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Abstract: Rapid urbanization and its implications for both water quality issues and floods have increased the need for modeling of urban
drainage systems. Many operational models are based on deterministic solutions of hydraulic equations. Improving such models by adding
a “black-box” component to deal with any systematic structure in the residuals is proposed. In this study, a conventional deterministic
stormwater drainage network model is first developed for a rapidly developing catchment using the HYDROWORKS �now called
Infoworks� package, from Wallingford Software in the United Kingdom. However, despite the generally satisfactory results, the
HYDROWORKS model tended to underestimate the flow volume. In this paper, a black-box or “systems” model is fitted to the hydraulic
urban drainage model in order to improve its overall efficiency. A study was conducted of suitable black-box models, which included the
nonlinear artificial neural network model �ANN�, and the linear time series models of Box and Jenkins in 1976. They were added to either
the output �in simulation mode� or, in updating mode, to the residuals �i.e., difference between modeled and measured output� of the
deterministic hydraulic model. The updating procedure provided a considerable improvement in the overall model efficiency for different
lead-time forecasting. In simulation mode, however, only the nonlinear ANN model gave better performance in calibration, and a slight
improvement in validation.
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Introduction

Rapid urban growth has been taking place world wide, and its
hydrological impacts are well documented �cf. Hall 1984; Shaw
1994�. The increase in impervious areas due to urbanization re-
duces infiltration, increases runoff, and reduces catchment re-
sponse times, all leading to increased flood peaks and volumes.
Water tables in aquifers and base flow in channels are reduced.
In addition, urbanization in a catchment can often cause a de-
gradation of water quality �Buren et al. 1997; Bertrand-Krajewski
et al. 2000�.

Urbanization and its implications for both flood risk and
damage and water quality issues have increased the need for mod-
eling of urban drainage systems. Computer models have been
extremely useful in devising and assessing the various engineer-
ing and operational strategies for managing both water quantity
and quality. For instance, Zoppou �2001� discusses the important
features of 12 such models, representing a wide range of capa-
bilities and spatial and temporal resolutions. They are all deter-
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ministic, most are physically based, and many are event-based
models.

Such models can be used �1� to simulate past events �simula-
tion mode� where all of the input and output data for the event
have already been recorded and are available to the modeler or �2�
in real-time operation in which the individual measured data val-
ues become available to the modeler at successive time intervals.
In such a case, the model may operate in “updating” mode in
which it tries to model its own residuals, i.e., the difference be-
tween the model prediction and measured output at each step.

However, there are unavoidable uncertainties associated with
mathematical modeling. Willems and Berlamont �1999� demon-
strated a number of uncertainties involved in the modeling of a
sewer system, including those relating to �1� data inputs, �2�
model simplifications of the physical reality, and �3� uncertainties
in model parameter values. The first of these, relating to data
inputs, generally has a stochastic or random nature principally
associated with measurement or sampling errors, but the second
generally has a deterministic nature and the third has a mixture of
deterministic and stochastic components. Thus, the difference �re-
sidual� between modeled and measured output �e.g., flow or water
quality indices� contains a mixture of both systematic and sto-
chastic components.

There are a number of possible ways to reduce the residuals
and improve the performance of such models. The obvious ap-
proach is to address directly the deficiencies in the deterministic
model and improve the accuracy of its physical representation of
the system being modeled �i.e., improve the system geometric
description and/or the physical equations describing the operation
of the system�. However, increasing the complexity of the model
does not always produce better performance because of data limi-

tations and increasing difficulty in estimating model parameters.
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An alternative approach, developed in this paper, is to fit a
“black-box” or “systems” model to either the output of the deter-
ministic hydraulic model or to its residuals. The hypothesis is that
a simple black-box model is able to fit the deterministic compo-
nent of the deficiencies in the hydraulic model. If this approach
works, it is likely to be faster and much less expensive than the
first approach.

