement
network serves as the input to a conceptual rainfall-runoff model of the existing sewer system. More
detailed models were required for the CST and the WRRF. A detailed hydrodynamic water quality
model was built to represent the CST including actuators for control purposes. A detailed dynamic
model of the WRRF was developed based on the activated sludge model ASM3-BioP (Rieger et al.,
2001).

Figure 2. Schematic structure of the integrated simulation model containing model emission
pathways
RESULTS AND DISCUSSION
Each sub-model was calibrated separately against measured flow rates and the measured water quality
variables COD (chemical oxygen demand), BOD5 (biochemical oxygen demand), Ntot (total nitrogen)
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and Ptot (total phosphorus). The calibration results are presented as relative deviations in Table 1. The
conceptual rainfall-runoff model shows annual deviations of 3% for the flow rate and 1-8% for the
water quality variables at the WRRF influent. The hydrodynamic model of the CST reaches annual
flow rate deviations of 3% for single events at the control structure KS2. No water quality data was
available. The dynamic WRRF model shows mean daily deviations at the WRRF effluent of 5% for
the flow rate and 13-23% for the analysed water quality variables. The resulting deviations in model
calibration and validation are within the range of typical uncertainties for online measurements with
10% for flow rates and 25-30% for water quality variables COD and BOD5 (Caradot et al., 2013).
Table 1. Results of model calibration (N/A means not available)

The calibrated and validated integrated model was applied to simulate the impact of different rainfall
events and operating scenarios of the CST on the treatment performance. The final evaluation was
based on the total emissions to the river Mur including the effluent of the WRRF, the emergency CSO
of the CST, and the CSO tank overflow.
As result different management strategies for the CST could be developed that comprise i) optimal
operation strategies to minimize the total emission of the integrated system and ii) flushing and
emptying scenarios of the CST to maximize the automated sediment removal with a minimized
impact on the treatment efficiency of the WRRF. The developed strategies will be discussed in the
full paper in detail.
CONCLUSION
An integrated simulation model (sewer system and WRRF) was built to evaluate different
combinations of rain events and operating scenarios of a recently installed Central Storage Tunnel
(CST) in view of the treatment performance of the WRRF Graz (Austria) and consequently of the
total emissions to the river Mur. A conceptual model was used to represent the existing sewer system
and detailed models for the CST and the WRRF. Model integration was done by using script-based
interfaces for sequential connections and full sub-model linkage when bi-directional interactions had
to be considered. Model calibration was carried out for each sub-model separately. The detailed
scenario analysis will be described in the full paper. The results will be used to derive best
management practices (BMPs) for the operation of the Central Storage Tunnel.
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Abstract
The paper describes how VCS Denmark is pioneering new technologies in integrated wastewater
and watershed planning in Odense, Denmark. Central to the approach is a fast simulating integrated
model, which predicts river water quality changes in response to the connected system.
Keywords
Integrated modelling, water quality, planning, cost-effectiveness

INTRODUCTION
This paper summarises the on-going integrated wastewater catchment modelling activities of VCS
Denmark (www.vcsdenmark.com). VCS Denmark owns and operates the water and wastewater
infrastructure in the City of Odense (population 195,000). The wastewater service is delivered
through three water resource recovery facilities (WRRFs) and a combined, foul and stormwater
collection system. The Odense River and tributaries receive polluting discharges from the WRRFs,
stormwater outfalls and over 100 combined sewer overflows (CSOs). The watercourses are salmonid
fisheries with an objective to achieve Good Ecological Status under the Water Framework Directive
(http://ec.europa.eu/environment/water/water-framework/info/intro_en.htm).
The objectives of VCS need to be delivered in the face of considerable pressures, i.e. the combined
effects of climate change, population growth, urban development and the affordability of water bills.
Balancing long-term objectives with the pressures requires careful planning and a partnership
approach between the utility and the municipality. The municipality also acts as the environmental
regulator and is actively involved in the project.
To date the regulator has required that CSOs in Odense be improved in a particular manner; increasing
pass forward rates and limiting the annual volume and frequency of spills (five per year) through the
provision of storage. This has resulted in the construction of a number of large (> 10,000 m3) storage
tanks in the city. There are concerns that this policy is not BAT (best available technology), is
unaffordable, very disruptive to the community and does not take account of the actual needs of the
watercourses and the requirement to meet and maintain Good Ecological Status. There is also concern
that operating large storage tanks in the collection system network might compromise the efficient
operation of the high technology and showcase Ejby Mølle WRRF (Nielsen et al., 2015).
To help predict the impacts of the operation of the wastewater system on river quality, and test the
effectiveness of a variety of alternate investment scenarios, VCS Denmark embarked on developing
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an integrated wastewater catchment model (Benedetti et al., 2013) of the whole system. The principal
aim of the model is to quickly simulate the receiving water wet weather quality dynamics due to the
combined impact of CSOs, stormwater inputs and WRRFs, and how they change following changes
in the system, e.g. disconnecting impervious areas, introducing green infrastructure, building
retention volume, implementing sewer real time control (RTC), altering treatment schemes at the
WRRFs, etc. Other outputs of the model are the evaluation of treatment efficiencies and operational
costs resulting from such changes.
MATERIALS AND METHODS
Modelling and planning tools
The WEST (www.mikepoweredbydhi.com) integrated modelling platform has been used to build an
integrated model of the combined sewer (collection) network, three WRRFs, stormwater sewers and
river network. WEST is very efficient in simulating water quantity and quality processes that can be
expressed as ordinary differential equations (ODEs), therefore all transport phenomena are described
with the tanks-in-series approach (Figure 1). This is generally regarded to be sufficient to model water
flow rates and volumes, which are the important hydraulic parameters when modelling water quality
processes (Willems, 2008).
integrated model
WRRF – sewer – river

WRRF

sewer

river

detailed models

Figure 1. Conceptual simplification process (left) and simple example of IUWS units that can be
combined in the simulator, including global cost calculations and controllers (right)
The model is used (in continuous dynamic simulations) to compare river quality with UK type Urban
Pollution Management (UPM) Fundamental Intermittent Standards (FIS) (FWR 2013) for unionised
ammonia (UA) and dissolved oxygen (DO). The compliance with these design criteria is assessed by
comparing the simulated yearly number of exceedances of a set of given concentration thresholds for
given durations, with the maximum allowed exceedance number for each threshold/duration. An
example of such assessment is given in Figure 9 Of course, not only receiving water quality can be
looked at but also any intermediate quantity, like CSO volume, CSO spill frequency, WRRF influent
and effluent quality, etc.
The integrated model can also report on the global operating costs of the system, including energy
consumption at sewage pumping stations, and energy and chemicals consumption at WRRFs.
Combining the assessment of water quality at any place in the urban water system with cost
calculations, allows comparing the effectiveness and the efficiency of different (combinations of)
measures and strategies implemented at any place in the system, and helps identifying the best mix
of grey and blue-green technologies.
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Collection system
A fully detailed hydraulic model of Odense is available in MIKE URBAN (MU). To implement a
simpler model in WEST, the system was spatially conceptualised to have only one catchment with
runoff generation for each of the 130 CSO structures. Each structure was connected to the river and
to downstream components such as other catchments or main transport pipes. On-line and off-line
storage tanks were also included.
The resulting schematic arrangement of CSOs is represented in Figure 2, and describes a total area of
3805 ha with 37% of impervious fraction. The adopted scheme is very similar to an existing model
available in SAMBA, which is a (no longer supported) simplified sewer modelling software also by
DHI. VCS intends to use the new WEST simplified sewer model to substitute for SAMBA to produce
an annual CSO report to the municipality. That was the main reason to keep all CSO structures in the
model; otherwise, further spatial aggregation could have been obtained.
Dry weather flows are generated as a function of the number of inhabitants and of their water
consumption, and of industrial flows.
Wet weather flows are generated by applying a 5-year long (2009-2014) spatially variable (8 gauges)
rainfall time series. Runoff is reduced by wetting losses, depression storage and evaporation and
routed through a linear tank with retention constant proportional to the catchment impervious area.
Infiltration is added as a function of the 30-day rainfall moving average (to simulate the delayed
effect) and of evaporation (to include a seasonal component).
Sewer quality is generated by using daily loads per inhabitant and daily profiles, and by
accumulation/wash-off for particulates (particulate COD, TSS) and fixed event mean concentration
(EMC) for solubles (soluble COD, DO, NH4, PO4). Routing of pollutants in the sewer includes
sedimentation and resuspention of particulates. The parameter values for water quality generation
were initially taken from literature, and then adjusted to agree with the measured data available for
the WRRFs influents (daily composite samples with frequency daily to twice per month, for the
period 2009-2014) and for three of the CSO structures (EMCs for a total of 233 events at three CSO
structures over the period 1998-2007).
The network of tanks was then incorporated within the WEST environment and hydraulic model
performance compared against simulations from MIKE URBAN, for time series shape (visual
inspection), pass-forward flows, overflows (CSO spills) and for the number and total flow volume of
events. The calibration of the model was made adjusting catchment time constants and introducing
ad hoc controllers to emulate backwater effects were deemed necessary, by holding water at specific
points or even resending water upstream. The calibration was made for the whole year 2013, and
stopped when the appearance was judged satisfactory for time series (correct time and amplitude of
peaks) and for event number and volume (total yearly volume for each catchment). The validation
was made for year 2012.
A separate stormwater system is also included in the integrated model, consisting of 63 catchments
(which may include storage volume) directly discharging into the receiving surface stream, for a total
of 1306 ha of impervious surface.
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N53F59V
H.C. Lumbyes vej 99
Ared = 1.2ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.15l/s | Qmax = 50 l/s
t(a) 10min | SVK_5415

N53F58V
Otterupvej / Strandlykkevej
Ared = 1.3ha | V = - m3
Vtransp. 60 m3 | ø200
Qs 0.17l/s | Qmax = 7 l/s
t(a) 10min | SVK_5415

N52F17U
Cecilievej 11
Ared = 0.7ha | V = - m3
Vtransp. - m3 | Pumpe
Qs 0.14l/s | Qmax = 12 l/s
t(a) 7min | SVK_5415

N51F57V
Grønnegyden 150
Ared = 5.9ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.4l/s | Qmax = 10 l/s
t(a) 22min | SVK_5415

N31F51V
Anderupvej
Ared = 4.1ha | V = 90m3
Vtransp. - m3 | ø500
Qs 2.18l/s | Qmax = 20 l/s
t(a) 22min | SVK_5415

M50F48V
Æbleskivegyden 29
Ared = 4.9ha | V = 0m3
Vtransp. - m3 | ø500
Qs 0.54l/s | Qmax = 30 l/s
t(a) 17min | SVK_5411

K43F26V
Præstevej 52
Ared = 0.7ha | V = 210m3
Vtransp. - m3 | ø250
Qs 0.04l/s | Qmax = 10 l/s
t(a) 7min | SVK_5411

M20F46V
Smedebakken
Ared = 12.9ha | V = 90m3
Vtransp. - m3 | ø250
Qs 1.72l/s | Qmax = 50 l/s
t(a) 25min | SVK_5415

M12F45V
Degnevænget 1
Ared = 1.1ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.11l/s | Qmax = 60 l/s
t(a) 7min | SVK_5415

M11F43V
Næsbyhave 81
Ared = 1ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.13l/s | Qmax = 50 l/s
t(a) 7min | SVK_5415

M10F41V
Egestubben
Ared = 7.7ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.93l/s | Qmax = 60 l/s
t(a) 14min | SVK_5415

L13F40V
Kroggårdsvej 28
Ared = 3.2ha | V = - m3
Vtransp. - m3 | ø300
Qs 0.36l/s | Qmax = 100 l/s
t(a) 10min | SVK_5415

L13F39V
Bogensevej ved Dalsvinget
Ared = 3.5ha | V = - m3
Vtransp. 30 m3 | ø300
Qs 0.66l/s | Qmax = 130 l/s
t(a) 10min | SVK_5415

L13F38V
Bogensevej / Søgårdsvej
Ared = 4.8ha | V = - m3
Vtransp. 80 m3 | V650
Qs 0.67l/s | Qmax = 140 l/s
t(a) 18min | SVK_5415

J10F01V
Samleledning, Bolbro
Ared = 21.3ha | V = 90m3
Vtransp. 80 m3 | ø300
Qs 1.94l/s | Qmax = 420 l/s
t(a) 30min | SVK_5415

K20S22V
Ryds Å stien
Ared = 0ha | V = - m3
Vtransp. - m3 | ø350
Qs 0.23l/s | Qmax = 60 l/s
t(a) 5min | SVK_5422

K13S21V
Kærsangervænget 9
Ared = 0.1ha | V = - m3
Vtransp. 70 m3 | ø400
Qs 1.47l/s | Qmax = 60 l/s
t(a) 5min | SVK_5415

J13F06V
Skjoldborgvej 45
Ared = 4.5ha | V = - m3
Vtransp. - m3 | ø150->ø400
Qs 0.27l/s | Qmax = 30 l/s
t(a) 10min | SVK_5415

K40F25V
Spangsvej 98
Ared = 7.8ha | V = - m3
Vtransp. - m3 | ø600
Qs 2.68l/s | Qmax = 245 l/s
t(a) 82min | SVK_5411

K21F23V
Spangsvej 55
Ared = 2.5ha | V = - m3
Vtransp. - m3 | ø200
Qs 1.67l/s | Qmax = 40 l/s
t(a) 10min | SVK_5422

K74F34V
Rugårdsvej 536
Ared = 0.2ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.04l/s | Qmax = 10 l/s
t(a) 5min | SVK_5411

K72F33V
Kalørvej 196
Ared = 14.1ha | V = 710m3
Vtransp. - m3 | ø300
Qs 1.24l/s | Qmax = 31 l/s
t(a) 25min | SVK_5411

K40F24V
Spangsvej ved sti
Ared = 1.7ha | V = 290m3
Vtransp. 560 m3 | ø600
Qs 1.54l/s | Qmax = 150 l/s
t(a) 10min | SVK_5411

K71F32V
Tyrsbjergvej / Åbakkevej
Ared = 0.6ha | V = - m3
Vtransp. - m3 | ø110
Qs 0.05l/s | Qmax = 10 l/s
t(a) 7min | SVK_5411

K62F31V
Ellekratvej 7
Ared = 2.8ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.25l/s | Qmax = 40 l/s
t(a) 70min | SVK_5411

K61F29V
Ejlstrupvej 215C
Ared = 7.7ha | V = - m3
Vtransp. 20 m3 | ø700
Qs 0.43l/s | Qmax = 50 l/s
t(a) 20min | SVK_5411

K61F30V
Ejlstrupvej over for 122
Ared = 1.6ha | V = - m3
Vtransp. 30 m3 | ø300
Qs 0.21l/s | Qmax = 50 l/s
t(a) 10min | SVK_5411

K60F28V
Ejlstrup Hovedledning
Ared = 0ha | V = 1140m3
Vtransp. 40 m3 | ø300
Qs 0.01l/s | Qmax = 46 l/s
t(a) 5min | SVK_5411

K83F37V
Vejruplunds 25
Ared = 2.6ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.19l/s | Qmax = 50 l/s
t(a) 19min | SVK_5422

J31F11V
Thulevej 15A
Ared = 16.9ha | V = 30m3
Vtransp. - m3 | ø200
Qs 2l/s | Qmax = 60 l/s
t(a) 27min | SVK_5415

RECIPIENTER
Odense Kanal / andre recipienter

N10F50U
Slettensvej
Ared = 1.6ha | V = - m3
Vtransp. 260 m3 | Pumpe
Qs 1.09l/s | Qmax = 233 l/s
t(a) 10min | SVK_5415

N10F50V
Slettensvej 93
Ared = 9ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.89l/s | Qmax = 40 l/s
t(a) 25min | SVK_5415

J11F03V
Næsbyhovedvej 10
Ared = 4.1ha | V = - m3
Vtransp. 20 m3 | ø230
Qs 1.63l/s | Qmax = 23 l/s
t(a) 10min | SVK_5415

J12F05V
Næsbyvej 120
Ared = 1.1ha | V = - m3
Vtransp. - m3 | ø300
Qs 0.2l/s | Qmax = 7-38 l/s
t(a) 7min | SVK_5415

J12F02U
Lisevej 14P
Ared = 0.7ha | V = - m3
Vtransp. - m3 | ø300
Qs 0.07l/s | Qmax = 22 l/s
t(a) 7min | SVK_5415

J10F02V
Bogensevej 30
Ared = 4.1ha | V = - m3
Vtransp. - m3 | ø150->ø300
Qs 0.26l/s | Qmax = 30 l/s
t(a) 10min | SVK_5415

J11F04V
Kanalvej / Bådehavn
Ared = 1ha | V = - m3
Vtransp. - m3 | ø150
Qs 0.17l/s | Qmax = 20 l/s
t(a) 7min | SVK_5415

NOE_IND
NØ renseanlæg
Ared = 1.5ha | V = - m3
Vtransp. 30 m3 | ø1000
Qs 37236.67l/s | Qmax = 400
l/s
t(a) 10min | SVK_5417

Odense Å/ SYD2
Odense Å/ SYD1
Odense Å/ VEST
Odense Å/ MIDT

Odense Å/ NORD

J70F17V
Ruggårdsvej / Skellet
Ared = 1.2ha | V = - m3
Vtransp. - m3 | ø100
Qs 0l/s | Qmax = 10 l/s
t(a) 7min | SVK_5419

J74F20V
Rugårdsvej 140
Ared = 96.1ha | V = 70m3
Vtransp. - m3 | ø1800
Qs 12.73l/s | Qmax = 400 l/s
t(a) 48min | SVK_5419

N50F53V
Grønnegyden 2F
Ared = 0.2ha | V = - m3
Vtransp. - m3 | ø150
Qs 0.02l/s | Qmax = 10 l/s
t(a) 5min | SVK_5415

O40F60V
Stigevej 324
Ared = 13.7ha | V = 490m3
Vtransp. - m3 | Flere
Qs 2.28l/s | Qmax = 11 l/s
t(a) 22min | SVK_5415

NVREGN
NORDVEST RENSEANLÆG
Ared = 14.6ha | V = 1700m3
Vtransp. 1300 m3 | overløb
Qs 0l/s | Qmax = 600 l/s
t(a) 110min | SVK_5415

J30F10V
Jernbanevej 62 (Bøgelykken)
Ared = 0.1ha | V = - m3
Vtransp. 900 m3 | ø200
Qs 2.68l/s | Qmax = 200 l/s
t(a) 5min | SVK_5415

K65F01V
Munkerudgyden bag n15
Ared = 2.6ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.12l/s | Qmax = 10 l/s
t(a) 27min | SVK_5422

K80F35V
Ejlstrupvej bag 103
Ared = 7.7ha | V = - m3
Vtransp. 50 m3 | ø250
Qs 0.36l/s | Qmax = 90 l/s
t(a) 60min | SVK_5411

K81F36V
Tornmarksvej 66
Ared = 0.9ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.06l/s | Qmax = 9 l/s
t(a) 10min | SVK_5411

N32F52V
Slettensvej 157
Ared = 0.6ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.07l/s | Qmax = 40 l/s
t(a) 7min | SVK_5415

M11F42V
Næsbyhave
Ared = 0.7ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.08l/s | Qmax = 150 l/s
t(a) 7min | SVK_5415

K41F07U
Rugårdsvej 416P
Ared = 0.1ha | V = - m3
Vtransp. - m3 | ø100
Qs 0.07l/s | Qmax = 10 l/s
t(a) 7min | SVK_5411

N50F56V
Høstlyngen 38
Ared = 8.5ha | V = 210m3
Vtransp. 40 m3 | ø300
Qs 16.45l/s | Qmax = 25 l/s
t(a) 42min | SVK_5415

F20F30Y
Victoriagade
Ared = 93.2ha | V = - m3
Vtransp. - m3 | V1600
Qs 11l/s | Qmax = 1100 l/s
t(a) 30min | SVK_5417

Hottemoserenden
Ryds Å

R38F03E
Utzons Allè
Ared = 4.7ha | V = - m3
Vtransp. 3170 m3 | ø1400
Qs -l/s | Qmax = 1100 l/s
t(a) 200min | SVK_5417

P41F02E
Mindelundsvej 76
Ared = 7.4ha | V = - m3
Vtransp. - m3 | ø300
Qs 2.1l/s | Qmax = 45 l/s
t(a) 20min | SVK_5417

Nedre del Stavids Å
Øvre del Stavids Å
Hedebækken
Borreby Møllebæk
Fraugde Bæk
Vejrup Å

J40F12V
Tarupgårdvej 30
Ared = 17.6ha | V = 650m3
Vtransp. - m3 | ø300
Qs 0l/s | Qmax = 79 l/s
t(a) 25min | SVK_5415

J50F13V
Rudgårdsvej 124
Ared = 4.3ha | V = - m3
Vtransp. 50 m3 | V500
Qs 0.38l/s | Qmax = 140 l/s
t(a) 17min | SVK_5419

J20F08V
Åløkkevænget 25
Ared = 0.7ha | V = - m3
Vtransp. - m3 | Pumpe
Qs 0.05l/s | Qmax = 13 l/s
t(a) 7min | SVK_5415
F40F35Y
Heltengen
Ared = 33ha | V = 3000m3
Vtransp. 230 m3 | ø230/ø380
Qs 0l/s | Qmax = 1800 l/s
t(a) 32min | SVK_5417

J50F15V
Stadionvej (Atletik)
Ared = 4.5ha | V = - m3
Vtransp. 20 m3 | ø400
Qs 0.42l/s | Qmax = 80 l/s
t(a) 17min | SVK_5419

J23F09V
Mads Hansens Vej
Ared = 0.9ha | V = - m3
Vtransp. - m3 | ø300
Qs 0.07l/s | Qmax = 60 l/s
t(a) 7min | SVK_5419

J51F16V
Ole Worms Gade
Ared = 21.5ha | V = - m3
Vtransp. - m3 | ø800
Qs 1.86l/s | Qmax = 70 l/s
t(a) 25min | SVK_5422

F40F37Y
Påskestræde
Ared = 0.8ha | V = - m3
Vtransp. - m3 | ø104
Qs 0.25l/s | Qmax = 13 l/s
t(a) 7min | SVK_5419

F40F40Y
Brogade ved Frederiks Bro
Ared = 1.3ha | V = - m3
Vtransp. - m3 | ø1450
Qs 43l/s | Qmax = 15 l/s
t(a) 7min | SVK_5419

D10F26Y
Ejby Møllevej / Sct. Jør
Ared = 12.7ha | V = - m3
Vtransp. - m3 | ø300
Qs 0l/s | Qmax = 78 l/s
t(a) 25min | SVK_5417

