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Abstract Several studies have observed that neural network models will often produce phase-shift
errors or timing lags in their output results. This paper investigates a potential solution to the timing
error problem through the application of a procedure first applied in sunspot prediction. This procedure
was applied to two neural network hydrological forecasting models for the River Ouse, in northern
England, using a neuro-evolution toolbox. Models were optimised on a combination of root mean
squared error and a timing correction factor. The application of this correction procedure produced
timing improvements of up to about six hours on average over shorter forecasting horizons, whereas
longer horizons showed little or no overall improvement in timing. The correction procedure also
produced improved lower-magnitude estimates at the expense of higher-magnitude events over shorter
forecasting horizons and, more significantly, improved higher-magnitude estimates at the expense of
lower-magnitude events over longer forecasting horizons.

Key words rainfall-runoff modelling; hydrological forecasting; neural networks; timing errors; River Ouse

Procédure de correction des erreurs temporelles appliquées a la modélisation
pluie—débit par réseaux de neurones

Résumé Plusieurs études ont constaté que les modeles a base de réseaux de neurones générent souvent
des erreurs de glissement de phase ou des décalages temporels dans leurs simulations. Cet article étudie
une solution possible au probléme de I’erreur temporelle a travers la mise en ceuvre d’une procédure
initialement appliquée a la prévision des taches solaires. Cette procédure a été appliquée a deux modéles
de réseaux de neurones de prévision hydrologique de la Riviére Ouse dans le nord de I’Angleterre, a
I’aide d’une boite a outils de neuro-évolution. Les modeles ont été optimisé€s grace a une combinaison
de I’erreur quadratique moyenne et d’un facteur de correction temporelle. La mise en ceuvre de cette
procédure de correction a permis d’améliorer les ajustements temporels pour de courts horizons de
prévision, allant jusqu’a environ six heures en moyenne; tandis que peu ou pas d’amélioration générale
n’est permise pour des horizons plus longs. La procédure de correction a également permis d’améliorer
les estimations pour des événements de plus faible amplitude au détriment de ceux de plus grande
amplitude sur des horizons de prévision plus courts et, de maniére plus significative, pour des
événements de plus forte amplitude au détriment de ceux de plus faible amplitude sur des horizons de
prévision plus longs.

Mots clefs modélisation pluie—débit; prévision hydrologique; réseaux de neurones; erreurs temporelles;
Riviere Ouse

1 INTRODUCTION

The last decade has witnessed a virtual explosion in neural network (NN) modelling
activities. It is readily apparent from the increasing volume of case studies and
specialist subject reviews that the development of data-driven solutions based on the
use of neural tools is being tested in many sectors of science and engineering.
Numerous extended summaries and reviews exist and the interested reader is referred
to the following: Maier & Dandy (2000) on the hydrological sciences; Gardner &
Dorling (1998) on the atmospheric sciences; Adeli (2001) on civil engineering;
Bulasari (1994) on process engineering; Vanluchene & Sun (1990) on structural
engineering; and Bhadeshia (1999) on materials science. The widespread development
of commercial and industrial applications has also been reported (e.g. Refenes &
Azema-Barac, 1994; Wong et al., 1997; Wong & Selvi, 1998; Meireles et al., 2003).

Open for discussion until 1 December 2007 Copyright © 2007 IAHS Press



Timing error correction procedure applied to neural network rainfall-runoff modelling 415

Neural networks are now established as recognised tools that offer efficient and
effective solutions for modelling and analysing the behaviour of complex dynamical
systems. Time series forecasting has been a particular focus of interest. Hydrological
time series applications include: rainfall-runoff modelling and river flow forecasting
(ASCE, 2000; Dawson & Wilby, 2001; Campolo et al., 2003; Huang et al., 2004;
Senthil Kumar et al., 2005; Hu et al., 2005; Keskin et al., 2006); groundwater level
prediction (Giustolisi & Simeone, 2006); sediment estimation (Abrahart & White,
2001; Nagy et al., 2002; Kisi, 2004, 2005; Bhattacharya et al., 2005); and ice forecast
(Shouyou & Honglan, 2005); other time series applications include ozone level
prediction in the atmospheric sciences (Cannon & Lord, 2000; Heo & Kim, 2004) and
sunspot number prediction in solar physics (Weigend et al., 1992).

