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Abstract. In southern France, flash flood episodes fre-1 Introduction
quently cause fatalities and severe damage. In order to in-
form and warn populations, the French flood forecastingln Mediterranean regions, flash floods due to heavy rainfall
service (SCHAPIService Central d’'Hydro&teorologie et  events frequently occur, causing a large number of fatalities
d’Appuia la Prévision des Inondatiojsnitiated the BVNE  and costly damage. In the last few years, these episodes have
(Bassin Versant Nuamique Ex@rimenta) or Experimental  had serious consequences in southern France, including the
Digital Basin) project in an effort to enhance flash flood Gard Department, where in 2002 a total of 23 people died
predictability. The target area for this study is tBardon  with damage amounting #1.2 billion (Gaume et al., 2009).
d’Anduzebasin, located in the heart of ti@&vennesrange.  The cost associated with this type of episode can, in rural
In this Mediterranean mountainous setting, rainfall intensity areas, excee€15 000 per resident (Vinet, 2008). More re-
can be very high, resulting in flash flooding. Discharge andcently, on 15 June 2010, the Var Department experienced ex-
rainfall gauges are often exposed to extreme weather conditreme flash flooding that caused 23 deaths (Rouzeau et al.,
tions, which undermines measurement accuracy and conti2010).
nuity. Moreover, the processes governing rainfall-discharge Population growth, especially in these attractive areas, and
relations are not well understood for these steeply-sloped sustainable land management policy imply the need to en-
and heterogeneous basins. In this context of inadequate iance prevention measures and early warning alerts transmit-
formation on both the forcing variables and process knowl-ted to authorities and local populations.
edge, neural networks are investigated due to their univer- Fully aware of this issue, the French Flood Forecasting
sal approximation and parsimony properties. We demonstrat€enter (SCHAPI, Service Central d’'Hydrétaorologie et
herein that thanks to a rigorous variable and complexity se-d’Appui a la Pevision des Inondations) initiated in 2006
lection, efficient forecasting of up to two-hour durations, the Experimental Digital Basin project (BVNE, Bassin Ver-
without requiring rainfall forecasting as input, can be derived sant Nunérique Exgrimental) as a mean of improving flash
using the measured discharges available from a feedforwarflood forecasting by providing input to the flood warning
model. In the case of discharge gauge malfunction, in desmap in the form of high-water alarm levels (known as “vigi-
graded mode, forecasting may result using a recurrent neurarues”, www.vigicrues.gouv.fr), through the use of new mod-
network model. We also observe that neural network mod-els, which are more efficient than previous ones relative to
els exhibit low sensitivity to uncertainty in rainfall measure- rapid hydrological responses.
ments since producing ensemble forecasting does not signif- The BVNE project is focused on thee@ennes range, lo-
icantly affect forecasting quality. In providing good results, cated in the southern part of France, and more precisely on
this study suggests close consideration of our main purposghe Gardon d’Anduze basin (Fig. 1).
generating forecasting on ungauged basins. One of the main characteristics of the observed rain-
fall data during these flood events is their tremendous
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the other will be tested on the same events when no discharge
value is available in operational use (degraded mode in the
case of a “poorly gauged basin”). Ensemble forecasting will
also be tested in order to determine the eventual level of im-
provement for the recurrent model. After presenting the set
of results, this paper will close with a discussion section and
conclusion.

MO"’Pege’ ‘ 2 Target area: introduction and previous research

2.1 Background on the Gevennes Range

1 ~ o (202 Mediterranean Sea
Annual cumulative rainfall Elevation

e T 'y The Cévenne_s Range extends from thérhult to Arceche _

750 1000 1250 1500 1750mm |0 1700m departments in a curved shape. Its distance to the Mediter-
Rainfall values from Kessler and Chambraud (1990) ; Elevation from ASTER GDEM, a product of METII and NASA ranean Sea varies from 50 km in thé"ﬂun to more than
100km in the Aréche. The elevations of this range can be
as low as 100—-200 m in the foothills area and rise to 1700 m,
e.g., on Mont-Logre crests. Most summits lie between ele-
vations of 500 and 1000 m. The transition between Langue-
doc plains and €vennes crests is very abrupt, thus, inducing
steep slopes capable of exceeding 30 % in spots.

o ) ) ) Elevation strongly affects the climate of this mountain
heterogeneity in both time and in space. For example, during,nqe pespite being dominated by Mediterranean influences
the October 2008 event on the Gardon de Mialet Basin, rainy e to the proximity of the sea, elevation still plays an im-

fall reached a peak of 485mm in Mialet over & 24-h period, yotant role, especially relative to rainfall. This aspect is re-
and 17 mm within the same duration m_Barre-quesféhnes, sponsible for the high spatial variability (Fig. 1).
amere 15 km away. For this reason, reliable rainfall forecasts  \1oreover. as highlighted by Moussa et al. (2007), rainfall
are not currently available for such a small area at the timeg highly variable over time. On an annual basis, values can
scale considered useful (a few hours and a few kilometres). vary by up to 100 %, while major events can be quite com-
The location and quantity of gauges do not, unfortunately,,,on quring several months and then be completely absent
yield sufficiently accurate observations on the targeted basing, 4 few years.
On the one hand, rain gauges require frequent maintenance g the subject addressed in this paper, the most important
and are not always operable under extreme conditions, while 44 cteristic of local climate is the high frequency of heavy
radar images do not provide sufficient accuracy in areas of,infa|| events. The name of the range is synonymous with
relief. On the other hand, discharge gauges may be damaggékyenol episodes that often roughly correspond with the end
or even destroyed by extreme floods, as was the case in A5t |ong summer droughts, intensified by high temperatures
duze during the great flood of September 2002 and in thg,pseryed on southern slopes in the range’s lower parts.
Var Department (southern France) during June 2010. More- According to France’s weather agency &&o France
over, these discharge gauges are not positioned at the outlehy1 1 within a radius of 25 km around Saint-Jean-du-Gard
of each risky basin, thus, leaving rvers or creeks ungau_ge(ébcated in the heart of the Gardon d’Anduze Basin), during
even though they may be hazardous in the event of floodingihe period 19582010, over 200 mm in daily climatic events
The human and economic issues related to flash flood%from 06:00 to 06:00 in UTC) occurred 53 times, i.e., once a
have prompted researchers to define a procedure for pefear on average. This figure is likely to be considerably less
forming discharge forecasts without having to rely on rain- i, that of events over 200 mm measured over a 24-h sliding
fall forecasts in poorly gauged or even ungauged basins. Thiﬁeriod.
speC|f|c; aimis the topl_c of thg present research. , This weather pattern exerts a strong influence on local
In this paper, we will begin in Sect. 2 by presenting the 1,y qro10gy. For example, the first rainfall event at the end
Cévennes range and the basin chosen for this particular studys ¢ ;mmer may have fewer hydrological consequences than
i.e., the Gardon de Mialet basin. In addition, a summary ofg,psequent events, which occur on wet soils. At the end of
previous studies on flash flood forecasting will be introduced, ; drought period, however, rivers and creeks may be totally
concerning hydrological physical modelling as well as neu-qy \yhereas they can reach into the thousands of cubic me-
ral networks modelling. Section 3 will present the design g per second for the largest basins and 36Thkm—2 for

and optimisatipn of a feedforvv_ard qu_e| and of a recurrentine smallest ones (Gaume, 2002) for a rainfall event of suffi-
model. One will be assessed in providing forecasting when,ant intensity.

discharge measurements are available (as state variable) and

Fig. 1. Average annual cumulative rainfall (left); elevation and the
Gardon d’Anduze Basin shown in the red frame. The blue zone
indicates the Gardon de Mialet sub-basin (right) in ttevéhnes
area.
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The local geology is dominated by crystalline rocks: gran-
ite over the upper part (Mont Aigoual, Mont Léz, Mont S ARRE.DES. ¢
Tanargue), schist over the middle part, and limestone anc SCEVENNES
karst in spots over the lower part. These bedrocks, stee|
slopes, frequent droughts and intense downpours give ris
to thin and rocky soils covered by sclerophyll vegetation
over the lower part, while in contrast hardwoods and conifers
cover the upper part.

