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Abstract. This paper compares event-based and continuousnoisture state of a catchment is the consequence of the past
hydrological modelling approaches for real-time forecastingsequence of meteorological conditions. The initial moisture
of river flows. Both approaches are compared using a lumpedaonditions at the beginning of a rainfall event have a major
hydrologic model (whose structure includes a soil moistureinfluence on a catchment’s hydrological response. Therefore
accounting (SMA) store and a routing store) on a data set othe set-up (as defined Befsgaard and Henriksep004) of
178 French catchments. The main focus of this study wasa hydrological model requires choosing the initial conditions.
to investigate the actual impact of soil moisture initial con- Depending on how this is done, hydrological models will be
ditions on the performance of flood forecasting models andcategorized asontinuousor event-based
the possible compensations with updating techniques. The The initialization through a continuous approach consists
rainfall-runoff model assimilation technique we used doesjn running the model during swarm-upperiod in order to
not impact the SMA component of the model but only its |et the model states reach values that no longer depend on
routing part. Tests were made by running the SMA store con-grpitrarily chosen initial values. The duration of this warm-
tinuously or on event basis, everything else being equal. The,; gepends on the catchment (its memory of past conditions)
results show that the continuous approach remains the refang on the model and may last a few montiggnidis and
erence to ensure good forecasting performances. We showras 19808. A climatic cycle (i.e., one year) is often used,
however, that the possibility to assimilate the last observedsithough it has been shown that some catchments (especially
flow considerably reduces the differences in performancenose where large aquifers feed streamflow) need up to sev-
Last, we present a robust alternative to initialize the SMA grg| years I(e Moine 2008. In an operational forecasting
store where continuous approaches are impossible becaugspective, the major drawback of the continuous approach
of data availability problems. lies in its data requirements: long continuous precipitation
time series up to the day of interest are difficult to provide
(data gaps occur frequently because of real-time data repatri-
1 Introduction ation difficulties). Another consequence is the necessity of
having to gather a long enough data series before issuing the

1.1 Continuous vs. event-based approaches to mod- first forecast at new locations.

elling

In contrast, event-based models require a separate method
to derive the initial values of model states. Numerous meth-
gds exist. If the model states reliably represented measurable
physical guantities, recent measurements or values based on
climatology would be solutions. For exampkxocca et al.

Correspondence td:. Berthet (2009 showed that assimilating soil moisture measurements
BY (lionel.berthet@cemagref.fr) into the event-based SCS-CN model can be useful for flow
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From the catchment point of view, the hydrological cycle is a
sequence of wetting and drying periods. On a given date, th
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simulation on a small catchment. However, these resultsl.3 The real-time forecasting specificities
should be generalized, as mentioned by the authors.

Continuous approaches have been recommended to mod-he sensitivity of hydrological models to initial conditions is
ellers for many years (e.ditanidis and Bras1980a Lins- of prime importance for operational forecasting. For exam-
ley, 1982 as a rigorous solution to the estimation of initial Ple, Norbiato et al(2008 showed that initial conditions (an-
conditions. However, we must acknowledge that event-baseéecedent soil moisture) are essential for efficient flash flood
approaches are still often preferred in real-time operationaplerts.
applications amb and Kay 2004. Event-based models Real-time forecasting systems most often use a data as-
may be simpler because they often do not need to include aimilation method to improve short-range prediction accu-
the processes necessary in a continuous model. This meafgcy Shamseldin2006. Among the different assimilation
more limited data requirements which may ease model imtechniques, state updating is quite popuRefsgaard1997,
plementation and use. Another reason lies in the difficultyMoore, 2007). This method estimates state variables depend-
maintaining and validating automatic measurement network4$ng on the very last observed discharges. Consequently, the
over a long period in many countries. This is a frequentguestion of initial conditions appears to be less important if
situation when looking for high time resolution series. To some (or even all) states are re-estimated by this updating
bypass this obstacléyalbantis(1995 suggests relying on technique Kalbantis 2000 Aubert et al, 2003 Moore et al,
coarser data series (e.g. daily) to estimate fine (hourly) initial2009.
conditions. The problem may also be cultural. Some end- State updating, when performed by assimilation of a small
users, who traditionally use hydraulic propagation methodsnumber of measured inputs (e.g. only discharge or discharge
are culturally in favor of an event-based approach. Despitednd soil moisture) compared to the number of internal states,
all the good reasons advanced by hydr0|ogi5ts for using Conleads to uncertainties which combine with the Uncertainty on
tinuous approaches, practitioners often continue using eventhe initial values. Indeed, trying to update several model
based models and see them as the only solution. Another regtates simultaneously may endanger model robustness and
son in favor of the event-based modelling is raised when thdt leaves the modeller in the uncomfortable situation where