F10F28Y
Gasværksgrunden
Ared = 23.3ha | V = - m3
Vtransp. - m3 | ø230
Qs 8.85l/s | Qmax = 270 l/s
t(a) 20min | SVK_5417

F10F27Y
Palnatokesvej
Ared = 2.5ha | V = - m3
Vtransp. - m3 | 2xø230
Qs 0l/s | Qmax = 40 l/s
t(a) 10min | SVK_5417

F40F38Y
Albanigade
Ared = 10.3ha | V = - m3
Vtransp. - m3 | Ø160
Qs 0.68l/s | Qmax = 150 l/s
t(a) 10min | SVK_5419

F43F41Y
Sdr. Boulevard /
Filosofgangen
Ared = 46.6ha | V = - m3
Vtransp. - m3 | ø400
Qs 0.84l/s | Qmax = 405 l/s
t(a) 30min | SVK_5419

A40F16Y
Klosterbakken
Ared = 6ha | V = - m3
Vtransp. 390 m3 |
ø241/ø450
Qs 1.58l/s | Qmax = 200 l/s

F52F43Y
Sdr. Boulevard
Ared = 6.4ha | V = - m3
Vtransp. - m3 | ø315
Qs 1.58l/s | Qmax = 90 l/s
t(a) 25min | SVK_5419

F50F42Y
Sdr. Boulevard (OB's Baner)
Ared = 1.5ha | V = - m3
Vtransp. 30 m3 | ø400
Qs 0l/s | Qmax = 35 l/s
t(a) 7min | SVK_5419

A50F17Y
Filosofgangen / Sluden
Ared = 33.1ha | V = - m3
Vtransp. 50 m3 |
Tragt,1*1.1m
Qs 6.42l/s | Qmax = 650 l/s

A30F05Y
Nonnebakken
Ared = 20.5ha | V = - m3
Vtransp. - m3 | ø800
Qs 1.88l/s | Qmax = 260 l/s
t(a) 20min | SVK_5419

F64F45Y
Carl Baggers Allé / Stergå
Ared = 17.6ha | V = - m3
Vtransp. 40 m3 | ø700
Qs 1.09l/s | Qmax = 400 l/s
t(a) 40min | SVK_5427

F60F44Y
Sdr. Blvd. / ved Zoo
Ared = 15.9ha | V = - m3
Vtransp. 300 m3 | ø280
Qs 3.94l/s | Qmax = 135 l/s
t(a) 40min | SVK_5427

A71F18Y
Sdr. Boulevard
Ared = 1.9ha | V = - m3
Vtransp. - m3 | V500
Qs 0.34l/s | Qmax = 50 l/s
t(a) 7min | SVK_5419

A32F07Y
Allegade
Ared = 4.4ha | V = - m3
Vtransp. 50 m3 | V500
Qs 0.3l/s | Qmax = 150 l/s
t(a) 15min | SVK_5419

F67F47Y
Sanderumvej 113
Ared = 6ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.64l/s | Qmax = 45 l/s
t(a) 40min | SVK_5422

F70F70Y
DALUM
Ared = 45.5ha | V = 3130m3
Vtransp. - m3 | (ø400)
Qs 0l/s | Qmax = 200-500 l/s
t(a) 40min | SVK_5427

ODENSE OPLANDE:
F64F46Y
Prins Haralds Allé / Vædde
Ared = 4.2ha | V = - m3
Vtransp. - m3 | ø350
Qs 0.27l/s | Qmax = 60 l/s
t(a) 10min | SVK_5427

F72F63Y
Dalumvej 112
Ared = 11.4ha | V = - m3
Vtransp. 1410 m3 | ø400
Qs -l/s | Qmax = 200 l/s
t(a) 120min | SVK_5427

G60F60Y
Dyrupgårdvænget
Ared = 0ha | V = - m3
Vtransp. 350 m3 | ø284
Qs 0l/s | Qmax = 190 l/s
t(a) -min | SVK_5425

G32F54Y
Søparken/Motorvej
Ared = 4.4ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.56l/s | Qmax = 48 l/s
t(a) 30min | SVK_5427

G75F65Y
Hvenetved
Ared = 0.4ha | V = - m3
Vtransp. - m3 | ø104
Qs 0.08l/s | Qmax = 8 l/s
t(a) 65min | SVK_5425

G40F55Y
Skt. Klemens Vej 10
Ared = 7ha | V = 300m3
Vtransp. - m3 | ø250
Qs 0.97l/s | Qmax = 55 l/s
t(a) 25min | SVK_5427

G70F62Y
Lettebækvej 438
Ared = 4.7ha | V = 30m3
Vtransp. - m3 | ø181
Qs 0.45l/s | Qmax = 32 l/s
t(a) 30min | SVK_5427

G50F09P
Fangelvej 21
Ared = 1.4ha | V = - m3
Vtransp. - m3 | Pumpe
Qs 0.48l/s | Qmax = 40 l/s
t(a) 115min | SVK_5425

G71F68Y
Lettebækvænget 72
Ared = 46.6ha | V = 2650m3
Vtransp. 80 m3 | 2 * ø200
Qs 4.21l/s | Qmax = 130 l/s
t(a) 7min | SVK_5425

P41F03E
Mindelundsvej 10
Ared = 1.6ha | V = - m3
Vtransp. - m3 | ø238
Qs -l/s | Qmax = 20 l/s
t(a) 7min | SVK_5417

F20F02P
Vinkælderrenden
Ared = 12ha | V = 1600m3
Vtransp. - m3 | Pumpe
Qs 1l/s | Qmax = 285 l/s
t(a) 10min | SVK_5417

F30F62O
HAVNE-UDLØB
Ared = 20.4ha | V =
10460m3
Vtransp. - m3 | Pumpe
Qs 0l/s | Qmax = 100/125 l/s

J20F01D
Dronning Olgas Vej 35
Ared = 9.1ha | V = - m3
Vtransp. - m3 | ø300
Qs 0.79l/s | Qmax = 50 l/s
t(a) 20min | SVK_5419

J50F14V
Stadionvej (Banegrøften)
Ared = 5.7ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.72l/s | Qmax = 110 l/s
t(a) 10min | SVK_5419

G80F66Y
Brændekilde
Ared = 5.1ha | V = 670m3
Vtransp. - m3 | ø200/ø80
Qs 1.07l/s | Qmax = 26 l/s
t(a) 5min | SVK_5425

Viemoserenden

Bolbrorenden

J22F005
Pakhusgården 56
Ared = 2.2ha | V = - m3
Vtransp. 170 m3 | ø300
Qs -l/s | Qmax = 230 l/s
t(a) 7min | SVK_5419

G60F61Y
Dyrupgårdvænget
Ared = 17.9ha | V = - m3
Vtransp. - m3 | V800
Qs 1.04l/s | Qmax = 1150 l/s
t(a) 5min | SVK_5427

Odense Å/ ØST

P40F01E
Krogen 12
Ared = 2.8ha | V = - m3
Vtransp. - m3 | ø200
Qs 2.21l/s | Qmax = 50 l/s
t(a) 10min | SVK_5417

F90F52Y
Bergsøes Plads
Ared = 30.7ha | V = - m3
Vtransp. - m3 | ø300
Qs 2.1l/s | Qmax = 65 l/s
t(a) 25min | SVK_5427

A33F09Y
Langelinie / Platanvej
Ared = 5.4ha | V = - m3
Vtransp. - m3 | V500
Qs 0.81l/s | Qmax = 180 l/s
t(a) 20min | SVK_5419

F70F51Y
Gurlis Allé
Ared = 2.9ha | V = - m3
Vtransp. - m3 | ø100
Qs 0.39l/s | Qmax = 400 l/s
t(a) 10min | SVK_5427

A35F11Y
Langelinie /
Hannerupsgårdvej
Ared = 10.9ha | V = - m3
Vtransp. - m3 | ø500
Qs 1.85l/s | Qmax = 150 l/s

G20F53Y
Dalum
Ared = 59.2ha | V = 3280m3
Vtransp. - m3 | Ø600
Qs 3.95l/s | Qmax = 200 l/s
t(a) 20min | SVK_5427

A38F14Y
Langelinie / Engvej
Ared = 5.8ha | V = - m3
Vtransp. - m3 | ø360
Qs 0.67l/s | Qmax = 20 l/s
t(a) 20min | SVK_5427

A39F15Y
Erik Bøghs Sti
Ared = 1.4ha | V = - m3
Vtransp. - m3 | ø310
Qs 0.26l/s | Qmax = 11 l/s
t(a) 10min | SVK_5427

Lindved Å
Odense Å/ NØ

INTERNE OVERLØB
RVBASIN
EJBY MØLLE
RENSEANLÆG
Ared = 99.4ha | V =
7330m3
Vtransp. 7960 m3 | 0
Qs 0l/s | Qmax = 1850
l/s
t(a) 5min | SVK_5425

A20F02Y
Ejby Møllevej / Svendsgade
Ared = 12.4ha | V = - m3
Vtransp. 190 m3 | ø800
Qs 3.28l/s | Qmax = 1300 l/s
t(a) 15min | SVK_5417

A11F01Y
Albanigade
Ared = 4.6ha | V = - m3
Vtransp. - m3 | ø240
Qs 4.48l/s | Qmax = 83 l/s
t(a) 10min | SVK_5419

C10F23Y
Ejbygade / Ejby Kirkevej
Ared = 3.4ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.51l/s | Qmax = 20 l/s
t(a) 10min | SVK_5417

C11F25Y
Ejbygade v. Toftevej
Ared = 27.6ha | V = - m3
Vtransp. - m3 | ø400
Qs 4.08l/s | Qmax = 105 l/s
t(a) 25min | SVK_5417

B10F19Y
Ejby Møllevej / Stærmose
Ared = 5.5ha | V = - m3
Vtransp. - m3 | ø230
Qs 0.62l/s | Qmax = 450 l/s
t(a) 10min | SVK_5417

B10F22Y
Bøgevej
Ared = 76.7ha | V = 4390m3
Vtransp. - m3 | ø500
Qs 19.44l/s | Qmax = 400 l/s
t(a) 65min | SVK_5417

Overløb til Havneudløb

R40F04E
Hjulmandsstrædet
Ared = 3.1ha | V = - m3
Vtransp. - m3 | ø400
Qs 0.55l/s | Qmax = 160 l/s
t(a) 10min | SVK_5417

Overløb til DALUM bygværket

A20F03Y
Christiansgade 108
Ared = 0.5ha | V = - m3
Vtransp. - m3 | ø230
Qs 0.12l/s | Qmax = 20 l/s
t(a) 7min | SVK_5417

A20F04Y
Palnatokesvej
Ared = 26.3ha | V = - m3
Vtransp. - m3 | ø200
Qs 2.96l/s | Qmax = 130 l/s
t(a) 35min | SVK_5417

R54F05E
Stat Ene vej 138
Ared = 1.6ha | V = - m3
Vtransp. - m3 | ø160
Qs 0.11l/s | Qmax = 10 l/s
t(a) 10min | SVK_5429

A31F06Y
Hunderupvej
Ared = 4.1ha | V = - m3
Vtransp. 50 m3 | ø700
Qs 0.45l/s | Qmax = 150 l/s
t(a) 10min | SVK_5419

A32F08Y
Langelinie / Kastanievej
Ared = 2.2ha | V = - m3
Vtransp. - m3 | V500
Qs 0.13l/s | Qmax = 155 l/s
t(a) 10min | SVK_5419

A34F10Y
Finsens Allé / Langelinie
Ared = 7.2ha | V = - m3
Vtransp. - m3 | ø150
Qs 1.05l/s | Qmax = 145 l/s
t(a) 40min | SVK_5419

A37F12Y
Langelinie 72
Ared = 6ha | V = - m3
Vtransp. - m3 | ø290
Qs 0.75l/s | Qmax = 45 l/s
t(a) 35min | SVK_5419

A37F13Y
Langelinie
Ared = 0.3ha | V = - m3
Vtransp. - m3 | ø240
Qs 0.07l/s | Qmax = 16 l/s
t(a) 7min | SVK_5419

S60F10E
Syvhøjevej, Højby
Ared = 8.7ha | V = 600m3
Vtransp. - m3 | ø200
Qs 1.51l/s | Qmax = 25 l/s
t(a) 25min | SVK_5429

R63F07E
Fraugde Byvej 2
Ared = 2ha | V = - m3
Vtransp. - m3 | ø200
Qs 0.59l/s | Qmax = 70 l/s
t(a) 10min | SVK_5429

S71F12E
Lindved Møllevej 55
Ared = 1ha | V = - m3
Vtransp. - m3 | ø200
Qs 1.32l/s | Qmax = 40 l/s
t(a) 7min | SVK_5429

T70F15E
Allerup Bygade bag nr. 14
Ared = 2.8ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.06l/s | Qmax = 30 l/s
t(a) 10min | SVK_5429

R62F06E
Fraugde Rens (Østparken)
Ared = 9.4ha | V = 360m3
Vtransp. 280 m3 | ø200
Qs 1.51l/s | Qmax = 35 l/s
t(a) 15min | SVK_5429

R70F76S
Thorup Bygade
Ared = 10.8ha | V = 1090m3
Vtransp. - m3 | ø200
Qs 1.87l/s | Qmax = 45 l/s
t(a) 40min | SVK_5429

T62F14E
Barmosevej
Ared = 1.6ha | V = - m3
Vtransp. - m3 | ø400
Qs 0.22l/s | Qmax = 40 l/s
t(a) 10min | SVK_5429

T60F13E
Vandmøllevej
Ared = 7ha | V = - m3
Vtransp. - m3 | ø250
Qs 0.51l/s | Qmax = 30 l/s
t(a) 25min | SVK_5429

S64F17E
Højby Skovvej
Ared = 14.3ha | V = 530m3
Vtransp. - m3 | ø226
Qs 1.51l/s | Qmax = 40 l/s
t(a) 35min | SVK_5429

G51F10P
Fangelvej 59
Ared = 7.7ha | V = 540m3
Vtransp. - m3 | Pumpe
Qs 0.56l/s | Qmax = 12 l/s
t(a) 5min | SVK_5425

G71F12P
Brogårdsvej 75
Ared = 0.7ha | V = - m3
Vtransp. - m3 | Pumpe
Qs 0.03l/s | Qmax = 19 l/s
t(a) 5min | SVK_5427

Figure 2. Schematic of CSOs in Odense.
WRRFs
All three WRRFs – Ejby Mølle (EM), Nordvest (NV) and Nordøst (NOE) – are modelled including
all units of the wastewater treatment line, from primary settling to activated sludge to secondary
settling, including all controllers for aeration and recycles. A modified version of the activated sludge
model No. 2d (ASM2d) was used for bio-chemical processes (Gernaey and Jørgensen, 2004), and an
empirical model was used for the secondary settling (Benedetti et al., 2011). The simulated effluent
quality was compared to the regularly collected effluent daily composite samples for most variables,
and with on-line data for NH4, NO3 and DO. No calibration was needed for the ASM2d parameters,
as the model predictions were qualitatively judged sufficiently good at this stage of the project, given
the uncertainty in the WRRF model input from the sewer quality model.
River system
An 80 km network of river channels is included in the WEST model, which receives flow from
headwaters, CSOs, stormwater outfalls and diffuse inputs. The network is modelled by a series of
tanks representing trapezoidal sections of river. Data for channel slope and geometry were taken from
existing hydraulic models and site inspections. The simulated flow rates were checked against flow
gauge data at two locations.
The water quality model equations are based on a version of DUFLOW (www.duflow.nl) and include
processes for DO (consumption by 5 types of BOD and reaeration), for nitrification and algae activity.
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As the available water quality data consists of monthly grab samples, the simulated dynamics (and
resulting UPM assessment) are not yet validated but have been qualitatively observed to be realistic.
Currently, a monitoring network is under development, consisting of 16 stations along the main
watercourses. The stations will measure primarily chemical water quality parameters such as
ammonium concentration, dissolved oxygen, conductivity, temperature and pH. Stations exposed to
salted tidal water will rely on analysers to measure ammonium, while rest of the stations will use ionselective electrode (ISE) sensors. The 16 stations will be deployed over a 3 to 4 years span. Each new
station will go under an intensive testing period with periodical grab samples. Different setups might
be tested to lower impacts on the streams and ensure the best integration possible in the surroundings.
A first setup for public area, with ground equipment and power supply inserted into a bench, is
currently under development.
The complete model implementation layout in WEST is shown in Figure 3.

NOE WRRF

NV WRRF

EM WRRF

combined sewer

rivers

Figure 3. Complete model layout in WEST; the links from the combined sewer catchments to the
receiving water are not shown
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RESULTS
Modelling
As an example of flow time series, the pass-forward and overflow rates are shown in Figure 4 for one
of the combined sewer catchments for 12 days in September 2013, comparing the MU and WEST
simulations. Figure 5 shows the correspondence of WEST and MIKEURBAN yearly overflow
volume for each catchment. The R2 and slope values close to 1 indicate a good fit of the models.
Figure 6 shows the comparison of the measured influent flow at EM with the simulated one in WEST,
as an indication of the quality of the pass-forward prediction. It can be seen here that the base flow
profile matches reasonably well in spite of the marked seasonal differences, which shows the quality
of the infiltration model.
Concerning water quality, the available CSO measurements data set have averages for COD of 141
g/m3 and for NH4 of 2.4 g/m3, while the simulation for all CSO structures for 2013 has averages for
COD of 118 g/m3 and for NH4 of 2.5 g/m3.
Regarding simulation speed, on standard office hardware a 1-year simulation takes less than 2 hours
to complete.
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Figure 4. Pass-forward (top) and overflow (bottom) for 12 days in September 2013 for one of the
combined sewer catchments
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Figure 5. Scatter plot picture CSO volumes
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Figure 6. Measured and WEST simulated influent flow rate of the EM WRRF for the whole year
2013
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Scenarios
Two scenarios were run to test the capabilities of the model and to investigate some planning issues
at hand in the NV area. Scenario 1 consists of 9210 m3 of additional CSO storage volume at 9
locations, and 3 upgraded pumping capacities (additional 57 l/s) at CSO structures. Scenario 2 has
700 m3 of additional volume at one CSO location, 9 upgraded pumping capacities (additional 467 l/s)
at CSO structures, 2 new pumping stations (1000 and 500 l/s) and a new scheme to accept higher
wet-weather flows at the NV WRRF, which would allow for flows up to 2500 m 3/h to be treated
biologically, and flows from 2500 up to 10000 m3/h to receive a combination of treatments as settling,
sand and disk filters.
The results show that Scenario 2 performs better than Scenario 1, for the WRRF effluent (Figure 7)
for the CSOs (Figure 8) and hence for the receiving water quality (Figure 9). Scenario 2 also has a
greater positive impact on reducing flooding within the catchments. Another positive aspect of
Scenario 2 is that it is expected to be less costly, principally by avoiding the construction of storage
volume in the dense city area.
CONCLUSIONS
The integrated model was implemented and calibrated against measured data or data simulated by the
detailed models. It is operable and predicting sensible responses. A programme of river water quality
data collection has started that will enable further calibration and validation of in-river processes.
Meanwhile, the un-validated model is being used to engage with the regulator and develop different
strategies to be included in the long-term plan.
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Figure 7. Results of the simulations for the current situation (curr), for Scenario 1 (sc1) and Scenario
2 (sc2), for biology effluent (top) and total WRRF effluent NH4 load (NV biology + bypass, bottom),
for NH4 (left) and TSS (right) loads
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Figure 8. Results of the simulations for total volume (left) and NH4 load (right) from all CSOs
affecting the Stavis Aa and Bolbro streams
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Figure 9. Results of the simulations for water quality in the Bolbro stream, for the current situation
(curr), for Scenario 1 (sc1) and Scenario 2 (sc2), compliance with salmonids UPM standards for DO
and UIA corrected for DO (UIAc), 1 indicates best water quality and 5 worst quality
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Abstract
The effects on the water levels in the sewer system resulting from integration of sewer and river
components were assessed by using as a case study a portion of the Chicago Area Waterway System
(CAWS) and the Tunnel and Reservoir Plan (TARP). The hydrology and hydraulics of the local
sewers were modelled using Infoworks and the probabilistic model, Illinois Urban Hydrologic
Model (IUHM). Flow hydrographs from those models were used as inputs for the CS-TARP model
in Infoworks including sewer and interceptor connections, connecting structures, dropshafts, deep
tunnels, and overflow pipes. For the CAWS, a previously validated model was adapted for the model
integration using OpenMI standard. The uncoupled (sewer only) and integrated (sewer and
waterways) versions of the urban drainage system were compared in terms of the water level in the
connecting structures and the Combined Sewer Overflow (CSO) hydrographs into the waterways.
The water levels in the sewer connections estimated with the integrated model were higher, and the
duration of high water levels was longer. This indicates that the drainage system may appear less
vulnerabe to flow back ups than it actually is when the effect of the receiving waters on the CSO
outfalls is not considered. Integrated modelling was shown to be an effective way to account for that
interaction between the sewer connections and the receiving waters components. The total CSO
emissions did not, however, show significant differences between the coupled and uncoupled setups.
Keywords
Integrated modeling; urban drainage models; Combined Sewer Overflows; OpenMI