Neural network modelling is about the production of operational solutions. The
principal goal is somewhat different to that which underpins the development of con-
ceptual or distributed models. The latter mechanisms are based on realistic processes and
are intended to extend our existing level of hydrological knowledge (Wilby & Davies,
1997; Wagener & MclIntyre, 2005). In contrast, NN modelling generally seeks to
develop functional tools that can produce more accurate outputs and more reliable
timings and warnings of hazardous flood events. The need to obtain accurate timings
under extreme conditions is critical in operational management and decision making
activities to ensure that a suitable warning period is provided in which the authorities can
implement their protection or evacuation procedures. Timing errors nevertheless appear
to be a common problem in most NN rainfall-runoff forecasting models. This technical
issue must be resolved if such tools are to be transferred into an operational setting.

The calibration and assessment of most hydrological modelling solutions is based
on global measures of “explained variance” or “statistical error”. These global statis-
tics are intended to provide a limited assessment of the agreement between simulated
outputs and recorded observations, measured either in terms of some overall level of
“goodness-of-fit”, or on the “strength of a model to replicate the shape of a particular
time series plot”. The broad nature and ineffectual power of such measures to discrimi-
nate between different potential solutions presents a challenge for the modeller.
Wagener et al. (2003) highlighted the deficiencies of such measures in their plot of
seven different model outputs that had similar statistical evaluations. Such statistics are
also acknowledged to be somewhat insensitive to small temporal shifts in the predicted
output (Beran, 1999; Hall, 2001). To develop operational solutions on measures that
possess temporal insensitivities is therefore problematic and could deliver forecasts
that are incorrect with respect to the timing of higher-magnitude events. This can have
serious and expensive consequences, i.e. high-magnitude flood events can inflict
massive damage and lead to possible loss of life.

This paper explores the potential benefits of applying a timing error correction
procedure to a NN rainfall-runoff model. The procedure was implemented in a neuro-
evolution toolbox and is based on a method developed to correct for timing lags in the
output forecasts of a sunspot prediction model (Conway et al., 1998). Neuro-evolution
involves using a genetic algorithm to train an artificial neural network and the correc-
tion procedure is applied as an integrated part of the training and optimisation process.
Experiments were conducted on two NN rainfall-runoff models for the River Ouse in
northern England. The rest of this paper is organised as follows: Section 2 contains a
review of published material on neural forecasting related to lag error and lag error
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correction procedures. Section 3 introduces the catchment and its winter period data
sets. Section 4 describes the neuro-evolution toolbox that was used to investigate the
effects of the timing lag error correction procedure. The modelling scenarios are
explained in Section 5 with results reported and discussed in Section 6. Section 7
provides concluding remarks and suggested directions for future research.

2  EARLIER INVESTIGATIONS
2.1 Hydrological modelling

The NN timing error problem has been identified in several reported hydrological
forecasting applications (de Vos & Rientjes, 2005, 2007). This problem is illustrated in
Fig. 1, where model output forecasts are shifted forwards, i.e. the forecasts appear to
be “advanced”. From a review of the literature, it is evident that most NN hydrological
modellers have not addressed the difficult problem of timing error with the exception
of a few studies. For example, Minns (1998) observed a phase shift error in forecasting
outputs when antecedent discharge values were the only inputs used to forecast present
discharge. However, models developed using discharge and rainfall inputs were not
observed to exhibit phase shift errors. From a physical point of view, it was argued that
a solution based on discharge data sets would contain no positive or negative rainfall
drivers. The model is therefore forced to weight the last known discharge value(s) to
produce its outputs. Varoonchotikul (2003) proposed a method that could be used to
suppress phase shift error in a NN rainfall-runoff model based on the First Difference
Transfer Function (FDTF: Duband et al., 1993). FDTF is developed from the unit
hydrograph and provides an initial forecast of future discharge which is then used as
another input to the NN. The inclusion of this “forward shift operator” was observed to
produce accurate results with no phase shift errors. The neural solutions had no rainfall
inputs but rainfall records were used to develop the forward shift operators thus
ensuring that rainfall controls were not absent in the model. De Vos & Rientjes (2005)
identified two potential sources of timing error: (a) autoregressive components related