Elevation

2.2 The Gardon de Mialet basin 900t0 1100m
700 to 900m

500 to 700m
The Gardon de Mialet basin is representative of tegbines [l 300 to 500m

territory; it measures 220 kfrand its elevation ranges from [l 150to 300m
147 m in Mialet to 1170 m, with steep slopes encountered

(36 % average slope). Its soils are rocky, whereas the substrddg. 2. Schematic topographic and hydrographic map of the
tum is composed of 95 % mica-schists (Ayral, 2005). Lananrdon-de-MiaIet basin, including gauge locations (elevations de-
use is homogeneous: 92 % of the basin is covered by natived rom ASTER GDEM, a product of METII and NASA).

ural landscapes (principally chestnut trees, conifers, mixed

forests and bush) (Ayral, 2005) whereas 8 % of the basin is

covered by rocks and urban areas.

Three rain gauges located in Barre-dess€nnes (eleva-
tion 930 m), Mialet (elevation 147 m) and Saint-Roman-de-
Tousque (elevation 630 m) and one discharge gauge (in Mi
alet, at the outlet) are available on the basin (Fig. 2).

The characteristics of this basin, which regularly expe-
gggcrﬁfn \éirzngiag ZIZChE?IItzegerig;agzréztvsime; ee é%%?ﬂ:;glations using the Soil Conservation Service Curve Number

average annual rainfall in Paris, France), generating rapid anH]Od?I.; they revealed th? !mportance of initial soil moisture
high-volume hydrological responses. The response and riS8ond|t|on, a parameter difficult to assess. Gaume (2002) used

times observed during flood events are very short, Ieavingﬁ Va”?r?t_Of tg's TOdg'_l to 'Fg:spﬂsggng%St floods d?(ndktIJm-
almost no reaction time to evacuate residents to shelters. rove their unaerstanding. (Beven and Kirkby,

Snow accumulation on top of the Mialet basin rarely im- 1979; Beven et al., 1995) is based on a distribution of to-

pacts flash floods hydrology. The importance of snowmelt inpographic parameters that impact the hydrological response.

the hydrological system cannot be eliminated for an event oc—USIng TOPMO.DEL’ ITe-Lay_ and Saulnle_r (2007) -showgd
at the most influential variable to take into consideration

curring during January or February. Nevertheless it appear . . .
g g Y Y PP or flash flooding was the spatial distribution of rainfalls,

as highly improbable as warm air masses come from south-

east (Mediterranean Sea) during most of the events. This me"—"hiCh underscores the issue of rainfall data quantity and

teorological configuration strongly limits the risk of snow on quality. Moussa et al. (2007) used MODSPA on the Gardon-

the summits of the basin. This influence can be considered ag Anduze basin with a variable time step that_ aII_owed mo_d-
negligible. elling both long- and short-term processes. With its multi-site

The hydrological regime of the basin is essentially rain- calibration, MODSPA has yielded some interesting simula-
tions

fed. Consequently, very low discharges are observed in sumzons:

mer when droughts occur, whereas higher discharges are ol:t)_— Il?o(rjr_eltl _et;tetl.éZIOOS) Lr’]sed Il/IA_RtI_NE,ta madel Easled ((j)n spa-
served following rainfalls in the other seasons, particularly in lally distributed land characteristics (topography, land cover,

autumn when the most intense rainfall episodes occur. etc.). These authors aiso performed high-quality real-time
simulations, though these were not optimally suited for fore-

casting. In addition, MARINE is very sensitive to initialisa-
tion steps involving natural variables. These values are quite
difficult to obtain in real-time, for event-based forecasts;
2.3.1 Physically based models hence, the initial soil moisture and values from piezometers
have been used (Coustau et al., 2011).
Flash floods are typically nonlinear phenomena. In order to Marchandise (2007) assessed various types of rainfall-
characterise such an intense rainfall-discharge relation, physdischarge models on the Gardon d’Anduze basin. This author
ical hydrological models consider many parameters such asoncluded that in general, model parameters do not represent
initial and constant soil moisture, soil thickness and slopes. very well the physical significance they were intended for. He

SAINT-ROMAN-
DE-TOUSQUE

The majority of physical models have not been created for
this specific purpose; consequently, some authors have tried
to adapt them to flash floods of thé&@nnes area, beginning
this effort by performing simulations (i.e., modelling the be-
haviour of the basin, without forecasts).

As an example, Tramblay et al. (2010) performed simu-

2.3 Flash flood forecasting

www.nat-hazards-earth-syst-sci.net/12/3307/2012/ Nat. Hazards Earth Syst. Sci., 12, 33824 2012
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also noted difficulties when taking into account soil moisture 2.3.2 Neural networks models
and thickness as well as the model space and time variability.

Hydrological models have basically encountered two The issue regarding physically based models leads to many
types of issues. First, they are not easily able to cope with thg@aths of investigation, for which neural networks seem to of-
absence of rainfall forecasts. Second, initial conditions provefer an interesting alternative paradigm. As “black-box” mod-
very difficult to adjust in real-time use; moreover, obtaining els, these networks do not presume any a priori behaviour,
previous or real-time measurements of physical quantities irgiven that the model construction is data-driven and the
precise locations does not necessarily guarantee the represgrarameters are devoid of physical significance. Thus, due
tativeness of conditions over the entire basin (Marchandiseto both their universal approximation (Hornik et al., 1989)
2007). and parsimony (Barron, 1993) properties, neural networks

The problem of the unavailability of rainfall forecasts for have become increasingly prevalent in the field of hydrol-
flash floods forecasting is pointed out from several yearsogy. Maier and Dandy (2000) provided an overview of neu-
Coupling weather forecasts with hydrological forecasts pro-ral networks use in hydrology and enhanced their applica-
vides thus a good alternative to the zero-rainfall hypothesistion through forecasting. Nevertheless, the excellent capabil-
Some interesting results (more than 80 % of the peak disities that neural networks prove for training must be coun-
charge nine days before the event) have been provided thiterbalanced by their ability to reliably generalise to unknown
way on large basins producing slower floods than those studdataset. This trap is well known in machine learning and was
ied herein (Bartholmes and Todini, 2005). In the case of flasHformalised as the bias-variance tradeoff (Geman et al., 1992).
floods, the small size of the affected basins and the high rain- To better cope with the bias variance tradeoff, regulari-
fall intensities of localised convective cells do not allow for sation methods must be used. For this purpose Coulibaly et
precise forecasting even though studies show that benefital. (2000) used early stopping {Bjerg and Ljung, 1992) and
would be obtained from such a process (Younis et al., 2008)Sudheer et al. (2002) used cross-validation (Stone, 1974).
Dolciné et al. (2001) showed on the Gardon d’Anduze basin,Several studies, however, show a performance assessment
and for few (not very intense) events, that the basin operateaot based on an independent dataset, which could be the
filtering on the rainfall signal significantly affecting sensi- cause of result quality overestimation. Corzo and Soloma-
tivity to the rainfall forecasts. It was shown that quality of tine (2007) sought to optimize neural networks models for
rainfalls forecasts are not critical for very short dischargethe purpose of flood forecasting. They relied upon modu-
lead time forecasts, whereas for greater lead-times, it couldar modelling, which allows enhancing forecasting and better
be really efficient to use rainfall forecasts coupled to hydro-represents the processes of a complex natural system. Pereira
logical forecasts. Such conclusions could be generalised t&ilho and Dos Santos (2006) modelled a highly urbanised
smaller basin as the Mialet basin and to stronger events abasin using neural networks, assisted by data derived from
those addressed in the present study. More recently, Alfierremote sensing. Strong sensitivity to both data quality and
et al. (2011) illustrated coupling meteorological and hydro- the number of events in the training set can be observed, with
logical modelling in the frame of the European Flood Alert the tremendous capability of this model to be run without
System (EFAS), as well on Gardon d’Anduze basin, and ex{process-related certainties being highlighted.
hausted the interest of such coupling for decision makers. Concerning flash floods, Sahoo et al. (2006) proceeded