INTRODUCTION
Urban Drainage System (UDS) management in modern cities must accomplish multiple goals,
including flood control and amelioration of the impact of emissions on the receiving waters. The shift
from the single- to the multi-objective perspective adds complexity to the problem: Instead of
considering isolated components of the UDS, it is necessary to consider not only the processes within
each component (sewer network, treatment plants, receiving waters, etc.), but also the interactions
and feedbacks among them.
As a consequence, modelling practices have also evolved to fulfill the growing need to account for
the interactions among multi-components. Given the wide range of processes (physical, chemical,
biological, and social) related to UDS management, it is infeasible to develop a single software
package that accounts for all the processes at multiple temporal and spatial scales. Instead,
computational frameworks like OpenMI allows data exchange on-the-run between independent
models and modelling components (Bach et al., 2014).
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The city of Chicago drains to the Chicago Area Waterway System (CAWS), a system of canals built
to reverse the natural flow direction of the Chicago River, Calumet River, and their tributaries, so that
under normal conditions the water flows away from Lake Michigan towards the Illinois River. During
intense rainfall events a large portion of the flow in the CAWS comes from the Combined Sewer
Overflows (CSOs) from the Racine Avenue and North Branch Pumping Stations (RAPS and NBPS,
respectively) and over 300 outfalls (USEPA 2007). To reduce the frequency and volume of CSO into
the CAWS, hundreds of kilometres of deep tunnels (i.e. the Tunnel and Reservoir Plan –TARP) have
been built to hold the first flush of combined sewage that cannot be processed at the Water
Reclamation Plants (WRPs). Occasionally TARP is surcharged and the flow has to be diverted
towards the CAWS. If the CAWS water levels are high enough, the flap gates at the CSO outfalls
impede discharge to the CAWS causing flow backups and surcharged pipes, thus, increasing the risk
of basement and street flooding.
This study evaluates the differences in water levels in the sewer network between independent and
integrated models of the sewer and interceptors connections, deep tunnels, and receiving waters. The
UDS of Chicago served as a base to define the geometry and topology of the different components,
as well as the hydrology for the modelled scenarios. These models cannot be considered as fully
representative of the real conditions and operations of the Chicago UDS and the CAWS, and do not
intend to evaluate the actual performance of these systems.
PROBLEM DEFINITION
The effect of the receiving waters (river) on the performance of combined sewer systems is often
overlooked. Isolated models for sewer networks, in general, cannot account for the interaction with
the receiving waters or have limited capabilities to consider this interaction. IUDM intends to account
for the dynamics of each component of the system as well as their interactions. One of those effects
is the rising levels in the sewer pipes and consequent backups caused by submerged overflow outfalls
when water levels on the receiving waters rise.
SCOPE
The scope of this study was to assess the impact of integrating the sewer and river components of an
Urban Drainage System (UDS) on the water levels in the sewer system, as well as on the sewer
overflows discharged into the river. The north and middle portions of the Chicago Area Waterway
System (CAWS) served as study case to run the tests for a historic rainfall event and arbitrary (not
historic) operation of the system (Fig. 1).
METHODOLOGY
Input for the simulation of the runoff consisted of historic time series of precipitation data, Water
Reclamation Plants (WRP) flows and stream levels. Hourly records were retrieved from 25 stations
in the Cook County Precipitation Network from the Illinois State Water Survey (ISWS). Runoff
hydrographs and flow routing for the local (upper) combined sewer system were computed using
IUHM and the Infoworks components in Metroflow (modeling framework developed at the Ven Te
Chow Hydrosystems Laboratory – VTCHL at the University of Illinois). Output hydrographs from
the local sewers and interceptors were, in turn, used as inflows for the Connecting Structures and
TARP (CS-TARP) model Infoworks.
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The integration of IUHM, the CityModel (Infoworks), and CS-TARP (Infoworks) was
straightforward as the information travels in one direction. Morales et al. (2015) used an iterative
procedure to account for the effect of the river levels, but it heavily relied on the model’s user for
data exchange and executions. In this study CS-TARP and the river components were fully integrated
using the Open Modelling Interface (OpenMI) developed by several research organizations in Europe for
linking environmental models at run-time (Dochyts et al., 2010). River hydraulics was simulated with
the unsteady component in the HEC-RAS 5.0 β-version (June 2014) by the U.S. Army Corps of
Engineers, which is OpenMI compliant.
Resulting water levels at connecting structures and CSO hydrographs for both the IUDM (coupled)
and non-integrated (uncoupled) models were compared.
Rainfall
Records from the Cook County Precipitation Network (25 stations) were used as input for the
hydrologic models. The period September 12–16, 2008 were selected because the total precipitation
and intensities are similar to the 100-year return period event for the area.
Hydrology and hydraulics in the sewer system
Hydrologic and hydraulic modeling down to the connecting structures (CS) was performed using the
CityModel (Infoworks®) for the City of Chicago jurisdiction. It only includes pipes that are 30-inches
or larger; smaller pipes were lumped into hydrologic sub-catchments. Despite those simplifications,
the CityModel contains approximately 7500 sub-catchments, 30000 junction nodes, and 31000
conduits (Waratuke and García, 2015). Combined sewer areas draining into the TARP system, but
outside of the CityModel limits, were modelled using IUHM. This model is based on a probabilistic
approach to simulate the hydrologic response in urban catchments that provides similar results to
deterministic models (e.g. SWMM, Infoworks), but only requires a fraction of the input data
(Cantone, 2010).
Both CityModel and IUHM were run as decoupled models assuming a free outfall at the TARP
connecting structures model. Thus, no feedback from the CS-TARP component was considered on
the local sewer simulations. This is an important assumption for the interpretation of the results
presented in this study as discussed later.
Connecting Structures and Deep Tunnels
CS-TARP was developed by the VTCHL in the Infoworks platform. It incorporates the Main-Stream
(MS) and DesPlaines (DP) deep tunnels with all of its associated connecting structures and outfalls,
and few interceptors (Waratuke and García, 2015). The hydrographs produced with IUHM and the
CityModel served as inflows for the CS-TARP where the flow is routed using the dynamic wave
assumption, and distributed to TARP or the CSO outfalls and pumping stations depending on
operation rules for the gates and pumps.
Channel hydraulics
An unsteady 1D model using HEC-RAS 4.1.0 (Santacruz and García, 2014) was adapted for the
HEC-RAS 5.0 β-version (June 2014) for the hydraulic analysis of the north and middle portion of the
CAWS. The downstream boundary condition was defined at Stickney USGS-gauge station. Choosing
HEC-RAS was motivated because of the precious experiences with the model (Waratuke and García,
2015; Santacruz and García, 2014) and the model’s new OpenMI capabilities (Fenske et al., 2013);
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however, the tested versions seemed to have some conflicts with the operation of structures as the
simulation crashes when a gate operation was defined. Therefore, the lake front controlling structures
were replaced by a no flow condition (as if gates were closed at all times). This was not the true
operation of the lakefront gates during the September 12-16, 2008 storm event.
Other boundary conditions specified in the HEC-RAS model included a stage hydrograph at the
downstream end using records from the Stickney gauge station (USGS 05536140), lateral inflows
from the TJ O’Brien WRP and from the North Branch Chicago River at Albany Avenue (USGS
05536105). CSO emissions from pumping stations (Racine Avenue) and (North Branch), as well as
CSO overflows were computed with the coupled CS-TARP model.
Model Integration
The CS-TARP and HEC-RAS models were coupled at the CSO outfalls using the OpenMI (Gregersen
et al., 2007). An xml file (.opr) was created for mapping the connections between HEC-RAS and
Infoworks. For the CSO outflows, Infoworks was set as the source model providing flows at specific
locations and times for HEC-RAS (target model). The water elevation at the outfalls were defined by
having HEC-RAS as the source model with the connecting structures at the upstream end of the
outfall pipe providing water surface elevations for the Infoworks model. OpenMI takes care of the
different computational time steps by interpolation. A linear conversion was specified on the .opr file
to account for different datums and units between the models. The coupled models were run using
the Configuration Editor v1.4.
RESULTS
Figure 2 (Connecting Structures) shows the longitudinal profile along the MS tunnel and the water
levels in the sewer after the first peak of the storm (34 Hours of simulation time). In general, during
the storm event the water levels on the sewer system estimated with the integrated model (Blue filled
squares) were higher. Negligible differences in the levels between both models indicate inactive CSO
outfalls. The differences in water levels indicate a head increase in the CSO outfall pipes as a
consequence of river level at the oufall end.
Not only did the maximum water levels at the connecting structures (sewer) increases by integrating
the sewer system and the receiving water, but also the duration of higher water levels and, therefore,
the risk of flow backups increased. Figure 3 compares the duration curve (cumulative duration
frequency curve) of water levels for the coupled and uncoupled models at a sample connecting
structure. On that connecting structure, for instance, the maximum water levels in the uncoupled
model (sewer only) is 0.33 ft, a level that is exceeded 44% of time for the coupled model. When the
effect of the CAWS water levels is considered the estimate for the maximum water level is 3.2 ft, this
is a difference of 2.9 ft.
On the other hand CSO flows into the receiving water are quite similar between the coupled and
uncoupled models. The total flow leaving the system is practically the same, and time delays in the
outfall hydrographs were not observed (Fig. 4). One hypothesis is that the hydraulic heads in the
connecting structures self-adjust on the upstream end of the outfall pipe, so that the incoming flows
still can be evacuated to the receiving waters.
Similar observations were reported by Zhenduo et al. (2015) for a three-dimensional (3D) coupled
model for the entire CAWS. The hydrologic and sewer components were the same as described here,
but the CAWS were modeled using the EFDC-3D model, instead of HEC-RAS.
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Figure 1. Chicago Waterways and Main Stream Tunnel in the area of study. Interceptors and local
sewer network are not shown.
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Figure 2. Water level along Main-Stream tunnel and the waterways between Stickney gauge station and Wilmette Pumping Station
after 34 hours of simulation time.
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Figure 3. Cumulative Duration Frecuency curves for Water Levels at the connecting structure (near
Tunnel Mile 19.3) during the September 12-16, 2008 storm event (Simultation Time 23 – 72 Hours).
Plot on the right upper corner compares the water level hydrographs during the same period for both
coupled (Sewer + River) and uncoupled (sewer only) models.

Figure 4. Total Combined Sewer Overflows (CSOs) discharged into the CAWS during the simulation
period as estimated with the coupled (Sewer + River) and the uncoupled (Sewer only) models
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CONCLUSIONS
This study evaluated the effect on the water levels in the sewer system resulting from the integration
of sewer and river components taking the north and middle portions of the Chicago Area Waterway
System (CAWS) as a case study. Hydrology and hydraulics of the local sewers were modelled with
Infoworks (Wallingford Software, 2006) in the Cook County area (CityModel) and IUHM (Cantone,
2010) for other combined sewer areas. Hydrographs from those models were used as inputs for the
CS-TARP sewer and interceptor connections, connecting structures, dropshafts, deep tunnels, and
overflow pipes. For the CAWS (receiving waters for CSO emissions), a previously validated model
for the CAWS (Santacruz and Garcia, 2014) was adapted for the HEC-RAS 5.0 -version. Integration
of the CS-TARP and HEC-RAS models was achieved using OpenMI standard v1.4.
Two model setups were evaluated, the first did not integrate the CAWS model and the urban drainage
model. A free-flow condition was set at the CSO outfall (uncoupled). The second setup (coupled)
used the water levels from the CAWS model to impose the boundary condition at the CSO outfalls at
each time step. The water levels from HEC-RAS and the CSO flows from the CS-TARP model into
the CAWS were exchanged between models on run-time using the OpenMI standard. The
independent (uncoupled) and integrated (coupled) simulations for the same precipitation event were
compared in terms of water levels at the connecting structures and the total CSO flow hydrographs
at the outfall pipes.
In general, during the storm event the water levels at the connecting strucuctures estimated with the
integrated model were higher than when using the uncoupled model. Also the duration of high water
levels increases when the effect of the receiving water on the sewer system is considered. Both results
indicate that the drainage system may appear less vulnerabe to flow back ups than it actually is when
the effect of the receiving waters on the CSO outfalls is not considered. Integrated modelling was
shown to be an effective way to account for the interaction between the sewer and the receiving waters
components.
The total CSO flow emissions did not changed significantly between the coupled and uncoupled
setups. This could explained by a fast adjustement of the hydraulic head in the connecting structures
(water level increase) in response to changes in the river levels for the integrated case. Such
adjustment allows a similar flow rate to be conveyed as when no river effect was considered
(uncoupled).
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CSO
Combined Sewer Overflow
CS-TARP
Connecting Structure and TARP model
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INTRODUCTION
Urban estuaries provide multiple benefits to the community; however, their use for recreational
purposes are often hindered by their high and variable level of faecal pathogens (Daly et al., 2013).
Understanding the sources of these pathogens is important for implementing appropriate mitigation
(Field and Samadpour, 2007).This paper is the first to use bacteria community profiles (or
fingerprints) to understand the sources of contamination in the Yarra estuary. In this paper, we focus
on “water source tracking”, whereby we understand the origins of a particular water sample using
bacterial communities alone, without any prior hydrologic or hydraulic information of the system.
That is, for a given estuarine water sample, we determine whether it comprises mainly of upstream
river water, sea water, wastewater or stormwater. To validate this new method, we compare these
results to those of a well calibrated hydrodynamic model of the Yarra estuary.
BACTERIAL COMMUNITY PROFILING
Samples were collected between 11/12-08/13 from water ‘Sources’ entering the Yarra estuary (during
both dry and wet conditions): Yarra River upstream (43 samples), Gardiners Creek (14), Hawthorn
Main Drains (HMDs-7), Port Phillip Bay (2) and human derived wastewater (11); see Figure 1. Thirty
water samples were taken from within the estuary at Morell Bridge, an important location for
recreational activities; this is the ‘Sink’ site were we wanted to understand the origins of the water in
any given sample. Samples were filtered, gDNA extracted, V3-4 region of 16S rRNA gene amplified
and sequenced. The SourceTracker tool (a Bayesian modelling framework; Knights et al., 2011) was
used to compare ‘Source’ and ‘Sink’ community profiles to estimate the proportion of each water
source in the Morell Bridge samples. For each Sink sample, this generated a list of each source and
their relative proportions.
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Figure 2 shows the results of the bacterial community profiling/SourceTracker model for six of the
30 Morell Bridge samples collected over a large rainfall event in Melbourne. On 13/02/13, the
majority of the bacterial community at Morell Bridge was derived from Port Phillip Bay; this is
rational as it is an estuary and during dry conditions (0mm rainfall in previous 48hrs) the salt water
is able to migrate upstream. The high proportion of unknown sources was expected since we only
sampled a very narrow range of sources. On 25/02/13, the higher proportion of the upstream Yarra
community was likely due the fact that it was low tide during the sample collection. A large rain event
occurred over Melbourne (>30mm) on the 27/02/13, which is reflected by the high proportion of
urban stormwater drains (Gardiners Creek and HMDs). Interestingly, 4% of the community on this
day also appeared to be derived from human wastewaters; something which was also reflected by our
pathogen monitoring and reports of sewer overflows on the same day. On the 01/03/13 and the
04/03/13, the majority of the community at Morell Bridge was resembling the upper Yarra; this delay
in contribution is linked to the large catchment area and time of concentration for the upper Yarra.
The increasing proportion of Port Phillip Bay community seen in the last two samples also reflects
the ability for the salt wedge to re-intrude the system as the stormwater and upper Yarra River inflows
decrease.
VALIDATING WATER SOURCE TRACKING VIA BACTERIA COMMUNITY
PROFILING
To validate the “water source tracking” results from the community profiling method, a Tuflow FV
(Tuflow, 2014) hydrodynamic model was independently established and calibrated for the Yarra
River estuary. Measured flow, salinity and temperature were available for: (1) Yarra River Upstream,
(2) Gardiners Creek and (3) Hawthorn Main Drains. The hydrodynamic model was validated using
four measured depth gauges (Nash Sutcliffe Efficiency [E] between 0.88 and 0.99), two Acoustic
Doppler Velocity Profilers (E = 0.69 and E = 0.86) and eight individual depth profiling events (E =
0.84 for salinity and E = 0.72 for temperature). These data demonstrate the model’s ability to represent
the complex sources and hydrodynamics of the Yarra estuary.Tracers were then setup for each source
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in the hydrodynamic model (one tracer for upstream Yarra, one for Gardiners Creek, one for HMD
and one for the bay). Each tracer was scaled according to the E. coli levels measured at each source.
Tracer data from the model was then extracted from the Morell Bridge sampling location at the same
time when bacterial community sink samples were collected. The tracer data were then used to
calculate the relative proportion of each water source, as predicted by the hydrodynamic model.

Figure 3 shows the proportions of each source predicted by the hydrodynamic model at the Morell
Bridge sampling location against those predicted by the bacteria community profiling approach.
Reasonable agreement is seen between the two methods for Port Phillip Bay and Gardiners Creek
sources, while lower matches were achieved for the Yarra River upstream and the Hawthorn Main
Drains. Nonetheless, it is important to note most microbial work is considered to have uncertainties
of around an order of magnitude, and hence these results probably reflect these high errors. Further
explanation and quantification of the results will be presented in the full paper.
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IMPACT
This paper demonstrates the potential to use microbial communities to describe the origins of water
in a particular sample, without any prior knowledge of the hydraulics or hydrology of the system.
Future work will explore how microbial communities can be used to conduct faecal microbial source
tracking (i.e. being able to take a sample and determine the proportions of human faeces, bird faeces,
and cow faeces).
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Abstract
In Europe, and in many countries around the world, there is an increasing focus on the bacterial
quality of recreational bathing waters. Bathing waters are impacted by both continuous and
intermittent discharges from urban and rural sources which can be a significant distance away. In
order to improve the quality of bathing waters there is a need to be able to target the key sources for
improvement measures. The Cloud to Coast project has collected a significant amount of data and
developed models, based on the River Ribble basin in the UK, to predict time series FIO
concentrations. This paper discusses the modelling of FIOs at the catchment scale and presents
results from two catchments within the Ribble basin. The modelling is shown to give reasonably
accurate predictions of FIO concentrations, when compared to measured data.
Keywords
Bathing waters; FIOs; Integrated catchment modelling.

INTRODUCTION
The bacterial quality of recreational bathing waters has seen a renewed focus in Europe since the
announcement of the revised bathing water directive (Council Directive (EC), 2006). The key aim
of the Cloud to Coast (C2C) project was to develop models to predict faecal contamination of bathing
waters. This had two drivers, firstly the revised Directive allows regulatory samples failing to meet
the required standards to be discounted if the public had been warned in advance of the likelihood of
poor water quality, hence rapid predictive modelling of water quality is required. Secondly to
improve the quality of bathing waters, future improvements need to be targeted to have the most
effect for least expenditure, hence the modelling needs to accurately represent the loads from different
sources. This paper focusses on part of the second aspect, the modelling of FIOs within catchments.
The C2C project has been carried out by partners from 3 universities, with key inputs from
stakeholders including the Environment Agency – the environmental regulator and United Utilities –
the water and sewerage company covering the case study area.
STUDY AREA
The Ribble Basin is located in the North West of England and drains a catchment area of over
2,100 km2. A key factor in choosing the Ribble Basin for C2C was the variety of land uses with
sheep farming and forestry in the steeper uplands, giving way to cattle farming and arable farming in
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the lower catchment. There are also significant urban areas in the catchment, including Preston,
Burnley, Blackburn and Wigan. In the coastal region, the Ribble has the potential to impact on a
number of the UK’s premier resorts and bathing beaches, including Lytham St Annes, Southport and
Blackpool and has been subject to significant sewerage infrastructure investments (>£600m ) on
point-source remediation to achieve the standards of the repealed 1976 Bathing Water Directive
(Council Directive (EC), 1976). The outer reaches of the Ribble estuary also contain shellfish waters
subject to further EC Directives. The Ribble catchment was also chosen as the sentinel drainage basin
to test the UK’s implementation and application of the Water Framework Directive (Council
Directive (EC), 2000) principals. The catchment was also subject to a large-scale catchment
Quantitative Microbial Source Apportionment (QMSA) study for FIO fluxes (Stapleton et al., 2008;
Wither et al., 2005) and modelling of FIO concentrations in watercourses using remotely-sensed
digital land-cover data (Kay et al., 2005) which provides comparable data for a similar period during
2002.
This paper focuses on two catchments within the Ribble basin, these are shown in Figure 1.
Catchment 2 is predominantly rural with an area of approximately 365 km2, the main urban areas are
Clitheroe to the south with a population of around 15,000 and the small town of Settle to the north
with a population of around 2,500. There are various small villages located throughout the area which
are sewered, whilst properties outside of villages usually use septic tanks which are treated in C2C as
a ‘rural’ contribution. Catchment 17 has more significant urban areas within its area of approximately
265 km2. The main urban area is Burnley with a population of around 74,000, the towns of Colne,
Nelson and Brierfield combined have a further population of around 57,000. As with catchment 2,
catchment 17 also has various small villages and rural properties. The rural areas of both catchments
are predominantly pasture land.