Actual ------- Predicted ‘

Level [m]

1 11 21 31 41 51 61
Time

Fig. 1 Plot of actual vs predicted water levels showing the timing error or lag effect.
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to the selection of certain input variables; and (b) optimisation procedures that used a
specific objective function, viz. root mean squared error (RMSE). It was suggested that
autoregressive components dominated the NN rainfall-runoff model and that other
important inputs, such as rainfall, had less influence on the model output. The authors
conducted a series of rainfall-runoff experiments in which different input variables
were used to examine the effect of strong autocorrelation on the model outputs in
terms of both timing and overall fit. The best result was obtained when a combination
of different inputs was used that provided a more comprehensive hydrological
description of “catchment state”.

2.2 Sunspot modelling

Conway et al. (1998) implemented a NN timing error correction procedure using a
neuro-evolution process that combined a “squared-error” performance measure with a
“fixed weight” multiplier; the computed error for solutions that had time lags were
multiplied by a factor of 500. Earlier research had shown that NNs were able to
outperform recognised sunspot prediction models when evaluated in terms of RMSE.
From closer inspection, however, it was determined that neural solutions with the
lowest prediction scores were not able to predict important features at the correct
moment. This was referred to as the “delay effect”. To correct for this problem the
predictions were time shifted against the actual data set and the error recalculated for
each time shift. This established at which particular time shift the average effect across
all points in the data set was minimised. This can be visualised by imagining a graph in
which the model output curve is moved along the time axis until it corresponds most
closely to the actual data set. This was referred to as the “time-shift function”:
1 N-t

2 = P-0._Y) 1
Tz N_T;(l l+‘r) ()

where 7 is the time shift, P is the predicted value and O is the observed value summed
over N points which comprises the full time series data set. However, the results of
applying the correction factor showed that the lag error was corrected at the expense of
an increased RMSE, with the occurrence of this problem being attributed to the
development of solutions based on RMSE. This paper will report the results of a
neuro-evolution investigation in which the “time-shift function” has been applied to
NN rainfall-runoff modelling. The investigation was designed to discover the effect of
the correction factor on timing error in two rainfall-runoff models and sought to repeat
the experimental procedures of Conway et al. (1998). A similar investigation has been
undertaken by de Vos & Rientjes (2007) for the River Geer.

3 THE STUDY AREA

The River Ouse catchment, in North Yorkshire, comprises three main rivers: the
Swale, Ure and Nidd (Fig. 2). This river basin contains an assorted mix of urban and
rural land uses. The catchment contains one main point of concentrated development
which is prone to flooding—the City of York. There is an established precedent for
hydrological modelling experiments to be performed on data sets related to the
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Fig. 2 River Ouse catchment showing tributaries and measurement stations.

Table 1 Hydrological statistics for the River Ouse at Skelton (Station no.: 027009).

For 2001 For record
preceding 2001

Mean flow (m® s™) 48.640 - 49.760 -
Lowest yearly mean (m’ s™) - - 29.860 1975
Highest yearly mean (m® s™) - - 81.410 2000
Lowest monthly mean (m® s™) 9.151 Jul. 4.361 Aug. 1995
Highest monthly mean (m® s™) 124.800  Feb. 239.200 Nov. 2000
Lowest daily mean 6.657 12 Sep. 3.694 23 Aug. 1995
Highest daily mean 378.900 8 Feb. 609.000 5 Jan. 1982
10% exceedence 107.600 - 125.000 -
50% exceedence 33.600 - 26.790 -
95% exceedence 7.845 - 7.347 -
Annual total (x10 m®) 1534.00 - 1570.00 -
Annual runoff (mm) 463 - 474 -
Annual rainfall (mm) 840 - 914 -

(1961-1990 rainfall average 900 mm)

Source: National River Flow Archive (http://www.nwl.ac.uk/ih/nrfa/).