Concerning the use of RADAR data for rainfall estimation, with flood and water quality forecasting on very small basins.
only a few years of data have been recorded for extractingrhese authors did not use regularisation methods and ob-
several events, though this would not be sufficient for ma-tained high quality results, which was likely due to the ab-
chine learning. Raw RADAR information was not considered sence of approximations on hydrometeorological measure-
to be reliable enough in mountainous regions, or in case ofments (on a very small basin). Without resorting to regu-
localised rainfall (Sun et al., 2000), and would consequentlylarisation methods, Piotrowski et al. (2006) obtained a low-
be calibrated with rain gauges. Hence, RADAR information quality generalisation for the selected test set. To solve the
is continuously evolving; such rainfall information was, thus, problem of generalisation with respect to intense events,
not calculated using a stationary process, preventing then t&chmitz and Cullmann (2008) used the most intense event
capitalise on ancient events.8#o France is, thus, currently in the training set.
working on a project of reanalysis of raw RADAR informa-  Toukourou et al. (2009) applied neural networks to the
tion in order to provide uniformly treated data for France Gardon d’Anduze basin, Kong A Siou et al. (2012) to the
(Tabary et al., 2012) at sampling rate of one hour. Such moréd.ez basin, and both showed that early stopping was provid-
reliable information would increase the ability of physically- ing more parsimonious and more reliable models than weight
based models, but will necessitate treatments to be useful fadecay method. As well on the Gardon basin Toukourou et
machine learning models, considering the very high numbel. (2011) proposed an adaptation of the cross validation to
of inputs provided by RADAR images. specialise the model on intense events. So-called partial cross

validation showed that feedforward models were able to fore-
cast reliably water level up to the response time of the basin,

Nat. Hazards Earth Syst. Sci., 12, 33073324 2012 www.nat-hazards-earth-syst-sci.net/12/3307/2012/
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thereby providing a useful tool for population warning pur- 25
poses.

It is worth noting that, the feedforward multilayer percep-
tron, used in the previous cited studies, is fed by rainfall 2°
and previous observed discharge (or water level) acting a
state variable and playing the role of data assimilation. It isE
currently considered as the best neural predictor in the fiel& 1
of hydrology. Nevertheless, this attractive quality has limi- &
tations in real time forecasting, which is the purpose of the 10l
present paper, because real time data transmissions can 3
disturbed during the rain event, or instrumentation deleted™
as it occurred in Gardon d’Anduze basin during the event
of September 2002. Discharge measurements can, thus, r
longer be available in real time conditions. For this reason
it I_s necessary to fOFIUS Stlfldles On_ a model able t_O pl’OV_Id( Oto 50to 100to 150 to 200 to 250 to 300 to 350 to 400 to 450 to
reliable forecasts without information about previous dis- 50 100 150 200 250 300 350 400 450 500
charges. This situation is often referred as poorly gauged sit CLASSES OF CUMULATIVE RAINFALL (mm)
tjrztrlic;?elrr:etgiomreegr; rjnzgiggj égiﬂfﬁﬁigggg;?éiﬁ;:;Iitt)%ig. 3. Distribution of average cumulative rainfall (ACR) in events

; oo ) ) %xtracted from the database vs. 50-mm class.
to perform discharge forecasts without previous discharges
observation is, thus, the aim of this study.

when the first drop reaches one of the rain gauges and we
consider that the end happens once the significant part of the
3 Flash flood forecasting on the Gardon de Mialet basin  hydrological response is complete.
In order to characterise the database, the average cumula-
3.1 Available dataset tive rainfall (ACR) was calculated for each event making a
simple average of the cumulative rainfalls of the three rain
The SCHAPI provided 17 yr (from 1992 to 2008) of rainfall gauges, without using elevation or location weighting. As
and discharge data generated from the discharge gauge am@ch event is particular, it is difficult to state that one calcu-
the three rain gauges on the Mialet Basin. lation method would be more reliable than the others. Con-
Since the purpose of this study is flood-oriented, we havesequently, in order to avoid adding another bias to data, the
selected a set of flood events within the database in ordeauthors considered a simple average, without any hypothesis
to focus the model on flood behaviour. Such a selection ofabout rainfall episodes average structures.
events was based on rainfall so as to capture all types of be- The ACR varied from 44 to 462 mm during the selected
haviours, including events occurring at the end of summerevents. Most events lie in the 100 to 200-mm range (Fig. 3).
when soils are dry and no discharge response to rainfall it can be noticed that ACR can be lower than the threshold
observed and those occurring when the response is signifief events selection (100 mm on at least one of the three rain
cant. The rainfall detection threshold was chosen at 100 mngauges) because of the spatial heterogeneousness of rainfalls.
during a 48-h sliding period for at least one of the three Even on this small basin, as indicated in Sect. 1, rain-
rain gauges. This value is not particularly high and typically fall heterogeneity can be very significant. On the three rain
induces a low hydrological response possible: finding low-gauges, the mean standard deviation of cumulative rainfall
intensity events to run statistical learning might prove to beper event equals 33 % of the average cumulative rainfall and
very important in describing the wide variety of behaviour. for some events can exceed 100 %. It would be easy to imag-
This extraction method provided us with 58 complete andine even higher values when considering hourly rainfall, in-
reliable rainfall/discharge events, without missing gaps. sofar as the average annual cumulative rainfall presented in
The majority of selected events had occurred during theFig. 1 already shows great heterogeneity.
autumn (September, October and November accounting for The hourly rainfall rate was also studied and results re-
52 % of all events). Spring and winter were also well repre-veal a tendency favouring lower intensities in Barre-des-
sented, whereas only one event occurred during summer (endéevennes and higher intensities in Mialet and Saint-Roman-
of August). This distribution is very typical of a Mediter- de-Tousque. This observation is consistent with the calcula-
ranean climate and can be found on almost all basins affectetions in Ceresetti (2011) concerning the probability of occur-
by flash floods in the E&vennes region. rence of extreme rainfall intensities, which increases when
Event durations range from 26 to 143 h and are equally disteceding from areas of relief in theé@ennes region.
tributed between three categories: less than 48 h, 48 to 71 h,
and greater than 72 h. The beginning of an event is defined

www.nat-hazards-earth-syst-sci.net/12/3307/2012/ Nat. Hazards Earth Syst. Sci., 12, 33824 2012
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Fig. 4. Distribution of specific discharges in events extracted from Fig. 5. Average runoff coefficient per month (number of events used
the database vs. class. to calculate the average is indicated inside bars).

|was chosen, which is appropriate considering both the or-
_ganisational constraints of SCHAPI and this kind of basin re-
charge reaches at least $a11 km=2 (Fig. 4). The ultimate ~ SPONseé time. For events occur_ring prior to 20(_)2, re—sgmpling
purpose of this study is focused on intense events, which ar&/@s performed by means of linear interpolation, which ob-
known to be the most hazardous for personal injury and the/iously does not provide the missing information, but still
most destructive for infrastructure (MEDDTL, 2011). Nev- &/lows managing events without differentiation.

ertheless, the database must include both types of events (i%- 2 Reguirements

tense and non-intense) in order to effectively assess the capa-
bility to avoid false warnings.