This paper describes the methods and their results based on a
case study to test the hypothesis, and is organized as follows: the
first section is this introduction. The next section is a brief de-
scription of the methodology and models used. The following
section describes the case study. Results and discussions are pre-
sented in the next section, and the last section lists the conclu-
sions from the study.

Methodology

The method developed in this study is to fit a black-box or sys-
tems model to either the output of the deterministic hydraulic
model or to its residuals to improve the overall flow forecast
performance. The simplest case is when the model is used in
simulation mode, i.e., all the input and output data have already
been measured and the model is run with the measured input,
but has not given any information about the measured output.
In this case, the output of the hydraulic model is the input to
the black-box model and its output is an improved estimate of
the discharge. It is fitted by minimizing the sum of squares of the
differences between the output from the black-box model and
the measured discharge, Fig. 1. In updating mode �i.e., in real-
time forecasting�, measurements of both the input and output are
available up to a given point in time �typically the time at which

Fig. 1. Black-box simulation improvement on hydraulic model
output �Xsim=flow calculated by the HYDROWORKS hydraulic
model; yest= improved estimate of flow from the combined model;
and e=residual, i.e., the difference between the measured flow and
that estimate by the combined model�

Fig. 2. Black-box model moving average �MA� updating: Base case
�Xsim=flow calculated by the HYDROWORKS hydraulic model;
yest= improved estimate of flow from the combined model; and
e=residual, i.e., the difference between the measured flow and that
estimate by the combined model�
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the model is run� and both are given to the model. As measured
values of the discharge are available in real-time, the black-box
model can be fitted to the known recent past residuals of the
hydraulic model output, Figs. 2 and 3. In this case, the black-box
model output is a correction for the hydraulic model output.

An analogous approach has proved successful in the determin-
istic modeling of natural catchments for real-time flow forecast-
ing �Shamseldin and O’Connor 2001; Brath et al. 2002� but has
not yet been applied to hydraulic urban runoff models. In its basic
form, it can be used for both flow simulation �off-line�, e.g., for
risk assessment, flow forecasting, and real-time flood warning/
management. However, a further refinement of the method, of
particular use in real-time flood forecasting, is to add a forecast
updating procedure. This approach was also shown to be effective
in rural catchment modeling, using a catchment simulation model
coupled with a procedure for forecast updating �WMO 1990,
1992�. The overall forecast performance thus can be expected to
improve �Serban and Askew 1991�, cf. Fig. 4.

In this study, the improvement produced by adding a black-
box model to a hydraulic urban drainage model is investigated
for a rapidly urbanizing catchment in Dublin, Ireland. First, a
conventional stormwater drainage network model is developed to
quantify the flow contributions to the existing watercourses in
order to assess the risk of flooding. In this study
HYDROWORKS version 6.0 �HRWallingford 1997� is used, but
any urban drainage hydraulic model could be used. The catch-
ment is a combination of urban and rural areas. This also causes
some difficulties in the model development and uncertainties in
the model performance. To address these problems, some simple
black-box models were added in series with the hydraulic model.
The black-box models tested were �1� an artificial neural network
�ANN�, �2� an autoregressive �AR�, �3� a moving-average �MA�,
and �4� an autoregressive moving average �ARMA� �Box and

Fig. 3. Black-box model �AR, ARMA, ANN� updating: Base case.
�AR�autoregressive model; ARMA�autoregressive moving average
model; and ANN�artificial neural network model�

Fig. 4. The principal effect of updating �adapted from Serban and
Askew 1991�. Legend: QM�measured hydrograph; QF�forecasted
hydrograph; QS�simulated hydrograph; J�time of preparation of
forecast; e�simulation error; and ��forecasting error.
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Jenkins 1976�. These were tested separately in simulation mode
and in adaptive updating mode �Wood and O’Connell 1985�.