model is not used only for flood forecasting (e.g., for otherthere are more unknowns than equations to solve.
uses like torrential flood modelling). The uncertainties due to the initial conditions may also

be taken into account by using an ensemble forecast whose
1.2 Sensitivity of hydrological models to the initializa-  members differ in their initial conditions (e.Bietrich et al,
tion procedure 2008. However, this issue is not within the scope of this pa-

per and we will focus on deterministic forecasting methods
The report of theéNational Research Council (NRG2002 for the sake of simplicity.

identified as crucial the question of initial conditions. There
is a wide consensus among hydrologists that hydrologicall.4 Scope of the paper
models’ outputs are very sensitive to initial conditions, es-
pecially soil moisture or catchment wetness (®gfsgaard ~ This paper has both a theoretical and an applied objectives.
et al, 1999 Moore et al, 2006 Vivoni et al, 2007). Event-  The theoretical one is to contribute to a more general an-
based models can lead to very different outputs when rurgwer to the relative merits of continuous and event-based ap-
with different initial conditions Da Ros and Borgal997.  Pproaches for flood forecasting, through the comparison of
As hydrological processes are essentially non linear, even 8ifferent initialization approaches for the very same flood
slight uncertainty on initial conditions can lead to dramatic forecasting model. Indeed, although this issue has long been
uncertainty on streamflowZgehe and Bbsch| 2004. in the forefront, the literature does not provide any clear an-
Many authors have studied the effects of initialization on Swer to this question. In addition, we investigate the possible
the response of models that seek to reproduce physical prditerplay between the updating techniques and the initializa-
cesses. Already at the inception of the Soil Conservation Sertion impact: the applied objective is to determine whether
vice (SCS) Curve Number (CN) formula, modulating the CN we can define simple initialization schemes which allow is-
value according to the antecedent moisture conditions haguing forecasts without running the model over a long pre-
been found to be necessa@drosky and Mockus1964. forecast period. Initialization strategies are tested on a set of
More recentlyNoto et al.(2008 showed that the degree of 178 French catchments.
sensitivity to the initialization procedure depends on other Several authors compared different models with different
factors, such as the intensity of precipitation or the catch-initialization strategies. For exampkmengual et al(2008
ment’s physical propertied/ieux et al.(2004 demonstrated compared the performances of two different models — one

that the sensitivity of the model is lower when the catchmentbeing continuous, the other one event-based — to hindcast a
is already very wet. flash flood event and found little difference between them.

Instead, we choose to use the very same model in order to
focus exclusively on the initialization strategies.
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Fig. 1. Locations of the 178 French catchments used in this study.

The remainder of the article is organized as follows: first
the data and the model are described as well as the assess» Forecasting model
ment criteria we employed. Then Sect. 3 details the method-
ology. The results are shown and discussed in Sect. 4. Finallyy gpjective was to compare different initialization modes

anumber of conclusions are drawn. using the very same model structure. We deliberately used a
simple model (GRP) in order to unambiguously analyze the
effects of different initializations. Itis an efficient operational
model, one of those used to forecast river flows in real time
2.1 Test set of 178 Erench catchments on the Seine basin upstream from Pa@ihagref 2005.
Detailing the structure of the forecasting model is not within
The comparison is based on 178 French unregulated catctihe scope of this paper; therefore, only a brief description
ments (Fig.1), chosen to represent the hydroclimatic vari- follows.
ability encountered in the country (note, however, that no se- GRP is a hybrid metric-conceptual lumped parsimonious
lected catchment is significantly snow-affected and requires anodel, designed specifically for flood forecasting (3ae-
snowmelt module to ensure a proper modelling). Catchmengara 2005 for mathematical details). Its structure was de-
areas range from 10 to 5940 Rrtaverage of 354kf) me-  rived from the structure of the GR4J mod@efrin et al.
dian of 125 kn). By working on various catchments, we aim 2003. GRP can classically be described as a production
to ensure more general conclusions to our stédydféassian  function followed by a routing function (Fi@). The produc-
et al, 2006. Our data set covers a varied range of hydrolog-tion function consists in a non-linear “soil moisture account-
ical behaviours: some Mediterranean catchments experiendeg” (SMA) reservoir and a volume adjustment coefficient
flash floods, whereas others typically have slow floods. Wewhich determine the runoff ratio. The SMA store requires
used continuous hourly precipitation, discharge and potentiakither a specific initialization or a continuous running mode.
evapotranspiration (PE) data series from 1995 to 2005. PHhe routing function is composed of a unit hydrograph (UH)
values were computed using the formula propose®bgin and a non-linear routing store.
et al. (2005, based on temperature and extra-atmosphere The forecasting model GRP uses a combination of two as-
global radiation Korton, 1983. The quality of data used similation (updating) functions for flood forecasting. The
in this study was controlled and is supposed higher than thdirst exploits the last observed discharge information to up-
quality of data used in real-time operations. date the state of the model routing store, while the second
draws information from the last model error to update the
model’s output through a multiplicative ARIMA moddB¢x
and Jenkins1976. We do not use the Kalman filter (or one
of its heirs) because we found it could lead to performance