Among these 58 events, roughly one-fourth can be qua
ified as intense events, i.e., in our opinion, the specific dis

i As previously presented in Sect. 2.3, flash floods occur on
In order to compare the rainfall and runoff volumes, the g || hasin having a few hours response time. Rainfall fore-
runoff coefficient was calculated for each event (Fig. 5). It cagt5 are not actually available at so small scale of time.
can be noticed that an inherent inaccuracy exists in this calg,ceq with this major drawback, numerous works focused on
culus due to the arbitrary choice of the end of the event.  ginfa|| forecasting, ensemble forecasting or consequences
Runoff coefficients are often quite low suggesting that de-,, gischarge forecasting of such lack of information. In the
layed runoff is important in the hydrological behaviour of the present study, a different option was chosen which consists in

basin. Autumn marks an increase of runoff coefficient while .., hsjgering that discharge forecasts must be carried out with-
soils are getting wetter. In November, the average coefficien, any information about future rainfalls. Accordingly, no

reaches 45% on average and stays high throughout wintgty ,qihesis like null rainfall, or constant rainfall would be as-

and spring.' Nearly no event is available in summer but theg;,med. The maximum forecasting lead time would, thus, be
only event in August and the events of September suggeshe concentration time of the basin. Considering that: (i) Dol-
that the runoff coefficient is very low during this period. This s et al. (2001) estimated the response time of the Gardon
is consistent with the climatic observations for summer Pe-g'Anduze was around 3 h (ii) Toukourou et al. (2011) stud-
riod (droughts and high temperatures). . ied forecasting on Gardon d’Anduze basin with the same
It is WOI’th. noting that the S|'gnals reqorded dgrlng flash 1ind of approach as the present paper and lead times up to
floods contain a large proportion of noise and inaccuracys p, (jjj) the Gardon d’Anduze and Gardon de Mialet basins
Rainfall is measured by rain gauges, which represent theyre pested, the first one (the larger) being more complex in
most accurate sensors currently available, yet the accuratyyms of geology, land uses, slopes and hydrographic net-
is estimated at roughly 10 % or 20% (Marchandise, 2007)york | the second one (the smaller) having a shorter response
These.S|gnaIs, however, do provide chal |nfqrmat|0n, 9V€Ntime, thus, it would be adequate to study forecasting up to 2 h
that rainfall heterogeneity plays a major role in flash floods. ;head without any hypothesis about future rainfall.
To obtain a more representative depiction, radar acquisitions ¢ the sampling period is 30-min, the experiments were
of rainfall with a 1-knf definition have been undertaken conducted for forecast lead times fr’m 1t0k+4 (ex-

since 2002, though the number of flood events monitoredeging from 30 min to 2 h) and tested on four major events
within the basin under investigation was still too small to al- yascribed in Sect. 3.4.3.

low for reliable use in a machine learning approach.

The sampling period for discharge during flood events
contained in the database was 1h before 2002 and 5min
since 2002. In the present work, a 30-min sampling period
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3.3 Performance assessment — s¢ IS the simulated value at tinke

In order to assess the quality of the resultant forecasting, sev- — 7 i the number of observed couples/simulated values
eral methods have been developed. targeted by the simulation

33.1 Level of vigilance — 5P is the average observed value on thsized sample.

] ] o This criterion must be close to one, which means that the
The Vigicrues map displayed on thevw.vigicrues.gouv.fr  ragicted discharge is close to the observed discharge. A 0
site offers four watch levels: value represents an average discharge equivalent forecasting,
whereas a negative value indicates that the forecasting pro-
vided is even worse than the simple average of the observed
— Yellow: risk of flood or rapidly rising water level, value during the event. Generally speaking, for flash floods
though not causing any significant damage and only repurposes, a Nash criterion value greater than 0.8 is consid-
quiring special vigilance for exposed activities. ered satisfactory. However, especially when using a feedfor-
) o _ ward model, a risk for the model to provide a naive fore-
— Orange: a flood causing significant overflows likely t0 casting (when the model provides the same value at the fore-
exert a major impact on community life, property and ¢4t jead time as the one observed at the instant of forecast-
personal safety. ing) exists. That kind of result generally induces, for short
lead times, a good value of the Nash criterion, whereas the
model does not bring any information. In order to assess the
forecasting provided compared to the naive forecasting, the
For each area covered by the SCHAPI service, a Flood Inforpersistence criterion (Kitadinis and Bras, 1980) has been de-
mation Rule is published. The Cevennes Range is monitoredined:
by the Grand Delta flood forecasting service; its Flood In-

— Green: no specific vigilance required.

— Red: major flood risk. Direct and general threat to prop-
erty and personal safety.

n
formation Rule (Pefecture du Gard, 2010) provides approx- > (Sf+1 — Skt1)?
imate discharge values for the various levels of vigilance incp =1— "=nl
each basin (Table 4). This information will help us in assess- ) P —sP)2
) X X k1~ Sk
ing the relevance of forecasts with respect to practice of the k=1

local flood forecasting service. where:

The model performance will be assessed with respect to its '
ability to indicate to the forecaster the appropriate maximum — [ js the forecast lead time,
level within the range of the forecast lead time.

However, the decision to broadcast a level of vigilance is

made not only by monitoring the predicted discharge. Fore-Thjs criterion must be close to one too. A 0 value represents
casters must also identify local issues that can be correlateghe score of the naive forecasting and a negative value means
with a specific period during the year (e.g., campsite filling_ that the forecasting is even worse than the naive forecasting.
rate, popular events), thus, allowing them to modulate their - gince the quality of the peak discharge forecasting proves
decision criteria. In summary, the information provided by most important in terms of safety, other criteria more sensi-
the level of vigilance forecasting will not be adequately thor- tjve to this quality have been added.

ough, prompting us to introduce other criteria that measure

efficiency while evolving continuously. 3.3.3 Peakdischarge

— the other forms are similar to Nash criterion ones.

3.3.2 Nash and the persistence criteria In addition to the Nash and persistence criteria, we intro-
duced complementary indicators focusing on the quality of
The Nash criterion (Nash and Sutcliffe, 1970) is often used inpeak forecasting:
the field of hydrology; it corresponds to tiR& determination
coefficient, i.e.: — The percentage of peak discharge (PPD): this ratio com-
pares the estimated and observed maximum peak dis-

n

(SE — 5p)? charges and is expressed as follows:
=1
R2 = l— kn— PPD: Smax
Y (sp —5P)2 s
k=1
where:
where: . . .
smaxIS the estimated peak discharge aE)dhe observed
- s,i) is the observed value at tinte peak discharge.
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— The synchronous percentage of the peak discharge — Fully nonlinear: multilayer perceptron (feedforward or
(SPPD): this ratio compares the estimated discharge and  recurrent).
observed discharge at the time of the observed peak dis-

charge; it can be written as: — Linear and nonlinear combined model (feedforward or
recurrent).
Sm
SPPD= — o o _ )
sh We proceed in this section in a synthetic comparison between

all these architectures and focus in a second stage (Sect. 3.4)
on the detailed presentation of the chosen architectyrk (

s, is the estimated discharge at the time of observedr, m, rn, mjin, mnn are positive integers).

peak discharge ang, the observed peak discharge. The fully linear perceptron consists of only one output lin-
ear model. It can be noticed that this model is equivalent to

— Lag: this value indicates the_ time delay _between 0b'a multiple linear regression model. The output can be ex-
served and measured peak discharges. It is expressed In

step times, which for this study is in half-hour intervals. pressed in the feedforward version as:
If this value is pp§|'[_|ve, then the forecastmg is _Iate; ON (k1) =gun (g k) qk—1),..qk—r),udh),
the other hand, if it is negative, the forecasting is early.

where:

. . . o k—21)...,u(k—
Ultimately, it is easily understood that the SPPD criterion is u( ) oot (k= m))

the most critical in terms of safety. The other indicators, how-where s is the estimated dischargg,is the discrete time
ever, ensure that the global information on performance is agsampled each half hout) is the measured discharge,is

complete and accurate as possible. the vector of exogenous variables (rainfallsis the order of
' the modelyn is the width of the sliding window of rainfalls
3.4 Neural network model design information,! is the lead time of forecastgyn is the linear

function implemented by a feedforward neural network.
In the recurrent linear model, one has (with the same no-

As often shown in literature, the standard multilayer percep-tatlons)'

tron seems to be the be;t candid.ate to provide flash floog k+D=gun(GE+1-2),sk+1—-2),..s(k+1—7r),

forecasting. Nevertheless it was pointed out that such a model

requires previous discharge information, which can be un-y (k) u (k — 1)...,u (k — m))

available in a real-time situation. It is, thus, necessary to dis- .

pose of another model able to identify dynamic nonlinear!n the stan.dard feedforward.mululayer perceptron (MLP),

behaviour. Such a model exists in the framework of nonlin-©n€ has (with the same notations):

ear system theory and capitalises on estimated previous dis-

charges as state variable. This model is called recurrent be- & 1) = 8nn (g (k). g (k= 1), ...q (k =71).

cause the estimated output is fed back as state variable. This ). uk—1) ... uk—m)

loop provides a dynamical behaviour to the model as the out- ’

put can evolve continuously even when faced with constanwhere gnn is the nonlinear function implemented by the

exogenous input variables (in this study: the rainfalls). Gen-feedforward neural network.

erally the recurrent model was proved providing less accu- Inthe recurrent multilayer perceptron (MLP) one has (with

rate results than the feedforward one (Johannet, 2010). Thithe same notations):

study will be a good way of comparing performances of both

models achieved with feedforward and recurrent design.  Sk+D =gnn(sk+I-1),sk+1—-2),..s(k+1—r),
Moreover, as has been performed in numerous modelling

approaches, the linear and nonlinear parts of the process cdh®) uk—=1)....uk—m))

be identified separately. We have, thus, chosen to combing the feedforward linear and nonlinear combined model one

a linear model with a nonlinear one in order to allow the has (with the same notations):

nonlinear part to focus exclusively on nonlinear relations.

