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Abstract

This paper presents an alternative to distributed inundation models for real-
time flood forecasting that provides fast and accurate medium- to short-term
forecasts. The methodology applies a State Dependent Parameter approach to de-
rive a nonlinear dependence between the water levels measured at gauging sta-
tions along the river. The transformation of water levels depends on the relative
geometry of the channel cross-sections, without the need to apply rating curve
transformations to discharge. The relationship obtained is used to transform wa-
ter levels as an input to an adaptive, variable time lag routing model. The paper
provides an account of the uncertainties involved and describes the conditions
for its application. The approach is illustrated using an 80 km reach of the River
Severn, UK.

1. Introduction

Flood warning systems require accurate water level forecasts over a range of forecast-
ing horizons, from days to hours. The accuracy of the forecast varies with the forecast
lead time. Therefore, the forecast should include not only water level values but also
an assessment of its probable range (i.e., accuracy). Flood forecasting models apply
data assimilation techniques and operate with varying accuracy decreasing with fore-
cast lead times. Even though deterministic forecasts are still in use in some flood
warning systems, real-time adaptive probabilistic forecasts are in increasing demand
(Young 2002, Romanowicz et al. 2006). The on-line updated, stochastic data assimila-
tion model presented in the second paper aimed for the longest possible forecast lead
times. Forecasts for the river reach were combined together in order to prolong the
forecast lead time downstream, thus forming an equivalent to a distributed flood fore-
casting system with the advantage of fast performance and probabilistic forecasts.
However, the applied linear stage routing models were not able to give the same fore-



224

cast quality for both high and low water levels. Among different nonlinear approaches
to flood forecasting, models applying artificial neural networks (NN) have become
popular recently (Park et al. 2005). In particular, NN models allow for online data
assimilation and give probabilistic forecasts (Chen and Yu 2007). The latter authors
applied deterministic, NN based water level forecast and a probabilistic error assess-
ment. The main disadvantage of NN models lies in the complex, non-transparent
model structure. It makes it very difficult to find a physical interpretation of the model
structure and to extrapolate model results to situations not included in the training sets
applied for the model parameters estimation. Following experience gained during the
derivation of stage routing models (Romanowicz et al. 2006, Young et al. 2006), we
propose here an approach which applies both nonlinear transformation of the upstream
stages and an advective time delay being a function of the water level. This approach
allows the nonlinearity of the stage-stage relations to be captured, as well as account-
ing for the varying speed of the wave peak. The approach was tested on the River Sev-
ern, UK, reach between Welsh Bridge and Bewdley.

2. Methodology

The water levels at gauging stations along a river are usually highly correlated but
they also show a nonlinear relationship, resulting from variable channel and floodplain
geometry. Let us consider a river reach between two gauging stations. We shall denote
the water level measurements upstream at discrete time period K as input variable Uy
and water levels at downstream location as an output yx. We want to find the nonlinear
water level transformation between these two locations in order to account for nonlin-
ear channel geometry and other nonlinear processes which influence the flow. The
shape of this nonlinear transformation is derived from the observations at the down-
stream end, using a State Dependent Parameter (SDP) approach (Young et al. 2001).
In order to account for variations of wave celerity, we introduce a varying with water
level advective time delay. A mathematical description of the proposed water level
routing process is as follows:

X =5 0) U s )
Yi =X + &

where h(-) denotes the nonlinear transformation of water levels at the input to the
reach Ui at discrete time period k, derived using SDP approach; & = d(ui) denotes the
delay related to the celerity of the flood wave, or the travel time of the wave peak and
changing with the peak height, and ¢k is a random Gaussian error, usually coloured
with heteroscedastic variance. The schematic presentation of the modelling approach
is shown in Fig. 1.

(1

The SDP relationship is first estimated in a nonparametric (graphical) manner us-
ing CAPTAIN toolbox for MATLAB'" (Taylor et al. 2007), in order to identify its
characteristic nonlinear form, prior to parameterisation and final estimation of this
identified relationship based on suitable parametric forms, such as a combination of
power, exponential and piecewise linear analytical relations or the use of more general
parameterisations, such as radial basis functions (Martin et al. 2003).
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Fig. 1. Schematic representation of State Dependent Nonlinear model for flood forecasting.