2 Catchments set, model and assessment criteria
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losses during flood events when it assimilates streamflow(continuous or event-based) are not insignificant for the over-

alone @ubert et al, 2003. The important thing to note here all performance of the model (see €lgn et al, 2008, we

is that the level of the SMA store is not updated in the modeldo not discuss this aspect here for the sake of brevity.

and its initialization will be the main focus of the tests pre- Flood forecasting requires future precipitation scenarios.

sented hereafter. In real-time conditions, some quantitative precipitation fore-
The model includes two main state variables: the levelscasts (QPF) may be available. In our study, we adopted a

of the production store and of the routing store. We do notperfect foreknowledge scenario: this scenario corresponds to

consider the internal states of the unit hydrograph since thepbserved precipitations for the future time steps. While this

are very transient states: their values no longer depend ois clearly not a realistic scenario in real-time conditions (it

their initial values after a finite number of time steps becausds overly optimistic), we selected this approach because we

the model UH has a finite number of ordinates. wish to focus the analysis on the effect of the initial condi-
o tions without adding other sources of uncertainty.
2.3 Assessment criteria We used a classical split-sample test scheiienies,

) . . 1986 to assess the model's versions. The complete 10-year
For a given lead time, the overall evaluation of the fore- ecord available on every catchment was splitinto two 5-year
casts is based on the persistence indeXRagidis and Bras  gyp-periods that alternatively served for calibration and val-

19803: idation. Only the results obtained on validation periods are
~ 2 shown.
Xl: (Qr4Lir — Qr+1) Different catchments may have very different responses.
PI(L)=1- 5 (1) To check whether different initialization solutions could fit
Xt: (Qr = Qrt1) different types of catchments, we divided the complete set

into four subsets (of equal sizes) depending on streamflow
ditl tively. whiled is the f ] d at autocorrelation, an index which provides information on the
andr+L, respectively, whileD, ., IS the forecast issued at .., carchments behave: catchments with flash floods have a

time _step‘ for time stepr+L. A Plvalue of 1 'T’d'ca‘es aPer™ 1w streamflow autocorrelation, while catchments with slow
fect fit between forecasted and observed discharges. A posy

. ariations of streamflow present a much higher autocorrela-
tive value means thqt the root mean square error (RMSE) Olion. For the same reason, forecasts are issued for different
the assessed model is lower than the RMSE of the Persistengg 4 times: we assessed our results for 1-. 3-. 6-. 12-. 18-
model which gives the last observed discharge as a predictiog, 46 - 118 1 jead times T
for the future time steps. A negative value implies that the ™’ '
model is less efficient than the persistence model. The crite3 2  Tested continuous approach
rion value mostly reflects performances during floods since
it is a quadratic criterion. The Pl is a well-suited quadratic We first tested the continuous approach: the model runs con-
criterion to assess forecasting models, since it compares thgnuously for 1 year of warm-up (to obtain model states that
tested model to a naive one that uses the same information cfre independent of the initial conditions) then continuously
observed discharge. for the 4-year validation period. A previous analysis of our

In addition, we used a time criterion to assess the timecatchments (not shown here) demonstrated that a year of
difference between the observed and forecasted flood eventgarming up is sufficient to reach states that no longer depend
We are interested in the time-to-peak delay (or the time to aon the initial values for the studied catchments.
fraction — say 90% — of the peak). Therefore we considered
the mean time-to-peak delay for the identified flood events. 3.3 Tested event-based approaches