Indisputably, the ease with which such a separation can be (k+1) = gun (@ (k) ,u (k= 1) ..., u (k — mjin)) +

achieved in a unique formalism offers one of the great advan-gnn (g (k) ,g (k—1),...q (k —rap) ,u (k) ,u (k — 1)

tages of neural networks. As this variant was proved useful..., u (k — mnp))

in Artigue et al. (2011), specifically for recurrent model, we o . . )

extended in the present work the assessment of such desidHhere the length of the sliding rainfalls window of the linear

3.4.1 Generic architecture

to the sixth possible following generic architectures: part is denotedniin, the order of the nonlinear part is noted
rin, the length of the sliding rainfalls window of the nonlin-
— Fully linear (feedforward or recurrent). ear part is denotegtnp.
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Table 1. Mean performances of assessed models. Performances are synthesized as it will be shown in Sect. 3.5. Lag is the delay between th
maximum observed discharge and maximum forecast discharge.

Mean performances N Cp PPD SPPD Lag(0.5h)
Pure linear, Average 0.87 055 99% 82% 1
feedforward Std. Dev. 0.11 0.11 5% 12% 0.55
Pure linear, Average 0.68 —2.87 56% 54% 0.81
recurrent Std. Dev. 0.12 6.57 5% 5% 1.17
Standard MLP,  Average 0.90 0.62 86% 81% 0.44
feedforward Std. Dev. 0.11 0.20 15% 13% 0.51
Standard MLP, Average 0.67 —29 55% 52% 1.44
recurrent Std. Dev. 0.10 371 12% 12% 0.89
Combined, Average  0.93 0.74 90% 86% 0.81
feedforward Std. Dev. 0.05 0.14 6% 8% 0.8
Combined, Average 0.81 —-1.25 72% 70 % 0.38
recurrent Std. Dev. 0.14 3.6 7% 8% 0.81

In the recurrent linear and nonlinear combined model oneable to generalise to examples different from those used for
has (with the same notations): training. On the other hand, a very simple model lacks the
st+1) = gun @ () . (k=11 (k — min)) + Tleﬁibigty to adapt to the regres_sion function (D_reyfus, 2005).
aNN G kT —1) skl —2) o5 (k+1— romy . 2 (K). n o_t cases, th_e results obtziln_ed are_not rehgble. )
w(k—1) ... (k — mpn) This problem is c_:alled the b|as—yar|ance dilemma _(Ge—

’ man et al., 1992). Bias decreases with greater complexity (the
In order to compare performances of all models in a synthetionodel becomes increasingly precise in adapting to the train-
way, Table 1 provides the mean performances of each modeing data), yet variance is increasing at the same time (the
Criteria were calculated by simple average over 4 variousmodel shows greater sensitivity to the training data details).
lead times and upon 4 intense events as it will be more exSince bias and variance are positive terms, their sum indi-
plained in Sect. 3.4.2. Accurate architectures were adjustedates the minimum for a certain complexity that represents
for each model as presented in depth in the following sectionthe best tradeoff.

First it can be observed that recurrent models are not as Let us consider the model complexity being represented
efficient as their feedforward equivalent; this point is well by the number of free parameters of the model. The vari-
known. Equally, it appeared that considering Nash criteria orable selection allows for less model complexity in order to
persistency criteria, the combined model outperforms bothenhance the model’s generalisation abilities. Several meth-
linear and MLP models. The apparent good success of theds yield a variable selection; these include knowledge-based
linear model for the PPD and SPPD conceals a great ovemmethods, applied when the phenomenon to be identified is
estimation of the flood peak. Regarding the lag time, it iswell known and statistics-based methods, employed when
interesting to note that it was better in the combined modelthe phenomenon is not clearly understood or when the vari-
for the recurrent version. This last point is very satisfying be-ables available are not mutually independent.
cause it means that the combined neural model succeeds in In this study, for example, as follows, the response time
catching both the amplitude and the dynamics of the hydro-of a basin may be relevant information in defining the num-
logical process. ber of previous rainfall values necessary to produce a fore-

For these reasons, itis clear that the models implementingast (previously termed as window’s width). This informa-
combination of linear and nonlinear parts outperform othertion, which is simple and accurate, does not require a detailed
ones. Such generic architecture is, thus, used in the followinguinderstanding of the targeted basin, but merely a statistical

sections. analysis of the database; this analysis will be provided in fol-
) _ o lowing section.
3.4.2  Variable selection and optimisation Nevertheless, knowledge-based methods are necessary,
N . . ] and as shown in the state of the art (Sect. 2.3.1) the infor-
Taking into account bias-variance tradeoff. mation of soil moisture is a necessary state variable, espe-

Working with neural networks involves an accurate consider—f:ially for the recurrent model, which does not dispose of this

ation of model complexity. On the one hand, a very Complexmforma'[ion (contrarily to the feedforward model which dis-

model adjusts to the underlying function added to the noisd’0S€s _Of th_e discharge measure_ments,_thems_elves iqflue_znced
included in the data. This phenomenon is well known and la-P2" SOil moisture). It appeared interesting to input this kind
belled “overfitting”. In this particular case, the model is not of information to the model by the way of a sliding window
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in Mialet (;(k-w9+1) Fig. 7. Recurrent model. Green elements are rain gauge input vari-

ables, orange elements are recurrent input variables (aptétle
Flement represents hidden layer and red circle represent the linear
output neuron. ACR represents the average cumulative raipfall;
Fgefers to the rainfall (instantaneous or cumulative) valueantb

the length of the respective sliding windoivis the forecast lead
time. The sliding window of previous estimated discharges the

order of the mode. The number of neurons on the hidden layer is

Fig. 6. Feedforward model. Green elements are rain gauge inpu
variables or discharge in Mialet (notegd, blue element represents
hidden layer and red circle represent the linear output neuron. AC
represents the average cumulative rainfall;refers to the rainfall
(instantaneous or cumulative) value andto the length of the re-
spective sliding window. is the forecast lead time. The sliding win-
dow of previous estimated discharges ighe order of the model.
The number of neurons on the hidden layei.is

unable to adjust adequately to the underlying function: it is

too simple. For both recurrent and non-recurrent models, the

of the average cumulative rainfall defined as following: separation of the linear and nonlinear behaviours expressed
P 3 in the combined model helps to cleverly tune the level of
1 . .
ACR(k) = - Z an(kf) compIeX|_ty of the nonlinear part of the model. _ _
n == Following these thoughts, the proposed generic architec-

ture is presented in Fig. 6 for the feedforward mode and in
Whereks represents the time from the beginning of the eventrig. 7 for the recurrent network.

to the actual discrete time of forecastihgandn is the in- After an accurate tuning of the complexity of the models
dex of available rain gauges in the basin; in the present studynumber of hidden neurons and widths of temporal windows)
3 rain gauges are available. hereafter presented, the comparison of the performance of