It is worth noting that the model (1) is derived off-line. The nonlinear relationship
between the water levels at two cross-sections may change with time, and the travel
time of the wave peak also varies. In order to account for small modelling errors, the
data assimilation procedure is used in the form of on-line adaptive gain. Namely, the
on-line N-step ahead level forecast applies an on-line gain updating based on observa-
tions up to date, using real-time recursive estimation (Young 2002). Therefore, the
forecast equation has the following form:

Yien = G- Reon +ein ()
Here, X, ., is the deterministic N steps ahead water level estimate, obtained from vari-
able delay routing model, and 7,,, is the noise term that represents the error in the

estimation (lack of fit); §, denotes an estimate of adaptive gain gy which is assumed

to vary stochastically as a Random Walk (RW) process with variance hyper-parameter
gk associated with the stochastic input to the RW model. With this assumption, the
gain g can be estimated in real-time using the scalar Recursive Least Squares (RLS)
algorithm (Young 1984), conditioned on the observations up to time K. In calibration,
we use the minimisation of N-step-ahead forecast error as the optimisation criterion
for the gain hyper-parameter gx. The 0.95 confidence bounds of the N-step ahead fore-
cast are identified using a Monte Carlo based estimation technique (Romanowicz and
Beven 2006).

The procedure for developing an on-line SDP-based flood forecasting model for
two neighbouring gauging stations is as follows:

1. Estimate the relationship between the height of the wave peak upstream and the
travel time $ required for that peak to reach the downstream station.

2. Determine the nonlinear transformation for the relationship (Eq. 1) between the
water levels using an SDP approach.

3. Parameterize the obtained function using, e.g., radial basis functions.

Derive hyper-parameters for on-line updating of the forecast gain and 0.95 con-
fidence bounds for the N-step ahead forecast.

3. Introducing the nonlinear water level transformation:
River Severn case study

We apply the proposed approach to the River Severn reach, U.K., between Welsh
Bridge and Bewdley. There are available 15 min water level measurements at Welsh
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Bridge, Buildwas, Bridgnorth and Bewdley obtained from the UK Environment
Agency, Midlands Region. This study of the River Severn was chosen as a develop-
ment of the previous work (Romanowicz et al. 2006). We applied an SDP estimation
approach to water levels at the three sub-reaches listed above for a period 1998-2000.
The resulting nonlinear function for Welsh Bridge-Buildwas reach is shown in Fig. 2.
The relationship was obtained assuming that the delay o for each station is constant
and corresponds to the maximum peak wave travel time. The figure presents the
nonlinear function h(.) from Eq. (1); dotted lines show 0.95 confidence bounds. These
confidence bounds are estimated based on the parametric uncertainty of SDP method.
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Fig. 2. SDP function for water level relationship between Welsh Bridge and Buildwas; dotted
lines present 0.95 confidence bounds, based on the uncertainty estimates of the nonparametric
nonlinear regression model (1).

The comparison of wave peak travel time for different gauging stations indicates that
flood wave celerity depends not only on location but also on water levels. Lekkas and
Onof (2005) showed that celerity increases with increase of water depth in the
channel, which results in a decrease in delay times. However, where inundation of the
flood plain occurs, we observe the opposite effect, namely, the delay for high flood
peaks is much larger than the delay for low peaks. This effect is illustrated in Fig. 2,
which shows the relationship between the travel times and water levels for the sub-
reach between Welsh Bridge and Buildwas, derived using 15 min data for the years
1998-2000.

There is a scatter of points showing varying travel times for the water levels at
Welsh Bridge between 1 and 3 m and a better defined relationship for the levels above
3 m. At the higher stages this relationship depends on the dynamics of out-of-bank
flow along the whole river reach between Welsh Bridge and Buildwas. Figure 3
indicates that the delay in Eq. (1) should vary depending on the input water level in
order to improve the SDP model fit. The results of the analysis of the relationships
between travel times for all four gauging stations are summarised in Table 1. Table 1
also shows the threshold water levels corresponding to the changes in time delays
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from the minimum to maximum values, as illustrated in Fig. 3 for the Welsh Bridge to
Buildwas case.

