Proc. IAHS, 383, 381-389, 2020
https://doi.org/10.5194/piahs-383-381-2020 Open Access

© Author(s) 2020. This work is distributed under PI AHS

the Creative Commons Attribution 4.0 License.

PREMHYCE: An operational tool for low-flow forecasting

Pierre Nicolle!, Francois Besson?, Olivier Delaigue!, Pierre Etchevers”, Didier Francois>,
Matthieu Le Lay*, Charles Perrin', Fabienne Rousset?, Dominique Thiéry°, Francois Tilmant!,
Claire Magand®, Timothée Leurent®, and Elise Jacob’

1Paris-Saclay University, Inrae, HYCAR Research Unit, Antony, France
2Météo-France, Direction of Climatology, Toulouse, France
3LOTERR, Lorraine University, Metz, France
4EDF-DTG, Grenoble, France
SBRGM, Orléans, France
SFrench Office for Biodiversity (OFB), Vincennes, France
"Ministry for the ecological transition, Water and biodiversity direction, La Défense, France

Correspondence: Pierre Nicolle (pierre.nicolle @univ-eiffel.fr)

Published: 16 September 2020

Abstract. In many countries, rivers are the primary supply of water. A number of uses are concerned (drink-
ing water, irrigation, hydropower, etc.) and they can be strongly affected by water shortages. Therefore, there
is a need for the early anticipation of low-flow periods to improve water management. This is strengthened by
the perspective of having more severe summer low flows in the context of climate change. Several French in-
stitutions (Inrae, BRGM, Météo-France, EDF and Lorraine University) have been collaborating over the last
years to develop an operational tool for low-flow forecasting, called PREMHYCE. It was tested in real time on
70 catchments in continental France in 2017, and on 48 additional catchments in 2018. PREMHYCE includes
five hydrological models: one uncalibrated physically-based model and four storage-type models of various
complexity, which are calibrated on gauged catchments. The models assimilate flow observations or implement
post-processing techniques. Low-flow forecasts can be issued up to 90 d ahead, based on ensemble streamflow
prediction (ESP) using historical climatic data as ensembles of future input scenarios. These climatic data (pre-
cipitation, potential evapotranspiration and temperature) are provided by Météo-France with the daily gridded
SAFRAN reanalysis over the 1958-2017 period, which includes a wide range of conditions. The tool provides
numerical and graphical outputs, including the forecasted ranges of low flows, and the probability to be under
low-flow warning thresholds provided by the users. Outputs from the different hydrological models can be com-
bined through a simple multi-model approach to improve the robustness of forecasts. Results are illustrated for
the I11 River at Didenheim (northeastern France) where the 2017 low-flow period was particularly severe and for
which PREMHYCE provided useful forecasts.

1 Introduction affected by water shortages in rivers (Bousquet et al., 2003).
Furthermore, uses should be compatible with maintaining the
1.1 Why anticipating low flows? quality of aquatic life, through environmental constraints like

minimum environmental flows (Acreman and Dunbar, 2004).

In many countries, rivers are the primary supply of wa- There is a need for the early anticipation of low-flow

ter. In France in 2013, 73 % of total withdrawals (38 km?) periods to improve water management and to take more
came from Tvers (Banque National des Prélevements en Eau,  jiely measures to mitigate the socio-economic and ecolog-
Chataigner and Michon, 2017). A number of uses are con- ical impact of water shortages (Chiew and McMahon, 2002;

cerned (thermal power plant cooling, hydropower, drinking g aramouz and Araghinejad, 2008). Extreme droughts which
water, irrigation, industry, navigation) and can be strongly
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occurred in France in 1976, 2003, and more recently in 2011,
2015 and 2017 underline the need for forecasting systems,
which is strengthened by the perspective of having more fre-
quent and severe low flows in summer in the context of cli-
mate change.