Last, the visual comparison of observed and forecasted hy- ) _
drographs for significant events will complete our analysis. AS the routing store of the selected model is updated us-

ing observed flow, the difference between the continuous and

event-based approaches lies in the need to initialize the SMA

whereQ, and Q. ; are the observed discharge at time step

3 Methodology store when working on an event basis. Three different sim-
_ ple event-based initializations are tested. For all of them, the
3.1 Modus operandi performance criteria are computed over the same 4-year val-

. o idation period so that they can be directly compared to the
Since only the effects of the initialization procedure are to be, 5 ,es obtained by the continuous approach.

assessed, we used the same model and the same sets of pa-

rameters for the various initialization methods we tested. For3 3.1  Poor-man’s initialization

each catchment, the model was calibrated by an automatic al-

gorithm in a continuous mode (over a continuous series of 5The simplest initialization of the production store level is to
years). The Pl was used as the objective function for parameehoose an arbitrary value and then to run the model on a very
ter calibration. Even if the effects of the calibration approachshort pre-forecast period (5 days) before issuing the forecast.
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Fig. 3. Persistence indexes for two Poor-man’s initializations at different initial values: the level of the SMA store is initially set at one-third
or two-thirds of its capacity. Different initializations lead to very different performances.

Different values of the SMA store level (zero, one, two and cast. The API (see e.¢lohler and Linsley 1951) is com-
three thirds of its capacity) are tested. This option makes itputed as follows:
possible to check that the forecasts are indeed sensitive to the
initialization of this store level. No
API(t)= Z o P
i=0
wherex is a decay rately, is the number of antecedent time
steps taken into account amyl_; is the precipitation at time
The second tested approach consists in initializing the Ievegtept —i. N, is chosen to ensure that P,_; would be
of the production store at its pluri-annual average value (aﬁwegligible compared to any precipitatidh for anyi higher
calculated on the calibration period, i.e. over 5 years) at thgnan N, . Different values ofx from 1 — 101 to 1 — 1075
beginning of a very short simulation period preceding theyere tested. Ar value of 1— 10-35 was selected here as it
date of the forecast issue. Different simulation period lengthsyaye the best results. Detailed results are not shown for the
(from 5 to 15 days) are considered. sake of simplicity.

)

3.3.2 Climatic initialization

3.3.3 Antecedent moisture conditions initialization . .
4 Results and discussion

The third initialization procedure is more elaborate. It looks 4.1 Results on the whole catchment set

in the calibration period archive for the time step that has

the most similar antecedent precipitation index (API) value First the Poor-man'’s initialization showed wide performance
to the API value of the time stepat which we issue the fore- differences depending on the initial conditions for the tested
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Fig. 4. Performance (persistence index) obtained by the model on 178 catchments, according to the initialization modes: the continuous
strategy is depicted on the left and two event-based strategies (climatic and API strategies) are on the depicted right. The results are displaye
for lead times ranging from 1 to 48 h. The pre-forecast period for event-based strategies lasts 120 h (5 days). Boxplots give minimum and
maximum values (dots) as well as 0.05 and 0.95 quantiles (whiskers), 0.25, 0.50, 0.75 quantiles (boxes). Mean values are indicated by
crosses.

model and our catchments (Fi§). Thus, at the 1-h lead and Bbschl(2009: antecedent soil moisture is a better con-
time, the persistence differences for different (arbitrary) ini- trol on the runoff coefficient ratio than antecedent precipita-
tial values are greater than 0.03 (which is a significant differ-tion depth and the state of a conceptual rainfall-runoff model
ence) on more than 75% of the catchments; for the 48-h leadan give valuable information on catchment moisture state.
time, this difference is greater than 0.14 for more than 90% The model has small time-to-peak errors: even for a 48-h
of the catchments. lead time, the time-to-peak errors of the model on more than
90% of the catchments are smaller than 5h. No significant
The results clearly show that the continuous approachdifference in time-to-peak errors can be noted, whatever ini-
gives the best results (see Tahland Figs4 and5), and that tialization method is considered (Tal##g Event-based ini-
the longer the lead time, the greater the difference in perforialization can even lead to very slightly smaller time-to-peak
mance. Our interpretation is the following: model states doerror than the continuous approach. Indeed, the initialization
not reflect reality directly but are distorted representations ofof the SMA store has a much more important influence on
the real world as seen by the model. It is a better choice tahe simulated flood volume than on its timing. This can be
initialize the model states as if they were seen from a givenseen on an example (Tarn River at Millau, spring 2004 floods,
reality (continuous approaches) by the model rather than td=ig. 6¢): the different initializations lead to very different
impose values derived from measurements that do not corredischarge magnitudes, but they all have the same temporal
spond to the inner model logic. These results can be combehaviour.
pared to those presented Byctil et al. (20048 and Merz
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Fig. 5. Performance (persistence index) obtained by the model on 178 catchments, according to the initialization modes: continuous or
event-based (climatic and API) strategies with a pre-forecast period lasting 360 h. Results are displayed for lead times ranging from 1 to
48h.