The ACR() variable obeys to the same definition than the poth feedforward and recurrent models will allow assessing
ACR introduced in Sect. 3.1, nevertheless it was calculatedhe degradation in operational forecast conditions when mea-
in a causal way during the event. The aim is to provide tosyred discharges are no longer available.
the model parsimonious information about the previous rain-
falls, over a long time horizon, without increasing tremen- Complexity selection
dously the number of variables, and consequently the com-
plexity. Therefore, as the average cumulative rainfall AQR( The goal of complexity selection is to tune the number of
includes the rainfall memory from the beginning of the eventhidden neurons and variables, for the studied models, namely
it was applied to the networks, as did for others variablesthe values off:, wq, ..., we,r.
through a sliding window whose length must be appropri- Considering the corresponding hydrological response
ately selected. It can be noticed that if AGR@oes not help  times, the sliding time windows relative to rain gauge inputs
the model to provide a better forecast it is removed fromwere proportioned. The notion, as demonstrated by Kong
the architecture by the variable selection process described Siou et al. (2011), has been to estimate this characteris-
in next section. tic time statistically in using cross-correlation between rain-

Regarding the number of neurons, one can note that théall and discharge on all database events. On the resultant
pure linear model containing only one neuron was showncross correlograms, the first maximum was interpreted as the
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Table 2. Values of statistically estimated response times (based orTable 3. Optimal architecture selected using cross-validation for
cross-correlations), and indications on the range of sliding windowvarious forecast lead times.

lengths investigated using cross-validation (1 stands for Mialet, 2
for Saint-Roman-de-Tousque, and 3 for Barre-désebnes). Model k+1 k+2 k+3 k+4
element (0.5h) (0.5h) (0.5h) (0.5h)

Rain gauge 1 2 3

w1 (p1) 2 4 4 5

Average response time steps (0.5 h) 4 6 9 w2 (p2) 9 8 8 8

: w3 (p3) 9 9 9 8

Response time steps range (0.5 h) 2-7 59 8-11 wa (pa) 5 3 3 3
ws(p1) 6 4 5 4

we (p2) 7 7 6 7

response time. Only correlograms showing an interpretable w7 (p3) 10 10 10 9
maximum have been retained. Among these results, we em- wg (pa) 1 1 1 1
ployed two techniques to select the events considered of high h 3 2 2 2
enough magnitude to represent a hydrological response: riwg L 2 2 2

— events whose maximum intensity exceeds the median,

— events whose average cumulative rainfall exceeds th@yptimisation step can also be conducted by minimising the

median. cross-validation score obtained on each combination. The
. optimisations performed have specifically targeted the ran-
Use of these two selection methods also allows us to as-

dom initialisations of parameters; these outcomes indicate

sess the relevance of resulis, which lastly were nearty SIMihat the model is fairly insensitive to initial parameters.

llar for both methods. Cross correlograms were, therefore, ;o important to realise that the underlying function to im-
plptted for all rain gauges and a.” selected evenFs. Since eaCBIement at specifi¢; lead time is not the same that the one
rainfall gv?r}r does dnot always mvollve evelr yt rsz?u ?haugg’operating at anothdp lead time because the future rainfalls
Some rainfall recordings Were poarly correlated wi € 00~ are not provided to the model. Considering that the neural

served discharge. In such cases, no response time can be &g, pox model is not forced to realise strictly the phys-
tracted from the correlogram; these configurations have been:aI process of the watershed, it is, thus, asked to provide

rerlgovedt;‘]rom the staustlctgl proc?.ssw][g. the slidi ing lepIicit rainfall anticipation. In such a case, there is no way
rom these response ime estimates, the sliding raintaly, - ,o mogel to be the same for each lead time. Therefore, it

wmo!ow dlme_nsmn was accurately adjusted fqr th_e three Mg necessary to design as many models as requested lead time
vestigated rain gauges by means of cross-validation, as pro

posed by Kong A Siou et al. (2011). Training was performeddlsCharge forecasting.

) : 4 models were, thus, adjusted for each lead tifne (,
using Levenberg-Marquardt second-order method in recogy 4 o 143 k+4) and for both feedforward and recurrent
nition of its strong performance. Cross validation is used ' '

ointly with early Stoopi models. The number of recurrent inputs (the orgdehas
jointly with early stopping. . . been tested from 1 to 5. The optimal architectures are pre-
Itis important to recall that the model uses strictly no rain-

. . . . sented in Table 3.
fall information after the instant of forecastirkg As well,

icl b d disch . d after the instant of f It can be noticed in Table 3 that except for the 1 model,
zansctir?/gzoo served discharge s used after the Instant oTforey, o qer pest value was two, which suggests that the model

- . does not only need the sole previous value, but also its vari-
Table 2 presents the values of the statistically estimated re- y P

: L 4 ation to perform better. This variation allows the model to
sponse t|mes_ as well as the range qf sliding v_vlndow Iengthsdistinguish the rising of the peak and its decreasing.
examined using cross-validation. It is reassuring to note that
these response times are increasing when moving from the
closest to the furthest rain gauge from the outlet. Equally,3-4-3 Event selection for training, cross-validation,
the same demarche was followed to select response times of early stopping and testing
others architectures presented in Sect. 3.4.1. It appeared that
they were quasi-similar, thereby proving the robustness ofThe training dataset was straightforward to create: all
the method. In the same spirit, time window of AGR{s 58 database events, with the exception of those selected for
adjusted using cross-validation inside the interval [0-7]. Se-testing and early stopping, were used. Thus, in all, 56 events
lected values are given in Table @ for the feedforward  were available for the training step.
model andwg for the recurrent one). Cross-validation was performed on the 58 events in or-

Once the variables have been selected, the optimisatioder to select the early stopping event as proposed by Touk-
routine relative to the hidden layer and loop or previousourou et al. (2011). The best cross-validation score among
discharges (if the model is recurrent) is performed. Thisintense events (i.e., over 1 km~2) matches the chosen
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Table 4. Discharge thresholds corresponding to the levels of vigi- level of vigilance remains accurate. The persistence index is,

lance. generally speaking, showing that the model brings better in-
formation than a naive forecasting. On average, it is more
Level Discharge threshold than 0.7 and rarely under 0.5.
Green level < 105ms1 From a temporal standpoint, in most cases examined
Yellow level > 105mPs~1 herein, lags indicate that the forecasting is slightly late, yet
Orange level > 370nPs 1 the limited degradation of SPPD vs. PPD serves to mitigate
Red level > 600 s 1 this concern.

While not all of the hydrographs will be presented herein,
Fig. 12a and b displays the predicted hydrographs for a
edium to strong event (no. 13) and the extreme event

early stopping event: this event occurred in January 1998 an ; ;
y Stopping y ﬁ]ﬂo. 19) for thek 4 3 forecast lead time (90 min). Let us note

reached an intensity of 250%s 1. . lent quality of f tina for this 90-min hori
The cross-validation approach should be applied to the en- € excellent quality ot forecasting for this 9L-min horizon,

tire training database. Nevertheless, due to the small numbeiveea;:iﬁg g;(:reme event, which is higher than any event in

of intense events and the desire to produce the best possﬁ— . .
The results are satisfactory, which often proves to be the

ble model for intense events, the use of cross-validation for ith thi f. i h ) disch
selecting the architecture can only proceed on a selection afase Wi IS configuration, where previous discharges are
putted to the model. Moreover, positive persistence index

events, revealing useful characteristics for the purpose of thid! : . . .
study. Such a practice is called “partial cross-validation” by ShOV\./ that the model cqmbmes discharge and rainfall in order
Toukourou et al. (2011). Since we are focused here on ﬂaslll0 bring useful m_format_lon. . . .

floods, those most intense events are also the most hazardous,In large lead times, it can be noticed that persistency in-

we have selected all of the intense events (specific discharg_%reases' This phenomenon does not mean that the forecasting

exceeding 1 s~ km—2). Moreover, to allow the model to is better in an absolute way, but that it is easier to work better
respond quickly and precisely to a rainfall impulse, we haVethan the naive forecast for large lead times. This observation

retained the events displaying an “impulse shape”, meaningYVas highlighted in Kong A Siou et al. (2011).

those events whose discharge response can be clearly cor-

related with a rainfall impulse. Consequently, this level of 3.5.2 Recurrent model

model specialisation, referred to as “partial cross-validation”,

was applied to 17 events. The recurrent model was run in a first step with real rainfall
The test event could be any in the series, but we optediata (as measured by the rain gauges without correction) and

to test an extreme event, an average event, a minor evei a second step with a 20-set range of modified rainfall data,

and a complex event (i.e., double-peak) in order to generatéhus, yielding 20 discharge forecasting, in order to enhance

an overview of the developed model’s efficiency. The inter-results. These results are presented in the current section.

change of events between the test event and another dataset

implies inevitably new training and new parameter’s initiali-

sation selection.