In 2011, the French Agency for Biodiversity (formerly
ONEMA) and the Ministry for the environment launched a
research project to compare and evaluate the ability of vari-
ous hydrological models to produce low-flow forecasts use-
ful for real-time decision making. This project led to the de-
velopment of a low-flow forecasting tool that includes the
tested hydrological models.

1.2 Hydrological tools for low-flow forecasting

There are a few existing approaches and tools for low-flow
forecasting. A detailed review can be found in Nicolle et
al. (2014). More recently, a few works have been carried out
on this topic. Some examples are commented here:

— conditioning methods for input scenarios for seasonal
streamflow forecasting, as tested by Crochemore et
al. (2017). These authors investigated the impact of
conditioning methods on the performance of seasonal
streamflow forecasts, to identify forecast attributes lead-
ing to improvement or deterioration using these meth-
ods.

— investigation of the skill of seasonal ensemble low-flow
forecasts in the Moselle River (Demirel et al., 2015).
The authors compared three data-driven and conceptual
hydrological models for low-flow forecasting, and as-
sessed the effect of ensemble seasonal forecasts on low-
flow forecasts quality.

— proposing a framework for low-flow forecasting in
Mediterranean streams (Risva et al., 2018). The authors
provided a simple and effective tool for low-flow fore-
casting up to six month ahead, which needs limited data,
based on the improvement of the linear reservoir con-
cept that represents streamflow recession.

In France, a few operational tools have been recently de-
veloped, indirectly or directly linked to low-flow forecasting.
One can mention:

— the Aqui-FR project (Habets et al., 2015) that aims in-
tegrating hydrogeological models to monitor and fore-
cast groundwater resource at medium range to seasonal
scale, on the main aquifers of France.

— E-tiage, which is an online service to help end-users for
water management. It allows monitoring river stream-
flow over past days and forecast streamflows on the
Adour-Garonne and Charentes catchment (south-west
part of France).
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Table 1. Summary of the main characteristics of the 118 catch-
ments.

Min 25% Median 75% Max
Area (km?) 9 145 275 732 110188
Median elevation (m) 52 137 188 433 1794
Flow availability (yr) 4 34 45 51 60
Gap rate (%) 0 0 1 3 45

1.3 Objectives of the study

The objectives of the article are to present the main character-
istics of the low-flow forecasting tool and the results obtained
in operational conditions over the 2017 summer period on a
case study.

2 Material and methods

2.1 Catchment set and data
2.1.1 Selection of catchments

The catchment set was built in cooperation with a variety of
institutions involved in low-flow management, on the regula-
tory or operational sides (environment directions at regional
and department levels, regional irrigation managers, etc.).
They provided lists of target catchments, where human influ-
ences were requested to be limited, given the current version
of the tool does not account for upstream influences. This re-
sulted in the selection of 118 catchments, mainly located in
north-east, north-west, south-west, and centre of France (see
Fig. 1). The catchments show various hydrological regimes
ranging from oceanic to Mediterranean or mountainous. Ta-
ble 1 shows the main characteristics of the catchment set,
with catchment sizes ranging from 9 to 111000 km?, median
elevation ranging from 52 to 1794 m and historical stream-
flow data covering periods from 4 to 60 years.

2.1.2 Data

Daily streamflow records were retrieved from the French na-
tional discharge archive (HYDRO database, available at http:
/Iwww.hydro.eaufrance.fr, last access: 20 November 2018).
Daily precipitation and temperature data originate from the
gridded (8 km x 8 km) SAFRAN climate reanalysis devel-
oped by Météo-France (Vidal et al., 2010). Potential evapo-
transpiration (PE) was computed using the formula proposed
by Oudin et al. (2005). The climatic series are continuously
available on the 1959-2018 period over France. This period
includes severe droughts conditions (e.g. in summers 1976,
1989, 2003, 2005, 2011, 2015 and 2017).