70

goL ... e. vt ... . |
ol . e |
a0+ . e : .., . i

o}

delay at Buildwas [15 min]

20_ ... - . * - - n

1 1 1 1 1 1
1 15 2 24 3 35 4 45 al 4.5
water level at Welsh Bridge [m]

Fig. 3. Relationship between wave peak travel times (no. of 15 minute time steps) and water
levels at Welsh Bridge (1998-2000) for the Severn reach between Welsh Bridge and Buildwas.

Table 1

Minimum and maximum travel times for each of the sub-reaches and corresponding
water levels at the upstream gauging stations (Welsh Bridge, Buildwas
and Bridgnorth, respectively)

Min time | Water level | Max time | Water level
[h] [m] [h] [m]
Welsh Bridge — Buildwas 8 2 14 3.5
Buildwas Bridgnorth 3 3.5 5 5
Bridgnorth — Bewdley 4 1.7 6 3.5

The flow (level) routing process in an open channel combines the processes of advec-
tion (translation of the wave in time) and dispersion which, in text book cases, leads to
attenuation of the flood peak. Under over-bank flow conditions, the energy balance in
the reach is influenced by local velocities, secondary flows, momentum transfer, and
interface vortices between channel and flood bank and boundary shear stress (Knight
et al. 1989). In this particular research, no attempt is made to model such effects ex-
plicitly. Instead the complex interactions between water level and flood wave dis-
charges are taken into account through the nonlinear transformation of the input water
levels to deal with the momentum loss of the wave and the (possibly complex)
changes in cross-section geometry and storage along the river reach. Therefore, as
shown in Fig. 2, this transformation can result in a downstream response with a higher
relative change in water levels (an increase in gain at higher flows), especially at man-
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made structures or other constrictions, as well as the textbook downstream attenuation
of the flood peak.

The application of the proposed methodology to the River Severn reach between
Welsh Bridge and Bewdley resulted in improved on-line water level forecasts. Table 2
presents the results of validation of the models on 2002 flood event based on the
model (1), with the variable transport delay (travel time) as given in Table 1. In Table
2, forecast success is reported in terms of the percentage of the output variance ex-
plained by the forecast Ry =1-o07, /o, , where oy and o, denote the variances of N

step ahead forecast error and observed water level, respectively and Root Mean
Square Error (RMSE).
Table 2

The goodness of fit R? and RMSE criteria for the validation stage of on-line forecasts
for the 2002 flood event

River Severn Reach Lead time [h] Ri [%] | RMSE [m]
Welsh Bridge — Buildwas 8 99.45 0.106
Buildwas — Bridgnorth 3 99.93 0.038
Bridgnorth — Bewdley 4 99.76 0.054
Buildwas — Bewdley 7 99.65 0.067
Welsh Bridge — Bridgnorth 11 98.81 0.117
Welsh Bridge — Bewdley 15 98.65 0.129
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Fig. 4. Validation of SDP based, variable time delay model: 11-hour-ahead forecast for the
Bewdley, November 2002 event, with on-line updating of the forecast gain (99.22% of output
variation explained).
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Since a nonlinear SDP transformation is applied to the upstream water levels at
each sub-reach, the forecasts can be prolonged, as in Romanowicz et al. (2006), by
using the forecast upstream instead of measurements. Obviously, the quality of the
forecasts decreases with the increase of the lead time. The last three rows of Table 2
show the goodness of fit obtained after combining the individual reach forecasts.
Therefore, the Bewdley forecast may be extended to a maximum 11 hours when the 5-
hour-ahead forecast for Bridgnorth is used, and up to a maximum of 25 hours when
using the 19-hour-ahead forecast for Bridgnorth. The maximum lead times shown in
brackets correspond to the wave peak time travel. Figure 4 shows the 11-hour-ahead
validation forecast for Bewdley based on forecasts for the Buildwas-Bridgnorth-
Bewdley reaches, together with 0.95 confidence bounds.

4. Conclusions

We have shown that a high precision on-line forecast can be obtained from a simple,
easily implemented, and transparent on-line data assimilation system, based on a
nonlinear transformation of water level observations upstream and advective time
delay varying with input water levels. The approach requires a wide range of input and
output data to give robust predictions. From this point of view it resembles a neural
network approach. However, in contrast with neural network models, the approach
presented here is more straightforward and gives the possibility of generalisation of a
nonlinear relation between water levels depending on river channel geometry. This
generalisation is the subject of ongoing work.
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