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Abstract. Effective discharge forecasts are essential in operational hydrology. The accuracy of such forecasts, particularly
in short lead times, is generally increased through the integration of recent measured-discharges-using-data-measurements of
observed discharge; commonly known as discharge assimilation (DA)precedures. Recent studies have demonstrated the effec-
tiveness of deep learning (DL) approaches for rainfall-runoff (RR) modeling, particularly Long Short-Term Memory (LSTM)
networks, outperforming traditional approaches. However, most of these studies do not include DA procedures, which may
limit their operational forecast performance. This study suggests and evaluates three DA strategies that incorporate discharge
i -recent discharge measurements or forecasts from a pre-trained
benehmark-modelBMrainfall-runoff model. The proposed strategies, based on a Multilayer Perceptron (MLP) as orchestrator,

include: (1) the integration of recentlyobserved discharges, (2) the integration of both recent discharge observations and pre-

from either pas

trained BM-model forecasts, and (3) the post-processing of BM-model forecast errors. Experiments are implemented using the
two large datasets, CAMELS-US dataset-using-and CAMELS-FR, and two established benchmark models (BM): the trained
LSTM model from Kratzert et al. (2019) and the conceptual Sacramento Soil Moisture Accounting (SAC-SMA) model from
Newman et al. (2017), covering both machine-deep learning and conceptual RR simulation approaches. Lead-times-of-The
considered lead times range from 1 :3;-and-to 7 days, covering both short- and mid-term horizons;-are-considered. The ap-
proaches are evaluated within two forecast frameworks: (1) perfect meteorological forecasts over the forecasting lead time and
(2) highly-uneertainensemble meteorological forecasts. The two frameworks yield contrasting outcomes. When evaluated un-
der the perfect forecast framework, the application of DA leads to substantial improvements in forecast performance, although
the magnitude of these gains depends on the initial performance of the benchmark (BM)-models and the forecasting lead time.
Improvements are consistently significant for the SAC-SMA cases, while for the LSTM cases, gains are observed mainly for
basins where the LSTM initially underperforms. However, the ensemble forecast evaluation yields unexpected results: the per-

formance ranking of the tested models changes markedly compared to the perfect forecast framework. The LSTM model, in

partlcular appears penallzed by the uﬁfelrmbﬂwrspeelﬁe&ly—theunder dispersion —of its forecast ensembles;-meaning-thatits
irme. Although this underdispersion

could be partly attributable to the underdispersion of the forecast archives tested, it persists even when the model is driven b
the high spread climatology-based ensemble. This finding underscores the importance of ensuring reliable ensemble dispersion

for the efficient operational deployment of Al-based hydrological forecasts.
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1 Introduction

Discharge forecasting models are essential in operational hydrology, whether for water resource or related-risk management.
Their importance is set to increase as climate-related threats intensify (Schiermeier, 2018; Philip et al., 2020; Rentschler et al.,
2023). However, providing accurate discharge forecasts remains challenging due to the complexity of rainfall-runoff (RR)
processes, model imperfections, and uncertainty in input data, particularly in-weatherforecast-quality regarding the quality of
weather forecasts.

Over the-yearsdecades, significant efforts have been made to address the challenges of hydrological modeling, leading to the
development of various models and approaches. In the era of artificial intelligence (Al), notable advances have been achieved,
with recent studies demonstrating the outstanding performance of deep learning models (DL) relative to traditional RR models
(Kratzert et al., 2019; Husic et al., 2022). Commonly used DL architectures include multilayer perceptrons (MLPs) (Jeannin
et al., 2021; Saint-Fleur et al., 2023), recurrent neural networks (RNNs) such as Long Short-Term Memory (LSTM) networks
(Kratzert et al., 2018, 2019; Fang et al., 2021; Wunsch et al., 2021; Rahbar et al., 2022), and more recently, Transformers (Polz
et al., 2024).

Despite-these-advancesNonetheless, most hydrological models in the literature

are evaluated mainly under perfect weather scenarios, which may overestimate
their performance in an operational forecasting framework. Although simulation models can be integrated-incorporated into
forecasting systems, either as assimilable data or as-driven by forecasted forcings, their development frequently overlooks key
components such as data-asstmiationtBAjdischarge assimilation, persistence analysis, and ensemble (probabilistic) assess-
ment.

Persistence analysis, introduced by Kitanidis and Bras (1980), evaluates a model’s performance relative to a naive baseline,
which simply translates the current observation to the target lead time. This analysis, which serves as a relevant benchmark for
assessing the predictive ability of models, is rarely considered in most hydrological modeling studies.

Pata—Discharge assimilation (DA), on the other hand, which consists of dynamically providing real-time observations
discharge data to a running forecast model, is essential in operational forecasting (Bourgin et al., 2014; Boucher et al., 2020;
Piazzi et al., 2021). By ensuring regular updates of the model states, DA allows one to reduce the impact of uncertainties
associated with meteorological forecasts and model structures, thus keeping the model aligned with evolving hydrological
conditions. Several DA techniques exist, and their efficacy often depends on the reliability of the underlying model and/or the
techniques used (Feng et al., 2020; Nearing et al., 2022; Yang et al., 2025). For direct discharge-assimilation-DA strategies, the
importance of DA is typically more pronounced at shorter lead times. However, suboptimal models may over-rely on the as-

similated discharge data, which may overshadow the contribution of the forcings, leading towardsnaive models (Saint Fleur
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et al., 2020). Thus, DA methods can improve the operational application of RR forecasting models but are not straightforward
to calibrate and implement efficiently.