Table 2 displays the ranges of climate and flow characteris-
tics of the catchment set. Hydroclimatic conditions in France
are quite variable in terms of mean annual precipitation, PE
and streamflow. There is also a strong interannual variabil-
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Table 2. Percentiles of the distribution of a few climatic and hydrological characteristics of the 118 catchments. Interannual variability values
correspond to coefficients of variation calculated on the 1958-2009 period for P and PE, and on streamflow available period for Q. 050,
080 and Q90 are respectively the 50th, 80th and 90th exceedance percentiles of the flow duration curve.

Min 25% Median 75%  Max
Mean annual precipitation Pp (mm) 623 746 843 956 1757
Interannual variability of P 0.13  0.16 0.16 0.17 0.28
Mean annual potential evapotranspiration PEy (mm) 488 657 684 718 852
Interannual variability of PE 0.07  0.10 0.10 0.10 0.11
Mean annual streamflow Q5 (mm yr— 1 57 182 266 341 1277
Interannual variability of QA 0.16 0.31 039 047 429
Runoff ratio Qa/Pa (%) 6 24 31 37 75

Base-flow index (BFI) (%)
030/ 0% (%)
Q%) (mmd~h)

22.6  48.1 583 730 963
0.00 0.19 035 049 0.73

0.01 0.11 0.19 033 1.53

L

0 1000 2000
Elevation [m]

4000

Figure 1. Location of the 118 catchments in France. Each outlet is
shown by a red dot.
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ity, especially for streamflow. On average, 31 % of rainfall
become runoff for the catchment set, but this ratio varies be-
tween 6 % and 75 %.

2.2 Ensemble low-flow forecasting using hydrological
models

Models are expected to forecast streamflow from time steps
t+1 to t 4+ L (with L the lead time), knowing both observed
meteorological inputs and streamflow until time step ¢ and
making assumptions (i.e. choosing scenarios) for the future
meteorological inputs from 741 to ¢t + L. Streamflow obser-
vations can be used within an assimilation scheme and/or a
statistical correction procedure.

Figure 2 presents the successive steps of the forecasting
method for low-flow forecasting with hydrological models:

1. internal states of hydrological models are initialized us-
ing climatic observations of past conditions until the day
of forecast;

2. last streamflow observation(s) can be assimilated, typ-
ically by correcting model internal states or by apply-
ing streamflow post-processing (e.g. model error correc-
tion);

3. several meteorological scenarios are used as model in-
put to provide an ensemble of streamflow forecasts from
t+1tor+L;

4. streamflow forecast are statistically analyzed to provide
confidence intervals of possible future streamflows over
the time horizon.

This approach is quite classical. The originality in the case
of PREMHYCE is that it is applied in a multi-model frame-
work. This has two potential advantages: to improve the re-
sulting forecasts and to better account for structural uncer-
tainty.

Proc. IAHS, 383, 381-389, 2020
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Figure 2. Forecasting method for low-flow forecasting with hydrological models.

2.3 Input forecasting scenarios

The PREMHYCE operational tool adopts the classical ESP
approach (Day, 1985) in terms of future meteorological in-
puts. For a given catchment, let us consider that N years
of past historical climatic observations are available. In real
time, one wishes to make a forecast on a calendar day ¢ of a
year Y within the test period, i.e. to forecast flows between
calendar days t 4 1 and ¢ 4+ L. The observed meteorological
data available between days 7 + 1 and # 4+ L in the years 1 to
N (i.e. N scenarios) are used as input scenarios to the model,
considering that they are likely meteorological conditions for
this period of the year. Here, 57 years (1959-2016) of daily
climate data from the SAFRAN reanalysis were used for the
tests during the 2017 year and 58 scenarios (1959-2017) for
the 2018 year.