Hydraulic Model

HYDROWORKS is a widely used urban drainage modeling sys-
tem developed at the Hydraulics Research Institute, Wallingford,
U.K. It is a physically based hydraulic model capable of modeling
storm water or sewer systems or combined systems, for both hy-
draulic and water quality purposes. In the HYDROWORKS pack-
age, rainfall data �hyetographs� can either be defined as input
�measured data�, or be generated as synthetic design rainstorms
using a number of techniques �e.g., depth-duration-frequency re-
lationships� depending on the circumstances. The rainfall-runoff
model employs a modified rational method, which is essentially
the same as the rational method with the inclusion of a routing
coefficient �Zoppou 2001�. The runoff coefficient of the rainfall-
runoff model takes into account the proportion of impervious
area, soil type, evapotranspiration, and antecedent conditions. The
hydraulic calculations are done with an implicit finite difference
method. HYDROWORKS has been applied in several countries
for different purposes �cf. Masse et al. 2001; McIntyre 2003� and
a detailed description of the model is given in HRWallingford
�1997�.

Black-Box Models

There are various forms of forecast improvement procedures used
in practice, depending on which variables are modified �Serban
and Askew 1991�. For instance, the output may be modified
�Brath et al. 2002�, the model parameters or its internal states may
be modified �Sholl and Wolfe 1985�, or the inputs may be modi-
fied as in the Hydrologiska Byråns Vattenbalansavdelning �named
after the Hydrological Bureau Waterbalance Section of the Swed-
ish Meteorological and Hydrological Institute� �known interna-
tionally as HBV� model �Lindström et al. 1997�. In this study the
first method is used and the model output is modified by passing
it through a black-box model. The black-box models chosen for
the study include both linear and nonlinear models. They are used
to update the simulation model outputs to improve performance
both in direct simulation �Fig. 1� and in real-time forecasting
�Figs. 2 and 3�.

Linear Time Series Models
The classical time series models of Box-Jenkins �1976�, including
AR, MA, and their combination ARMA, are linear in that pre-
dicted values are linear functions of current and/or past observa-
tions. Because of their relative simplicity, these are highly popular
in many fields, including hydrology and economics �Zhang 2003�.

Equations of the time series models in both simulation and
updating operations are as follows:
For simulation

AR model: ŷt = �1ŷt−1 + �2ŷt−2 + ¯ + �pŷt−p + �0xt �1�

MA model: ŷt = �0xt + �1xt−1 + ¯ + �qxt−q �2�

ARMA model: ŷt = �1ŷt−1 + �2ŷt−2 + ¯ + �pŷt−p + �0xt

+ �1xt−1 + ¯ + �qxt−q �3�

For updating

ˆ ˆ ˆ ˆ
AR model: et = �1et−1 + �2et−2 + ¯ + �pet−p + at �4�
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MA model: êt = �0xt + �1xt−1 + ¯ + �qxt−q �5�

ARMA model: êt = �1êt−1 + �2êt−2 + ¯ + �pêt−p + �0xt

+ �1xt−1 + ¯ + �qxt−q �6�

where xt=deterministic hydraulic model output at time t;
yt=measured discharge at time t; ŷt=final estimated discharge
�flow estimates after the black-box model improvement� at
time t; êt=residual of the hydraulic model output at time t; � j

�j=1,2 , . . . , p� and �i �i=0,1 ,2 , . . . ,q�=finite set of weight
parameters; and at=independent, random term. The integers p
and q�orders of the autoregressive and moving-average compo-
nents, respectively, and are determined by fitting a range of mod-
els with different values of p and q in model calibration.

The AR model, Eqs. �1� and �4�, is a special class of the family
of time series models defined by Box and Jenkins �1976�. Struc-
turally, the AR model is possibly the simplest model of the
Box-Jenkins family. The model output is a linear combination of
a finite number of previous model outputs plus an uncorrelated
random term. It is included in this study, partly because its pro-
cess has a natural systems interpretation, and partly because it is
flexible and easy to apply. The MA model, Eqs. �2� and �5� can be
thought of as a linear filter with a transfer function when the input
is white noise: The ARMA, Eqs. �3� and �6�, is a flexible mixture
of an AR process and a finite MA component: These models
represent the basic building blocks of the Box-Jenkins time series
modeling approach �Box et al. 1994�. To provide a stationary
process, it is necessary for the processes in the models to remain
in equilibrium about a constant mean level. This is achieved by
transforming the data series by subtracting its mean value.