Figure 1. Map of catchments discussed
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SAMPLING METHODOLOGY
An extensive data collection campaign was carried out across the catchment, predominantly over the
summer and autumn of 2012, focussing on flow and bacterial quality in the rivers, and bacterial
quality of urban sewer system outfalls. Specifically the bacterial parameters studied were Escherichia
coli (E. Coli) and intestinal enterococci, although this paper will focus on the former. Sampling
locations were selected for a variety of reasons: in the rivers these were to either characterise FIO
loadings from a sub-catchment with a predominant land use (e.g. sheep farming, forest, etc.); to
provide verification data at modelled catchment boundaries; to develop empirical FIO flux estimates
to tidal waters; and to characterise the concentrations from different urban sources. Sampling
locations also needed to be in logistically viable locations – e.g. reasonably close to a road and not
presenting any safety or other access difficulties to obtain a sample from the main flow. Urban
sources sampled included Combined Sewer Overflow (CSO) outfalls, Storm tank outfalls at
Wastewater Treatment Works (WwTWs), Crude sewage at WwTW inlets and final effluent (FE)
from WwTWs. CSOs, in addition to the aforementioned sampling logistics, were chosen such that
there was a reasonable expectation that a spill would occur on several occasions during the sampling
period.
CSO samples were collected at the point of discharge to the receiving water, either manually by field
staff or by autosamplers (Teledyne Isco Inc. Model 3700). Storm tank and WwTW samples were
taken manually. CSO manual sampling was achieved by dispatching field teams to the CSO outfalls
during periods of rainfall or expected rainfall to arrive prior to the operation of the overflows.
Additional opportunistic sampling of CSOs and storm tank outfalls was undertaken during rainfallinduced high flow sample runs designed to characterise wet-weather FIO quality of surface waters
and WwTW FEs. Dry weather sampling from surface waters, WwTW inlet and final effluent was
carried out on a routine basis three times a week throughout the field deployment period unless
disrupted by the wet-weather sampling. Samplers were instructed to vary the time of day each
location was visited and one of the three sample days of each week was on either a Saturday or
Sunday. Samples were collected at 5-minute intervals starting when flow from the outfall was first
observed, switching to 10-minute intervals later during longer events. Autosamplers were triggered
by liquid level actuators (Teledyne Isco Inc. Model 1640), positioned in the invert of the outfall such
that presence of effluent started the sampling. The autosamplers were set to collect samples at 5minute intervals, had a capacity of 24 samples, and were thus capable of sampling over a 2-hour
duration. During longer events the duration of collection by autosamplers was extended by manual
sampling and/or by replenishing the autosampler with empty bottles.
Samples were either collected aseptically into 150 ml sterile disposable plastic containers by field
staff or into sterilized 1 litre polypropylene autosampler containers. Aseptic sampling cannot be
guaranteed when using autosamplers although to minimise cross-contamination of samples, these
were programmed to flush sampling tubes with the effluent to be sampled prior to the collection of
each sample. All samples were stored in the dark after collection (either within the auto-sampler or
inside a cool-box), with samples acquired by autosampler removed for dispatch to the laboratory as
soon as practical after the event. All samples were transported to the UKAS accredited CREH
Analytical Ltd. laboratory in Leeds (UKAS ref: 4474) in cool boxes packed with melting ice.
Indicator organism enumerations (colony-forming units (CFU) 100 ml-1) followed Standing
Committee of Analysts Blue Book methods based on membrane filtration for E. coli using
chromogenic membrane lactose glucoronide agar (MLGA) (Environment Agency, 2009). Sample
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dilutions were determined from the initial sampling run, enumerations were performed at two or three
sample dilutions and all samples were analysed within 24 hours of collection in accordance with
standard methods (Environment Agency, 2009).
Rainfall data was primarily supplied by the Environment Agency from tipping bucket rain gauges
logging at 15 minute intervals. Additionally Final Effluent flow data at several WwTWs and level
data for one of the CSOs was supplied by United Utilities, all logged at 15 minute intervals.
MODELLING METHODOLOGY
In C2C, catchment modelling was separated into ‘rural’ and ‘urban’. For rural modelling, HSPF
(Hydrological Simulation Programme – Fortran, Bicknell (1997)) was used. This is essentially a
‘Pipe and Bucket’ model which has a module for modelling FIOs. A key reason for the selection of
HSPF over other tools was the ability to run at time steps of 1 hour. For the urban modelling,
calibrated InfoWorks® CS hydraulic models, provided by the water company (United Utilities), were
used to calculate flows, a simple custom piece of code written in Matlab® applied reference
concentrations, collected in the C2C project, to these flows in order to calculate the FIO flux.
Rural modelling
The HSPF hydrological model for the Ribble basin was set up from scratch. The Ribble basin was
split into 28 headwater catchments, along with 24 small catchments feeding directly into the main
rivers. Each catchment is divided into between 1 and 35 sub-catchments. It is outside of the scope
of this paper to fully describe the hydrological modelling, however details of the process are included
in (Phillips, 2014).
Modelling of FIOs in HSPF is divided into sources that build up on the land surface and continuous
sources, which discharge into the watercourse). On land FIO build up rates are defined for each land
use in each sub-catchment, derived using the BIT (Bacterial Indicator Tool) spreadsheet, taking into
account factors such as grazing animals and application of manure. Agricultural census data (Edina,
2012) is used to derive the number of animals and reference values for faecal loading is taken from
Anthony and Morrow (2011). The build-up rate has a limiting value which is a simple multiplier and
which differs according to season (winter or summer). Continuous sources of rural FIOs are from
failing septic tanks and cattle with direct access to water courses. Information on numbers of septic
tanks and the proportion failing was based on discussions with the C2C advisory board who have
significant knowledge of the Ribble basin, and typical concentrations taken from Anthony and
Morrow (2011). Cattle in streams information is based on a set proportion of the number of cattle in
each catchment which are expected to be grazing (as opposed to housed), again this information was
based on discussions with the C2C advisory board. Cattle in streams, build-up rates and limiting
values vary on a monthly basis, whereas septic tank concentrations do not vary temporally.
Urban modelling
For the urban hydrological modelling, 43 verified hydraulic models were provided to the project by
United Utilities. As per usual practice in the UK, these models were constructed in InfoWorks® CS
(Innovyze, versions 10.0 and 12.0). The Ribble basin contains a mixture of both combined and
separately sewered areas. Where separate sewers are present, both the foul and storm systems are
usually included in the model. InfoWorks® CS models were initially used to help select which CSOs
should be sampled by running historic meteorological data as input to the models. The models were
then used to calculate the flows through the 2012 study year at a time step of 5 minutes.
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InfoWorks® CS does not include a module to calculate FIO loads, hence it was necessary to do this
outside the software. Shepherd et al. (2011) have previously showed that there does not appear to be
a first foul flush of FIOs in wet weather and hence it was decided to use a static concentration to
describe wet weather FIOs, based on the type of outfall and location. For final effluent, different
concentrations in wet and dry weather were used. The concentrations used were geometric means of
data collected in the C2C sampling study, and are summarised below. Full information of the urban
FIO data collected from C2C will be presented in a future paper.
Model integration
HSPF and InfoWorks® CS are modelling different land use types for the same overall catchment area,
and hence the models need to be combined to investigate FIO concentrations emitted from the
catchment. Rural HSPF land uses cover the areal majority of most catchments and extend to the
catchment boundary, whilst InfoWorks® models covering urban land uses may fall either into one
hydrological catchment or cross hydrological catchment boundaries. Following investigation and
checks against verification data at the outlet of several catchments, it was decided that hydrologic
calibration of the HSPF model alone provided an acceptable representation of flows at the catchment
boundary and no benefit was gained by merging flows from HSPF and InfoWorks®. FIOs from the
urban land uses were therefore input as hourly load fluxes (cfu/s) to each sub-catchment containing
an urban drainage outfall.
RESULTS
Figures 2 and 3 show measured and modelled flow rates and FIO concentrations at the downstream
boundary of two catchments in the Ribble basin for the month of August. The secondary y-axis
presents the flow data, and it can be seen that the hydrological calibrations are a compromise between
representation of base flows and peak flows. Base flows tend to be over-predicted, peaks either
under- or over-predicted, whilst the recession limbs are almost universally under-predicted. The
timing of event starts and peaks is reasonably good, although with a tendency to be early by 1 to 3
hours.
The primary y-axis presents E. Coli concentrations for each of the modelled components (urban and
rural) along with the total, the discrete sample measured data is shown as individual points. In Figure
2 it can be seen that for catchment 2 the modelled concentrations are a very good match to the
measured values during both dry and wet weather. It can also be seen that FIOs from rural sources
are dominant in both dry and wet weather.
The fit of model result to the measured data is less good for catchment 17 (Figure 3), although the
measured values are generally within the same order of magnitude. The urban contributions for
catchment 17 can be seen to dominate the FIO concentrations in both dry and wet weather.
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DISCUSSION
Hydrologic calibrations for both of the catchments presented are somewhat disappointing, however
there are likely to be a number of factors driving the errors. Firstly, HSPF is a relatively simplified
model, hence cannot be expected to perfectly represent the physical system. This might particularly
be apparent in the mismatch in recession limbs. Secondly, the rainfall data was relatively spatially
sparse, with 28 gauges covering the Ribble basin, 4 of which are relevant to catchment 2, and 5 to
catchment 17. This sparsity of rain gauge data is likely to be a significant factor in over- and underpredicted peak flows in these catchments, which have a significant elevation range. Potential
evaporation data is also sparse both spatially and temporally with two cells covering the majority of
the basin at weekly temporal resolution.
Despite imperfect hydrological calibration, the fit between measured and modelled E. Coli
concentrations is better than was expected. In catchment 2, the most significant differences appear
to be a function of the models being unable to replicate the rapid temporal variation in concentrations,
for example overnight between 17th and 18th August, the measured E. Coli samples show river
concentrations have returned to background, but remain elevated in the model when the next rainfall
approaches. Samples from the river are then seen to increase by over one order of magnitude in 3
hours, this final event sample being closer to the modelled data.
The larger differences between measured and modelled FIO concentrations for catchment 17 may
indicate some variability in the treatment processes and possibly representation of travel times within
the HSPF model. Discrepancies which relate to peak concentrations have been investigated further,
but it has not as yet been possible to understand the reasons for them.
CONCLUSIONS
The C2C project aimed to model FIO concentrations at bathing waters. A key part of the
methodology is the modelling of FIOs at the catchment level and this paper has shown that a
methodology combining relatively detailed urban drainage models with more simplified rural
catchment models can produce acceptably accurate results.
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INTRODUCTION
Urban stormwater is regarded as a key source of faecal contamination in receiving water bodies
(Burton and Pitt, 2002). Therefore, accurate estimation of stormwater inputs is needed for appropriate
assessment of impact these inputs have on receiving waters. McCarthy et al. (2011) developed a
simple urban stormwater microorganism model (MOPUS) which was able to predict stormwater E.
coli dynamics at the outlet of four urbanized catchments located in Melbourne, Australia with certain
success. However, these catchments ranged in size from 10 – 106 ha; hence MOPUS has never been
validated on very large (e.g. >500 ha) or small (e.g. <10 ha) urbanized catchments (e.g. >500 ha).
Therefore, the aim of this study is to test, re-develop and validate MOPUS for the prediction of
stormwater E. coli concentrations and loads from large and small urbanized catchments.
METHODS
Catchments and data description. Catchments and data Four large urbanized catchments (i.e.
Gardiners Creek, highly urbanized creek and three main stormwater drains: Prahran main drain
(PMD), Hawthorn main drain east (HMD east) and west (HMD west)) with total area range from 550
– 19 000 ha located in Melbourne, Australia and one small urbanized catchment (Raleigh) with total
area of 5 ha in Raleigh, North Carolina, USA were selected for MOPUS testing. Monitoring stations
have been installed near the catchment outlets and equipped with depth/velocity sensors for
continuous measurement of flow rate and automated samplers for retrieving water samples which
were used to quantify E. coli concentrations using Colilert enumeration method (IDEXX
Laboratories, 2013). Large datasets were used for testing, including 11 to 21 wet weather event flow
rate measurements in 6 minutely format and 75 – 375 E. coli data points depending on the catchment.
Only exception was Prahran main drain for which 10 weather events with event mean concentrations
were available.
Model description. MOPUS is a spatially lumped and conceptual model that consists of two submodels: rainfall-runoff model which predicts instantaneous flow rates and microorganism model that
predicts instantaneous microorganism concentrations at the catchment outlet (McCarthy et al., 2011).
Inputs to the rainfall-runoff model are catchment area, rainfall intensity and potential
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evapotranspiration while inputs for microorganism sub model consist of rainfall intensity, relative
humidity and vapour pressure. All input data was obtained from Bureau of Meteorology and
Melbourne Water (Victorian water authority).
Weather radar rainfall intensity estimation. Rainfall intensity is important input for both rainfallrunoff and microorganism sub-models, even more so in the case of large catchments, considering the
spatial variability of rainfall (McCarthy et al., 2011). Therefore, in addition to areal-average rainfall
gauge measurements, an estimate of rainfall intensity based on weather radar reflectivity was made
for each of the four Melbourne catchments. Firstly, data from 14 rain gauges was used to determine
rain event periods. Then, reflectivities from pixels corresponding to rain gauges were retrieved. As
relationship between radar reflectivity Z (mm/m3) and rainfall intensity I (mm/h) is in the form of
power law, where Z=A*Ib (Steiner et al., 1999), it was necessary to estimate two parameters. To avoid
cross-correlation between the parameters A and b, a fixed value was used for parameter b (i.e. b=1.6)
(Seed et al., 2002), while coefficient A was estimated trough event-based calibration. Using calibrated
event parameters, reflectivity was transformed into rainfall intensity. Finally, radar areal-average
rainfall intensity was calculated using pixels within each of 4 catchments.
Calibration procedure. The calibration procedure for MOPUS model followed the one outlined in
McCarthy et al. (2011), i.e. wet weather event-based calibration. It includes sampling parameters
from set distributions using a Monte-Carlo type procedure, enabling the exploration of the sensitivity
of the model to each parameter.
RESULTS
Weather radar rainfall intensity estimation. The results of the calibration of the radar data
(reflectivities) to the 14 rainfall gauges in the Melbourne area are shown in Figure 1. It is evident that
the event based calibration of the two power-law parameters is sufficient to produce good estimates
of rainfall intensities and rainfall depth across the 14 rainfall gauges. Parameter distributions of the
coefficient to the power-law relationship (A) is also shown, and the values obtained here (median
A=172) agreed well with literature (Seed et al., 2002).
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Figure 1. Left: Radar based total event rainfall versus gauge based total event rainfall; Right:
Parameter A distribution
MOPUS – Rainfall Runoff model. Rainfall run off model performed particularly well in predicting
instantaneous flowrates at Gardiners Creek, PMD and Raleigh, while slightly lower fit was observed
at HMD east and west (Table 1). This could be related to the fact that rain gauge used for rainfall
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intensity inputs is quite far from the centroids of these two catchments, around 4 km. Nevertheless,
these efficiencies agree well with the ones reported in previously (McCarthy et al., 2011). When using
weather radar rainfall intensity inputs, prediction of instantaneous flow rates was slightly lower than
that with gauged rain intensities which could be related to difficulty estimating small events rainfall
using radar reflectivity measurements (Steiner et al., 1999) (Table 1). However, even in the case of
Gardiners Creek, where flow rate prediction efficiency using gauged and radar-estimated rainfall
intensity was similar, there model using radar-estimated rainfall data had more scattering around 1:1
line (Figure 2), indicating that predictions using gauged rainfall are better, in spite of the model’s
having similar efficiency.
Table 1. MOPUS rainfall runoff model instantaneous flow rate and event volume prediction
efficiencies for gauged and weather radar-estimated rainfall intensities
MOPUS
RAINFALL
RUNOFF MODEL
Rainfall source
Flow rate EQ
Event volumes EV

Gardiners
Creek
RG
RA
D
0.93 0.88
0.81 0.66

PMD
RG

RA
D
0.76
0.97

0.92
0.99

Catchments
HMD east

HMD west

RG

RAD

RG

RAD

RG

0.68
0.75

0.39
-0.70**

0.49
0.62

0.23
0.71

0.79
0.76

Raleigh*

RG – rain gauge rainfall intensity; RAD – weather radar derived rainfall intensity; EQ – instantaneous flow rate prediction
efficiency; EV – event volume prediction efficiency using N wet weather events; * – this catchment had no radar estimated
rainfall intensity; ** – volume of one event was predicted poorly. When EV was recalculated without this event it was
0.73
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Figure 2. Predicted vs Measured instantaneous flowrates at Gardirners Creeek (top left), PMD
(bottom left), HMD east (top right) and HMD west (bottom right)
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More details on analysis of event size impact on rainfall runoff model performance will be given in
the presentation during the session. Furthermore, sensitivity analysis of rainfall runoff model
parameters will also be presented.
MOPUS – Microorganism model. The efficiencies of predicting instantaneous E. coli concentration
and event loads using gauged rainfall intensity are well within the range reported in the previous
study (McCarthy et al., 2011)(Table 2), indicating that MOPUS is able to simulate faecal
microorganism dynamics with similar efficiency over range the range of catchments sizes. Unlike
previous, MOPUS microorganism models using radar-estimated rainfall intensities have been unable
to simulate observed E. coli dynamics (Table 2). More detailed results and discussion on MOPUS
microorganism model performance will be given during the session.
Table 2. MOPUS microorganism model instantaneous E. coli concentrations and event E. coli load
prediction efficiencies for gauged and weather radar-estimated rainfall intensities
Catchments

MOPUS
MICROORGANISM
MODEL
Rainfall source

Gardiners
Creek
RG RAD

RG

RAD

RG

RAD

RG

RAD

RG

E. coli conc. EC

0.44

0.06

0.54*

0.19*

0.37

0.21

0.41

0.47

0.17

E. coli event load EL

0.45

-0.07

0.97

0.94

0.50

-0.25

0.57

-0.52

0.32

PMD

HMD east

HMD west

Raleigh

RG – rain gauge rainfall intensity; RAD – weather radar derived rainfall intensity; EC – instantaneous E. coli
concentration prediction efficiency; E L – event E. coli load prediction efficiency using N wet weather events;
* - Event mean concentration efficiencies volume of one event was predicted poorly. When E V was recalculated without
this event it was 0.73

IMPACT/IMPORTANCE
Application and further refinement of the model for larger catchments will enable us to use MOPUS’
data as inputs to complex hydrodynamic models of streams, rivers, estuaries and bays, such that these
complex models can be used for real-time and online prediction of human health risks. These tools
could then be used to inform the public of the risks present at a particular beach prior to swimming.
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BACKGROUND AND OBJECTIVES
Simple mathematical models can be a suitable description of the rainfall-runoff process in urban
catchments, whenever parameters are well identified from previous analyses or experiments.
However, situations in which well-performing calibrated models reproduce inconsistent flow-rate
values are in many cases due to errors in the input rainfall data. These errors may have various origins,
one significant case being the use of local rain gauge data as direct inputs, without considering spatiotemporal variability of the rainfall (Kavetski et al., 2006). Under this assumption, recent studies have
proposed estimating new (Reverse Modelling) or corrected (Bayesian Approach) representative
rainfall time series (Leonhardt et al., 2014). These series should allow reproducing the measured flow
rate values by a well-calibrated hydrological model. Nevertheless, systematic and random
components of rainfall measurement errors are not known in advance and their structure can be
complex and variable. The methodology hereby proposed seeks to evaluate the potential of rainfall
correction models for identifying and correcting errors in rainfall data. It has been applied to an urban
catchment in Lyon, France, with records of 30 rainfall events from 2007 and 2008 (rain gauge and
flow rate time series, 1 and 2 min time step respectively).
The Bayesian method has been applied by using a general error correction equation (Vrugt et al.,
2008; Leonhardt et al., 2014).
Icorr=Ki*Imeasured

(1)

The measured rainfall intensity time series I (mm/h) can be divided into time windows I [a, b]i
(equally or non-equally sized) with index i, and the rainfall in each interval is corrected by Eq. 1 with
the associated correction factor Ki . Eq. 1 is unable to correct the rainfall whenever Imeasured = 0. As
this situation is frequent within rainfall events, another error correction model was proposed:
(2)
where I is the rainfall intensity obtained by means of a reverse model (Leonhardt et al., 2014). This
generates likely rainfall intensity whenever it was not measured. In addition, a number n of equally
or non-equally sized windows I [a, b]i are tested for any given measured rainfall intensity time series
I. Equally sized: divide I into equal n parts and apply Ki to each I [a, b]i with i = 1:n (Eq. 1 or Eq. 2).
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Non-equally sized: evaluate the flow rate residuals signal Qres (difference between measured and
simulated flow rates) by a Step Detection algorithm (Canny, 1986). The length and location of each
time window in Qres [a, b]i can be projected into the rainfall series I [a, b]i by scaling, based on the
total duration of rainfall intensity I and runoff Q time series. Ki is then applied to each window I [a,
b]i (Eq. 1 or Eq. 2).
Four rainfall correction models were investigated: 1) CTW: traditional correction over equally sized
time windows (using Eq. 1), 2) VTW: correction over non-equally sized windows (using Eq. 1),
3) CTWrev: correction coupled with reverse model over equally sized time windows (using Eq. 2)
and 4) VTWrev: correction coupled with reverse model over nonequally sized windows (using Eq.
2). Thirty error scenarios were verified with the Monte Carlo method, by introducing random divisors
Kj intro or zeroes over random segments with index j in the original measurement rainfall time series
(assumed to be known or controlled errors). The four models were tested to evaluate their ability to
detect the generated controlled errors and re-construct the original rainfall time series.
RESULTS
Regarding a single-event analysis, results are shown for the rainfall event measured from 11/02/2007
23:06 to 12/02/2007 07:12. Figure 1 compares the measured hydrograph (blue), the hydrograph
produced by a rainfall with generated errors (black) and with the rainfall corrected (red) by the CTW
model. Figure 2 shows the differences between identified and controlled errors, Krecons and Kintro. The
error structure (K factors) was acceptably predicted over time as Krecons – Kintro ≈ 0. From a general
analysis at multi-event scale (30 events), the values of RMSE (adjustment between the original and
corrected rainfall) and AIC indicators (Burnham and Anderson, 2002) for all rainfall events and
models are shown in Figure 3 and Figure 4. Best results were obtained with the simplest model (CTW)
in both terms of accuracy (lowest RMSEs Figure 3), complexity (lowest AICs Figure 4) and mass
conservation.