A zero-precipitation scenario (i.e. precipitation equal to O
for the L next days) is also used to provide the worst-case
streamflow forecast. It is associated to a daily interannual av-
erage of potential evapotranspiration.
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3 The low-flow forecasting tool PREMHYCE

3.1 Platform presentation

PREMHYCE is a low-flow forecasting platform that aims at
providing low-flow forecasts at a daily time step for the next
90d to end-users. It is based on the airGR package (Coron
et al., 2017a, b) and includes five hydrological models: Gar-
denia (BRGM), GR6J (Inrae), Mordor (EDF, currently im-
plemented under a simplified form for technical reasons,
here called IrMo), Presages (Lorraine University) and the
Safran-Isba-Modcou (SIM) modelling suite (Météo-France).
More detailed information on these models and their prac-
tical implementation for forecasting are given by Nicolle et
al. (2014). Note that the SIM model is run by Météo-France
independently from the platform and only the SIM outputs
are uploaded into the PREMHYCE tool. This platform is cur-
rently hosted by a server at Inrae and allows data exchange
via FTP protocol.
The tool includes two main modules:

— An off-line module for the calibration of hydrologi-
cal models, to estimate models parameters and evaluate
models reliability. The module functions allow to:

https://doi.org/10.5194/piahs-383-381-2020
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Catchment : Ill at Didenheim HYDRO code A1080330
Hydrological model GR6J Date of forecast 11/04/2017 Forecasting lead-time (days) 90
Threshold Vigilance (m3s) : 1.10 | Alert (m3s) : 0.80 Alert renf (m3s1):0.73 | Crisis (m3s7):0.65
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Figure 3. Example of streamflow forecast synthesis plot provided by PREMHYCE on 11 April 2017 for the Il River at Didenheim with
GR6J.
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Table 3. Probability of detection to be under the vigilance and re-
inforced alert threshold for each model and for the 7 and 30 d lead-
times for the 11l River at Didenheim.

Lead-time (d)  Threshold Hydrological model

PRES IrMo GR6J GARD
7 Vigilance 092 083 085 0.84
30 Vigilance 076 0.68  0.74 0.76
7 Reinf alert 075 058 053 0.58
30 Reinf alert 0.68 024 041 0.71

— import the catchment database (observed time se-
ries of streamflows, precipitation, PE and tempera-
ture);

— calibrate the hydrological models using these time
series;

— copy the calibration database to a real-time
database.

— An online real-time low-flow forecasting module, to
produce forecasts every day. The module functions al-
low to:

— update the real time database using last observed
data until the day of forecast;

— update hydrological models internal states until the
day of forecast;

— compute streamflow forecasts up to 90 d ahead us-
ing historical scenarios;

— provide synthetic graphical results.

3.2 Model calibration

The model parameters can be either calibrated within the
platform or specified by the user. As a physically-based
model, SIM has been set up all over France and its pa-
rameters are not further tuned for the PREMHYCE objec-
tives. Note that SIM is the only model for which no cali-
bration against observed flow data at the catchment outlet is
performed. The spatially distributed parameters used in this
model are estimated regionally.

Users provide a list of catchments that have to be in the
French HYDRO database. For each catchment, up to four op-
erational streamflow thresholds can be also provided, which
will be used to interpret the severity of future forecasted low
flows.

Models are calibrated using a gradient-type method for the
GR6J, IrMo and Presages models. Two objective functions
(KGE, Gupta et al., 2009; NSE, Nash and Sutcliffe, 1970)
can be used with three prior transformations of streamflow
(0, +/(0), In(Q)). A compromise can be sought between
several parameter sets obtained by these various functions.
Gardenia is calibrated using the Rosenbrock method with the
NSE objective function calculated on In(Q).

Proc. IAHS, 383, 381-389, 2020
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3.3 Real-time daily operation for low-flow forecasting

The tool can be run every day to provide low-flow forecasts
at the daily time step. Given the computing constraints asso-
ciated with the SIM model, the SIM streamflow forecasts are
provided only once a month.

Several operations are made every day to provide low-flow
forecasting.