Artificial Neural Networks
In addition to the classical linear models, an artificial neural net-
work is used in this study to account for possible, more complex,
nonlinear relationships. ANNs are powerful tools for solving a
wide range of practical problems and they have been increasingly
applied to predict and forecast water resources variables �French
et al. 1992; Shamseldin 1997; Bodri and Cermak 2000�. They
have been used for event-based stormwater forecasting with short
time steps �Yang and Bruen 2003�. Basic and attractive charac-
teristics of ANNs is their ability to learn from data and their
potential to accurately describe the behavior of complex nonlinear
systems. Their data-driven approach is useful for analyzing field
data sets where no prior guidance is available to suggest either a
linear or nonlinear relationship. Neural network techniques are
useful for time series modeling and forecasting because they do
not require detailed prior knowledge of the underlying physical
processes.

An ANN is made up of several layers of neurons �nodes�
which are interconnected by links using weights �parameters�.
Multilayer feedforward neural networks are the most popular and
widely used network paradigm �Maier and Dandy 2000�. These
contain one input layer, one output layer, and one or more inter-
mediate hidden layers �cf. Fig. 5�. Signals pass through the net-
work in the forward direction only, i.e., start from the input layer,
move to the hidden layer �or layers�, and then to the output layer.
The input neurons transmit external signals across the links to the
next layer �hidden or output� of neurons. In the hidden and output
layers, each neuron sums the weighted values �signals� from the
previous layer and puts the result through a transfer function to
give a scalar output value �signal�. The neural transfer function is

also called an activation function. Some forms of transfer func-

OGIC ENGINEERING © ASCE / NOVEMBER/DECEMBER 2006 / 591



tion popular in current use are linear, logistic �i.e., sigmoid�, and
hyperbolic tangent. Of these, the logistic function is the most
commonly employed �Haykin 1994�, and is used in this study.

Fig. 5 depicts an example of a three-layer feedforward neural
network used in the study for residual updating forecasts, where
the inputs to the ANN are residuals of the previous hydraulic
simulation model output �Yobs−Xsim� up to the time of forecast,
and the outputs are the forecasted residuals at the required lead
times. The forecasted residuals are then added to the hydraulic
model output to give the updated forecasts. The appropriate num-
bers of input and hidden neurons are determined by fitting and
comparing the performance of a range of different model struc-
tures during the model calibration �training� phase. The conjugate
gradient �CG� optimization algorithm �Press et al. 1986� is used
for model training �calibration� in which it minimizes the sum
of squares of the difference between the model output and the
measured values.

Case Study

Citywest catchment is a new development area, situated on the
west side of Dublin, with industrial, business, and residential
components. Upstream of the catchment are the foothills of the
Dublin Mountains, which are located to its south. The catchment
is elongated with a steep slope and a quick response to rainfall. Its
area is 1.83 km2, approximately 1.8 km long by 1 km wide and
the average runoff lag time is estimated from recorded thunder-
storms as 39.4 min, and the minimum lag time of any recorded
individual storm event is approximately 20 min. At the time of
this study, the average impervious area covered approximately
25.4% of the total catchment area.

The catchment is drained for the most part by a pre-existing
open channel passing through the center of the catchment, into

Table 1. Simulation Results of Basic Hydraulic Model versus Observed

Period
Storm
event

Peak flow �m3/

Hydraulic
model Measured

Calibration E020822 1.188 0.974

E030117 1.065 0.974

E030208 0.342 0.337

Validation E020808 0.312 0.313

E020813 0.525 0.531

E030124 0.305 0.343

Fig. 5. Three-layer feedforward neural network used for updating
forecasting
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which the new pipe drainage network flows. The Citywest storm-
water drainage system includes below ground pipes and above
ground ponds and channels used to convey stormwater. The mod-
eled network has 309 nodes in total including channels, which
gives 310 connections with a total conduit length of 16.5 km. The
system serves an area of 1.83 km2 with pipe sizes ranging from
225 mm up to 1,200 mm. Rain-gauges and water-level recorders
were installed in the catchment to provide measurements of rain-
fall and to estimate the flows in open channels downstream of the
outlets of the pipes, where small weirs established a stable rating
relationship. Storm events were extracted from the record for
modeling purposes.