Table 5 lists the characteristics of the selected events for]_h t model ith ob drainfall dat duced
the test step. From a simple examination of these character- erecurrent modelrun with observed raintall data produce

istics, the system nonlinearity is quite noticeable: the rainfall-the results shown in Table 6. As expected, this model yields

discharge relationship does not depend merely on the opPOOrer results than the fegdforward model, Whic.h takes ad-
served rainfall amount or hourly intensity. vantage of the measured discharges as state variables. As un-

derscored by the results presented in this section, discharge

Deterministic rainfall:

3.5 Results information is quite important for the model; though the re-
current model is typically capable of providing reliable al-
3.5.1 Feedforward model ternative forecasting when discharge measurement problems

occur during floods (damaged devices, transmission prob-
The feedforward model displays excellent results on all fourlems, etc.). The persistence criteria are better for intense and
events tested. Table 6 presents these specific results. Thesenple events and, as previously, for large lead times.
results show that the feed-forward model is able to provide Generally speaking, roughly 70 % of the peak discharge is
sufficiently accurate forecasting for the vigicrues require-accurately predicted, in many instances in terms of time as
ments relative t& + 1 to k + 4, i.e., for forecast lead times well (to within 30 min). The level of underestimation ranges
of 30 min to 2 h. The Nash criterion values often lie close to from —41 % to—17 % relative to SPPD, with an average of
0.9 and decrease as the forecast lead time increases. For the80 % and a standard deviation of 8 %. Despite this under-
most intense event (September 2002, event no. 19), the foreestimation, the relative constancy could allow forecasters to
casting becomes less accurateifar4, though the predicted adapt their decision during operational applications. For an
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Table 5. Main characteristics of the events selected for the test dgpfeak dischargeQ a: average discharge,: average rainfall during
the event and,.: maximum observed hourly intensity).

No. Date Peaks [ Oa P I
ms m3sH (mm) (mmnrd
13 Sep 2000 1 454 70 230 40
19 Sep 2002 1 819 116 235 82
8 Nov 1996 2 269 47 222 26
302 Nov 2003 1 200 67 155 16

Table 6.Results obtained by the feedforward modéj:(level of vigilance predicted by the modéfy: level of vigilance required given the
observed discharge, Lag: delay between the maximum observed discharge and maximum forecast discharge).

Event [(0.5h) R2 Cp PPD SPPD Vp Vo Lag(0.5h)

13 1 099 073 98% 94% O O 1
13 2 098 092 9%6% 9%5% O O 1
13 3 097 09 9%6% 88% O O 1
13 4 095 095 9H5% 94% O O 1
19 1 093 042 86% 71% R R -1
19 2 094 065 8% 89% R R 0
19 3 094 07 94% 94% R R 0
19 4 078 067 87% 82% R R 1
8 1 097 064 9% 9% Y Y 0
8 2 094 075 90% 85% Y Y 1
8 3 091 067 8% 79% Y Y 1
8 4 088 070 8% 77% Y Y 1
302 1 097 065 91% 88% Y Y 2
302 2 0.95 08 87% 82% Y Y 1
302 3 093 084 83% 82% Y Y 2
302 4 089 079 81% 76% Y Y 1
Average 093 074 90% 86% — - 0.81
Std. Dev. 0.05 0.14 6% 8% - - 0.8

average event, the synchronization of peaks is better than thahan the second most intense event) and when recalling that

obtained by use of the feedforward model. this event, as a test event, was not used in either the training
Here once again, we will not present all of the hydrographsor stopping sets. Such a result proves that neural networks,

produced, but limit our display to the following ones: event if used with rigorous regularisation methods, can generalise

no. 8 fork + 1, no. 13 fork + 2, no. 302 forik 4+ 3, and no. 19  efficiently to extreme never encountered events.

(the most intense of the entire database)far4 (Fig. 10). Surprisingly (except for persistence), it can be observed

The event 8 shows a good consideration of the hydrologi-on few events that performances tend to stabilise, or some-

cal dynamics by the model. Particularly, it is worth noting times slightly increase, when the lead time increases. In or-

that the increase of discharge at the beginning of the peakder to confirm this observation over larger dataset, the cross-

is anticipated by the model. However, the second peak icorrelation score is shown in Table 8 for the various lead

slightly underestimated. Even with a little underestimation, times. One can note that this score is slightly bettekferl,

the event 13 is well forecast in any case. Its standard shapiavalidating thus the previous observation in a general way.

can be easily linked to the shape of the rainfall signal so thatOne can also note that the cross-validation score actually sta-

the model, trained on intense and “impulse shaped” eventshilises fromk + 2 to k + 4 lead times. The last point would

responds well. The event 302 is the most underestimated, atuggest that the recurrent model would actually be able to

any instant of the event. Here again, the model reproduceanticipate short term future rainfalls.

well the general dynamics of the event, but the lack of am-

plitude is important. Finally, the forecasting on event 19 is Ensemble forecasting:

of excellent quality especially when recognising that it is the

most intense event of the database (roughly two times greatdp order to further enhance the results obtained, the un-
certainty in rainfall measurements has been considered by
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Fig. 9. Forecast and observed discharges for the four tested events with the recurrent model (the forecast lead times are indicated).

introducing a random component in the rainfall values. Fu- Consequently, a random modification of the rainfall was
ture rainfall data were no longer applied to the model. performed: each test set value used was multiplied by a ran-
The two main sources of uncertainty are: (i) the rain dom number between 0.8 and 1.2. This process was repeated
gauge itself and its location; and (ii) the spatial variabil- 20 times, providing 20 different rainfall inputs for the model.
ity of both rainfall (especially relative to convective rain- No bias was introduced due to the poor knowledge of the
fall, which is the case within the@ennes range) and strong rainfall field on the eastern part of the basin, combined with
winds. In this study, these uncertainties have been estimatethe high rainfall heterogeneity.
at around 20 %, which is consistent with the conclusions by In order to compare the results obtained using this model
Marchandise (2007). with the deterministic forecasting from Sect. 4.5.2., and as
the most representative criterion for our purpose, SPPD was
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Table 7. Results output by the recurrent mod&( level of vigilance predicted by the modely: vigilance required given the observed
discharge, Lag: delay between the maximum observed discharge and maximum predicted discharge).

Event [(0.5h) R2 Cp PPD SPPD Vp Vo Lag(0.5h)

13 1 094 0.07 84% 81% (6] O 1
13 2 0.95 065 8% 79% O O 1
13 3 0.93 082 79% 79% Y O 1
13 4 0.93 0.86 77% 75 % Y @) 1
19 1 085 -025 67% 63% O R -1
19 2 092 0.71 72% 69 % (0] R -1
19 3 091 0.84 74% 73% R R -1
19 4 091 089 83% 83% R R 0
8 1 0.8 —-452 70% 70% Y Y 0
8 2 078 —-084 62% 62 % Y Y 0
8 3 077 033 67% 63% Y Y 1
8 4 0.81 0.15 65% 59% Y Y 2
302 1 063 —-133 64% 64 % Y Y 0
302 2 064 -351 70% 70% Y Y 1
302 3 057 -231 72% 2% Y Y 0
302 4 057 —-063 65% 63 % Y Y 1
Average 0.81 —-1.25 72% 70% - - 0.38
Std. Dev. 0.14 3.61 7% 8% - - 0.81
EVENT N°8 EVENT N°13 Table 8. Evolution of the cross-validation score versus the forecast
100% 100% lead-time.
T T - Lead time 1 2 3 4
80% 80%
g i g ) Cross validation score (0.18) 161 174 175 179
60% E ¥ ¥ 60% un - -
TR k2 ks kd T k2 k3 We have demonstrated herein that no improvement is
Horizon Horizon gained by this method. The average results of ensemble fore-
o EVENTN"19 oo EVENT N°302 casting are, as a general rule, either nearly the same or worse

than the output of deterministic forecasting. The lag results,
T _ which have not been presented herein, also turn out to be sim-
809 80% = ilar. The maximum values can yield excellent results, yet in

g e . S . .
% ' & - L real-time use this information proves irrelevant. As a matter
60% [) I 0% T 1 1 of fact, the question surrounding the choice of leading en-
L - semble remains unsolved for the forecaster. It is currently
recognised that when the average ensemble forecasting is
40% 40% L T : . .
k1 k2 k3 ked 1 k2 k3 ke similar to the deterministic forecasting, then the contribution
Horizon Horizon of the ensemble forecasting becomes quite limited.
= Average SPPD @ Deterministic rainfalls SPPD = Minimum and maximum SPPD NeVertheless, thIS part Of the Study haS Sparked diSCUSSion