gauging station at Skelton (Station no.: 027009; Grid Ref.: SE 568 554) situated 5.5
km upstream of York; this catchment’s discharge has been simulated on a number of
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different occasions using a distributed rainfall-runoff model (Kuchment et al., 1996)
and a series of fuzzy logic and NN forecasters (See & Openshaw, 1999, 2000;
Abrahart & See, 2000, 2002; Dawson et al., 2006). This gauging station forms the
basis for operational decisions that are made with respect to York. It has a downstream
location, far from the headwaters, with an upstream catchment area of 3315 km?. The
river at this point is considered to possess slow rates of change. The catchment is
responsive to rainfall and a set of comprehensive catchment parameters are provided in
Table 1. More detailed physiographic and hydrographic information can be found in
relevant reports (Jarvie ef al., 1997; Law et al., 1997). The current operational models
are run on a 2-h basis around the clock and used to produce forecasts with a 24-h lead
time. Such models use state updating procedures and error correction routines to
improve their forecasts. Even though forecast lead times extend to 24-h, it is normal
for the flood warning decision making process to be based on an 8-h lead time,
although there is pressure at Skelton to provide longer lead-time forecasts due to the
slow rise of the river and the complexities and seriousness of the risk for York.

The models that are reported in this paper were developed to predict the river level
at Skelton (Q) for lead times of 6 and 24 h using data from three upstream gauging
stations at Crakehill (US1), Skip Bridge (US2) and Westwick (US3), and five rain-
gauges at Tow Hill (RG1), Arkengartdale (RG2), East Cowton (RG3), Osmotherly
(RG4) and Malham Tarn (RG5). The data used were at a 6-h resolution and had been
distributed as part of an earlier modelling intercomparison contest (Dawson et al.,
2005). Three independent winter period data sets were available. Each set ran from
1 October—31 March. The training/calibration data set consisted of historical records
for the winter period 1993/94. The other two data sets covered the winter periods of
1994/95 and 1995/96. Input lags were correlated against outputs to determine the
optimal set of forecasting variables based on the training data set. The selected inputs
for the 7+6 model were as follows: US1y, US27, US316, RGl704, RG27.04, RG37.04,
RG47.30, RG5724 and Qr; inputs for the 7424 model were: US1y, US27, US37, RG11s,
RG276, RG316, RGAr.12, RG516 and Qr. Table 2 contains the correlation coefficients
of the inputs for both lead times. Some raingauges did not have very high correlations
but were included to provide maximum information content to the neural network
models. No moving average inputs were used to provide compounded antecedent
memories.

Table 3 provides a statistical description of the different data sets. The two test
data sets are observed to exhibit dissimilar properties in terms of their statistical distri-
butions. The second data set, which covers the drought winter period 1995/96, is more
skewed and more peaked. It also contains the lowest maximum and minimum values
and exhibits reduced overall levels of variation throughout the period. This region
experienced an 18-month drought that lasted from April 1995 to September 1996. It

Table 2 Correlation coefficients for each of the nine input variables listed in Table 3 in relation to the
output for four lead times.

Leadtime USI  US2  US3 RGI RG2 RG3 RG4 RG5 Q(m)

(m) (m) (m) (mm)  (mm) (mm) (mm) (mm)
6h 0.9314  0.9272 0.9370 0.4760 0.4184 02319 0.1955 0.4650 0.9748
24h 0.7266  0.7734  0.8188 0.4764 04271 02337 0.1968 0.4655 0.7778
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Table 3 Statistical description of winter period hydrometeorological data sets.

Inputs Usl US2 US3 RGl RG2 RG3 RGA RG5 Q
m (m (m (mm) @mm) (mm) (mm) (mm) (m)

Maximum 1993/94 426  3.89 1.89  61.60 36.80 52.00 60.80 7520 5.00
1994/95 5.09 423 324 10480 3840 4240 4320 79.20 5.75
1995/96 4.00 2.89 1.29 40.80 40.80 7120 71.20 64.80 4.12