In the following, two benchmark models are considered to evaluate the added value of DA procedures: the regional LSTM

model of Kratzertet-al(20+9)-Kratzert et al. (2019) and the basin-specific conceptual SAC-SMA model from >-A-preliminary

shentrmalemented with-the ANE data-<e N ewrman—e 014 0O = A

Three-different-data-Newman et al. (2017). Three different discharge assimilation (DA) strategies ;-that take into account past

observed discharges to generate forecasts -will be tested. For simpler implementation, including time and resource efficiency,
a MultiLayer Perceptron (MLP) network (Rosenblatt, 1958) is used as the orchestrator in these DA methods. MLP networks
modeling (Atmaja and Akagi, 2020; Oliveira et al., 2021; Jeannin et al., 2021). Although recent studies have demonstrated the
superior performance of models such as LSTM (Kratzert et al., 2018) networks or transformers (Li et al., 2024), MLPs have
been used in this study not only as a forecasting orchestrator but also as an alternative for RR modeling due to the relative

comparison with other classical "data assimilation" techniques, such as the Ensemble Kalman Filter (Clark et al., 2008).
As assimilated-discharge-discharge assimilation procedures generally lose effectiveness at extended lead times, forecasts are

considered-evaluated at both short- and mid-term lead-timeshorizons. These lead times are defined with respect to the basin

response timesestimated-on-the-basis-of-, estimated based on a rainfall-discharge cross-correlation analysis. To ensure opera-
tional relevance and reflect real-world forecasting practices, two scenarios are considered with-respeet-to-weatherforeeastsfor
the weather forecast data: (1) weatherforecasts—will-be-assumed-to-be-perfeet—assuming weather forecasts are perfect; (2)

evatuated-using ensemble-based forecasts. Accordingly, forecast performance is assessed using both deterministic and proba-
bilistic eriteriametrics.
The experiments are based on two widely used large-scale hydrometeorological datasets, CAMELS-US (Addor et al., 2017)




This paper is structured as follows : Section 2 introduces the data and the benchmark models. Section 2.2 presents the data
95 set, the proposed data-assimilation-DA methods, the experimental forecasting setup, and the evaluation metrics. The results
for the deterministic and ensemble forecasts are successively presented and discussed in Sect. 3, followed by Sect 4 with an

extension of the analysis to the French basins and using more recent forecast products. Section 5 presents the main conclusions.

2 Materials and Methods

2.1 Dataset

100 The CAMELS-US dataset {Newman-et-al;26+4;2622-Adderet-al-2647)-(Addor et al., 2017) consists of basin-averaged hy-
drometeorological time series, catchment attributes, and daily streamflow observations from the United States Geological
Survey (USGS) for 671 catchments across the Contiguous United States (CONUS). The meteorological forcings are available

from either-Daymet, NLDAS, and Maurer sources. CAMELS-FR provides the same types of data for French catchments, of

which a subset of 338 basins is considered in this study. As this study stands-on-the-benchmark-work-builds upon the benchmark
105  works of Kratzert et al. (2019) and ?—hereafter-tracked-Newman et al. (2017), hereafter referred to as LSTM and SAC-SMA-

, it is limited to the same subset of 531 basins, the Maurer forcings, and the 1989-2008 period used in these previous works -

using the
110 CAMELS-US dataset. For the CAMELS-FR dataset, an LSTM has been developed from scratch under the same approach as
in Kratzert et al (2019), then considered an equivalent benchmark. The usage of these variables is summarized in Table 1.

Table 1. Avaitable-timeseriesfor-Used features from the 53+basins-over-the-period+989-2008two datasets

Type Variables Description Unit Seuree-CAMELS-US ~ CAMELS-FR
Forcings PET Potential Evapotranspiration mm/day MatrerXx X
PRCP Rainfall mm/day X X
SRAD Incident Solar radiation %M =X X
Tmax Daily maximum temperature °C =X X
Tmin Daily minimum temperature °C =X X
Vp Vapor Pressure Pa =X X
Target variable  Q.OBS Observed discharge mm/day USGS X
Model outputs Q.SAC SAC-SMA simulated discharge mm/day Newman et al. (2017) -
Q.LSTM LSTM simulated discharge mm/day Kratzert et al. (2019)  Current study

The added value of the proposed data-assimilation-strategies-will-be-DA strategies is evaluated for two types of RR models:
(a) the LSTM proposed in Kratzert et al. (2019), which was trained regionally and incorporates statie-basin-specific inputsstatic
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attributes, and (b) the conceptual global model SAC-SMA from ?Newman et al. (2017). As in Kratzert et al. (2019), the SAC-
SMA model has been chosen as a reference to illustrate the performance of conceptual RR models, which remain widely used

for operational discharge forecasting.

2.2 Data-assimilationproeedures

The train-test-validation split is illustrated in Fig.1. It depicts how the data is divided for training, validation, and evaluation of

the models. While the splitting of the initial models is mainly shown for reporting purposes, it provides a clear view of how the

data are positioned for the tested DA strategies.

pd v A4 A
[ [

A .
LSTM |
us {MLP* C——
LSTM | I |
FR {MLP* T

B Train [ Validation [ Train & Validation []Test

Figure 1. Train-test-validation split for both CAMELS-US and CAMELS-FR datasets. The test set (yellow), training set (blue), validation set

salmon), and combined training&validation set (marron) are indicated; the latter corresponds to training performed using cross-validation.

2

MLP* denotes the orchestrator used for discharge assimilation. Note that the entire modeling process of the DA strategies is carried out

exclusively on the test period of the initial LSTM (or the benchmark) models.

2.2 Discharge assimilation procedures

To-take-away-any-confusion;—the-term—data-As outlined in Fig. 2 and described in Eq.1 to Eq.5, three discharge assimila-

tiOn aSea—1i—in aary DasCa—SoO1rCry—ohtnc cegratio O Re-—frecent - narge—-aata §Sawiaviae otaG—arSo—octermea

“discharge-assimilation"—In-thatsensethree-data-assimilation-procedures are tested, integrating either recent discharge mea-
surements or simulations from the two RR models and using MLP as the orchestrator. Multilayer pereeptron-(MEP)networks
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Figure 2. Pata-discharge assimilation set-up: DA1, MLP Alone; DA2,MLP fed with RR model forecasts (MLP+LSTM or MLP+SAC-SMA);
DA3, Post-treatment of RR forecasting errors noted as LSTM_eCorr and SAC-SMA_eCorr.