Results and Discussions

The hydraulic simulation results and black-box model updated
results are discussed separately, and then compared.

Events at Catchment Outlet

Storm volume �m3�

Difference
�%�

Hydraulic
model Measured

Difference
�%�

+21.9 4,401.3 4,837.0 −9.0

+9.3 11,339.3 12,597.2 −9.9

+1.4 9,411.6 9,462.0 −0.6

−0.3 10,757.7 10,143.6 +6.1

−1.1 2,746.7 3,028.4 −9.3

−11.1 6,248.8 6,628.4 −5.8

Fig. 6. Black-box model simulation on the Hydraulic model output:
�a� calibration; �b� validation
Storm

s�
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Simulation with the Hydraulic Model

The hydraulic model is calibrated and validated using part of the
measured storm data. Moderate to heavy storms were chosen with
rainfall amounts from 5.2 to 13.0 mm per event. A split-sample
technique for model calibration and validation was used. Six
storm events are used in these tests, with three used for calibra-
tion and three for validation. The model was simulated with
2 min time steps.

The hydraulic model parameters, including geometric infor-
mation such as sizes, slopes, and connections of the pipes; and
hydraulic factors such as friction coefficients, etc. have a full
physical meaning and values can be directly given to these pa-
rameters �Willems and Berlamont 1999�. Therefore, in model
calibration, most effort was directed at determining the effective
runoff area for each node and the parameters of the runoff model.
The model was evaluated by comparing the simulation results
with the measured flow in terms of peak flow, event volume, and
hydrograph shape.

The simulation results at the drainage outlet are summarized in
Table 1. These show a generally acceptable agreement between
the hydraulic simulation and the observed storms for all events.
However, they also indicate a consistent trend toward underesti-
mating flow volumes, in particular, for the recession part of the
hydrographs, for example, compare the HYDROWORKS output
with the measured flows in Fig. 6. This may be caused by uncer-
tainties or inadequacies in either the modeling approach and/or
the available data, as previously discussed. For instance, there
may be some leakage of water from the unsaturated soil zone into
the pipe or channel network or it may be due to temporal and
spatial variability of rainfall across the catchment. Regardless
of its origin, it clearly has a deterministic component and so a

Table 2. Results of Black-Box Model Simulation Improvement on
HYDROWORKS at Catchment Outlet

Modela

Calibration Validation

R2 MSE R2 MSE

Base hydraulic
model �HW�

85.29 1.01E+04 83.24 2.72E+03

HW+ANN�32,26,1� 96.76 2.29E+03 85.64 2.33E+03

HW+AR�7� 90.70 6.46E+03 80.18 3.21E+03

HW+ARMA�3,12� 91.53 5.88E+03 80.20 3.21E+03

HW+MA�21� 92.11 5.53E+03 79.68 3.29E+03
aANN�l ,m ,n�, where, l, m, and n represent input, hidden, and output
layer sizes, respectively; AR�p�, MA�q�, and ARMA�p ,q�, where p and
q represent order of autoregressive and moving-average components,
respectively.

Table 3. Lag-1 �2 min� Forecasting Performance

Updating model

Calibration Validation

R2 MSE R2 MSE

Base hydraulic
model �HW�

85.29 1.01E+04 83.24 2.72E+03

HW+ANN�8,12,1� 99.26 5.16E+02 98.45 2.47E+02

HW+AR�4� 99.47 3.67E+02 99.53 7.53E+01

HW+ARMA�3,5� 99.61 2.73E+02 99.49 8.13E+01

HW+MA�0,27� 92.45 5.27E+03 83.37 2.66E+03
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deterministic systems model is added to the hydraulic model out-
put with the expectation that it will improve the overall model
performance.