Table 1. Medians of persistence index values obtained using the GRP model on the 178 catchment set with different initialization approaches
for 1-, 6-, 24- and 48-h lead times.

Initialization 1-hleadtime 6-hleadtime 24-hleadtime 48-hlead time
Continuous 0.58 0.45 0.63 0.70

Best Poor man’s 0.56 0.40 0.50 0.64

Best climatic 0.57 0.44 0.61 0.67

Best API-based 0.58 0.45 0.62 0.68

As expected, the event-based initialization strategies leadvhile the continuous approach may do a better use of con-
to poorer forecasting performances. However the good newsrolled data.
(from an operational point of view) is that the performance The event-based initialization strategies we tested ranked
loss due to the use of a simple event-based initialization stratin a quite logical manner: the best one is not surprisingly
egy is not large for most catchments (see Higand5). This the APl method, which is the most informative approach
result must be moderated by the fact that we used controlledoncerning the catchment initial moisture conditions. Then
offline data which are supposed to be high quality compareccomes the climatic solution, which provides little informa-
to the data used in real-time operations. Event-based initialtion. The strategy that leads to the lowest performances is
ization can not always be done with sufficiently controlled the Poor-man’s approach.
data and therefore might encounter more errors in rainfall

www.hydrol-earth-syst-sci.net/13/819/2009/ Hydrol. Earth Syst. Sci., 13,88192009
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Fig. 6. (a) Precipitation during spring 2004 eventh) Changes in the production store level after its initialization at different values on
the 25 March 2004: there is convergence mainly during showers. Different initializations lead to very different forecasts when no updating
technique is applie(t), whereas forecasts depend much less on the initial production store content when the model iSdpdated

Table 2. Mean time-to-peak errors obtained with the different initialization methods (expressed in hours)

Initialization 1-hleadtime 6-hleadtime 24-hleadtime 48-hlead time
Continuous 0.23 1.39 0.69 —0.09
Best Poor man’s 0.25 1.42 0.76 —0.05
Best climatic 0.24 1.43 0.73 —-0.09
Best API-based 0.24 1.45 0.71 -0.01

Those results are indeed model-dependent: they dependl2 Use of a pre-forecast period: a compromise ap-
actually on the model structure used and on the choice of proach?
the updating methods. Howevéfoore (2007 pointed out
that many models present strong structural and behaviourahctually, many so called event-based approaches are not
similarities; consequently the conclusions may remain validpurely event-based since they use a short pre-forecast pe-
for many conceptual models. Conversely, the choice of theriod on which the model is run before issuing the forecast:
updating method is crucial: updating the SMA store leadsthe model is initialized at time step— 7 and run during
to very poor performance with the same model structurethe pre-forecast period from— t to ¢ before being used to
(Javelle and Berthe2008 Tangara2005. issue a forecast atof the runoff values at+1, ...,r+L.

Many event-based approaches consider initial conditions to

Hydrol. Earth Syst. Sci., 13, 81831, 2009 www.hydrol-earth-syst-sci.net/13/819/2009/
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Table 3. Medians of persistence index values obtained by the selected model with the climatic initialization approach using pre-forecast
period of different lengths for 1-, 6-, 24- and 48-h lead times. HU length ranges from 1 to 64 h depending on the catchment.

Pre-forecast length 1-hleadtime 6-hleadtime 24-hleadtime 48-hleadtime

HU length 0.57 0.42 0.57 0.64
5 days 0.57 0.44 0.59 0.65
10 days 0.57 0.44 0.61 0.66
15 days 0.57 0.43 0.60 0.67
Continuous 0.58 0.45 0.63 0.70
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Fig. 7. Differences between the performance (persistence index) obtained by the model on 178 catchments in continuous mode and using ar
event-based climatic initialization, according to the pre-forecast period length: the longer the pre-forecast period, the smaller the differences.

be parameters; this requires pre-forecast period data to calable input which improves forecasts. Here again the resulting
brate the initial conditions. These models can not really bemodels are not purely event-based: they belong to a contin-
considered as purely event-based. Thus, some modellers, e.gum between event-based and continuous models.