The last observed data until the day of forecast are first
used to update model internal states. A data import process
has been implemented to retrieve meteorological and hydro-
logical data.

Every day, Météo-France provides real-time gridded
SAFRAN data (precipitation, temperature) for the day be-
fore forecasting, as daily data for the day of forecast is not
yet available. Every month, Météo-France provides the grid-
ded SAFRAN reanalysis of these meteorological data for the
month before, to consolidate real-time SAFRAN data. These
data are averaged at the catchment scale for each catchment.

Users can provide the last observed streamflows up to
the day before forecasting, as daily streamflow for a catch-
ment at the day of forecast is not yet available. These ob-
served streamflow data are used within assimilation schemes
or post-correction procedures for low-flow forecasting. If ob-
served data is not available during the seven last days, mod-
els do not use assimilation schemes or post-correction proce-
dure.

The database containing the streamflow and meteorologi-
cal data is updated on a daily basis and initial models states
are computed with these data at the day of forecast.

The forecasts are then computed by applying the ESP
method described above.

3.4 Results

For each model, the PREMHYCE tool provides streamflow
forecasts for each scenario and for the no precipitation sce-
nario, for the next 90 d, under numerical or graphical formats.
Figure 3 shows an example of synthesis plot provided by the
tool for a forecast issued on 11 April 2017 for the Il River at
Didenheim with the GR6J model. It represents:

— Quantiles (0.1, 0.25, 0.5, 0.75 and 0.9) of the distribu-
tion of streamflow forecasts for the next 90d (blue en-
velop curve and blue dashed line).

— Streamflow forecasted with the no precipitation sce-
nario (orange line).

— Quantile 0.1 and 0.9 of the natural variability of ob-
served streamflow (grey envelop curve), defined for a
given calendar day d as the distribution of available
streamflows in the historical years for this day. It is used
as a benchmark to compare the streamflow forecasts.

https://doi.org/10.5194/piahs-383-381-2020
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Probability for streamflow forecasts to be under each
threshold provided by user for the next 90d (i.e. number
of scenarios under each threshold).

— Probability for the natural variability of observed
streamflow to be under each threshold provided by user
for the next 90d.

— Cumulative precipitation of each meteorological sce-
nario for the next 90d.

— Temperature of each meteorological scenario for the
next 90d.

Here are also represented observed streamflow (black
line), and simulated streamflow by GR6J using observed me-
teorological P and PE (brown line), that are normally not
available in real-time.

4 Case study: 2017 low-flow forecasts for the lll
River at Didenheim

In 2017, the PREMHYCE tool was launched every day from
the 1 March to the 1 October. Here, results will not include
the SIM model, which was only supplied once a month.

We chose to present the results of low-flow forecasts for
the Il River at Didenheim. The Ill River is located in the
north-east part of France. Catchment area is 660km? and
mean annual streamflow is 6700 L s~!. Daily streamflow data
are available over the 1974-2018 period. Operational thresh-
old provided by users are 1100 L s~! for vigilance, 800 L s~!
for alert, 730 L s~ ! for reinforced alert and 650 Ls~! for cri-
sis. They correspond respectively to the percentiles 8 %, 4 %,
2 % and 1 % of the daily flow duration curve. The year 2017
has been particularly severe in terms of duration and sever-
ity of low flows: streamflow remained under the vigilance
threshold during 71d over the March-October period, and
23 d under the crisis threshold.

The quality of low-flow forecasts is evaluated using the
probability of detection (POD). It is based on the contingency
table for low flows considering a threshold (Schaefer, 1990),
and is computed considering the number of Hits and Correct
misses as follow:

Hits

POD = — :
Hits + Correct Misses

ey

Here, an event is considered well forecasted if more than
50 % of members are below the low-flow threshold.