Minimum 1993/94 032 052 021 0.00 0.00 0.00 0.00 0.00 0.63
1994/95 024 046 0.18 0.00 0.00 0.00 0.00 0.00 0.52
1995/96 0.18 037 0.13 0.00 0.00 0.00 0.00 0.00 0.40
Mean 1993/94 1.04 1.17  0.61 342  1.96 147 221 4.56 1.84
1994/95 1.18 1.30  0.70 391 231 .73 2.18 6.15 2.04
1995/96 0.57  0.61 0.37 142 0.89 1.42 1.49 1.44 1.00
St. Dev. 1993/94 0.79  0.68 0.32 7.79 495 515  6.58 9.76 0.99
1994/95 096 0.77 037 9.07 5.11 532 596 11.85 1.11
1995/96 0.50 031 0.21 428 3.06 5.71 5.58 5.04 0.61
Skewness 1993/94 1.77 136 0.95 351 3.69 533 478 326 0.84
1994/95 1.78 1.45 1.93 533 349 414 391 298 0.97
1995/96 3.65 3.76 1.86 494 6775 804 736 6.36 2.28

Kurtosis 1993/94 295 1.17 0.84 1483 1569 33.67 2761 13.06 0.05
1994/95 305 188 800 41.07 1503 18.68 1686 1028 0.54
1995/96  16.77 19.56 379 2959 61.59 80.62 6730 54.14 623
Coef. of 1993/94  0.62 047 0.10 60.65 2447 2650 4330 9520 0.9
variation 1994/95 091 059 0.13 8233 26.13 2827 3548 14047 1.22
199596 025 0.0 005 1828 937 3258 31.09 2544 038

was the third worst summer-winter-summer drought on record since 1881 and has been
classified as a 40-year event (Fowler & Kilsby, 2002). The proposed solution will thus
be tested on a normal winter period data set that had a similar information content
(1994/95) and the drought winter period (1995/96). These two winter data sets are
referred to as Test 1 (1994/95) and Test 2 (1995/96). To avoid potential bias related to
recorded values and measurement units the selected input and output variables were
standardised to a common range [0.1-0.9].

4 THE NEURO-EVOLUTION TOOLBOX

The forecasting experiments reported in this paper were conducted using the neuro-
evolution software package JavaSANE v1.2 (Matuszek, 1998). This program com-
prises a dedicated implementation of the powerful Symbiotic Adaptive Neuro-
Evolution (SANE; Moriarty & Miikkulainen, 1997) algorithm which is based on the
concept of “cooperative co-evolution” (Horn et al., 1994; Potter, 1997). It differs from
traditional neuro-evolution methodologies in that it evolves a population of neurons as
opposed to a population of networks. No individual neuron can perform well on its
own so each neuron is tasked with establishing connections with other neurons in the
population to develop an optimal solution. Further details on JavaSANE and a
comparison against a traditional back-propagation gradient descent mechanism with
application to hydrological modelling can be found in Dawson ef al. (2006).
JavaSANE works on a fixed topological structure that is set at the start of the model
development process. The mechanisms of mutation, crossover and selection are used to
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evolve several different types or specialisations of hidden neuron. The software package
contains important modifications to the cooperative co-evolution method for specifically
evolving neurons into a viable NN solution. The principal modification is concerned
with the mechanics of keeping records or “blueprints” in which the most effective com-
binations that occurred within the current population of neurons are stored. The neurons
are then combined with one another based on past performance of the models in which
the neurons appeared. Two populations are therefore maintained and evolved: a popula-
tion of neurons and a population of network blueprints. The evolution of neurons thus
searches for effective partial solutions, which are combinations of neurons that perform
well together, whereas the evolution of blueprints searches for effective combinations of
the partial solutions. Partial solutions are evaluated at the individual neuron level by
summing the five fitness functions from the five best performing networks in which a
given neuron was located. Full details on the source code and related publications are
available at: http://nn.cs.utexas.edu/pages/software/abstracts.html#javasane.

5 THE MODELLING SCENARIOS

Neural network models were evolved for lead times of 6 and 24 h using a population
size of 200. Models were developed both with and without the timing correction
procedure and their outputs were compared. Solutions were developed on the training
data set and tested on the two independent data sets: Test 1 and Test 2. No cross-
validation data sets were required since evolution-based methods tend towards the
production of a sub-optimal population of acceptable members, i.e. overfitting is
avoided as tested and confirmed in Dawson et al. (2006).