Merz and Bardossy(1998 and Sheikh et al(2009, chose In this paper, our initialization strategies also use a short
to use an inter-event model to initialize the most sensitivepre-forecast period to come closer to a continuous approach:
states. Another example is given Byctil et al. (20043, the resulting initial conditions are a mix of assumptions im-
who used artificial neural networks (ANN) for flow forecast- plied by the initial choice and of the model’s internal repre-
ing on two catchments: they showed that a long-term soilsentation of the catchment behaviour.

moisture index derived from a continuous model is a valu-
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Fig. 8. Differences between the performance (persistence index) obtained by the model on 178 catchments in continuous mode and using ar
event-based climatic initialization approach, depending on the catchments(ayeBere lead time is 6 h. The pre-forecast period for the
event-based strategy lasts 240 h. Four classes of catchments are defined: the first class groups the 25% smallest catchments, the second cl
the following 25%, etc. Distributions of the difference in performance for every class are disgigyed

In the strategies we tested, this pre-forecast period lastperformance does not decrease as the catchment size in-
at least the length of the UH (to obtain proper values in thecreases: the catchment behaves as a low-pass Dt
UH) and was tested up to 15 days. It is clear for all event-et al, 2005 and as the catchment size increases, forecasting
based initializations that the longer the pre-forecast periodjn fact becomes an easier task (for a given lead time).
the better the performance (Fig).. For the climatic initial-
ization, a pre-forecast period of 5 days leads to performancé.4 Do results depend on catchment reactivity?

significantly lower than the performance obtained with a con- ) ) )
tinuous initialization. However, a 15-day pre-forecast period W& found no refationship between catchment response time

allows performances close to what is given by the continuou"d the impact of choosing a continuous or an event-based
approach (see TabR). strategy. Figur® shows the difference in performances ob-

tained by the same model running in continuous mode and

4.3 Do results depend on catchment size? in event-based mode (with climatic initialization) depending
on the catchments discharge autocorrelation. No trend was

Figure 8 shows the difference in performances obtained bydetected from these analyses.

the same model running in continuous mode and in event-

based mode (with climatic initialization) depending on the

catchment area. No clear trend can be detected from these

analyses. It is interesting to note moreover that the model’s
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Fig. 9. Differences between the performance (persistence index) obtained by the model on 178 catchments in continuous mode and using
an event-based climatic initialization approach, depending on the discharge autocorfalatidere the lead time is 6 h. The pre-forecast

period for the event-based strategy lasts 240 h. Four classes of catchments are defined: the first class groups the 25% of catchments with tf
lowest discharge autocorrelation, the second class, the following 25%, etc. Distributions of the difference in performance for every class are

displayed(b).

4.5 Impacts of the updating procedure to its maximum capacity (full store). From those initial
values, the production store levels converge slowly; conver-

Jgence is mostly achieved during showers (F6g, b). The
differences in production store levels lead to dramatic differ-

; . ces in discharge forecasts when no updating technique is
this means that the discharge forecast no longer depends ojlgplied (Fig.6¢), whereas the 6-h forecasts are much more

forcing variables only (e.g. precipitation, evapotranspiration, . ; o j L
9 y (.. precip P P constrained with data assimilation (Figd). Similar results

etc.) but also on the information contributed by the data as—Were obtained for the other catchments of our data set.

similation process. The discharge forecast is constrained by Thus, the updating procedure used in forecasting mod
data assimilation and consequently it may depend (much T . O, i
ssimiiat sequenty | y dep (mu ?els does limit the impact of crude initialization procedures,

less on the internal states and so on their initialization. ) : L . ; ;
. . ) in comparison with simulation models: this explains why a
We used the GRP model with and without updating tech-rather simple procedure with a short pre-forecast period gives

niques to compare the influence of initialization of the resyits close to those obtained when using a continuous ini-
model's SMA store (which is never updated) on forecastsijzjization.

in both cases. Figuré shows an example of spring floods
for the Tarn River at Millau (2170kR). We chose dif-
ferent initial production store levels from 0 (empty store)

When used to issue discharge forecasts, hydrological mo
els are most often update®Réfsgaard1997). In practice,
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