1. DA-1: Direct forecast of discharges QtJrhp over the forecast horizon hp with an MLP, fed with the past observed dis-

charges Q°, observed meteorological variables X°, as well as meteorological forecasts X (see Eq.1).
135 Qt+hp = f(ngp:thfn:tJrhpvngn:t) (D

2. DA-2: The same approach as in DA-1 but with the forecasts of the RR model Q° (either SAC-SMA or LSTM) as

additional input variables (see Eq.2).
QHhP = f(fop:H»hp’Q?fp:tvthniH“hP’Xf:tfn) 2

3. DA-3: Post-processing of the prediction errors of the RR model ¢; (again SAC-SMA or LSTM). In this strategy, the
140 orchestrator is used to forecast the errors (é:14,) of the RR model over the horizon hp and the prediction errors are then

added to the forecasts of the RR model. The assimilation procedure then proceeds in three steps (see Eq.3, Eq.4, and

Eq.5).

e =Q7 —Qf 3)
145 Etthp = f(‘et—lﬂ?hQ?—p:t’Xt—n:t+hp7Xf_n;t) 4)

Qernp = Qs np tEt+hp )
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In the previous equations, n and p are the sequence lengths for the forcing and the assimilated discharge. These values will
be fixed based on the mean response time of the basins using a RR cross-correlation analysis;—; see Fig.5. As suggested in
Saint Fleur et al. (2020), to prevent the models from relying disproportionately on assimilated discharge rather than forcing,
we imposed n > p.

In summary, seven (7) different model configurations are compared: the five (5) data-assimilation-DA procedures (unfolded
from DA1, DA2, DA3) presented in this section, plus the two (2) direct forecasts from both pre-trained models, SAC-SMA and
LSTM, which serve as benchmarks to evaluate the efficiency of the tested data-assimilation-DA strategies. The direct forecasts
from the benchmark models were assumed to be unchanged for the tested lead time; therefore, no further running-training was

necessary.
In befh—fefee&%m%g—&ppfeaehe&all the considered DA strategies and for each basin, the MLPs were trained (i.e., calibrated)

$320 times, accounting for the random initialization
seeds) of their parameter values, leading to 66-20 different possible trained models. Likewise, 8 seeds have been considered

for the LSTM and 10 for the SAC-SMA model. This aims to account for the uncertainties and variability induced by model
initialization during training. The assimilation-DA strategies are trained en-the-basis-of-theseries-of-median-based on the series

of mean simulated values of both benchmark models (SAC-SMA and LSTM). The predictions thus consist of an ensemble of

60-20 runs for the assimilation-strategies-and—respeetively;-DA strategies and 8 and 10 runs for the LSTM and SAC-SMA
benchmark forecasts without assimilation, respectively. The performances of the ensemble simulations (dispersed by random

initialization) are analyzed --based on their median-valiess-mean values in the first part of this paper (Sect. 3.1)and-in-figure-22-

2.3 Forecasting setup and forecast products
2.3.1 Forecasting setup

featuresfor a-forecasting model that-includes-data-input feature selection for forecasting models incorporating discharge as-
similation may be affected by the forecastinglead-time-lead time (hp-Henee;a-specific-modelshould-be-). In most feedforward
architectures, a separate model is calibrated for each eonsidered-lead time. The alternative -consisting-ofiteratively-calibrating
WW%WWMWWM&M%&@WW%M times, is
weither jointly or recursively, is generally inefficient, as it substantially amplifies the forecast
uncertainty (Chevillon, 2007; Terasvirta et al., 2010; Liu and Wang, 2024). This finding-has-been-confirmed-during-the present




work-behavior has also been observed in the present study (results not presented herein). It is also worth noting that single-step.

180 models may not guaranty continuity of the outputs through successive lead times.
Fhreetead-timesare-explored:—13-and The forecasting framework is summarized in Fig.3, which illustrates how past
observations, assimilated discharge, and forecasted forcing data are integrated. The implementation in DA 1 and DA2 procedures

is straightforward for both the perfect and ensemble forecast strategies. However, for DA3 under the ensemble scenario, the

corrected quantity corresponds to the forecast member Q? for which the forecasted error & (in Eq.4) is issued, where ¢

185 indicates the forecast member.
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[ Forcing  JNEEEEEREENEEEENEEEEEN EEEEEER
Assimilated data*** JI IEEEECEE | BEET T T
( Target )

Timelinet

-T t—n (orp) t t+hp

Historical length (T), current time step (t), sequence length on forcing (n), sequence
length on assimilated data (p), forecasting lead time (hp).

* . Ensemble-based scenarios (Hindcast, Forecasts Archives, or the Climatology).

** . Perfect weather forecast scenario (Purely theoretical).

*** . Can be either the in-situ measurements or outputs from other models. If from
other rainfall-runoff models, it may go up to the lead time.

Figure 3. Forecasting assumptions setu

All the proposed DA strategies are trained using the perfect weather forecast configuration and then evaluated under both
the perfect and the ensemble-based forecast conditions. The ensemble forecast evaluation is conducted using three sources
of meteorological forcing: (1) a no-skill ensemble generated from past observations using a date-to-date sampling strategy,
referred to as "Climatology"; (2) hindcast (reforecast) products; and (3) real-time forecast archives provided by the European

190  Centre for Medium-Range Weather Forecasts (ECMWE). Hindcasts correspond to retrospective forecasts produced for past
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dates to establish a stable statistical reference for ensemble analysis, whereas real-time forecasts are operational predictions
issued daily for current and future conditions. Their preparation for this paper is described in Section 2.3.2.

2.3.2 Hindcasts, forecast archives and the climatology approach

The operational evaluation is implemented using the sub-seasonal to seasonal (S2S) dataset (Vitart et al., 2017), developed

through a joint initiative project of the World Weather Research Programme (WWRP) and the World Climate Research
Programme (WCRP). At the time of writing this paper, the S2S database is hosted at ECMWE as an extension of the TIGGE
archive. Overall, two forecast products are used: hindcast and real-time forecast archives. Since we evaluated the benchmark
models (LSTM and SACSMA) over the 1989-1991 period, only hindcast-based evaluation is implemented on the CAMELS-US
dataset because real-time archives are not provided for that period. Consequently, the hindcast product used is from the Bureau
of Meteorology (BoM) database (Hudson et al., 2020). Nevertheless, to complement this analysis, the ensemble evaluation
has been extended to the french basins using the CAMELS-FR dataset (Delaigue et al., 2025). This extension was specifically
implemented on the two main DA approaches tested (LSTM and DA1). using both hindcast and forecast archives for the recent
period of 2018-2021. On the ECMWEF data portal, BoM and ECMWE forecasts are provided as separate products, allowing.
the use of both hindcast products and real-time forecast archives.

For the present analysis, the perturbed forecast from the BoM dataset was retrieved for up to 7 days—In-the-abseneeof

days of lead time, with all its 32
members. The same method was applied to gather the ECMWF forecast archives (50 members) and hindcast (10 members
roducts. It is worth noting that these open data are available mostly for 6 to 8 days a month.