The number of inputs and outputs were fixed in the initialisation process and were
set in a configuration file. The default search space maximums were: population of
hidden neurons = 1000; number of introduced networks per generation = 100; number
of iterations to completion = 200. The best solution was selected from amongst 10
model runs generated on the training data set based on an assessment of RMSE, as this
was the evaluation measure used by the evolutionary toolbox. Each NN contained one
hidden layer with six hidden neurons. This configuration is identical to that which was
used to provide a set of representative results in the initial sunspot prediction experi-
ments. In parallel with the earlier experiments, each hidden neuron in the current
experiments contained a nonlinear transfer function. However, in contrast, the output
neuron in the current experiments contained a nonlinear sigmoidal transfer function,
whereas in the earlier experiments the output neuron contained a linear transfer
function (Conway, personal communication). This issue raises concerns about the
extent to which the sunspot prediction model was capable of representing strong
nonlinear processes. Conway et al. (1998) reported results for a correction multiplier
of 500 applied to models developed on RMSE in combination with the correction
factor. Trial-and-error experimentation was undertaken, varying the correction factor
from 0.1 up to 1000, with a value of 500 producing the best results. This reported
correction process is henceforth referred to as CCF500 and is consistent with that used
in Conway et al. (1998).

Two models were first developed in a standard manner on RMSE. The code was
then modified to perform a timing error test and score. RMSE was computed between
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the predicted and observed values at time ¢ and for various time lags Az for five
forward time steps and five backward time steps that spanned the period 7-5 to 7+5.
The computed differences that produced the best objective function statistic provided
the timing error score for that model. If a timing error was not detected, i.e. no lag was
evident, no fixed multiplier was applied. However, if timing errors were discovered as
part of the training process the computed target function error statistic for that model
was multiplied by 500.

Model performance was assessed on the basis of six standard performance
measures: mean absolute error (MAE), root mean squared error (RMSE), mean
absolute relative error (MARE), mean squared relative error (MSRE), coefficient of
efficiency (CofE) and the coefficient of determination (RSqr). These evaluation
measures were calculated using the HydroTest website: http://www.hydrotest.org.uk
(Dawson et al., 2007). Timing error of peak prediction was also calculated as the
average value in hours computed over all storm events (TEoPP).

6 RESULTS AND DISCUSSION

Table 4 contains performance statistics for the 7+6 and 7+24 models that were
optimised on RMSE both with and without the application of CCF500.

The CCF500 7+6 model revealed improved TEoPP. HydroTest training period
statistics for the two 746 models were similar but the CCF500 model nevertheless
obtained a superior score on each metric, in particular on MARE and MSRE. The
standard model performed better in four out of six cases on Test 1 (normal winter
period), although the CCF500 model produced better scores on Test 1 for MARE and
MSRE. The CCF500 model was the outright winner on Test 2 (drought winter period)
and the strongest improvements were again in terms of MARE and MSRE. The results
reflect the fact that certain measurement metrics are more sensitive to the smaller
errors that occur at lower levels. The correction mechanism in the case of 7+6 has

Table 4 Test statistics for models developed on RMSE with and without CCF500.

MAE MARE RMSE MSRE CofE RSqr TEoPP

T+6  Training STD 0.1603  0.0958 0.2221 0.0150 09502 0.9513 3.6
CCF500 0.1426 0.0742 0.2144  0.0099 09536 0.9550 1.6

Testl  STD 0.1712  0.0917 02441 00154 09512 09512 53
CCF500 0.1778 0.0792 02789  0.0116 09362 0.9388 0.0

Test2  STD 0.1368 0.1605 0.1946  0.0401  0.9000 0.9120 7.2
CCF500  0.0987 0.1030 0.1674  0.0204 09260 0.9443 1.2

7424 Training STD 02963 0.1515 04456  0.0401  0.7998 0.8045 7.7

CCF500 0.3061 0.1684 0.4451 0.0506  0.8003 0.8041 7.7

Test 1 STD 03576 0.1723  0.5243 0.0477  0.7736  0.7936 6.5
CCF500 0.3214 0.1740 0.4508 0.0516  0.8327 0.8359 6.5

Test 2 STD 0.1875 0.2062 0.2644  0.0750  0.8150 0.8405 6.0
CCF500 0.2270 0.2817 0.2890  0.1370  0.7790 0.8427 6.0
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produced improved lower-magnitude estimations which are evident in the relative
error statistics for Test 1 and in the overall statistical results for Test 2. It is also the
case that no comprehensive improvement was observed, which implies that the power
to provide better forecasts at lower magnitudes had a related cost in terms of an
associated degradation in higher-magnitude outputs.