Black-Box Models Improved Results

Black-box models added to the basic hydraulic simulation model
output were tested in both simulation and real-time forecasting
�updating� modes. As stated earlier, the split sample test is used
for the black-box model calibration. The storm data are divided
into a calibration and a validation set. In calibrating the models,
the CG algorithm �Gill et al. 1981� is used for the ANN model
training �calibration�, whereas the simple least-squares method is
applied to the linear Box-Jenkins models. The overall model per-
formance was evaluated using the Nash and Sutcliffe �1970� R2

efficiency and mean square error �MSE� criteria.

Simulation Mode Operation
For each black-box model, a large number of different orders
were tried. Table 2 presents the results for simulation mode op-
eration of the hydraulic plus black-box models for the best per-
forming model in each class. The addition of any of the black-box
models provided considerable improvement in simulation perfor-
mance in calibration. In validation, however, only the ANN model
improved on the basic hydraulic model output, in terms of R2

efficiency and the MSE criteria. These were calculated by adding
together the contribution from each time step for all events con-
sidered, i.e., as if the events occurred sequentially in time. Fig. 6
compares the simulation hydrographs for the hydraulic model
with and without the ANN model in both calibration and valida-
tion periods. Note that, for the validation period, the improvement
is mainly for the recession and there is more variability in the
shape at the peak. Thus this technique is of little benefit here and
cannot be recommended for simulation mode.

Real-Time Forecasting Mode Operation
In contrast, the real-time �updating� forecasting results are pre-
sented in Tables 3–5 for different forecast lead times. The lead

Table 4. Lag-2 �4 min� Forecasting Performance

Updating model

Calibration Validation

R2 MSE R2 MSE

Base hydraulic
model �HW�

85.29 1.01E+04 83.24 2.72E+03

HW+ANN�8,12,1� 97.65 1.64E+03 95.57 7.07E+02

HW+AR�4� 98.21 1.25E+03 98.67 2.11E+02

HW+ARMA�3,5� 98.70 8.99E+02 98.84 1.87E+02

HW+MA�27� 91.80 5.72E+03 82.98 2.72E+03

Table 5. Lag-15 �30 min� Forecasting Performance

Updating model

Calibration Validation

R2 MSE R2 MSE

Base hydraulic
model �HW�

85.29 1.01E+04 83.24 2.72E+03

HW+ANN�8,12,1� 85.29 1.03E+04 70.03 4.79E+03

HW+AR�4� 88.58 7.98E+03 85.89 2.25E+03

HW+ARMA�3,5� 91.16 6.13E+03 89.06 1.76E+03

HW+MA�27� 87.33 8.84E+03 81.22 3.00E+03
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time is defined as the time from the making of the forecast to the
time at which a forecasted value is expected to occur. It is clear
that all the four black-box updating models performed well with
short lead times. All except the MA model provided considerable
improvement over the nonupdating hydraulic model in both cali-
bration and validation periods for a wide range of lead times.
Tables 3 and 4 show the model performance for lead-times of 2
and 4 min. The three updating procedures, i.e., ANN, AR,

Fig. 7. Performance of updating procedures at different lead times:
�a� calibration; �b� validation