Figure 1. Hydrographs: measured (blue), produced by corrupted rainfall (black) and produced by
corrected rainfall (red)
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Figure 2. Well performing simulation of the K factor: Krecons (red) and Kintro (black)

Figure 3. RMSE indicator for the four rainfall correction models
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Figure 4. AIC indicator for the four rainfall correction models
KEY FINDINGS
The study proposes a novel approach to evaluate the potential of four rainfall correction models, in
terms of identifying and describing different underlying error structures in rainfall data. Three new
error correction models were formulated from previous works (Kavetski et al., 2006; Leonhardt et
al., 2014), along with the implementation of a Step Detection algorithm. The error structure was
acceptably predicted over time by the tested rainfall correction models. However, the simplest model
performed better than the other ones.
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Abstract
This study investigates the use of a multivariate approach, based on Principal Component Analysis
PCA), as software sensor for fault detection and reconstruction of missing measurements in on-line
monitoring of sewer water quality. The analysis was carried out on a 16-months dataset of five
commonly available on-line measurements (flow, turbidity, ammonia, conductivity and
temperature). The results confirmed the great performance of PCA (up to 10 weeks after parameter
estimation) when estimating a measurement from the combination of the remaining four variables,
a useful feature in data validation. However, the study also showed a dramatic drop in predictive
capability of the software sensor when used for reconstructing missing values, with performance
quickly deteriorating after 1 week since parameter estimation. The software sensor provided better
results when used to estimate pollutants mainly originating from wastewater sources (such as
ammonia) than when used for pollutants affected by in-sewer processes (such as TSS). Overall, this
study provides a first insight in the application of multivariate methods for software sensors,
highlighting drawbacks and potential development areas. A combination of (i) advanced methods
for on-line data validation, (ii) frequent parameter estimation, and (iii) automatic method for
classification of dry/wet periods may provide the needed background for a successful application of
these software sensors.
Keywords
On-line water quality monitoring; Principal component analysis; Software sensors; Data quality
control;

INTRODUCTION
On-line sensors for monitoring water quality parameters in sewers are getting increasing attention
(Campisano et al., 2013). These devices can provide high-temporal resolution information on various
water quality variables (e.g. temperature, turbidity, conductivity, NH4), which can subsequently be
used to analyse and to elaborate statistics on the pollution loads discharged from the urban drainage
systems over long time periods (see for example the dataset collected by Metadier and BertrandKrajewski, 2012). Also, the on-line measurements from these sensors can be integrated within waterquality based Real Time Control (RTC) strategies, as in the example presented by Lacour and
Schuetze (2011). These RTC applications require a constant flow of information, i.e. fall-back
strategies need to be available in case of sensor failure. In this context, surrogate measurements can
potentially be provided by software sensors developed for on-line fault detection and data
reconstruction (Kadlec et al., 2009).
Physical sensors are often affected by malfunctioning, drifting, erroneous readings, etc., and these
issues affect the quality of the collected information. Procedures for Data Quality Control (DQC) of
continuous measurements have been developed for on-line monitoring of wastewater treatment plants
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and they are now extended to sewer monitoring (e.g. Alferes et al., 2013). The most advanced DQC
methods utilize multivariate approaches, such as Principal Component Analysis (PCA). PCA can also
be employed in software sensors, i.e. missing data from a sensor can be reconstructed by using a
combination of other on-line measurements.
However, PCA requires measurements from stationary processes, and thus adaptive approaches have
been suggested to ensure their applicability in the highly dynamic field of wastewater systems (Rosen
and Lennox, 2001). Also, adaptive approaches require quality-ensured data, i.e. the PCA should be
tuned on “good data” (e.g. Rosen and Lennox, 2001). Therefore, advanced multivariate methods still
need to be coupled with simpler univariate DQC approaches, which can both be fully automatic or
semi-automatic (i.e. data validation is carried out automatically, but final validation is performed by
the operator). Univariate data validation is often based on tests including check of measurement
ranges, variation rates, and intervals between maintenance periods.
This study aims at evaluating the performance of multivariate software sensors (using an adaptive
PCA) for fault detection and data reconstruction applied to on-line monitoring of sewage quality. Online wastewater quality data collected during the AMOK project (Sharma et al., 2014) were used in
the study, aiming at predicting water quality variables with different characteristics (NH4, mainly
originating from wastewater sources, and Total Suspended Solids – TSS - originating from both
waste- and stormwater and affected by various processes along the drainage network). Firstly, the
potential of predicting a water quality variable based on the combination of existing data was
assessed. This is a useful feature for fault detection. Subsequently, the performance of the multivariate
software sensor for on-line data reconstruction was assessed by using different adaptation techniques,
resembling automatic and semi-automatic data validation procedures.
MATERIAL AND METHODS
Physical sensors
The AMOK project (Sharma et al., 2014) aimed at collecting water quality data in a Combined Sewer
Overflow, placed at the inlet of the Viby WasteWater Treatment Plant (WWTP), located in Aarhus
(Denmark). The upstream catchment is characterized by a mixed structure, with 607 ha drained by
combined systems and 925 ha drained by separate systems. Overflows take place when the flow
exceeds approximately 1.3 m3/s, with overflowing water being stored in a detention basin and
subsequently pumped to the WWTP after the rain event has ended.
As part of the project, a set of water quality sensors were placed in situ, i.e. directly in the monitored
sewage stream (with a set-up inspired by the one described in Gruber et al., 2005). The data used in
the present study were collected by these devices from August 2013 to November 2014. The five
sensors regarded as the most robust and reliable were used to develop software sensors: flow, pH,
conductivity, turbidity (converted into TSS in this study), and NH4. A Standard Operating Procedure
(SOP) similar to the one described in Alferes et al., 2013) was enforced to ensure a good quality of
the collected data. The periodical maintenance operations highlighted several issues (sensor drift),
which required sensors re-calibration that resulted in data characterized by jumps in the recorded
values (see an example in Figure 1). In this study, only simple data validation range checks were
performed and no filtering was performed, i.e. the data can be affected by noise (this is quite evident
for turbidity measurements).
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Figure 1. Example of measured flow (above) and on-line NH4 concentrations (below) between two
calibration periods (highlighted in green). Samples collected by autosampler and analyzed in the
laboratory are shown in red.
Multivariate Software sensors
Principal Component Analysis. The approach behind the tested software sensors assumes that the
correlations between the measured water quality variables can be mapped by Principal Component
Analysis (PCA), whose results are subsequently used to generate predictions (useful as surrogate for
missing data). Given that there are N measurements available for calibration for m water quality
variable (in this study m=5), let’s consider the matrix X (N x m), which is built from the standard
scores of the available observations obsi,j. Each element of X is then calculated by using the average
μj and standard deviation  2j of the j-th measured variable:
xi , j 

obj

i, j

j



2
j

(1)

The variable to be predicted (in this study NH4 or TSS) is stored in the m-th column of matrix X,
which can be decomposed as:

X  TP T

(2)

where the matrix T (N x m) contains the scores (i.e. the observations projected in the principal
component space) and P is a matrix containing the loadings. Equation 2 can be also written as:
m

x i , j   t i ,k  p j ,k

(3)

k 1

The main assumption behind the software sensor introduced in this study is that the information
provided by the m-1 variables is sufficient to approximate the value of the m-th variable, i.e.
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x i ,m  xi*,m   t i ,k  p m,k

(4)

k 1

Equation 4 can be useful for fault detection: whenever the estimated values xi*,m show a significant
deviation from the sensor reading, the latter can be regarded as “doubtful” and not be validated.
PCA-based interpolation: The sensor utilizes a calibration datasets (of size N) to estimate the loadings
pi,j , stored in the matrix P. When new set of available measurements x’1,..,m-1 is available, the software
sensor reconstructs the m-th variable x’m by the following procedure:

~
1) Create the projection T  N 1m1 of the available measurements in the space defined by m-1
~
principal components. This step also requires the estimation of the matrix P m1m1 , containing
the loadings in a component space limited to the available measurements.
~
2) Calculate the projection t  of the new point in the same space.
~
~
3) Identify the q points in T which are the closest point to projection t  . In this study the ten
closest points were used (i.e. q=10).
4) Use the projections of the q points in the m-dimensional space (i.e. their values in T) to
interpolate the projection t  of the new measurement. In this study, a simple Inverse-DistanceWeight approach (Li and Heap, 2004) was applied.
5) Calculate the value of the missing variable x’m by re-transforming the interpolated projection t 
into the original coordinate system by using eq. 4.
Adaptive PCA. The performance of the software sensor described in the previous section is clearly
dependent on the information contained in the dataset used for calibration: changes in the monitored
system will rapidly lead to a degradation of the sensor’s predictions. As discussed in Rosen and
Lennox (2001), the limitation of PCA due to non-stationarity of wastewater systems can be overcome
by applying adaptive approaches. These approaches essentially require a re-estimation of the model
parameters at defined time intervals, i.e. the loadings pi,j should be re-calculated based on an updated
dataset.
Among the adaptive approaches listed in Kadlec et al. (2011), moving windows methods have been
judged as the most suitable for the monitoring set-up used in the study. Two possible approaches are
considered: (i) block-wise moving window and (ii) step-wise moving window. In the first case, the
parameters of the adaptive methods (i.e. the loadings pi,j) are re-estimated at fixed time intervals, e.g.
on a weekly or monthly basis. For example, it can be hypothesized that DQC of data is carried out by
the operator on a weekly basis, and that the re-estimation is subsequently performed by using the
newly validated measurements with the same frequency. Conversely, the data sample in step-wise
moving windows is updated every time a new validated measurement is available. Given the high
temporal resolution of water quality measurements (usually in the order of 1 minute), this approach
can be regarded as computationally expensive, so it is more realistic that the parameter estimation is
carried out at a lower temporal resolution (e.g. on an hourly or daily basis). The step-wise approach
is more suitable for automatic DQC routines, while the block-wise is more suitable for approaches
where operator interaction is required.
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Figure 2. Schematic representation of the steps used by the software sensor to reconstruct a missing
measurement (for visualization purpose, only three variables are considered in this figure, i.e. m=3)
Performance evaluation
Different aspects were investigated to assess the performance of the sensor:
 Validity of the multivariate approach, i.e. is the hypothesis that a combination of on-line water
quality measurements can be used to estimate another variable valid? This was assessed in an
off-line set-up, where all the observations used for validation were known, i.e. the mean μm and
the variance σ2m were calculated over the entire validation period. The m-th variable was
projected in the m-dimensional space, and its value was then calculated by using the m-1
variables as in eq. 4.
 Size of the adaptation window, i.e. how long historical data series are necessary to calibrate the
sensor? This was assessed by increasing the size N of the data sample used to estimate the
loadings pi,j).
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 Reliability of predictions over time, i.e. for how long does the sensor provide reliable
predictions? This was evaluated by calculating a performance indicator for validation periods
of increasing size. The Mean Absolute Relative Error (MARE – Bennet et al., 2013) was
selected to ensure that both dry and wet weather periods (characterized by different magnitude
of measured concentrations) were weighted equally.
*
1 N xi ,m  obsi ,m
(5)
MARE  
N i1
obsi ,m
 Adaptation methods, i.e. which moving window approach ensures better performance of the
sensor: block-wise or step-wise? To test the first approach, the available dataset was subdivided
in 63 weeks (with calibration of sensor used as additional criterion to split the sample, avoiding
that the data before and after calibration were stored into the same week). To simulate realistic
procedures, where data are validated by operators on a weekly basis, loadings and data statistics
μm and σ2m were calculated based on every week. In the step-wise approach assuming an
automatic data validation procedure which does not require user interventions, the loadings and
μm and σ2m were calculated on a daily basis
RESULTS AND DISCUSSION
Validity of the multivariate approach
Figure 3 below shows the evolution of MARE after the parameter estimation for adaptation windows
of different sizes. The left Figure illustrates how the median MARE was below 10% until 6-7 weeks
after the parameter estimation, with a clear degradation of the performance of the sensor over time.
Interestingly, better performance was obtained with shorter (2-3 weeks) than longer (8 weeks)
adaptation windows; a median MARE of 15% was exceeded after 14-15 weeks from parameter
estimation for the 2-week adaptation window, but already after 10 weeks for the 8-week adaptation
window. This result is likely to be caused by the quality of the available data: the changes in the
measured concentrations due to sensor degradation and subsequent sensor re-calibration (such as
those shown in Figure 1) affect the performance of the multivariate software sensor. Wider adaptation
windows will include data collected during periods which are no longer representative of the current
sensor readings, leading to worsened performance. Conversely, shorter adaptation windows consider
only the most recent measurements, thus providing better estimation of the missing values.
It is important to stress that these considerations are based on median values: the short adaptation
window might not include sufficient information to predict the behaviour of the measured variable
for specific events (for example, if the adaptation window contains only data from dry weather period,
the software sensor could encounter difficulties during a rain event). This is shown in Figure 3 (right):
the shorter adaptation windows (2-4 weeks) showed a wider spread of MARE (with cases of MARE
up to about 100%), while the wider adaptation windows showed more consistent performance (i.e. a
narrower spread of the results).
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Figure 3. Performance statistics (MARE, in %) of a software sensor for NH4 in an off-line set-up (μm
and σ2m known). Left: Median MARE values estimated over the entire dataset (horizontal axis) for
adaptation windows of different size (vertical axis); Right: Temporal evolution of MARE (value
estimated on a weekly basis) after parameter estimation for adaptation windows of different size

Figure 4. Examples of measured (red) and simulated (blue) TSS concentrations for two selected
periods, along with the calculated Absolute Relative Error (ARE). The adaptation window is shown
in grey. Above: the period with the best MARE value; Below: period with the worse performance in
the dataset
The results shown in Figure 3 refer to NH4, which is a dissolved component of the wastewater flow,
i.e. it can be easily be predicted by using a simple dilution approach (see the examples in Langeveld
et al., 2014 and Sharma et al., 2014). The results obtained for TSS also showed good performance:
the MARE values were generally 10% higher than those obtained for NH4, but the predicted TSS
concentrations are still acceptable. Figure 4 shows the periods with the best and the worst MARE:
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overall, the multivariate PCA-based software sensor approach seems to be suitable to predict water
quality variables based on a combination of other measurements, i.e. the information carried out by
four water quality variables is sufficient to calculate a fifth variable with an acceptable error. This
result suggests that the multivariate software sensor could be used for on-line data validation,
extending the application of the multivariate approach presented in Alferes et al. (2013), which was
applied off-line, to on-line settings.
Application in on-line conditions
Reliability over time. The use of the software sensor in realistic conditions, when the measurement is
not available and it is interpolated (step 5 in Figure 2), showed a decrease in the performance
compared to the off-line case where the measurement was reconstructed from its projection. In the
case of block-wise adaptation (Figure 5), the MARE medians for ammonia were above 40% after 4
weeks since parameter estimation. Similarly to the off-line case, the best median values were obtained
for shorter adaptation windows, with wider windows leading to a more rapid deterioration of the
software performance. The TSS sensor showed worse performance than the ammonia sensor, with
median MARE never below 100%.

Figure 5. Evolution of median MARE [%] for block-wise adaptation window of different sizes for
NH4 (left) and TSS (right). Please note the different scales.
The rapid degradations of the software sensor are exemplified in Figure 6: for both ammonia and TSS
the error significantly increases compared to the calibration period, exceeding 100% about 5-7 days
after the parameter estimation for NH4 and 2-3 days for TSS. This suggests a poor predictive ability
of this approach for the particulate pollutant. Overall, it can be concluded that none of the software
sensors are capable of providing reliable results for periods of time greater than one week after the
parameter estimation.
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Figure 6. Examples of measured (red) and simulated (blue) NH4 and TSS concentrations, along with
Absolute Relative Error [%]. Measurements collected by autosampler are shown by red circles. The
adaptation block-window is shown in grey.
Adaptation method. When comparing the block-wise and the step-wise approaches, their performance
over the entire dataset is comparable. Figure 7 compares the MARE estimated on the first day after
parameter estimation: for ammonia, the step-wise approach provides slightly better performance
when looking at the median value (24.4% and 20.7%, respectively) and the best MARE (7.52% and
1.64%, respectively). The degradation of the sensor performance for the block-wise approach is
shown in Figure 8, where it can be seen that the daily MARE does not increase linearly, but it
stabilizes 2-3 days after the parameter estimation. The poor performance of the TSS sensor for both
the approaches confirms that the proposed software sensor is not suitable for on-line prediction of
pollutants not strictly linked to wastewater sources. These results suggest that, whenever possible (i.e.
when on-line automatic data validation is available), the step-wise adaptation method should be
preferred.
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Figure 7. Value of MARE estimated for the first day with different adaptation methods. Note the
different scale on the vertical axis for NH4 (left) and TSS (right).

Figure 8. Temporal evolution of MARE (daily value) in the period between two parameter
estimations for block-wise adaptation. Note the different scale on the y-axis for NH4 (Left) and TSS
(Right).
Future outlook
The PCA-based software sensor presented in this study is a first attempt to apply techniques widely
applied for off-line analyses in an on-line context. A number of limitations of the presented approach
can be identified, which suggest possibilities for further investigation and development.
A major factor affecting the results of this study is the quality of the dataset collected during the
AMOK project: the main assumption behind the software sensor is that the data in the adaptation
window are representative of the current situation. This assumption is clearly undermined when
sudden changes in the sensor readings are introduced in the dataset after calibrations (as shown in
Figure 1). Furthermore, short adaptation windows may explain the poor performance in the prediction
of TSS concentrations, especially during wet weather periods. When the adaptation window includes
only a limited number of rain events, the software sensor does not have sufficient knowledge of the
interaction between TSS and the other measured variables, leading to poor results in prediction. A
possible solution to this problem may be provided by a piecewise formulation of the adaptation
window: the dataset used to estimate the sensor parameters should be subdivided into dry- and wetperiods, with the data contained in the latter updated only when a new rain events is recorded.
The application of the software sensor to a dataset of better quality might lead to better results. On
the other hand, everyday operations of on-line sensors in sewer systems do not ensure the same quality
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standards as extensive monitoring campaigns (more accurate, but also requiring greater resources),
and they are thus likely to provide data of similar quality to those used in this study. The performance
estimated in this study thus provides an overview on the potential of the software sensor in real-life
conditions.
Similarly, only simple approaches were used to validate the time series, leaving an evident noise in
the measurement (e.g. for turbidity measurements), which could affect the performance of the
software sensor. These may be improved by the application of advanced DQC approaches, such as
the univariate method described in Alferes et al. (2013). However, it should be stressed that the DQC
methods should be able to run on-line and with minimum requirement for user interaction.
The PCA-interpolation method used in this study is quite basic. A wide range of more complex
methods are available in literature to estimate missing measurement through PCA (Ilin and Raiko,
2010). These methods, ranging from iterative to probabilistic approaches may significantly improve
the predictive capability of the multivariate software sensor. However, the need for on-line
application of software sensors may pose a barrier for the use of the most computationally expensive
approaches.
CONCLUSIONS
This study evaluated the performance of multivariate software sensors (based an adaptive PCA) when
applied for on-line data reconstruction of sewage quality measurements. The results obtained after
the performance evaluation carried out on data from a period of about 15 months suggest that:
 Adaptive PCA methods can provide a good estimation of water quality variables over long
periods of time (10 weeks) when measurements of all the variables are available. This shows
how PCA-based DQC methods, which are widely applied in an off-line context, can
successfully be applied on-line.
 The predictive power of the software sensor was quite limited in time (1 week) when used to
reconstruct missing measurements.
 Methods using a step-wise adaptation window, where the software sensor parameters are reestimated on a daily basis, may provide better performance than methods using a block-wise
adaptation window, i.e. where the parameters are updated at a lower frequency.
Overall, this study highlights the potential for the development of on-line multivariate software
sensors. These can potentially improve the quality of water quality measurements collected in sewer
systems, thus boosting the application of these sensors for on-line optimization of urban drainage
systems.
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Abstract
In this study high resolution precipitation data are used, derived from polarimetric X-band radar at
100 m, 1 min resolution. The data are used to study the impact of different space-time resolutions
of rainfall input on urban hydrodynamic modelling response for 9 storms, in 7 urban catchments.
The results show that hydrodynamic response behaviour was highly sensitive to variations in rainfall
space-time resolution, more strongly so for changes in temporal than in spatial resolution. Underand overestimations of flow peaks amounted to up to 100% with respect to the original 100 m, 1
minute rainfall input.
Keywords
Rainfall space-time resolution; Radar rainfall; Urban hydrology; Urban hydrological response
modelling;

INTRODUCTION
Cities are particularly sensitive to flooding induced by short-duration, high-intensity precipitation,
due to their high degree of imperviousness, resulting in fast runoff processes and lack of available
water storage. Moreover, the high density of population and economic assets in urban areas results in
high vulnerability to flooding. Based on climate models, increases in the frequency and intensity of
heavy precipitation are projected for the 21st century in several regions of the world (Kundzewicz,
2014).
High resolution data at urban scales
The spatial-temporal characteristics of urban catchments and stormwater drainage systems are
generally small, often of the order of 1-10 km2 and a few minutes, respectively (Arnbjerg-Nielsen et
al., 2013; Ochoa-Rodriguez et al., submitted). Cities typically display high spatial variability in landuse, small catchment areas and a high degree of imperviousness. Stormwater drainage systems are
predominantly man-made and consist of complex networks of channel and pipe networks. This
implies that precipitation information needs to be available at high resolution to reliably predict
hydrological response and potential flooding.
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METHODS AND DATASET
Urban catchment characteristics
Seven urban catchments, located at each of the four partner countries of the EU-funded RainGain
project, were adopted as pilot locations in this study. With the aim of facilitating inter-comparison of
results, catchment areas of similar size (3-8 km2) were selected for testing. The main characteristics
of the selected pilot catchments are summarised in Table 1. Moreover, images of the boundaries and
sewer layouts of all pilot catchments can be found in Figure 1.
Table 1. Summary characteristics of pilot urban catchments

Area (ha)
Catchment
length and
width (km)*
Catchment
shape factor
(-)
Slope
(m/m)***

Cran
brook
865.2

Torquay
570.03

MoréeSausset
560.4

Sucy-enBrie
269

Herent

Ghent

Kralingen

511.5

649.33

670

6.1/1.4

5.4/1.1

5.3/1.1

4.0/0.7

8.2/0.6

4.7/1.4

2.1/3.2

0.23

0.2

0.2

0.17

0.08

0.29

1.49

0.0093

0.0262

0.0029

0.0062

0.0083

0.0001

0.0003

270
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138

40

235

152

Mostly
combined
branched

Mostly
separate
branched

Separate
branched

Mostly
combined
branched

Mostly
combined
branched

Mostly
combined
looped

Yes

Yes

Yes

Yes

Yes

No

2 storage
tanks

37%

1 storage
basin, 1
pumping
station
34%

5 main
CSO’s
with
control
27%

Main flow
239
direction
(deg)
Mostly
Type of
separate
drainage
branched
system
Is flow
Yes
mainly driven
by gravity?
Control
3 storage
elements
lakes

IMP (%)****

52%

3 storage
tanks, 1
pumping
station
26%

Predominant
land-use

R&C

R&C

R&C

R&C

47

60

70

95

Population
density
[pp/ha]

15
20 pumping
pumping
stations
stations
41%

48%

R

R

R&C

20

24

154

*Length = Length of longest flow path (through sewers) to catchment outfall; Width = Catchment Area / Catchment Length;
**Shape factor = Width / Length (this parameter is lower for elongated catchments)
***Catchment slope = Difference in ground elevation between upstream most point and outlet / catchment length

****IMP: total proportion of impervious areas in relation to total catchment area
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Precipitation dataset: dual-polarimetric X-band radar
While radar rainfall products are under development in the four pilot cities or RainGain, high
resolution data were obtained for this study from a polarimetric research radar located in Cabauw, the
Netherlands (Leijnse et al., 2010). Data were derived for nine storms in the period 2011-2014 and
were used to conduct analyses of the space-time scales of storm cells and study hydrological
modelling response at a range of space-time resolutions.
The estimated spatial and temporal characteristics of the nine storm events are summarised in table
2. For information on the method applied for estimating space-time scales of the storms we refer to
Ochoa-Rodrigues et al. (2015).
Table 2. Summary characteristics of pilot urban catchments
Storm
Event ID

Spatial
range

Mean
Velocity

Anisotropic
coefficient

Required Spatial
Resolution

(m)

(m/s)

(-)

(m)

Required
Temporal
Resolution
(min)

E1

4057

9.8

0.38

1695

5.8

E2

3525

9.9

0.38

1473

4.9

E3

4655

14.0

0.55

1945

4.6

E4

3219

11.7

0.34

1345

3.8

E5

2062

14.1

0.59

861

2.0

E6

3738

11.7

0.26

1561

4.5

E7

1703

14.0

0.24

711

1.7

E8

3644

18.4

0.36

1523

2.8

E9

2355

17.0

0.08

984

1.9
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Figure 1. Catchment boundary and sewer layout for the pilot urban catchments
RESULTS AND DISCUSSION
Storm characteristics
Mean velocity of the nine storms varies from 6.4 m/s to 19.3 m/s (34 to 69 km/h) and storm ranges
vary from 1700 to 4660 m. The combination of storm velocity and storm range, together with
catchment dimensions, determines the time during which the storm core passes through a given
catchment. For the storms and catchments considered in this study, this time varied between ~2-12
min.
Hydrological response: sensitivity to space-time resolution
In order to investigate the sensitivity of urban drainage models to the spatial-temporal resolution of
rainfall inputs, the high-resolution precipitation data for the nine (9) storm events, initially at 100 m
and 1 min, were aggregated to a number of coarser temporal and spatial resolutions (up to 3000 m
and 10 min) and were applied as input to the urban drainage models of the seven (7) pilot catchments.
Results were analysed at different drainage areas of varying sizes (~ 1 ha to ~ 800 ha) within each
pilot catchment. Some of the main findings of the hydrological response analysis are summarised in
this paper; for an in-depth analysis please refer to Ochoa-Rodriquez et al. (2015).
The results showed that hydrodynamic response behaviour in urban catchments is highly sensitive to
combinations of temporal and spatial resolutions of rainfall input. For the storms investigated in this
study, hydrodynamic response behaviour was more sensitive to temporal than to spatial resolution.
Temporal resolution coarsening beyond the estimated required resolution (between 2 and 6 min) led
to under- and overestimations of flow peaks by up to 100% with respect to the original 100 m, 1
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minute rainfall input. Similarly, it resulted in low explained variance (down to 20% explained
variance, median value, at the level of the entire hydrograph) and flow underestimation at the level
of the entire hydrograph (figure 2, illustration of results for 1 catchment, 1 storm). Spatial resolution
coarsening led to underestimation of hydrographs for spatial scales between 500 m and 1 km for
drainage areas of 1 to 100 ha. A special feature observed in the analysis is the strong interaction
between the spatial and temporal resolution of rainfall estimates: the two resolutions must be
consistent with each other to prevent loss of information from the higher resolution (more detail in
Ochoa-Rodriguez et al., 2015).