The CCF500 7+24 model produced identical TEoPP. HydroTest statistics for the
two 7124 models, as expected, indicated poorer overall performance in relation to their
T+6 model counterparts. In general, the CCF500 model performed better in terms of
absolute error measures while the standard model performed better in terms of relative
errors. The CCF500 model performed better in four out of six cases on Test 1 (normal
winter period), and the standard model produced better relative error metrics for
MARE and MSRE. The standard model was the outright winner in terms of five out of
six metrics on Test 2 (drought winter period), the exception being RSqr which is
biased towards the evaluation of higher-magnitude events. The pattern of results for
T+6 has thus been reversed in the case of 7+24; the correction mechanism has produced
improved higher-magnitude estimates at the expense of lower-magnitude outputs.

Time series plots for full winter period data sets and selected events are provided
in Figs 3—6. Each diagram contains plots of observed level data sets and model output
runs for models developed both with and without CCF500. Identical labelling is used
throughout for the identification of: (a) the training data set; (b) Test 1; and (c) Test 2.

Figure 3(a) is a plot of the entire training data set for 7+6. This shows that the
result of the correction mechanism has been to further underestimate the highest peaks
compared to the standard model. Mid-level peaks in both models exhibit mixed results
with some overprediction and some under-prediction having occurred. However,
improvements in model prediction can be seen at the lowest levels where magnitudes
were generally overpredicted in the standard model. The behaviour for the Test 1 and
Test 2 data sets is similar (Fig. 3(b) and (¢)).

Figure 4(a) contains a selection of events related to the training data set for 7+6.
Examination of the hydrographs reveals that peak flow timing error has been corrected,
and thus tallies with the reduction of TEoPP that is reported in Table 4. This plot also
highlights the full extent to which the reported underestimation of the peaks has
deteriorated in relation to the standard model. Mid-level peaks, in common with the
rising and falling limbs, are observed to be less well adjusted. However, there is a
trade-off in using this procedure: improved lower-magnitude forecasts have been
achieved at the expense of higher-magnitude outputs. Moreover, since higher-
magnitude and lower-magnitude outputs have both been reduced, the question is
whether the correction mechanism has simply lowered the overall forecast magnitudes.
The behaviour for the two test data sets is similar to that observed for the training data
set (Fig. 4(b) and (c)). This impact of the correction procedure at 7+6 in terms of
timings and magnitudes is as expected and thus supports the earlier findings.

Figure 5(a) is a plot of 7424 for the entire training data set. In this case the
correction mechanism has caused a substantial improvement in the level of under-
estimation of the highest peaks relative to the standard model. Once again mid-level
peaks in both models exhibit mixed results with some overprediction and some under-
prediction having occurred. However, this time the lowest levels have been
overpredicted in contrast to what occurred at 7+6. The behaviour for the Test 1 and
Test 2 data sets is similar (Fig. 5(b) and (c)). Figure 6(a) contains a selection of events
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Fig. 3 Full data set plots of actual levels and predicted levels for 746 with and without
CCF500: (a) training (Oct. 1993—Apr. 1994); (b) Test 1 (Oct. 1994—Apr. 1995); and
(c) Test 2 (Oct. 1995—Apr. 1996).
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Fig. 4 Selected event plots of actual levels and predicted levels for 7+6 models
developed with and without CCF500: (a) training (1994/02/23 12:00 to 1994/03/30
12:00); (b) Test 1 (1995/01/27 06:00 to 1995/02/26 06:00); and (c) Test 2 (1996/02/03
18:00 to 1996/02/08 18:00).

Copyright © 2007 IAHS Press





