We also implement the "Climatology" approach as a baseline, which represents the simplest alternative to archived weather

forecasts. It is constructed by resampling historical meteorological observations. Although more sophisticated sampling strate-
gies could be coensidered-for-this-appreachimplemented, for example, based-on—similarities-between—current-and-histerieal

adepted-asforecastmembers-areseleeted-on-aby selecting periods of similar hydrological conditions (Hidalgo and Jougla, 2018
. the present study adopts a simple date-to-date basis=froma-given-sampling strategy. For a current date (¢9) within the evalua-
tion period (2006-2008)-spanned-to-the-1989-1991 for CAMELS-US or 2018-2021 for CAMELS-FR), the sequence spanning
the lead time (tg—Fp)-asequenceLty : to + hp) is established;-the-same-sequenee-index-defined. The same calendar sequence
(day and month) is ptekedﬁ&evefythgrw&@mwtmm%@@wear in the training/ealibrationperiod-(1989-2006)-then
remaining period (1991-2008 or 1989-2017). generating
18 mfmmmmmwmmm This approach is-terimed

. . . o . sconstitutes a typical
no-skill or poor-man’s ensemble, as its construction does not explicitly account for the predictability of non-periodic variables
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such as rainfall data, Nevertheless, it is conceptually similar to the Ensemble Prediction (ESP) framework introduced by
Day (1985) and widely used in previous studies (Hidalgo and Jougla, 2018; Crochemore et al., 2017).
Foreeasting-assumptionssetup At the other end of the evaluation spectrum, the "Perfect forecast” configuration is also
implemented. In this case, the forecasted meteorological variables are assumed to be equal to the actual observed values at the
corresponding future lead time in the evaluation year. This configuration is particularly useful for estimating the theoretical
upper bound of the performance of the models. Overall, four forecast configurations are considered in this study: Perfect Mode,
Climatology Mode, Hindcast Mode, and Real-time Forecast Mode based on meteorological forecast archives.

2.4 Evaluation metrics

Numerous metrics are proposed in the literature to evaluate the skills of hydrometeorological forecasting models (Murphy,
1993; Seillier-Moiseiwitsch and Dawid, 1993; Bradley and Schwartz, 2011; Lai et al., 2011; Harold et al., 2015; Petropoulos
et al., 2022): evaluating the efficiency for deterministic and ensemble predictions, but-alse-as well as reliability and resolution

for ensemble predictions (Bradley and Schwartz, 2011; Slater et al., 2019). The selected evaluation metrics are presented below.
2.4.1 Forecasting efficiency

The efficiency is a measure of the proximity between the observed values (), and the predicted values Qt. The commonly used
metrics for deterministic forecasts ;-are based on the sum of squarederrors: Nash-Sutcliffe Efficiency (NSE), Eq.6 (Nash and
Sutcliffe, 1970), the Kling-Gupta Efficiency (KGE) (Gupta et al., 2009), and the Persistency Criterion (PERS), Eq.7 (Kitanidis
and Bras, 1980; Corradini et al., 1986; Anctil et al., 2004).

ST Q-0

NSE=1- == i
2 -1 (@ — Q)

(6)

S, Q= Q)
th;hp (Qt — Qt—np)?

NSFE and PERS are scores that measure the proportion of the sum of square errors of an unskilled model explained by the

PERS=1—

(7

calibrated (or trained) forecasting model. The unskilled benchmark model for NSE is the trivial mean model (Qt+hp =(Q), and
for PERS the persistent model (Qt+hp = (Q¢). Both criteria range from 1 (perfect model) to —oco. A negative value indicates
that the model produces higher errors and, consequently, performs worse than the unskilled benchmark models. It should be

noted that it is more difficult to achieve a positive PERS than a positive NSE, particularly at short lead times.

10
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For ensemble forecasts, the Continuous Ranked Probability Score (CRPS), Eq.8
Hersbach, 2000; Matheson and Winkler, 1976), is commonly used.

T (o)
1 . 2
CRPS =3 CRPS, with CRPS, = / [Fi(y) — 120, dy ®)
t=1 oo
Where, for time step ¢, F} is the cumulative distribution of the ensemble forecasts, (); is the observed value, Qt is the
predicted value, () is the time average of the observed values, and 14,>@,} is the Heaviside-step function for a binary 0|1
outcome. The CRPS ranges from 0 (perfect models) to ee-—+o0 (low-quality models). Note that the CRPS is the mean absolute

error of the model in the case of a deterministic forecast (i.e. ensemble eomposed-constituted of a unique member).

2.4.2 Forecasting reliability

An ensemble forecast is considered reliable #—(or statistically consistent) when the ensemble spread refleets—the-—range—of

adequately reflects forecast uncertainty, such that the observations are statisticall
Talagrand et al., 1997; Whitaker and Loughe, 1998; Hamill, 2001; Buizza et al.

indistinguishable from the ensemble members

. The resulting distribution of the ranks of a sufficient number of observations, as proposed in (Hamill, 2001; Talagrand et al.,
1997), provides a visual verification of the reliability of the ensemble forecasts. The lack of reliability may take different
forms: (i) a tendency to overestimate (resp. underestimate), leading to an over-representation of the lower (resp. higher) ranks
in the rank diagram; (ii) under- or over-dispersions of the ensembles, resulting in a U-shape or Dome-shapedome shape of the
rank diagrams. Figure 22-4 shows the rank diagrams of the evaluation period (2006-26081989-1991) throughout the remaining
period (+989-20061991-2008), for the daily rainfall and PET data.