Figure 2. Example of hydrological response characteristics for 1 storm event, 1 catchment, 16
resolution combinations. Coefficient of determination and absolute error in peak flow are plotted for
nine gauging stations corresponding with drainage area size increasing from ~1 ha to ~ 800 ha. The
original input resolution of 100 m, 1 minute resolution is taken as a reference.
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Abstract
The European Water Framework Directive imposes on member states to reach a good water quality
status of all their river bodies by 2015. To asses if this goal will be reached and, if not reached,
which measures can be undertaken to remediate the situation, an integrated hydrologicalhydrodynamic-water quality sewer - river model is required that can simulate the concentrations of
relevant water quality state variables in the river under given boundary conditions and for long term
rainfall series. Since so many different inputs and processes determine these concentrations, the
resulting integrated (physically based) model has an excessively high calculation time. However,
when surrogate, conceptual models are calibrated to the different detailed models, the total
computational time required can be reduced with a factor 1.10 4. This paper demonstrates this
approach for the case study of the Molse Nete River in the North-East of Belgium. The resulting
integrated conceptual model is used to quantify the impact of Combined Sewer Overflows (CSOs)
on the river water quality and to evaluate the compliance with water quality standards. When the
standards based on 90th percentile threshold exceedances are considered, the impacts of the CSOs
are found to be negligible, whereas the impacts on extreme water quality concentrations (99 th
percentile standards) are strong. This shows the importance for long term simulations and statistical
analysis of the water quality conditions including extremes. The modular framework of the proposed
approach makes the extension with other sub models, e.g. WWTPs, feasible.
Keywords
Combined Sewer Overflows (CSOs); Conceptual Model; Impact Analysis; Integrated Modeling;
River; Sewer

INTRODUCTION
The benefits of a multi-disciplinary integrated water management approach are more and more
recognized by practitioners. This evolution is also reflected by the increased number of publications
in this field (e.g. Bach et al., 2014 and Urich et al., 2014), and the paradigm shift in legislations from
isolated end-of-pipe solutions to a more holistic approach. However, such integrated modeling
induces additional challenges to the way systems are being modeled, since the inherent scope and
scale enlargement increases the complexity significantly. Most modeling tools employed nowadays
try to incorporate as much detail as possible. Linking such models, especially if they were
implemented in different software programs, is time-consuming and often technically very difficult
or even impossible. In addition, interfaced detailed models have an even increased (and likely
excessive) model complexity and calculation time, impeding their use in numerous applications such
as optimization problems, uncertainty and risk analyses and scenario investigations. Therefore, the
use of simplified models has been advocated often when dealing with integrated systems (e.g.
Meirlaen et al., 2000; Willems, 2010 and Wolfs et al., 2013). Such models, often referred to as
emulators, mimic more detailed models, but focus on the dominating processes. Since these models
rely on simpler and fewer relationships, the overall complexity and calculation time are reduced
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significantly. This makes simplified models ideally suited for integrated modeling on larger scales,
which can in turn be employed in decision support systems (Figure 1), optimization questions and
risk and uncertainty analyses.

Figure 1. Integration of submodels at the conceptual level and complementary use of detailed models
(outer circle) with conceptual models (inner circle)
Simplified integrated modeling has been gaining attention, resulting in an increased number of studies
and modeling platforms (e.g. CITYDRAIN by Achleitner et al., 2007; extended BSM by Saagi et al.,
2014). However, the modeling methods used in such studies and software tools are mostly based on
stringent assumptions, thereby limiting their emulation capabilities of important system dynamics.
Fundamental processes and aspects, such as backwater effects, cannot be considered. Therefore,
mechanistic surrogate modeling approaches were developed by the authors that aim to mimic the
results of detailed full hydrodynamic and physico-chemical models accurately, and at the same time
overcome the above-mentioned limitations (Keupers et al., 2015b; Wolfs and Willems, 2015; Wolfs
et al., 2015). Currently, the methodologies are being expanded and combined in a new software tool
for parsimonious integrated modeling of hydraulic and water quality aspects of rivers and urban
drainage systems.
In this study, a coupled river-sewer model is configured to assess the impact of CSO emissions on
the water quality of the Molse Nete catchment in Belgium. The sewer system of the highly urbanized
catchment has 251 outfalls to the river network. The impact of this large number of outfalls of the
river states requires detailed investigation. Surrogate conceptual models with a limited calculation
time are configured that mimic the results of highly detailed water quantity and quality models. These
simplified models are integrated and employed to simulate a long term, hourly rainfall series for the
period 2001-2008. The impact on the river water quality is quantified by comparing the 90th and 99th
percentiles with and without taking into account the extra discharges that enter the river through the
CSOs.
The next section provides more information on the study area, available models and data sets. Then,
the developed approaches for the conceptual water quantity and quality modeling are treated,
followed by discussion of the calibration procedure, the results of the configured conceptual models
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and their integration. Finally, the impact of the outfalls for this specific case study is discussed,
together with the main conclusions of this study.
STUDY AREA AND AVAILABLE DATA AND MODELS
The study area is the Molse Nete catchment, located in the northeast of Belgium (Figure 2). The
catchment has an area of 83 km2 and is flat, with an average slope of 4 ‰. The total length of the
water courses is 87 km, equivalent to a drainage density of 1.0 km/km2. The Molse Nete catchment
is highly urbanized with 29% of the land classified as urban and built up. Agriculture plays a main
role as 48% of the land is used as grassland or cropland. The remaining 23% are natural forests, rivers
and permanent wetlands. There are two waste water treatment plants (WWTP) to treat the sewage
water produced in the catchment of which one discharges its effluent into the Molse Nete River and
the other transports water outside of the catchment. There are 4 industrial sites that directly discharge
their untreated water in the river but together they only emit on average 0.03 m 3 s-1. Besides these
point sources, the rainfall runoff entering the river has a pollution load mostly originating from
agricultural activities. The rainfall runoff flow is modeled by the VHM approach developed by
Willems (2014) and the pollution loads are predicted by means of the SENTWA model (Van Hoof,
2003; Willems et al., 2005).

Figure 2. (a) Location of the Molse Nete catchment in Belgium; (b) Modeled catchment and river
network with indication of the locations of the CSOs, WWTP and water quality monitoring sites
Rainfall is the driving force for both the sewer and the river system. Since the sewer system has a
short response time to rainfall, it was decided to use an historical 15-minutes measured rainfall time
series as input for the sewer models. It was based on the nearest rain gauge at Varendonk. Missing
periods were filled based on the data from neighboring stations. For the river model, hourly rainfall
records at stations of the VMM and HIC authorities were applied, corrected for the rainfall volumes
at the closest, more accurate rain gauge of the Royal Meteorological Institute of Belgium
(Vansteenkiste et al., 2014). There is no river flow gauging station in the catchment of the Molse Nete
River but the river model could be calibrated as part of the larger Grote Nete catchment in which 4
river flow gauging stations with an hourly time resolution are available. There are 7 water quality
monitoring points spread out over the catchment (Figure 2). The temporal resolution of the water
quality observations are, however, limited: one sample approximately once a month, hence providing
about twelve measurements per year. The water quality data hence can be applied for evaluating the
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overall water quality concentration variations in the model, but their temporal resolution is too limited
to allow evaluation of the temporal dynamics at higher resolutions.
Simulation results of the detailed InfoWorks CS models of the cities of Mol and Geel were available.
These models are highly detailed and include expected changes for the coming 5 years. They include
in total almost 8000 nodes and have a contributing area and population of 5311 hectares and 68 749
persons respectively. The flow in the sewer systems is highly regulated: the models comprise 120
pumps and over 350 other hydraulic structures, such as weirs, orifices and flap valves.
A detailed water quality model has been set up in MIKE11 – ECO Lab which allows a continuous
simulation of the hydrodynamic, advection-diffusion and water quality transformation processes. The
hydrodynamic river model has been set up and validated in a previous study (Keupers & Willems,
2012). The total length of the modeled Molse Nete River is 11.5 km, covering 243 water level nodes
and 242 discharge nodes in the model. Cross-section information is thus included every 50 meters on
average resulting in a small simulation time step of 1 minute to insure numerical stability of the
model. The MIKE11 river model has been extended to water quality considering oxygen, organic
matter and nitrogen nutrients. The water quality state is in the model described by five variables,
namely dissolved oxygen, BOD, ammonia, nitrate and temperature using the level 4 template of ECO
Lab (DHI, 2014c). This model is considered applicable to study the effects of discharges from
municipal and industrial waste and agricultural runoff (DHI, 2014a).
CONCEPTUAL WATER QUANTITY AND QUALITY MODELLING APPROACHES
The conceptual models used in this study are surrogates of more detailed models. The primary aim
of these simplified models is to emulate the behavior of such detailed models while minimizing the
calculation time. Separate conceptual water quantity and quality models are created for the Molse
Nete River and sewer systems of the cities Mol and Geel based on simulation results of detailed
models. Individual calibration and verification is crucial to ensure each model has a physically correct
representation of the considered subsystem (Rauch et al., 2002). An exception to this approach is the
water quality model of the CSOs for which no detailed model is available. Due to the limited
knowledge on the physical-chemical, biological and transport processes occurring in sewer systems
(Bertrand-Krajewski, 2007) and limitations in sewer water quality data, such detailed models are
difficult to construct, calibrate and validate. For the same reason, also the water quality model could
not be validated.
Finally, the different conceptual models are linked so that the interactions between the sewer and
river systems can be simulated. The calculation schemes of the models are written in C code, which
is not only computationally very efficient, but also ensures straightforward interfacing of the different
models. The interface is implemented in MATLAB to ensure a user-friendly experience in creating
and running the models. The following sections elaborate on the employed conceptual modeling
methodologies and accompanying software tools that facilitate model set-up.
Water quantity
A modular framework was developed for conceptual water quantity modeling. Although the
dynamics of rivers and sewers differ significantly, the approach can be used for both system types.
In addition to a common set of modeling tools and principles, the framework features some model
structures and algorithms tailored for either rivers or urban drainage systems. Only the basic concepts
and features are discussed below. The reader is referred to Wolfs et al. (2015) and Wolfs and Willems
(2015) for a more comprehensive elaboration of the conceptual quantity modeling approach for river
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and sewer systems respectively.
The modeling approach is based on the storage cell concept, which means that the river or sewer
system is divided into multiple interconnected cells or reservoirs. Processes in and between these
cells are lumped in space and time. Model detail can be tailored to the desired accuracy and the
intended use. In this study, it is for instance important to ensure that the sewer overflow discharges
are modeled precisely. By focusing solely on the dominant processes, overly complicated models can
be avoided, as recommended by different authors in the past (e.g. Rauch et al., 2002). The
methodology has a data-based mechanistic nature (see e.g. Young, 1998 and Lees, 2000), which
means that most of the incorporated model structures are objectively derived from the data, but are
still interpretable in physically meaningful terms. One example of a mechanistic feature of the
developed approach is the explicit closing of the water balance in each storage cell, which ensures
that no mass is lost or generated during simulations. The modeler can choose from a wide gamut of
non-linear model structures to emulate the flow between different cells, ranging from process based
equations (e.g. relationships that describe the flow over hydraulic structures) to more advanced
techniques such as neural networks. Such data-driven structures are flexible since they generally do
not rely on stringent assumptions, and are therefore well suited for lumping on larger scales. This
results in fewer equations and model parsimony, which in turn leads to a reduced calculation time
and ditto calibration effort. In addition, most incorporated structures can adapt themselves to the data
provided during training, which enables them to simulate complex behavior, including backwater
effects and pressurized flow. The conceptual modeling approach also allows to model water levels in
rivers. In contrary, discharges in conceptual sewer models are always driven by volumes, other flows
and/or water levels from receiving rivers in the used modeling framework. Finally, rainfall runoff can
also be modeled conceptually using different hydrological reservoir models or transfer functions (e.g.
Willems, 2014).
The dynamics of the WWTP were not modeled explicitly. Instead, the influent discharges of the
WWTP (which is modeled via 9 pumps in the conceptual sewer model of Mol) are summed to obtain
the effluent of the plant.
Water quality
The conceptual modeling approach for the river water quality is based on the same concept as the
water quantity models namely the storage cell concept. The physically based advection-diffusion and
water quality transformation processes are being lumped in space and time as the river is represented
by a series of interconnected reservoirs. However, since the assumption is made that one reservoir
acts as a Plug Flow Reactor (PFR) and Continuously Stirred Tank Reactor (CSTR), the lumping
occurs on a finer space scale than what is required for the water quantity models. The reduction in
spatial resolution is, however, still sufficient in order to strongly increase the calculation time step
and reduce the model computational times in comparison with the detailed models.
The total reservoir residence time, i.e. the maximum time the water quality transformation processes
can affect an incoming water quality concentration, is determined by the modeled velocity, the length
of the reservoir reach and a calibration factor to adjust for the spatially varying velocity in the
reservoir reach in the detailed model. The modeled water depth is another important factor in the
water quality model due to its impact on many water quality transformation processes. Note that the
reservoir water level requires calibration to move from the spatially varying water depth to the lumped
depth per reservoir applied in the conceptual model. Calibration of both the velocity and the water
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depth is performed on the basis of a concentration reduction factor. This factor represents the ratio
between the simulated concentration after water quality transformation processes and the simulated
concentration when only advection-dispersion processes are modeled and no water quality
transformation processes are taken into account. This factor can be calculated for both the ECO Lab
and the conceptual model. Since nitrate is the only variable that is not dependent on the water depth,
this variable is used to first calibrate the velocity and thus residence time. The error in the
concentration reduction factors for nitrate is minimized by means of a least-squares optimizer to find
the best velocity. After this automatic calibration, a visual check for each reservoir is performed and
the water depth is calibrated by trial and error for all state variables combined.
To model the water quality of the CSOs, a different approach had to be followed due to the absence
of a detailed, physically based model. It was assumed that the CSO pollution load could be
approximated by the measured influent concentrations at the WWTP. Only for these influent
concentrations, water quality measurements are available in the sewer system, but limited to weekly
values. Therefore, it was chosen to calibrate a black box Artificial Neural Network (ANN) to model
the temporal concentration variations based on the downstream daily sewer flow measurements,
hourly rainfall record and the weekly and seasonal variability. A static Multi-Layer Perceptron neural
network (MLP NN) is used for this purpose of which the methodology is explained in more detail in
Keupers and Willems (2015a).
Integration of the conceptual models
After individual configuration of the water quantity and quality conceptual models, the different
models are coupled. More specifically, the simulated overflow discharges of the urban drainage
systems of the cities Mol and Geel and the estimated effluent discharges of the WWTP of Mol are
considered as inputs for the water quantity and quality model of the Molse Nete River. Since many
of these overflows spill into tributaries of the investigated Molse Nete River instead of directly into
the modeled part of the river, an additional routing is performed on these overflow discharges. This
routing is implemented by a cascade of linear reservoirs (see e.g. Viessman et al., 1989). The mean
travel time is estimated based on the velocity of the water flow and the distance from the overflow to
the mouth of the tributary into the Molse Nete River. The simulated flows and water levels in the
river are taken as basis for the conceptual water quality model.
CALIBRATION AND VALIDATION RESULTS CONCEPTUAL MODELS
Conceptual water quantity models sewer systems Mol and Geel
Separate models were configured for the urban drainage systems of the cities Mol and Geel, because
there were no interactions between both systems. The main goal of these models is to predict overflow
discharges and volumes accurately.
The sewer systems of Mol and Geel are divided into 13 storage cells. The division of a model in
storage cells is case specific and depends on the intended use of the model. Throttles, pumps and
other hydraulic structures usually demarcate these cells. Note that it is not necessary to partition the
system at every hydraulic structure, since this would lead to extremely interlaced and complex model
topologies. This typology for the conceptual sewer models was chosen after identification of the most
important hydraulic structures and after assessing multiple configurations. The aim of such typology
is to strike the balance between achieving model parsimony (minimize the number of calculation
nodes and increase model robustness) and retaining sufficient accuracy. Figure 3 shows the defined
conceptual model topology of the sewer system of Mol. In total, there are 80 and 31 connections
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where flow is estimated between the cells of Mol and Geel respectively, of which 57 and 25 lead to
locations where overflow constructions are installed. Many of these connections are congregates of
several neighboring individual pipes and overflow constructions, since this leads again to a more
parsimonious model. These connections only aggregate flows of the same urban drainage type (i.e.
combined or storm sewer). Thus, different quality parameters can still be linked to each type of
overflow. Of these overflow connections, only 24 (Mol) and 6 (Geel) lead to the investigated segment
of the Molse Nete River. However, the entire system, thus including all pipes and overflow
constructions, is captured in the conceptual model. This was necessary since all storage cells are
(directly or indirectly) connected to each other. Because the complete sewer system is modeled,
additional rainfall events can also be simulated.

Figure 3. Topology of the conceptual water quantity models of the sewer systems of Mol and Geel.
All outfall links of both systems are indicated.
Calibration was performed using simulation results of the detailed InfoWorks CS models for
composite storms of 2 days with frequencies and return periods of (denoted as ‘F’ and ‘T’ in the event
names) 20 (F20) and 1 (F01) per year and 5 (T05) and 20 (T20) years. Validation was performed on
the events F10, F07, T02 and T10. The time step of the data is 300 s. More information on these
composite storms can be found in Vaes and Berlamont (1996) and Willems (2013). Due to the large
number of modeled states in the systems, it is impossible to show goodness-of-fit criteria for every
simulated variable. Instead, only the three overflows of each system are presented that spill the highest
volumes, since these will deteriorate the water quality most Table 1 lists the relative volume error of
the simulated spilled volume of the overflows in the conceptual model compared to the results of the
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detailed InfoWorks CS models, together with the simulated spilled volume of the InfoWorks CS
results. It is clear that these volumes are emulated accurately by the conceptual model, although there
are some discrepancies for the events with higher frequencies. However, the magnitude of these
incorrect volumes remains limited. Including additional (and preferably historical) events with lower
return periods will put more emphasis on these smaller flows during model configuration and will
improve model performance. The average Nash-Sutcliffe efficiency (NSE) for the volumes of the
cells that are linked to investigated outfalls (and thus drive the flows to these outfalls) is 0.81 and
even 0.94 for the sewer systems of Mol and Geel, respectively, for all validation events. This shows
that the conceptual models have good accuracy.
Table 1. Overview of the relative volume errors of the spilled volumes of the 3 largest overflows in
the conceptual model of Geel and Mol compared to the results of the detailed InfoWorks CS models.
The spilled volume in the InfoWorks CS simulation results is shown between brackets.
T20 (C)
T10 (V)
T05 (C)
T02 (V)
F01 (C)
F07 (V)
F10 (V)
F20 (C)

Geel F_d
Geel F_e
1% (30311) 7% (26710)
2% (28961) 7% (25296)
1% (27841) 7% (23625)
0% (26600) 18% (21421)
0 % (26132) 10% (16502)
0 % (25574) -20% (5361)
0 % (25460) -50% (3131)
1% (25237) -100% (11)

Geel F_c
-2% (18608)
0% (18860)
0% (19094)
0% (19365)
0% (19459)
0% (19585)
0% (19610)
0% (19661)

Mol O_d
-1% (14782)
-5% (13326)
-9% (11912)
-10% (9943)
-17% (8035)
-26% (3880)
-31% (3165)
-32% (1766)

Mol F_c
1% (7289)
0% (6185)
0% (5019)
1% (3675)
-1% (2536)
-4% (299)
-4% (264)
-54% (195)

Mol O_c
-17% (6689)
-5% (5918)
3% (5160)
7% (4192)
-18% (3379)
-12% (1603)
-7% (1317)
-6% (800)

Next, the long term rainfall series is simulated. Tables 2 and 3 show again the relative volume errors
and spilled volume in the InfoWorks CS model for all links for which simulation results in the detailed
model were stored. Although the results of the conceptual model deviate from those of the detailed
InfoWorks CS model, the summed spilled volumes in the sewer system of Mol diverge only 2% (see
Table 2). This also shows the self-correcting nature of the conceptual model due its mechanistic setup: if too much flow is spilled via one link, a neighboring link connected to the same storage cell will
transfer fewer mass and a new equilibrium is reached. In addition, one should note that the spilled
volume of most links in Table 2 is very low compared to the largest relevant outfalls listed in Table
1, but no simulation results of the detailed model were stored for comparison for these connections.
Table 2. Comparison of the spilled volumes by the conceptual model of all overflows for which
simulation results of the detailed sewer model of Mol were available for the long term simulation
Deviation
InfoWorks-CS
model [m³]
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F_b
0%

F_d
12%

F_e
153%

I_b
303%

O_a
31%

O_c
-11%

S_a
13%

S_b
3%

SUM
-2%

193

9200

16670

158

864

396528

37331

36789

497740
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Table 3. Comparison of the spilled volumes by the conceptual model of all overflows for which
simulation results of the detailed sewer model of Geel were available for the long term simulation
Deviation
InfoWorks-CS
model [m³]