Table 3 presents the probability of detection (POD) for the
vigilance and reinforced alert threshold for each model and
for the 7 and 30d ahead lead-times. All the models show a
good ability to detect vigilance threshold at 7d ahead, be-
tween 0.83 for IrMo and 0.92 for PRESAGES. This abil-
ity decreases when lead-time increases, whatever the model
and the threshold. Models have more difficulties to anticipate
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cross of thresholds early, which is an expected result. Surpris-
ingly, Gardenia presents a better POD for 30 d lead-time than
for 7d lead-time. This may come from the post-correction
method used, which is different from the three other mod-
els. More investigations are needed to better understand this
result.

POD also decreases for the lower threshold (i.e. reinforced
alert), whatever the model or lead-time. Models have more
difficulties to detect extreme low-flows. This could be due to
the use of meteorological input scenarios, bearing in mind
that 2017 is among the driest year on record and that the use
of ESP always tends to provide meteorological scenarios that
are statistically wetter for severe low-flow periods, leading to
an overestimation of low-flows.

Hydrological models present the same trends, but signif-
icant differences can be observed for the reinforced alert
threshold where PRESAGES seems to be slightly better.

Models reliability has been evaluated using the containing
ratio (see Nicolle et al., 2014). For this catchment, models
appear to be quite reliable, especially Presages and IrMo for
the 7 d lead-time. For Gardenia and GR6J, reliability is im-
proved for the 30 d lead-time.

Models are able to forecast the cross of threshold 35d in
advance on average (at least 50 % of ensemble members be-
low 80th percentile of the streamflow distribution), even if
there are some differences between models. Overall, compar-
ing hydrological models to the natural variability of stream-
flow shows the interest of using hydrological models: stream-
flow ensemble forecast from hydrological models provide
sharper and more accurate ensemble. Moreover, using nat-
ural variability of streamflow as an ensemble forecast does
not allow detecting the crossing of thresholds: most of the
observed streamflows in the past years are superior to the
thresholds. The representation of soil humidity conditions
by hydrological models at the day of forecast is essential
to improve low-flow forecasts, although this representation
remains less important than having reliable meteorological
input scenarios for longer lead-time.

5 Discussion and conclusion

Improving forecasting input scenarios seems to be the most
promising line of action, in order to increase the efficiency of
hydrological forecasts at longer lead-times. Low-flow fore-
casting is less efficient when users need it the most, i.e. when
the conditions are particularly dry, because the ESP method
tends to overestimate real conditions by construction. Us-
ing conditioning methods to constrain input scenarios could
be an interesting way to improve low-flow forecasting, as
well as using ensemble forecasts from meteorological mod-
els. The use of seamless inputs scenarios combining both
ESP and ensemble forecasts (typically from Météo-France or
the European Centre for Medium-Range Weather Forecasts —
ECMWF) could also be implemented.

Proc. IAHS, 383, 381-389, 2020
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The results shown on the Ill River are only an example.
The relative merits of the models are different among catch-
ments. A more thorough analysis is needed to get a more gen-
eral evaluation on all the catchments where the PREMHYCE
was run.

The PREMHYCE project has implemented several hydro-
logical models for low-flow forecasting in a common struc-
ture. Results on the 2017 low-flow periods showed the inter-
est of using such a tool to help end-users decisions.

There is ongoing work to improve low-flow forecasting
by integrating short-term or mid-term meteorological fore-
casts as inputs, and by taking into account human influences
such as dam or irrigation. The tool will also give the possi-
bility to combine streamflow forecasts in a multi-model ap-
proach. The operational prototype currently tested by opera-
tional users will be more widely spread to practitioners in the
coming months.

Data availability. Readers can access streamflow observations
used in this study at the HYDRO database website (http://www.
hydro.eaufrance.fr/) and climatic data from the Météo-France por-
tal (https://publitheque.meteo.fr/). Hydrological and climatic data
were processed into a joint database by Delaigue et al. (2020), with
synthesis files available at https://doi.org/10.15454/UVO1P1.
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