The rank diagram of the climatological ensemblesdoes not reveal any major deviationfrom-the-uniferm—reference-medel
deviations from the expected uniform distribution (Fig. 22)and-henee-no-obvious-biases-of the-considered-4), suggesting the
absence of obvious biases in this ensemble. However, the uniformity is not observed in the hindeast product, which exhibits

noticeable underdispersion that may be reflected in the forecasted discharges. This underdispersion, which varies within the

lead times (see Appendix A8), remains an open question in the present study. Nonetheless, as mentioned by Hamill (2001),
globalrank diagrams may mask seme-defautis-of-the-ensemblescertain defaults in ensemble forecasts; therefore, it-they will be

complemented by-spread/skill-seores—
here by spread-skill ratio (SSR) analysis.

lZT 0_2 N

- 1

oo VI s o
NS ST =

Where x and y denote forecast and observed values; N and i, the full-set and individual forecast members; 7" and ¢, the

evaluation period length and time step. The spread-skill ratio (Eq.9) is a widely used metric to evaluate the reliability of

11
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Figure 4. Rank diagrams for the—daily precipitation and PET elimatological—ensembles—drawn—from—for the period—1989-2005
Climatology-based ensemble (left) and evalwated-Hindcast products (right) over the CAMELS-US basins for 3 days lead time. The plots

correspond to the test-evaluation of the test-period (1989-1991) within the remaining 1991-2008 period2006-2668. The error-bars-error bars
represent the-tnter-basin-variability across the 56 basins considered, and the dashed-red line shows-denotes the theeretical-expected uniform

distribution. For ease comparison, the ensembles have been condensed into 10 classes from 17 and 32 members, respectively.

ensemble forecasts. It compares the ensemble spread (the forecast uncertainty) -with the actual forecast error (skill) of the
ensemble mean. As formalized by Whitaker and Loughe (1998), it is typically calculated as the ratio of the square root of the
mean of the ensemble variance (spread) to the root mean squared error (RMSE) of the ensemble mean. Values close to one

indicate a well-calibrated ensemble, while values below (above) one reveal under- (over-) dispersion.
2.4.3 Forecasting resolution

In ensemble forecast verification, resolution refers to the ability of a model to discriminate between events and non-events: i.e.,
the exceedance or non-exceedance of a given threshold discharge for hydrological predictions. Commonly used metrics for
such evaluation include the Brier score (Brier, 1950) and the AUC score (Area Under the Curve) estimated based on a ROC

(Receiver Operating Characteristic) curve.
— Brier score (BS)

1 o )
BS = NZ(fi_Oi) (10)
=1

N is the number of time steps, f; is the forecast probability of the event according to the ensemble, and o; is the observed
boolean outcome (1 if the event occurs and O otherwise).
The Brier score values range from 0 (perfect) to 1 ;-and-is-and are equal to 0.25 for a random detection model (i.e., the

no-skill model).

— ROC curves and AUC

12



300 To elaborate aROC-eurve;on the ROC curve; given a selected target discharge threshold, each rank of the ensemble is selected
in turn as the forecast value for the-event detection. The True positive rate (TPR: proportion of observed events predicted as
events) and the False positive rate (FPR: proportion of non-events predicted as events) are computed for each ensemble rank
sover the evaluation period. The ROC curve relates TPR and FPR. The AUC is the estimated area under the ROC curve. It
takes its value between 1 (perfect model, TPR=1 and FPR=0 for all ranks) and 0. The ROC curve of a random detection model

305 corresponds to the diagonal (i.e., TPR=FPR=proportion of predicted events). The AUC value of this random detection model
is equal to 0.5.

The resolution-measure-dependsforecast resolution may depend on the chosen discharge threshold. To evaluate the prediction
modelsensemble forecasts, several threshold values will-be-tested-corresponding-to-discharge-quantiles-are tested based on the
quantile of the observed series-with-non-exceedance-probabilities-discharge series. The considered quantile probabilities are

310 z0f0.01,0.05, 0.10, 0.25, 0.50, 0.75, 0.90, 0.95, and 0.99. For a given discharge threshold Q)z, an event is recorded whenever
discharge values cross this threshold. For thresholds below the median (Mﬁ)va}ues—aﬁebsefveekdﬂehafgﬁs—eeﬂstdefed
as-eventyrepresenting-x < 0.5), events correspond to low-flow conditions: i
WWWM@WWMM

Exceedance is defined based on crossings from above (recession curve) or below (rising curve) the threshold, eorresponding-to
315 fleod-conditionsrespectively.

2.5 Experimental settings
2.5.1 Input sequence size and lead time selection strategy

The sizes of the input sequences of the MLPs have been set based on cross-correlation diagramsas-suggested-by-Saint Fleur-et-al(2020)
+; see Fig. 5 for the CAMELS-US dataset and Appendix Al for the CAMELS-FR dataset. The median cross-correlation co-

320 efficients were considered in the 531 basins. Following Mangin (1984), a limit value has been chosen for the autocorrelation
coefficient for discharges of 0.2 to fix the length p of the input sequence ef-pastobserved-discharges—Coneerning-the-sequence
been-selected-days as an arbitrary value —along-the-flatten-ending-part-along the flattened portion of the RR cross-correlogram.

The correlation coefficients between observed discharges and daily rainfall amounts are the-highest for lag times between 1

325 and 3 days, suggesting that the basins of the CAMELS-US sample haveen-average-, on average, short response times, typically
of less than 3 days. This led-us-to-select-three forecastlead-times—+t:3;and-ensures that the evaluated 1- to 7 daysday lead times
cover both short- and mid-range forecast horizons. According to the response times of the basins, it is foreseen-anticipated that
short-term predictions 1 day ahead will be partly controlled by past observed rainfalls, whereas mid-term 3-to 7-day forecasts

will be mostly determined by predicted rainfalls.

330 2.5.2 Basin sub-sampling for the climatological ensemble runs
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— Basins R-Q Cross-Correlogram —— Basins Q-Q Auto-Correlogram

—— Median Q-Q Auto-Correlogram

—e— Median R-Q Cross-Correlogram

Correlation Score

0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
Lag (days) Lag (days)

Figure 5. Rainfall - Discharge cross-correlation on the CAMELS-US dataset; see Appendix Al for the CAMELS-FR case. The chosen sizes
(n and p) of the input sequences are marked with the dashed-dotied-dashed lines and an orange-colored dot.

Implementation-of-climatological-ensemble predietions+is-The evaluation of the ensemble-based forecast may be numerically
demanding: 3-7 lead times, S-assimilation-configurations;-60-seeds;18-7 model configurations, 20 randomly initialized models

10 to 50 forecast members, and numerous trials for model hyperparameter searching and training. To keep reasonable compu-

tation times, the elimatological-ensemble-runs-ensemble-based evaluations were conducted on a subset of 56 basins ef-from the
335 initial set of 531 basins. This subset of basins was selected uniformly ;-according to their NSE rank from Kratzert et al. (2019),

covering the same range of basins as the initial sample of 531 basins +see-(Fig. 6--). For the CAMELS-FR basins, the selection

was based on the completeness of the discharge time series, with total missing data not exceeding 90 days, while ensuring that

all regions (basins coded from A to Y) are represented. The lists of selected basins are provided within the code availability.