F_a
0%

F_e
18%

0

431270

The calculation time of the combined conceptual sewer models amounts to 1.33 s in total to simulate
a one year period using a single core i7 processor, including routing of the sewer overflow discharges
to the investigated part of the Molse Nete River. This is much faster than the original detailed
InfoWorks CS models: simulating a synthetic storm of 3 days takes approximately 24 and 5 minutes
for the sewer models of Mol and Geel, respectively, using the full computational resources of an i5
processor.
Conceptual water quantity model Molse Nete River
Defining the conceptual river model topology is, as for the conceptual sewer models, an iterative
process: if the model results are unsatisfactory and applying different emulation model structures
does not improve the model performance, alternative (likely refined) model topologies can be tried.
In this study, the investigated segment of the Molse Nete River was divided into 9 reservoirs. Each
reservoir represents a river reach of about 1 km on average. The boundaries of the reservoirs mostly
coincide with bridges or culverts. The characteristics of the river stretches between these bridges do
not change abruptly, making lumping on such scales possible. Calibration of the conceptual model
was based on the simulation results of the detailed MIKE11 model for the period from 8 March until
11 April 2001 with a time step of 900 seconds. Data from 12 April 2001 until 31 December 2008
were considered for validation. Since the river is not equipped with controllable hydraulic structures
and the influence of variable backwater effects is very limited, transfer functions (TFs) are ideally
suited to model the flow of the river. Different model structures were tested and the most appropriate
TF according to the Akaike Information Criterion (AIC; Akaike, 1974) was retained at each flow
calculation point. The AIC aims at striking the balance between model accuracy and model structure
complexity (i.e. the number of weights in the TF). Finally, water levels are calculated in the up- and
downstream parts of each reservoir using piecewise linear rating curves. See Wolfs et al. (2015) for
details on the approach.
The performance of the conceptual model is exceptionally good, with NSE values for all flow and
water level results exceeding 0.985 for both the calibration and validation periods. The computational
time equals 0.08 s for a one year period with a time step of 300 s as opposed to 7 minutes required to
simulate the same period in the MIKE11 model with a time step of 1 minute.
ANN water quality model CSOs
A MLP NN was trained for the influent concentrations of the WWTPs of Geel and Mol. These
concentrations were applied as approximations of the CSO concentrations of their respective sewer
system. Table 4 shows that the concentrations of BOD, NH4, OP and PP can be estimated
satisfactorily for the sewer system of Mol. Unfortunately, there were not enough measurements
available for nitrate to train the ANN, mainly because almost all of the measurements were below the
detection limit. Under the anoxic conditions present in the sewer system, denitrification of nitrate will
have occurred so it can be assumed that the nitrate concentrations in the sewer system are negligible.
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Therefore, these concentrations were set to zero in the integrated model. No measurements of
dissolved oxygen are available at the WWTP influent. However, due to the high turbulent nature of
the flow at the CSO structures, it is assumed that the oxygen concentration will be close to saturation.
Hence the saturation concentration is calculated with the APHA (1985) equation and the DO
concentration is assumed at 80% of this value.
Table 4. Results water quality model sewer system Mol
# samples
R2 training
R2 validation

BOD

NH4

NO3

OP

PP

103
0.70
0.69

102
0.93
0.94

39
-

102
0.94
0.95

102
0.91
0.92

The same remarks for DO and NO3 can be made for the sewer system of Geel. However, Table 5
shows that the NN model accuracy is not very high, especially during the validation. This can
probably be attributed to the large distance of the nearest available rainfall station for the WWTP of
Geel, which is almost 11 km away and might not represent peak discharges over the sewer catchment
accurately. This is in contrast to the WWTP of Mol where a rainfall station is situated within a radius
of 7 km.
Table 5. Results water quality model sewer system Geel
# samples
R2 training
R2 validation

BOD

NH4

NO3

OP

PP

155
0.66
0.63

133
0.93
0.85

15
-

132
0.89
0.85

131
0.80
0.63

Conceptual water quality model Molse Nete River
The investigated segment of the Molse Nete River was divided into 35 reservoirs. Each reservoir
represents a river reach of 330 meters on average. Calibration of the conceptual model was based on
the simulation results of the detailed ECO Lab model for the period 10 January until 31 December
2001 with a time step of 1 hour. The mean error (ME), the correlation coefficient (R2) and NashSutcliffe efficiency (NSE) were calculated for all state variables for each reservoir. Worst simulation
results were obtained for DO, which can be explained by the high temporal variability of the processes
that affect the DO concentration. These simulation results show, however, close agreement between
the detailed and the conceptual model results. Lowest R2 and NSE values for all reservoirs in the
validation period are 0.98 and 0.94, respectively. This is also shown in Figure 4 where two years of
simulation results for all state variables are plotted of which the first year, 2001, was used for
calibration and the second year, 2002, which was part of the validation period. The computational
time is as low as 3.6 s for a one year period when a model time step of 1 hour is considered as opposed
to 10 hours required to simulate the same period in the MIKE11 model with a time step of 20 seconds.
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Figure 4. Conceptual model versus detailed model simulation results for the conceptual model output
reservoir number 24 and MIKE11 results at chainage 9477, excluding the input of the CSOs
IMPACT ANALYSIS
The impact of the CSOs on the river quality is assessed by calculating the 90th percentile of the
simulation results of the integrated model, as prescribed by the Flemish environmental regulations
(VLAREM, 2010). The results show that the CSOs do not affect the conclusion on the overall
compliance with the water quality standards for any of the considered water quality variables, namely
DO, BOD, NH4, NO3, BOD, OP and PP. Figure 5a shows this for the BOD result. This could have
been expected though, since the modeled CSOs are only spilling for 8% of the time on average.
However, when evaluating the impact on the extreme concentrations, i.e. 99th percentile values
(Figure 5b), an increase of almost four times the BOD concentrations can be observed at specific
locations (i.e. at distance 2.3 km from upstream). The effect of these higher extreme concentrations
is visible until the end of the modeled river reach, hence important.
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Figure 5. 90th percentile (a) and the 99th percentile (b) BOD concentration including and excluding
the input of the CSOs. % at the CSOs show the percentage of the time the CSO is active
CONCLUSIONS
The current state-of-the art models that are available to governmental agencies in support of their
planning and management activities are detailed, physically based models. In the Flanders region of
Belgium, these are typically implemented in the software packages InfoWorks CS for sewer systems
and InfoWorks RS and MIKE11 for rivers. However, in support of integrated river (catchment)
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management and policy making that takes into account the important interactions between the
subsystems, there is a need for an integrated modeling framework. Linking the existing detailed
models not only poses technical problems, but also does not allow for long term simulations required
to enable statistical analysis of the river system states due to the excessive calculation times of the
state-of-the-art detailed models. This paper shows that the detailed subsystem models can be replaced
by conceptual models, calibrated to the detailed models. Linking the conceptual models of the
different subsystems leads to an integrated conceptual river (catchment) model that is practical
because of the reduced computational times. Application to the Molse Nete catchment shows
reduction of the integrated model computational times with a factor 10.000 or higher.
As a demonstration application of the integrated conceptual model as decision support system, the
impact was studied of the CSOs along the Molse Nete river. It is shown that these CSOs do not have
a discernible impact when evaluated for water quality status indicators based on 90th percentile values.
However, a strong impact on the river water quality is observed for the extreme events evaluated
based on the 99th percentile values. These CSO impacts may be devastating for the river ecological
state, which needs further research. It shows the importance to conduct long-term model simulations
and statistical analysis of the simulation results including extreme water quality conditions. Thanks
to the use of surrogate, conceptual models, such simulations become practically feasible.
One important assumption made in this study is that the water quality of the CSOs’ effluent can be
approximated by the measured concentrations at the influent of the WWTP of the sewer system.
However, due to the limited knowledge on the physical-chemical, biological and transport processes
occurring in sewer systems, the accuracy of more detailed sewer water quality models are expected
to be limited (Willems, 2006), also because no calibration and validation can be achieved due to
limited availability of sewer water quality measurements. The river water quality model is quite
sensitive to changes in model input concentrations as shown in Keupers et al. (2014) so measurement
campaigns should focus on sampling several CSOs with different characteristics such that a
simplified model can be calibrated that takes into account the distinguishing traits of the sewer
system, thus reducing the uncertainty of the integrated sewer-river model. Also further integration
with conceptual WWTP models would be useful.
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Abstract
A methodology for building integrated urban water models is presented that addresses three types
of integration – semantic integration, methodological integration and technical integration. At the
same time, established methods like boundary relocation and model simplification are incorporated.
The methodology has been applied to the urban waste water system in Graz, Austria.
Keywords
Boundary relocation; integrated modelling; model interfacing and integration; total emissions

INTRODUCTION
With increasing pressure for more sustainable and efficient performance of sewage collection and
treatment systems (Muschalla et al., 2009), holistic evaluations of the urban water system will become
mandatory. Models of the individual sections of the urban water system are well established and
applied in engineering practice. However, a standard method for building integrated models of the
entire system is missing. Problems arise from the different time-scales encountered, model
complexity, and the question of finding the best method for model interfacing or integration.
In this paper a new approach is discussed to relocate model boundaries based on controllability and
information flux. If a section of the system is not impacted by the control actions under evaluation,
the models of these sections can be simplified. At the same time, independent models can be used if
no bidirectional information flux exists, making the linking process much easier.
The developed methodology has been applied to the sewer system and water resource recovery
facility (WRRF; a.k.a. wastewater treatment plant) in Graz, Austria including the new central storage
tunnel (CST) built to collect and temporarily store discharges from linked combined sewer overflows
(CSOs).
METHODOLOGY
The model building process starts with a thorough analysis of the system and the definition of submodel boundaries based on the principle of boundary constraints and relocations (Muschalla et al.,
2009; Vanrolleghem et al., 2005).
Due to the clearly defined sub-model boundaries, coherent sub-models can be set up and calibrated
separately. To combine the sub-models into an integrated model, a rigorous mechanism is used to
address three types of integration required:
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 Semantic integration – archiving a shared understanding between all models
 Methodological integration – data produced by one model are meaningful inputs to another
model
 Technical integration – automating data exchange between models, making them jointly
executable
For the technical integration, script-based model interfaces are used for sub-models with no feedback
to the previous model. The models are operated automatically but in sequence; the conversion process
of output-files to input-files is automated. Sub-models with bi-directional interaction are modelled
with a direct connection or as one model allowing a parallel execution and the exchange of
information for control purposes during runtime. Where needed, additional interface models are used
to guaranty the semantic and methodological integration.

Figure 1. Schematic structure of the integrated simulation model including interfaces and model
emission pathways
MODEL BUILDING
For the sub-model selection it is important to understand that the central storage tunnel (CST) is
collecting the discharges from the former CSOs and allows the storage and routing of the combined
sewage to the WRRF or bypassing to the Mur river. The major part of the urban drainage system is
hydraulically independent from the CST and the WRRF, allowing a maximal simplification of the
city’s sewer system as only flows and loads at the interfaces are of interest and no information
exchange exists between the sewer system and the connected system of the CST and WRRF (see
figure 1).
This leads to a solution were rainfall information from the city’s precipitation measurement network
serves as an input for a grey-box rainfall-runoff model (KOSIM 7, (itwh, 2010)) on city scale
including the main sewers to the WRRF, the main storage facilities and all existing combined sewer
overflows (CSOs) to the receiving water body. A detailed hydrodynamic rainfall-runoff model
(SWMM5, (U.S. EPA, 2008)) was used to represent the Central Storage Tunnel (CST) for hydraulics
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and water quality including actuators for control purposes. A detailed dynamic WRRF model was
developed using the activated sludge model ASM3-BioP (Rieger et al., 2001) within the SIMBA#
simulation platform (SIMBA, 2014) to analyse the impact of sewer control measures on the treatment
performance
The calibrated and validated integrated model was applied to different rainfall events and emptying
scenarios of the CST to evaluate the impact on the treatment performance of the WRRF. The final
evaluation considered the total emissions to the Mur river including the effluent of the WRRF, the
emergency CSOs of the CST, and the CSO tank located adjacent to the WRRF. The results were used
to derive management strategies for the integrated waste water system with the aim to minimize the
overall emission loads.
CONCLUSION & OUTLOOK
An integrated simulation model (sewer system and WRRF) was developed to evaluate the impact of
different rainfall events and emptying scenarios of a recently installed central storage tunnel (CST)
on the treatment performance of the WRRF Graz (Austria) and subsequently on the total emission
load. To reduce model complexity and to increase simulation speed, a grey box model was used to
represent the sewer system on city scale and boundary relocation was done for each sub-model. Model
linkage and integration was implemented using script-based interfaces and bi-directional connections
where needed. This allowed calibration of each sub-model separately based on data sets for dry
weather and wet weather conditions, respectively. The integrated model was used to simulate various
combinations of rain events, emptying scenarios of the CST, and control strategies for the CST and
the WRRF. The simulation results will be used to derive best management practices (BMP) for the
integrated operation of the CST and WRRF.
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Abstract
Models of runoff water quality at the scale of an urban catchment usaully rely on buildup/washoff
formulations obtained through small-scale experiments. Often, the physical interpretation of the
model parameters, valid at the small-scale, is transposed to large-scale applications. In this
communication the parameter distributions of a water quality model are analyzed according to
different levels of spatial variability of the parameters. The simulated variable is the total suspended
solid concentration at the outlet of a periurban catchment in the Paris region (2.3 km²). This
application suggests that buildup/washoff models applied at the catchment-scale do not maintain
their physical meaning, but should be considered as “black-box” models.
Keywords
DREAM, MCMC, pollutograph simulation, semi-distributed models, spatial variability, suspended solids

INTRODUCTION
Conceptual models of runoff water quality were developed at a very small scale (Sartor and Boyd,
1974), in accordance with small-scale laboratory experiments. These models rely on two main
equations (buildup and washoff) and are nowadays implemented in some well-known urban
hydrologic urban models (SWMM, CANOE…). One classical expression for the equations, involving
four parameters (“exponential equations” in the SWMM model), is:
𝑀𝑎𝑐𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑒𝑑 (𝑡) = 𝐶1 × (1 − 𝑒 −𝐶2 𝑡 )

(1)

𝑀wash off (𝑡) = 𝐶3 × 𝑄 𝐶4 × 𝑀𝑎𝑐𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑒𝑑 (𝑡)

(2)

These models are applied also to large catchments including significant heterogeneity in surfaces and
pollutant release dynamics. Therefore, the above mentioned formulations aim at reproducing the
“averaged” behavior at the catchment surface, making the implicit assumption that this average
behavior is conceptually similar to the small-scale behavior.
Used for quantitative or qualitative predictions, these models using a catchment oriented description
of the urban surface are very often calibrated to perform well at the catchment scale. Petrucci and
Bonhomme (2014) show that, without calibration, the performance of these models at the catchment
scale is undoubtedly poor, either for quantitative or for qualitative modelling. Moreover, concerning
water quality, the ranges of the four parameters (C1 to C4) are very wide depending on the
experimental study referred to. This extreme variability makes difficult any a priori estimation of the
parameters.
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In our previous research (Petrucci & Bonhomme, 2014) we tested several modeling configurations
for simulating pollutographs at the outlet of a middle size urban catchment, involving different levels
of spatial variability of the parameters. The study site, located in the Paris suburb, was mostly
residential with an area of 2.3 km2. The objective was to study the impact of spatial variability on
model performances. The parameter estimation was realized through a genetic algorithm, maximizing
Nash-Sutcliffe efficiency (NSE). In that research, we focused on model performances, without deeply
investigating the values assumed by parameters in the optimized models. However, parameters and
performance are linked: in particular, the reliability of parameter values is often assessed according
to the objective function value. When the parameters have an actual meaning, a high score of the
objective function is often interpreted as a good likelihood of the parameter estimation even if most
of the time no experimental observation can validate it. In the case of water quality modelling, for
example, the deposited mass at the beginning of the rainfall event (Maccumulated(0) ≈ C1) is nonmeasurable at each different point of a catchment. In the current research we apply a Monte Carlo
Markov Chain (MCMC) method to the same case study to analyze the link between performance and
parameter distributions.
METHODOLOGY
The studied catchment, the available data (rainfall, runoff and turbidity) and the water quantity model
(SWMM 5) are described in Petrucci and Bonhomme (2014). Building on the previous work, we
reconsider the determination of spatially variable parameters using a MCMC algorithm (DREAM;
Vrugt et al., 2009). MCMC, already applied in urban water studies (e.g. Muleta, 2012; Vrugt et al.,
2008), allows identifying the more likely parameter distribution according to calibration data. Here
we use four different levels of spatial variability, corresponding to an increasing number of parameter
sets for the buildup/washoff model (Figure 1). Each parameter set is made of four parameters, two
for buildup (C1 and C2, Eq. 1) and two for washoff (C3 and C4, Eq. 2). In the first level (1 parameter
set), parameters are homogeneous over the whole catchment. In the second level the catchment is
divided in two areas, each with a different set of buildup/washoff parameters, and we proceed
analogously in the third and fourth levels.

Figure 1. Different levels of spatial variability considered
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In Petrucci and Bonhomme (2014) we used for calibration a 40-day time-series. The same series is
used here for the 1-parameter-set case. For the others, convergence of MCMC was too slow, and it
was necessary to use shorter periods. We considered thus a sub-period of one week. For comparison,
the 7-day period was tested on the 1-parameter-set case, and NSE was computed for all the cases on
the 40-day period.
KEY FINDINGS
Parameter distributions and convergence
Considering only one parameter set, the parameters have very narrow distribution. MCMC
convergence is obtained with ~50 000 simulations; fig. 2 (upper chart) shows the parameter
distribution inside their variability ranges. Parameter values are close with those obtained by the
genetic algorithm in the previous research.
The number of simulations before convergence increases with the number of parameter sets:
increased complexity makes convergence slower. However, the increase is not monotonous as it
could be expected (1.7∙106 simulations before convergence for two sets, 8∙106 for three and 1.6∙106
for four). The reason could be in the random nature of the MCMC process, in the choice of the areas
with different parameter-sets, or in over-parameterization. Further analyses are required to identify
the actual reason of this behavior.

Figure 2. Boxplots of the parameters distribution. One- to three-parameter sets. Max and min for
each parameter are given in the table.
Similarly, fig. 2 shows that the width of parameter distributions does not increase monotonously with
the number of parameter sets: several parameters of the 2-sets case have distributions wider than all
225

Session Wash-off Quality

UDM2015

the parameters in the 3-sets case. The widest distributions are obtained for cases 2 and 4, always for
the catchment areas more distant from the outlet.
Variability of parameter values calibrated for a different subperiod
For the 1-set case, the MCMC was run on two different nested periods, of 40 and 7 days. In both
cases, the parameter distributions are narrow and the performances of the models are quite similar
(NSE=0.47 for 7-day, 0.51 for 40-day), but the parameter values are very different (Table 1).
Similar performances with significantly different parameter distributions on two nested periods
suggest that the parameters do not describe some physical, persistent characteristics of the catchment.
Applied at the catchment scale, the calibration procedure converges to buildup/washoff parameters
that do not maintain any physical meaning (i.e. representing an “averaged behavior” of the catchment
surface) that they could have at the small-scale for a homogeneous surface. As a consequence this
model, at this scale, should be considered as a “black-box model”.
Table 1. Parameter values for the 1-set case over two nested periods. 5%-95% quantiles
C1
C2
C3
C4

7 days
16 - 21
3.7 - 5.5
0.05 - 0.07
1,81 - 1.84

40 days
85 - 95
18.5 - 19.9
0,01 - 0.011
1,66 - 1.67

Increasing model complexity improves model performance
Increasing the number of parameter sets slightly improves the model capacity to fit data (fig. 3). The
mean Nash-Sutcliffe efficiency is 0.476 for one set, 0.556 for two sets, 0.571 for three and 0.577 for
four. As compared with previous analysis of convergence time and distributions’ width, this increase
is monotonous, although marginal improvements rapidly decrease.
According to the physical interpretation of the model, this improvement is linked to the fact that
spatial distribution is progressively introduced in the model. However, this is not necessary true. In
fact, increasing the number of parameter sets can just increase the number of degrees of freedom of
the model, and thus its capacity to fit the data. Again, the hypothesis of the “black-box model” can
explain these observations. The black-box is increasingly flexible depending on the number of
parameters, and thus the improvement observed can be just the result of increased model complexity.
Deciding between these two alternatives requires further tests, but the pollutographs generated by
subcatchments with different parameters support the “black-box hypothesis” (fig. 4). If the “physical
hypothesis” was true, the outlet pollutograph would be the composition of substantially similar
behaviors, with variable intensities, from the different subcatchments. In fact, the urban land-use of
the Sucy catchment is relatively homogeneous (Petrucci and Bonhomme, 2014). On the contrary,
fig. 4 shows that subcatchments with different parameter-sets have completely different behaviors.
For instance, C subcatchments contribute to the total pollutograph by early, intense peaks, while B
subcatchments by a late and smooth signal. It is unlikely that this difference corresponds to any
physical process. A better explanation is that the model’s best fit is obtained by decomposing the
outlet signal in different components, poorly related to spatial distribution or physical processes.
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Figure 3. Examples of measured (blue dots) and simulated (green line) pollutographs with the first
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Figure 4. Sample pollutographs generated by subcatchments in the 3-delimited geographical areas
for the 3-set case. The pollutograph at the catchment outlet is also represented.
CONCLUSIONS
This application of an MCMC algorithm to the calibration of a build-up/wash-off model at the scale
of an urban catchment suggests that this model formulation, physically-based at the scale of
elementary surfaces, is actually a black-box model at the catchment-scale. In fact, the water quality
parameters seem to have no actual meaning at the catchment or subcatchment scale and their
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calibration is only a mathematical procedure to better fit the observations. The implication of this
result can be very wide, as calibration procedures are very often used to fit subcatchment based
models with data. From this preliminary study, we conclude that the build-up/wash-off equations are,
at this scale, just one possible function for fitting input and output. Increasing the complexity of the
model by adding spatial distribution of the parameter-sets (i.e. defining up to four sets for different
areas of the catchment) improves the model’s performance, but at a high cost in terms of resources
and computational time. Several researchers already found that build-up/wash-off equations are
unable to replicate observed concentrations in runoff (Sage et al., 2015). Looking for more efficient
mathematical formulations or for other ways to describe the urban space in models – not requiring a
calibration of the parameters – seems, thus, promising research directions.
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Abstract
Recently, the interfacing of two-dimensional overland flow hydrological models with onedimensional storm water pipe models is becoming a standard approach for urban flooding
investigations (Leandro et al. 2009). However, this approach has never been applied for the issue of
urban pollutant transport. In this context, the present work aims at developing a 2D/1D modelling
approach using the spatially distributed TREX model (Velleux, England, et Julien 2008) and the
CANOE model (Alison 2005). Besides, this paper describes the application of the two coupled
models to a small urban catchment near Paris (Le Perreux sur Marne, 0.12 km²) as well. Benefitting
from the continuous measurements of rainfall, discharge and turbidity at the drainage outlet, the
performance of this method might be outlined by comparing the modelling output with the in-situ
observations.
Keywords
Urban catchment modelling; Spatially distributed surface model TREX; CANOE model; Pollutant
transport.