_ _ ~about the robustness of the recurrent model. Generally speak-
Fig. 10. Summary of results obtained from ensemble forecastingjng, events nos. 8 and 302 display a lower variability than the
compared with deterministic forecasting output. others. We analysed this result through a diminished impact

of rainfall modification on lower intensities and cumulative
o . rainfalls. In the case of low-intensity events, the model shows
chosen as the descriptive parameter. Figure 10 presents the, .= ™ o . .
. . rT}r]elatwe insensitivity to rainfall uncertainty. In the case of
the ensemble forecasting, along with the SPPD values outp%lgher-|nten3|ty evepts, the cohclu5|on 'S rgther ambiguous,
L : ut with the exception of maximum and minimum values,
by deterministic rainfall forecasting. . . .
a low dispersion can be noticed. The model used, therefore,

shows limited sensitivity to noise in the test set input data.
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If no strict forecasting enhancement is obtained, then modethe use of previous measured discharges is recommended for
robustness is assessed and can be qualified as reasonable.short-term forecasting; for longer terms forecasting it would
be useful to take profit of the recurrent model, which seems
to grasp the dynamics of the basin better.
4 Discussions Finally, ensemble predictions do not enhance the results
obtained by the recurrent model. The advantage is very clear:
The results obtained prove again the neural networks abilitythe sensitivity of the model to rainfall uncertainty is low. On
to provide robust and efficient forecasting in complex nonlin- the other hand, no improvement is obtained. In these condi-
ear natural systems. Here is targeted a small basin regularlifons, if a bias could have been defined (under or overestimat-
submitted to flash floods. ing of the rain gauges), we could have been opening another
Previous work in the area was made by Toukourou etpath of inquiry, in which forecasting could have been en-
al. (2009, 2011) on the Gardon d’Anduze basin (545km hanced considering better the reliability of the rainfall mea-
This basin is bigger than the Gardon de Mialet and not assurements.
homogeneous as the Gardon de Mialet basin is, even if they
are nested. Consequently, the Gardon d’Anduze behaviour
is more complex with lots of sub-basins, high slopes differ-5 Conclusions
ences, geological heterogeneity... Thus, the maximum fore-
cast lead time can be of the same order in both basins becau3de potential human and financial losses related to flash
the Gardon d’Anduze may be more sensitive to rainfall loca-floods have made their study and forecasting a very chal-
tion, thereby reducing the average visibility. For these rea-lenging concern. In this paper, we have evaluated six types
sons, it would probably be difficult to build an efficient re- of models based on machine learning: the first category be-
current model for Anduze. longs to feedforward models using previous observed dis-
We showed, in the present study, that for a simple basin, a&harge values, while the second represents recurrent models
linear part combined to a nonlinear one in the model bringsusing previous estimated discharge values. In each category,
a significant enhancing to a MLP feedforward model. Thislinear, classical MLP and combined linear and MLP models
behaviour may be linked to the basin behaviour. The transwere assessed, each one type was set forth in four versions
formation of rainfall into discharge is more direct for rapid corresponding to four forecast lead times. It appeared then
basin: both signals (average rainfall and discharge) have ththat combined models were superior to the others and pro-
same shape so that a linear relation can bring enhancementded very good forecasts up to the response time of the basin
to the modelling process, while the nonlinear part supportswithout any assumption about future rainfalls. End users can
complex relations. benefit from these results in order to decrease the uncertainty
Concerning the shorter lead tirkg-1, forecasts are some- inherent to flash flood forecasting.
times worse on the intense events chosen compared to the A rigorous variable selection process (using basin re-
other events. One can explain this lower quality by the hydro-sponse times) and an accurate application of regularisation
logic behaviour of the basin and by the bias variance tradeoffmethods (early stopping, cross-validation) have highlighted
In order to explain this, we should observe Dokiat the ability of neural networks to model nonlinear recurrent
al. (2001) work on the Gardon d’Anduze basin. They showsystems such as rapid basins. Their parsimony is highly val-
that, very short-term rainfall forecast is not necessary to pro-ued in the context of flash flood forecasting, as characterised
vide accurate discharge forecasting. Even if in the presenby a poorly known hydrological context, missing data and
work, no rainfall forecasting is used, the underlying phe- partial data unavailability during real-time use.
nomenon is the same. In both cases, the last rainfall values As exhibited in the literature, the feedforward model is
(forecast or observed) provided to the model are not usethe more efficient. Applied to the Mialet Basin, it yields effi-
ful to explain the short-term estimated discharge. Indeed, theient forecasting on any kind of event tested up to a 2-h hori-
rainfall recently observed (one or two step times before thezon. In the case of data transmission difficulties or discharge
instant of forecasting) is not yet participating to the hydro- gauge damage, the recurrent model outputs forecasting in a
logical response. In our study, this means that some recerdegraded mode. Though efficiency is lower, still in most in-
values are unnecessary for short forecast lead times whilstances 70 % of the peak discharge is predicted. In order to
they are still provided to the model. They increase complex-raise this ratio value, ensemble forecasting that take into ac-
ity by increasing the number of parameters; taking into ac-count the great uncertainty on rainfall inputs were developed.
count the bias-variance tradeoff, this may degrade the foreUnfortunately, the average results of these forecasting were
casts obtained. nearly equal to those obtained using the simple input ver-
A point is common amongst all of the studies about neu-sion. The longer computation time these forecasting require
ral network hydrological modelling: a rigorous application is not justified by the improvement in results. Nevertheless,
of regularisation methods is a reliable path to design a well-the low sensitivity of neural networks to the noise and in-
working neural network model. Then, if data are available,accuracy found in the test set has been demonstrated. This
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property constitutes another advantage of the neural networBeven, K. J., Quinn, P., Romanivicz, R., Freer, J., and Lamb, R.:
approach. TOPMODEL, in: Computer models of watershed hydrology,

It can be highlighted that such conclusions are generic and edited by: Singh, V .P., Water Resources Publications, Highlands
can be applied to any other basin in which data would be  Ranchs, Colo., 627-668, 1995. o
available for a sufficient number of events. Next, by taking Borrell: V., Chorda, J., and Dartus, D.:&ision des cruesclair, C.

soil moisture into account using associated indices or previ- R. Gef)sc'?nce’ 337, 1109-1119, 2005. L
ous long-term rainfall series, the model could be enhancedCeresettl, D.: Structure spatio-temporelle des fortésipitations :
' ' applicationa la egion Gevennes-Vivarais, PhD Thesis, Univer-

especially when considering the great seasonal variations in sité de Grenoble, Laboratoire&tude des Transferts en Hydrolo-

initial conditions. Lastly, after enhancing these forecasting, gie et Environnement, 283 pp., 2011.

a generalisation of recurrent model forecasting to ungauge@orzo, G. and Solomatine, D.: Knowledge-based modularization

basins remains the main purpose of our future research. and global optimisation of artificial neural network models in hy-
drological forecasting, Neural Networks, 20, 528-536, 2007.

Coulibaly, P., Anctil, F., and Bobee, B.: Daily reservoir inflow fore-
casting using artificial neural networks with stopped training ap-
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