Sampled basins (Nb=56)

1.0
e All basins
©  Sampled basins
0.8 1
506
£
o
Q.
o
a 0.4+
0.2 A
0.0 - a seeio* & M

0.0 0.2 0.4 0.6 08 1.0
NSE (Kratzert et al., 2019)

Figure 6. Distributton-Cumulative distribution of the NSE scores for-tratned ESTM-modelsforof the datasample-tised-by-531 US-basins
from the regional LSTM of Kratzert et al. (2019) and the selected subset of 56 basins
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345

350

355

2.5.3 Softwares and hyperparameter settings

For the orchestrator (MLP) configurations, the hyper-parameters listed in Table 2 were optimized by-using exhaustive grid
search and cross-validation with respect to the used datasets. The hyperparameter subset was derived from a larger space
using 20 randomly selected basins, retaining the most frequent configurations. The hidden sizes ranged from a single layer
of 30 neurons to four layers with multiples of 30 neurons. Five levels of learning rates (10! to 10~°) were tested-primarity
primarily tested, and two have been maintained-aceording-toretained based on their occurrences as the best values.

Table 2. Model hyper-parameter setup

Parameters Parameter space
Hidden layers [size,] [120, 90] [120, 90, 60]
Activation [relu, tanh]
Learning rate [0.01, 0.001]
Solver ADAM
Early-stopping True
No_iter_no_change 15
Validation_fraction [0.2]
Random seed 6620
Sequence depth 30 on forcings, 10 on assimilated data

The experiments developed in this study are essentially based on open-source software and en-the Python 3.9 programming
language (van Rossum, 1995). Our modeling framework is based on the Scikit-Learn library (Pedregosa et al., 2012). Data
analysis, processing, and visualization are performed mainly using Pandas (McKinney, 2010), Numpy (Walt et al., 2011),
. and Xskillscore (Bell et al., 2021). The model development was carried out using Jupyter Notebook (Kluyver et al., 2016),
Anaconda (Anon, 2020), and PyCharm (JetBrains, 2024).

3 Results on the CAMELS-US dataset

The performance of the S—DA&ppmaehe%—weempafedwh—%he%eﬂF three discharge assimilation (DA) approaches is evaluated
against the benchmark models across the tw

considered forecast scenarios. This comparison emphasizes the differences in model behavior between an idealized context
setting (perfect forecast scenario) and a-highty

MW&W@W variability of the scores across the
basins is illustrated using boxplots and error bars. To introduce the results, an example of hydrographs (observed and forecasted)
is presented in Fig. 7. This example corresponds to basin N°01055000 from the CAMELS-US dataset over the period from
March 31 to May 15, 1991, and includes the three tested forecasting approaches (Perfect, Climatology, and Hindcast) along.
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360

365

with both benchmark models (LSTM and SACSMA).

—All presented results concern the test set.

Discharge forecasting on 3 days lead time from Mar.31 to May.15 1991 Discharge forecasting on 3 days lead time from Mar.31 to May.15 1991
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Figure 7. Examples of hydrographs on basin 01055000 of the CAMELS-US dataset for a 3 days lead time rainfall-runoff forecasting.
SAC-SMA (left) and LSTM (right) cases are shown separately; rows indicates (benchmark models, DA1, DA2, DA3), and columns points to

the meteorological forecasting approaches (Perfect, Climatology and Hindcast). Since hindcast products are available only 6 times a month,
their outputs are discontinued and shown through box-plots for easier display. Color ranges are used to highlight ensemble quantile ranges

Q75=[0.125,0.875], Q95=]0.025,0.975] and [Min,Max] values, while the observed discharge values are marked with orange-dots.

Figure 7 shows what each of the forecast results looks like. For illustration purposes, we selected a case in which both

the benchmark models and the meteorological hindcast provide accurate results. The performance metrics and scores of the

different approaches for the various lead times, evaluated in the full set of 531 CAMELS-US basins, are presented and discussed
in the following sections.
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3.1 Performances of the DA approaches based on perfect meteorological forecasts

3.1.1 Effieieney

370

3.1.1 Forecasting efficienc

As an introduction, Table 3 displays an overview of the NSE values and gains of the discharge assimilation methods tested in
this study for the 1-day lead time forecast, compared to the results published in Nearing et al. (2022), which tested discharge
375 assimilation using an LSTM on the same CAMELS-US dataset. Note that the test period differs between the study of Nearing et al. (2022)
(1989-1999) and the present study (1989-1991). Table 3 also includes the results obtained on the CAMELS-FR dataset, which
are presented in more detail in section 4. It shows that NSE scores are highly dependent on the datasets and that the relative
gains from discharge assimilation methods tend to be greater when the benchmark models have lower NSE values.

Table 3. NSE and improvements at a 1-day lead time across tested discharge assimilation approaches and benchmark models from several

studies
Nearing et al. (2022 This study CAMELS-US This study CAMELS-US CAMELS-FR

Approach
LSTM AR~ DA | LSIM DAl DA2  DA3 | SAC. DAl DAZ  DA3 | LSIM DAL

NSE
10%. 8% 8%  12% 1% V% 2% 1% 4%,

* Gains are estimated relative to the benchmark model NSE. In Nearing et al. (2022), AR and DA refer to the methods called auto-regressive and discharge

SAC- refers to SAC-SMA model.

assimilation respectively.