INTRODUCTION
Urban hydrological stormwater models appeared in the earlier 1970s. First, these models were
developed to simulate water flow but in a second time water quality modules were added, most of
them based on Stator and Boyd conceptual formulations of build-up and wash-off on urban surfaces
(Sartor, Boyd, et Agardy 1974). Nowadays, lots of urban watershed models have been developed.
Although the rapid worldwide development of hydrological modelling during the last decades, the
physically-based and distributed models for the coupled modelling of urban surface and sewer
networks are rarely used in the field of urban drainage. For instance, some widely used models such
as SWMM model (Rossman 2010), MUSIC model (Obropta et Kardos 2007) and SWAT model
(Arnold et al. 2000) are able to simulate water-flows and sediment transport on the surface as well as
the drainage networks; however, the catchment is divided into several sub-catchments, within which
processes are often represented by conceptual equations. Yet, MIKE-11 model (Thompson et al.
2004) and GUEST model (Misra et Rose 1996) are physically-based, while the sewer networks is not
integrated in these software. In this context, the physically based and fully distributed TREX model
(Velleux, England, et Julien 2008) is an interesting open-source software that might be easily coupled
with the pipe routing component of CANOE model (Alison 2005) in the present work. This modelling
approach firstly simulates the two-dimensional surface water-flows and pollutant transport using
TREX model, water and Total Suspended Solids (TSS) entering drainage networks are identified and
recorded as the external inflows for the sequentially performed CANOE model. Water discharges and
TSS pollutographs at the drainage outlet are crucial data that have to be compared with continuous
observations.
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METHODS AND METHODOLOGIES
TREX is a two-dimensional runoff, erosion and export model which generalized watershed rainfallrunoff, sediment transport and contaminant transport (Velleux 2005). Within TREX, the catchment
surface is divided into several rectangular meshes. Different processes are calculated at the pixel
level. The drainage module uses the CANOE model (Alison 2005), routing processes are computed
for each portion of pipes between pre-defined junction nodes using the kinematic approximation of
shallow water equations. In this modelling approach, the gullies and roofs are the interface between
the TREX model and the CANOE model. Where, the gullies are either defined as the grid points that
sewer inlets are located at the urban surface; and are also considered as a sort of junction nodes in the
drainage networks, that receive external inflows. While the roofs are considered as the holes in TREX
model, and the dropped water is transferred into the nearest gullies using conceptual sub-basins in
CANOE model. The conceptual of the modelling approach is exposed in Figure 1, and the processes
are displayed in Table 1.

Figure 1. Conceptual of the 2D/1D modelling approach using TREX model and CANOE model
The study site is located in the Val-de-Marne department in the eastern suburb of Paris, France. The
investigated site in the current study is a peri-urban and highly trafficked catchment located near Paris
(Le Perreux-sur-Marne), the total surface of the basin is 0.12 km² and its mean slope is about 2%.
Topographic data is the primary input that we need for the modelling approach. In the framework of
the ANR (French National Agency for Research) Trafipollu project, the National Institute of
Geography of France (IGN) provided us the DEM of Paris region at 25m resolution and the LiDAR
data of all roads of the catchment at 20cm resolution. Since roads are essential flow pathways, and
urban surface runoff is the typically shallow water (usually < 5cm), we integrated the high resolution
roads LiDAR data into the 25m resolution DEM in order that TREX compute correctly urban
stormwater runoffs. For our first tests, we applied a 5m-resolution topographic input data, with which
the study catchment is represented by 224 x 85 rectangular grids (Figure 2).
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Table 1. Water-quantity processes and water-quality processes in the 2D/1D modelling approach
Water quantity processes

Water quality processes

TREX Model

TREX Model

Water flow:

2D Shallow-Water equations;
(Diffusive Wave)

Infiltration
method:

Green & Ampt

Interception:
Numerical
method:

Volume lost
Finite Difference

Particle
transfer:
Particle
deposition:
Sediment
erosion:
Numerical
method:

CANOE Model
Water flow:

1D Shallow-Water equations;
(Kinematic Wave)

Numerical
method:

Finite Difference

Advection equation
Settling velocity
Modified form of Universal
Soil Loss Equation (USLE)
Finite Difference
CANOE Model

Particle
transfer:
Numerical
method:

Advection equation
Finite Difference

Figure 2. Topographic input data. (a) DEM data of 25m resolution; (b) LiDAR data of 20 cm
resolution; (c) Final topographic input data of 5 m resolution
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For urban areas, a successful model application requires detailed descriptions of urban landuse
features and precise data on the drainage system. For this purpose, we defined 13 classes of urban
landuses well adapted to water quality modelling and in agreement with the ability to extract
meaningful information from Digital Orthophoto Quadrangles (DOQs). The conversion of DOQs into
the appropriate landuse types was performed in collaboration of IGN Conseil. Besides, the locations
of gullies can be identified from the GIS sewer networks data. Since gullies should equally be
presented in the surface module as a special type of land-use, the points of gullies are hence integrated
in landuse inputs as an additional type. The land-use data and sewer networks data are presented in
Figure 3. As TREX needs raster landuse inputs, the vector landuses data are therefore transformed
into a raster grid using the same resolution as the topographic data. A specific order between landuses
has to be defined for this transformation: as "Gully" is the key land-use for TREX, it is undoubtedly
that "Gully" has to be the first in consideration, followed by roads, pavements, parking lots, various
types of roofs, trees, grass and others.

Figure 3. Landuse classes on “Trafipollu” catchment and sewer network modification to connect
gullies to the rest of the sewer
CONCLUSIONS AND PERSPECTIVES
The proposed approach has been successfully implemented for the case study. Benefitting from the
continuous rainfall, water flows and turbidity observations on the site, the performance of the 2D/1D
model could be assessed by comparing model outputs with the measurements. The results are in
progress and will be presented for the conference.
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Abstract
Impact of climate change and urban development are considered as major impact to influence the
future performance of urban drainage systems. In order to reasonably adapt existing systems to a
changing environment and to identify robust adaptation measures it is important to understand
consequences of these effects. This paper demonstrates the combination of regional climate models
for different emission scenarios (A2, A1B, B1), local statistical downscaling, an urban development
model and a hydrodynamic model of a combined sewer system to assess the impact on combined
sewer overflow emissions and flood risk for an Alpine case study in central Europe. It is shown that
for this case study the impact of climate change is significantly higher as impact of urban
development but that it is important to consider both effects. Furthermore a coupled 1D-2D model
enables to express the increase of flood risk not only as a change in ponded volume but also as a
change in affected buildings
Keywords
Climate change, hydrodynamic modelling, combined sewer overflow, flooding

INTRODUCTION
Urban drainage systems are important infrastructure facilities in an urban environment. These
facilities are essential for human well-being and they are characterized by a very long typical service
life of 50 to 100 years (or more). As a result, prospective planning is important for such infrastructure
(Rauch & Kleidorfer 2014). With changing boundary conditions due to a change in climate,
demographics (growing or shrinking cities), behaviour of the population and environmental
regulations, adaptation measures might be required.
Pavement of the surfaces, along with a possible climate change induced increase of rainfall intensities,
is one of key factors accountable for (increased) flooding in urban areas (Semadeni-Davies et al.
2008). Previous studies have shown that both increased rainfall intensities and on-going urbanization
puts more and more pressure on existing drainage systems (Grum et al. 2006; Butler et al. 2007;
Arnbjerg-Nielsen 2008; Mark et al. 2008; Arnbjerg-Nielsen & Fleischer 2009). Consequently higher
runoffs have an impact on sewer system performance in terms of higher risk of flooding and decrease
of storm water treatment performance (Ashley et al. 2005). One possibility for adaptation is to
disconnect paved urban areas from drainage systems to implement on-site treatment as stormwater
infiltration facilities. Infiltration might help to address current problems but might not fully
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compensate for increased runoff (Kleidorfer et al. 2009; Urich et al. 2013). To respond to the changes,
continuous adaptation of the infrastructure is necessary by combining different technological
solutions (e.g. on-site treatment, increase of pipe-sizes etc.). To reduce costs, adaptation of pipe
networks should reasonably occur in line with the regular renewal/rehabilitation of aging
infrastructure (Tscheikner-Gratl et al. 2014). Hence dynamic adaptation is crucial to maintain the
drainage system operational (Urich & Rauch 2014). Such measures should include strategies for
pluvial events beyond design.
The project ‘Dynamic Adaptation of Urban Water Infrastructure for a Sustainable City Development
in an Alpine Environment (DynAlp)‘ focuses on city development and the potential impact of climate
change on the adaptation and development of urban water infrastructure and addresses the aspect of
pluvial flooding. It combines urban development modelling, regional climate change projections of
precipitation and a hydrodynamic model of a combined sewer system in order to evaluate flood risk
and to identify robust adaptation strategies of urban drainage infrastructure.
This paper presents results for the impact assessment study of climate chance expressed as a change
in flood risk and compares these effects to the impact of urban development. The case study analysed
is a combined sewer system in central Europe (Innsbruck, Austria).
METHODS
Case Study & hydrodynamic simulation
The object of the case study is the city of Innsbruck, which has alpine characteristics. This implies
cold winters and extreme rain events occurring during the summer period as thunderstorms
(sometimes together with hail). The total catchment area is more than 2.000 ha, whereof 760 ha are
impervious (i.e. the average fraction of imperviousness is 0.37). This sewer system is modelled as a
fine-grained combined sewer network consisting of more than 5000 nodes, 4500 sub-catchments,
5700 links and more than 50 outfalls. The entire system drains to a central wastewater treatment plant
(see Figure 1). The system was modelled in two states, one representing the drainage system in the
year 2000, and one in the year 2015. The latter system is based on the first system and includes
building measures from a significant investment program of 100 Mio Euro in the last 15 years. Both
systems are further developed into the future (2050) by incorporating changes caused by urban
development and climate change.

Figure 1. Hydrodynamic model of the combined sewer system of Innsbruck
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For simulation of rainfall runoff and hydrodynamic flow routing in the sewer pipes the Storm Water
Management Model (SWMM) in the implementation of CHI (PCSWMM) was used. For both
systems (state 2000 and 2015) two different representations where chosen, a simple 1D model for
sewer pipes and a coupled 1D-2D model (1D sewer pipes, 2D surface routing of ponded water). The
1D-2D model is computationally very demanding so the 1D model was used for a screening of
multiple different development and climate change scenarios and the 1D-2D model for deeper
investigation of selected scenarios and events. Here it is important to mention that the chosen 2D
surface routing model still is a simplified 2D simulation model. A mesh of 1D channels on the surface
(based on a digital elevation model) is used for model surface routing in different directions. (see
Figure 2). A detailed description for the capabilities to model flooding is for example available from
James et al. (2013) or Sulzbacher et al. (2013).

Figure 2. Example of a surface mesh consisting of open channels for modelling of overland flow
As indicators to assess the impact on the system performance following performance indicators were
chosen:
 Combined sewer overflow volume (representing pollutant emissions into receiving water
during rainfall events) VCSO
 Ponded volume i.e. water leaving the sewer systems through manholes when the system
capacity is reached (in the 1D model) VP
 Number of buildings affected by flooding as a result from the 1D-2D model BF
The number of affected buildings BF was calculated by intersecting the water level on the surface
with a ‘risk level’ z. This risk level is the water level when ponded water starts to cause damages. It
is 0 for example when the building entrance is on ground level or when there are windows below
ground level. This risk level was identified by visual inspections of all buildings in a selected
investigation area (see Figure 3)
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Figure 3. Example for risk levels z for selected buildings. Left: z = 0 (basement windows); Right: z
= sidewalk height cm
These performance indicators are calculated using design rainfall events for both current conditions
and future conditions for different return periods between 0.5 (i.e. event happening twice a year) and
100 years as rainfall input. Consequently, the results of the climate change projections (period 2021
– 2050) are compared to current system behaviour (period 1971 – 2000).
Climate change
The climate change projections are based on regional climate models (ECHAM5, HadCM3) for
different emission scenarios (according to (IPCC 2000): A2 (regionally oriented economic
development; high emission scenario), A1B (strong economic growth, balance across fossil and nonfossil energy sources; medium emission scenario) and B1 (ecologically friendly service and
information technology; low emission scenario). The regional climate model-runs (Loibl 2010; Isotta
et al. 2014) were improved by applying an empirical regional statistical downscaling method
according to Jasper-Tönnies et al. 2012. This is based on the analysis of the correlation between daily
temperature, daily rainfall and rainfall intensities (taken from historic long term rainfall
measurements). In the next step corresponding rainfall events from the past were transferred into the
future to match future daily temperature and precipitation for of the regional climate models (period
2021 - 2050). This enables to mimic realistic synthetic rainfall records for the future and to calculate
typical future rainfall characteristics for different durations and return periods. These rainfall
characteristics now can again be used to use design rainfall events for the future, which can be used
in urban drainage models. Table 1 shows as an example changes in the rainfall intensities for different
durations, different emission scenarios, different climate models and return period 5a.
Table 1. Trend of change in rainfall intensities for return period 5a.; bold= statistically significant
5a prt trend ± statist.
mean error
15 min
30 min
1h
3h
24 h
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E5-CLM
A1B
7±3%
8±3%
8±3%
4±2%
2±2%

H3-CLM
A1B
3±2%
4±2%
4±3%
3±2%
6±2%

E5-CLM
B1
19 ± 3 %
21 ± 3 %
23 ± 3 %
12 ± 2 %
1±2%

E5-CLM
A2
18 ± 3 %
20 ± 3 %
20 ± 3 %
13 ± 2 %
7±2%
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Urban Development
The urban development model used in this study is implemented in the DynaMind Framework as a
basis to run the dynamic modelling cycle (Mikovits et al. 2014a). The model itself is designed to run
with minimal data needs which are presented in Table 2. CITY represents the city centre with
appended population information, SUPERBLOCK the parishes of the city, CITYBLOCK
subdivisions of a parish (street network. After the data input the development cycle is started, creating
parcels, buildings and distributing population on the basis of ‘gravity nodes’ (Mikovits et al. 2015).
Table 2. Input data needs for the DynAlp-urban development model. M stands for mandatory, O
means optional

mandatory
optional

View

Shape
Type

CITY
SUPERBLOCK
CITYBLOCK
BUILDING

Point
Polygon
Polygon
Polygon

Development
Year
O

Attributes
Area
Inhabitants Height
Type
M
O
O
M

M

The main advantage of this model compared to more simplified approaches (e.g. (Kleidorfer et al.
2014)) is that different spatial scenarios can be analysed. The three spatial scenarios used in this work
are visualized in Figure 4 Scenario 1 (distributed) uses small, discontinuous empty spaces throughout
the city. Scenario 2 (east) focuses on large areas in the east of the city whereas Scenario 3 (west)
concentrates on the area of the actual airport which is bluntly used for development.

Figure 4. Spatial development scenarios used, from Mikovits et al. (2014b)
239

Session Climate Change

UDM2015

% change of ponded volume

% change of overflow volume

RESULTS
Figure 5 presents simulation results for changes in overflow volume and in ponded volume from the
period 1971 – 2000 to 2021 – 2050. As can be seen in general the impact (expressed as percentage
change) on both indicators is higher for smaller return periods (<10a). This is reasonable as current
design return periods are between 3 to 5 years. For events with higher return periods the system’s
capacity is already exceeded under current climate conditions. Impact on ponded volume (with an
increase of ponded volume by up to 300%) is significantly higher than impact on combined sewer
overflow emissions. These results are expected as for design return periods ponded volume is in
general rather small and small changes cause a large percentage change. For return periods >3a the
increase of combined sewer overflow emissions is up to 20% and the increase of ponded volume still
up to 100% (and decreasing with higher return periods).
40
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Figure 5. Change of overflow volume and ponded volume caused by climate change for different
emission scenarios
Figure 6 shows the simulation results (increase of overflow volume and ponded volume) caused by
the increase of impervious area as predicted in the urban development model for return periods >3a.
Here, the impact of climate change is not considered. Different outcomes for different values of
change in impervious area are caused by different development scenarios (Figure 4) and infiltration
scenarios. So it is also possible (to a limited amount) that the system performance improves i.e. a
negative change is visible. As can be seen this impact is smaller as compared to the impact of climate
change with an increase of overflow volume up to 15% and an increase of ponded volume up to 40
%.
As an example Figure 7 shows the visualization of the inundation depth and affected buildings for a
future scenario i.e. including urban development and climate change. As rainfall input, a design storm
event with return period 5a was chosen and as climate change scenario the ECHAM5 A1B scenario.
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Sensitive buildings are infrastructure facilities for securing livelihoods and public buildings (e.g.
hospitals, physicians, supermarkets, universities, etc.).
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Figure 6. Change of overflow volume and ponded volume caused by increased impervious area

Figure 7. Visualization of inundation depths (blue) and affects buildings (yellow = affected but water
level below z-level; red = affect and water level above z-level; orange = sensitive building but water
level below z-level; purple sensitive building and water level above z-level)
241

Session Climate Change

UDM2015

Figure 8 shows how the number of buildings which are affected by flooding can change over time
(here from 2015 to 2050). These results are shown for different return periods. The variation in the
year 2050 is caused by the different climate change and different urban development scenarios and
expresses uncertainties in the future projections. This evaluation here does not consider any
adaptation measures i.e. all simulations are based on the drainage network of 2015.
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Figure 8. Affected buildings in the year 2015 and 2050 as % of total buildings in the investigation
area for different return periods (RP)
CONCLUSION AND OUTLOOK
This paper presents results of a study to assess the change of ponded volume and combined sewer
overflow emissions caused by climate change and urban development. The coupling of an urban
development model, a hydrodynamic sewer model and climate change projections enables to
investigate different future scenarios. In this way it is possible to assess the effectiveness of adaptation
measures and to identify robust adaptation strategies.
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Abstract
Climate change remains an ongoing threat to global water resources. However, the influence of
climate change on individual stormwater controls is largely unknown. In this study, data from
downscaled climate projections for 2055 through 2058 were utilized in calibrated DRAINMOD
models to evaluate changes in system hydrologic function under two climate change scenarios (RCP
4.5 and 8.5). The results were compared to those generated using a “Base” scenario of data from
2001 to 2004. The results showed relatively small changes in the overall water balance of the system.
However, the frequency and magnitude of overflow from the systems substantially increased under
the climate change scenarios. These results are concerning, as overflow represents uncontrolled,
untreated runoff from the contributing watersheds.
Keywords
Modelling; climate change; bioretention; hydrology

INTRODUCTION
Climate change remains an ongoing threat to global water resources. Variations in rainfall patterns
and temperature have the potential to substantially strain urban water systems (Willems and Vrac,
2011). Climate change may exacerbate the adverse effects of urbanization on the hydrologic cycle,
by overwhelming infrastructure and directing additional runoff to streams and rivers. Urban
Stormwater Control Measures (also known as SCMs, Water Sensitive Urban Designs, and WSUDs)
are commonly implemented to reduce the effects of urbanization. One such practice is the bioretention
area (or biofilter) which promotes infiltration, evapotranspiration, and treatment of stormwater runoff.
Bioretention areas are typically designed to receive and treat some defined water quality event based
on local rainfall patterns. For instance, in central North Carolina, USA, the runoff associated with a
precipitation depth of 2.54 cm is targeted for capture and treatment. As climate change affects rainfall
and temperature patterns, bioretention areas designed based on the water quality event may
experience reduced effectiveness.
METHODS
Brown et al. (2013) utilized DRAINMOD, a continuous drainage simulation model, to explore
bioretention functionality at multiple locations in central North Carolina, USA. The models were
calibrated and validated based on field collected hydrologic data. One of the sites (Nashville, North
Carolina, USA) contained bioretention cells with varied soil media depths, 0.6 and 0.9 m,
245

Session Climate Change

UDM2015

respectively. Modeling of these systems was largely successful based on the Nash-Sutcliffe
coefficients for the calibration and validation periods (Brown et al. 2013).
The calibrated DRAINMOD models for the Nashville sites were utilized to explore the impact of
climate change on bioretention function in this region. Climate data were obtained from two sources.
Data from the National Climatic Data Center (NCDC) from 2001 to 2004 were used to establish
functionality under current climate conditions (“Base”). Climate change predictions described by Gao
et al. (2012) were used to model function under future scenarios (2055 to 2058). Data from two
Representative Concentration Pathways (“RCP 4.5” and “RCP 8.5”) were utilized, representing a
moderate and severe usage of fossil fuels in the future. The data were generated by dynamic
downscaling using the Weather Research and Forecasting (WRF) model , with the Community Earth
System Model version 1.0 (CESM v1.0) serving to establish boundary conditions for the WRF model.
See Gao et al. (2012) for further details. Modeling was performed on an hourly basis to allow a robust
analysis of bioretention function.
RESULTS AND CONCLUSIONS
The estimated water balances from DRAINMOD for the Nashville bioretention areas, Nashville-0.6
and Nashville-0.9, are presented in Table 1. The percentage of drainage, overflow, and
exfiltration/evapotranspiration (ET) varied slightly from the base scenario to the climate change
scenarios. Most notably, the amount of runoff entering the system that left as overflow increased
under both climate scenarios for both sites. Specifically, considering both climate change scenarios,
the amount of overflow increased from 22 to 42% over the Base scenario. This is concerning
considering the additional uncontrolled stormwater runoff that will be directed to surface waters. In
comparing the two media depths, only minor differences in function due to climate change are
present. The effects of climate change appear less influential than the difference in performance due
simply to media depths. The differences in performance based on media depth are apparent even
under the Base scenario.
These results suggest that climate change will have an influence on the overall quantity of overflow
from bioretention areas in central North Carolina, USA. It should be noted that the magnitude of
climate change varies spatially. These results are likely to vary in other locations globally.
Table 1. DRAINMOD results for the Nashville bioretention areas
Drainage

Overflow

Exfiltration and ET

Climate
Scenario

Runoff
Depth
(mm)

Depth
(mm)

% of
Runoff

%
diff1

Depth
(mm)

% of
Runoff

%
diff

Depth
(mm)

% of
Runoff

%
diff

Base
Nashville –
RCP 4.5
0.6 m
RCP 8.5
Base
Nashville –
RCP 4.5
0.9 m
RCP 8.5

2226
2435
2472
2088
2272
2314

1079
1096
1175
876
897
961

48
45
48
42
39
42

2
9
2
10

411
566
502
316
450
391

18
23
20
15
20
17

38
22
42
24

737
774
795
897
926
962

33
32
32
43
41
42

5
8
3
7

Site
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