Fig. 8. Two minute lead-time forecasting using black-bo
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ARMA, are a significant improvement on the raw output of the
hydraulic model. Overall, the ARMA model gave the best perfor-
mance for all cases in both calibration and validation, whereas the
MA model had the worst performance among the updating mod-
els. However, the performance of all models declines as the lead-
time increases. This is natural and expected. Table 5 shows that
the AR model updating provides an improvement, over the basic
hydraulic model, for up to at least 30 min �15 time steps�, Fig. 7.
This is significant when compared to the 39.4 min average catch-
ment lag-time and 20 min minimum lag time of any recorded
individual storm event. Thus the updating procedure could pro-
vide substantially improved information for the operational and
automatic control of stormwater drainage systems. Figs. 8 and 9
illustrate the validation forecast hydrographs for storm event of
January 24, 2003 �E030124� for lead times of 2 and 8 min. Only
the nonlinear ANN updating procedure and the best linear model
�ARMA� are shown in Figs. 8 and 9 and are compared with the
raw hydraulic model forecasts. Figs. 8 and 9 show the improve-
ment made by the updating procedures over the entire hydrograph
�peak and recession�. Note that only the updating models track the
measured recession, in particular its later part which decreases
very slowly for this case, possibly augmented by unrecorded in-
flows from minor rainfalls on parts of the catchment far from the
raingauges after the main event. The results also indicated that, as
an updating procedure, the simple linear time series model is as
good as or even better than the nonlinear ANN model in this
study.

Conclusions

In this study, a model combination technique was developed to
improve the performance of hydraulic models for urban drainage
systems using simple black-box models. This technique was ap-
plied to a stormwater drainage system in a small urbanizing
catchment using the HYDROWORKS modeling software pack-
age. Four black-box models were tested as an updating procedure
to improve on the output of the hydraulic model for real-time
forecasting. Updated forecasts were calculated for a range of lead
times and the overall model efficiencies were compared. The ap-

ting procedure coupled with hydraulic simulation model
x upda
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proach can provide improved information for the operational
and real-time control of stormwater drainage systems. It is useful
for small urban catchments and/or for catchments with steep
slopes and with short catchment response times. The approach
could be applied to any urban drainage hydraulic model. Due to
the effects of discontinuous data �i.e., event storms� as well as
the small time-step utilized in the study, relatively large size
black box models were used in both simulation and updating
cases �cf. Tables 2–5�. However, this is acceptable since auto-
matic optimization procedures are used in the model calibration.
In comparison with the two types of model operations �simulation
and updating� using the black-box models, a simple linear model
is sufficient for forecasting updating but a non-linear model is the
best for simulation. This is most likely due to the use of previ-
ously measured flows to define the residuals which are the input
in the updating procedure, while there are no directly measured
flows input to the black-box models in simulation mode. The
following conclusions may be drawn from the study.

The basic hydraulic stormwater drainage system model
performed well in comparison with the observed data at the catch-
ment outlet. All the updating models, except the MA model,
provided a considerable improvement on the overall model effi-
ciency for different lead times. This is due, in part, to the use of
previously measured flows to define the residuals which are the
input to the updating procedure, whereas there are no directly
measured flows used as input to the black-box models in simula-
tion mode. The ARMA updating procedure provided the best
performance in lead-time forecasting in both calibration and vali-
dation, whereas the MA model provided the worst results in this
study. Simple black-box models, used for updating the output of a
physically based hydraulic model in real-time forecasting, are ca-
pable of improving flow forecasts for a wide range of lead times
in urban drainage systems. Either a linear or nonlinear black-box
model may be used for such a purpose. However, in simulation
mode operation, the improvement on model performance was
achieved in calibration by the addition of a black-box model. This
is to be expected, but only the nonlinear ANN model produced a
better R2 and MSE in validation and this reflected an improved
modeling of the recession, but not of the peak flow. Thus, this
method is not recommended when only off-line simulation results

Fig. 9. Eight minute lead-time forecasting using black-bo
are required.
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Notation

The following symbols are used in this paper:
at � an independent, random term;
êt � residual of the hydraulic simulation model output at

time t;
xt � hydraulic simulation model output at time t;
yt � measured discharge at time t;
ŷt � final estimated discharge �updated flow forecasts from

black-box model� at time t;
� j � j=1,2 , . . . , p, are a finite set �order of p� of weight

parameters; and
�i � i=0,1 ,2 , . . . ,q, are a finite set �order of q� of weight

parameters.
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