Overall, the improvements achieved by the DA strategies developed here are globally consistent with those reported in
380 Nearing et al. (2022). NSE gains range from 8% to 12% for the LSTM model and reach up to 22% for the conceptual

SAC-SMA model. As explained in Sect. 2, the remaining analysis is based on the persistence anal

ig. 8), which provides

more contrasted results than the NSE score.
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Figure 8. ECDFE-Box-plots of the persistence (PERS) scores. Rews-The figures are related-to-ordered with SACSMA-cases first, followed b

LSTM-cases. Lead times (1-7 days) are shown on x-axis, while scores are displayed on the y-axis. Color-codes distinguish the approaches:
benchmark eases-models (SACSMA-and-STMred);cotumns-are related-totead-times-, DA1 or MLP (4-green), 3—-7-daysDA?2 (orange) —Fhe
basetine-and DA3 (MEP-simplegold). DA is replicated in the-rowsboth benchmark cases. In the legend:#nitiet-Modet , i-LSTM stands for
the-benehmarks; MEP-Informed means-informed-DA2 or MLP-informed by the-benehmarksLSTM, ErrorPostprocessing eoncernse-LSTM
stands for DA3 or error post-processing approach on the errors-of-the-benehmarks-modelsLSTM case Rightward-shifted-eurves-indicate

better-performanees:

i surpriseAs expected, the PERS scores are-tower-in-the(Fig. 8) are lower at short lead times. This is a usual-result
common outcome in persistence analysissinee-, as models generally struggle to beat-outperform the persistent model at very
short tead-timeshorizons: the smaller the discharge variation-the-harder-+tis-variations, the more difficult they are to predict.
Seeondly-intine-Furthermore, in agreement with previous studies, the - ESTM-medel-outperforms-SACSMA—This-remains

The sit ; ; ient-than—th achm
times-itonty DAl method appears to be more effective than the SAC-SMA benchmark in all the lead times tested. However,
it only clearly outperforms the benchmark LSTM model in the lead-time-of-1-day;especially-when-the LSTM-leads-to-negative

PERS—which-is-observed-for-1-day lead time when the initial PERS scores of the LSTM are modest: the median PERS values
lower than 0.5 and the PERS values lower than 0 for 20%-of-the-basins-for-the LSTM-moedeland-Hess-than5% of the basinsfor

For further clarity, Fig.9 summarizes the gain in PERS scores achieved by the different DA procedures relative to their
corresponding benchmark models. Almost without surprise, these gains are highly dependent on the initial PERS value of the

benchmark model. Three classes of initial benchmark PERS values are considered in the figure to illustrate this dependency:
—00,0], [0,0.5], and [0.5,1]. The two other DA strategies, DA2 and DA3, both based on the benchmark models (i.e., MLP-

informed and error post-processing ), prove to be effective, as they consistently improve the performance of the ferecasting
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y : v Pbenchmark forecasting models on which the
are based. DA2 outperforms DA1, while the error-postprocessing-DA3 approach generally enhances the-persistence-of-the
405 ; st-ma s-tts-performance or, at least, preserves performance when it is already high.

PERS gain on SAC-SMA
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PERS-class on SAC-SMA PERS-class on LSTM

DA approach DA approach
N MLP @ /-SAC [ eSAC BN MLP @ /-LST™M [ eLSTM

Figure 9. Gain on Persistence. Where, Gain= DA - Benchmark. For lighter nomenclature, the following names have been respectively used:

MLP simple (MLP), MLP Informed by BM (¢-SAC or :-LSTM), benchmarks error post-processed (¢SAC or eLSTM)

410

s"The two figures 9 and 8 show that the gains are larger
for shorter lead times, more pronounced for SAC-SMA than for LSTM due to the overall lower scores of the SAC-SMA

model, and lower for basins where the initial model already performs well. In general, the ranking of the approaches tested is

415 the most effiei

s:effective approach overall, followed by DA3 (Fig. 8).
These firstresults demonstrate the effectiveness of the proposed DA strategies in improving the-efficiency-of-the forecastin

the-forecast performance under a perfect meteorological forecast scenario. Gains are particularly significant for the 1-day lead
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times. The-However, the added value of the proposed data-assimilation-methods-drops-DA decreases rapidly with increasing
420 lead times —Fhis-is-to-be-related-to-the (Fiz.9). This decline can be explained by both the increase in the PERS benchmark
models with lead time and the overall short response times of the basins inchided-in the CAMELS-US data—settypiealy—+
dataset, which typically range from one to a few daysaeeording-to-, This is depicted by the cross-correlation analysis —(Fig. 5),
which explains the reduced influence of past discharges on future trajectories for horizons exceeding these response times.
Letus-examine-now-The next step consists of assessing whether these conclusions remain valid when eonsidering-taking into
425 account uncertainties in meteorological forecasting—forecasts, a situation that corresponds to the operational implementation of
rainfall-runoff forecasting models. To streamline the discussion while considering the superiority of the LSTM model compared
to Sac-SMA and other possible conceptual rainfall-runoff models, only the LSTM cases are considered in the remainder of the
present manuscript.

3.2 Performances of the DA approaches under the-elimatology-based-ensemble-based forecast scenarios

430 As a reminder, i

{-e-highlyuneertainforeeasts)for the examples based on the CAMELS-US dataset, the ensemble forecast scenario is implemented
using the historical meteorological records (i.e., Climatology) and the BoM hindcast data. According to the sampling-method
st-adopted sampling strategy, the

435

whereas the hindcast ensemble consists of 32 members, as provided by the data source. The hindcast product is discontinuous

as only 6 predictions are issued within a month. To account for model uncertainties, these ensembles are further expanded
through random model initialization: 8 realizations for the LSTM benchmark;—10-for-the-SAC-SMA;-and-60-for-the-other

440 and 20 for the DA approaches. To limit computational costs, the evaluation is conducted in a representative subset of 56 basins
selected to cover the range of LSTM NSE (test) values observed in the 531 basins of the CAMELS-US dataset, as shown in

Fig. 6. Three key properties of the forecast ensembles are evaluated here: (1) theirefficiency based on the CRPS score, (2) their
reliability based on rank diagrams complemented with spread/skill ratios (SSR), and (3) their resolution using Brier and AUC

SCores.

445 3.2.1 Forecast efficiency

Figure 10 presents the CRPS values for both forecast

scenarios based on climatological ensembles and forecasts in all approaches and lead times tested —The-mean-absolate-error-of

to-evaluate-the-efficieney-of-the-foreeasting-approaches—tested-for DA. Two baseline models are included in the analysis: the
450 persistent model (forecast equal to the last observed discharge) and the past-observed (P.O) discharge model, which consists of
discharge observations from previous years on the considered date. Since the Persistent-Model produces a single deterministic
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465

rediction, its CRPS is reduced to the mean absolute error (MAE). In contrast, the P.O model comprises 18 members and is

therefore treated like all other ensemble forecasts.

3 Climatology Hindcast P.O.
5 I I l [ [ I I [ I J ) [ I W
7]
o
o
O | L % |
3 4 5 6 7 1 2 3 4 5 6 7 1to7
Lead times (days) Lead times (days)
B [STM HEE MLP B j-LSTM eLSTM Persistent Mode! Il Past Observations

Figure 10. Empirical-cumulative-distributionfunetions(ECDF)-Box-plots of the CRPS scores for the 56 test-tested basins for the 1989-1991
test period. Reeat-that-CRPS=Lead times of 1 to 7 days are shown in x-axis, while sores are displayed in y-axis where 0 is-the-denotes

perfect modetforecasts. Benchmark-related-eases-Colors indicated the LSTM benchmark (SAE-SMAred), ESTMDAL (green)arepresented
inrows, tead-times—+-DA2 (dark-orange), 3——7-daysDA3 (gold)in-eotumns—Both-the-baseline-, Persistent Model (MEP-simplegray) and

AR KRR A

e e e e e e e e epresented-with-beld-Past-Observed discharge (dark Hneand-thetater—with
a-tiny-grayeurve) In-the-legend:Benehniark standsfor-the- SAC-SMA-or ESTM-MLP-Informed means-informed-by-the-benchmarks;FError

Fig. 10, all tested models appear more efficient than the persistent baseline model for all lead times, even when accounting for
uncertainties in meteorological-foreeasts—Meoreoverthe-the ensemble forecasts. The performance gap between these models
and the simple-ne-foreecast-persistenee-model-widens—persistent model becomes larger as the forecast lead time increases. I

In the climatology-based scenario (left-most), the models consistently outperform the baseline observed in the past(P.O.)

signifying that all tested models and approaches remain informative even at the larger lead times. However, this pattern is not

consistently observed in the hindcast-based scenario for lead times exceeding 3 days. The observed biases in the BoM hindcast
roducts for the period 1989-1991, and for the SAC-SMA-benchmark-model—Hewever,—estimated basin average daily PET

and rainfall (figure 4), clearly limit the efficiency of ensemble forecasts based on these hindcasts for the CAMELS-US basins.
A detailed analysis of the structure of these biases, along with the development of an appropriate bias correction method
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480

485

Zalachori et al., 2012; Yang et al., 2020) would be essential to fully exploit the potential of these hindcasts. However, this
likely complex task was beyond the scope of the everall-rankings-ef-present study.
Finally, the foreeasting-methods-tested-have-been-completely-overturned—The-sim

bserved trends in Fig. 10 (climatology) are consistent with those observed using the PERS criterion under
the perfect meteorological forecast scenario (Fig. 8) with some nuances. The DA approaches, including DA1 (simple MLP)

remain effective, as they globally improve the performance of the LSTM model or, at least, do not degrade it for any of the
tested lead times. Their added values are also more pronounced at shorter lead times.

3.2.2 Forecast reliability

Figure-22-Figure 11 shows the rank diagrams for the-climatology-based-seenario-both the climatology- and hindcast-based

scenarios with the CAMELS-US dataset. The ensemble members have been grouped into 10 classes for all models to facilitate
comparison—The-charts-are-comparisons. The figure is organized vertically, and results-for-the-two-benchmark-models-are shown
firstthe results of the LSTM benchmark model are shown in the first row, followed by the five BA-approachestestedthree tested

DA approaches.
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Figure 11. Rank diagrams for the berehmark-LSTM-cases models and the DA strategies. X-axis (10 rank classes), Y-axis (proportion of
observed values in each class), median ratio and error-bars indicating the maximum-and-mintmum-ratios-distributions for the 56 test-basins.

Colors indicate the lead times.

Reliable forecasts are expected to preduee-flat-uniferm-yield uniformly distributed rank diagrams, indicating thatebservations
ensemble forecasts in which actual events are evenly distributed across the-range-covered-byforecast-ensemble-members:
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490

spread-of-all forecast member ranks. It should be noted first that the rank diagrams are similar across all lead times for a given
495 model and meteorological ensemble product, and they differ between models, indicating that the ESTM-ensemblesisnotably

A EC—OEEA RN/ [ pa atad aorm—the—encemble—mean h d anan W
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“Thisresultrainfall-runoff forecasting model, including the discharge assimilation procedure, has an impact on the spread and

ossible biases of the forecast ensembles. The rank diagrams indicate that the hindcast biases (Appendix. A6) propagate in all

500 models and methods tested, providing an explanation for the lower observed CRPS values compared to the climatology-based
scenario. The U-shape of the hindcast-based forecast rank diagram suggests that the ESFivi-modetis-insuffieiently responsive

505 enlypartly,forthis-dispersion-bias-of-theforecast ensembles may be, on average, under-dispersed. This pattern is not evident
when looking at model outputs (Fig. 7), but it seems to be confirmed by the spread-skill ratios, which are significantly lower
for hindcast-based forecasts than those of the climatology-based forecasts (Fig. 12). A slight deviation from the uniform

distribution also appears in the rank diagram of the LSTM climatology-based ensemble forecasts. The spread-sKkill ratios of the
LSTM ensemble forecast

510

error-post-proeessing-approachmodel appear similar to those of the DA1 (MLP), DA2, and DA3 approaches, suggestin

that the possible biases in the ensembles generated by the rainfall-runoff model are more complex than simple systematic

under-dispersion.

90 Climatology Hindcast P.-O.

1.5

2 3 4 5 6 7

5 6 7
Lead times (days) Lead times (days)
Bl STM B MLP B j-LSTM ELSTM I Past Observations
Figure 12. Boxplots-Box-plots of the spread-skill rati i sed-ratio for both climatology- (left) and hindcast-based

(right) forecast scenario for the subset of 56 test-basinsbasins. LSTM-cases (LSTM, DA1, DA2 or i-LSTM, DA3 or e-LSTM) cases are

shown including the Past-observed (P.O.) discharge model.

515 To-be-efficient-
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3.2.3 Forecast resolution

The Brier’s and AUC scores evaluate the ability of an ensemble forecast should-bereliable:and-to-bereliablethe-observations

520

the exceedance or non-exceedance of a selected discharge threshold. Their values are presented in Fig. 13 and Fig. 14. As
525 expected, the resolution of all forecasting approaches tested decreases with increasing lead times; i.e., the computed brier
scores and AUC get closer to the values obtained based on past observations only for all thresholds as the lead time increases.

The resolution analysis also confirms the poor skill of the ensemble forecasts based on the hindcast as used here, which is
articularly noticeable in the Brier scores (Fig. 13).
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Figure 13. Brier’s Scores for event detection based on thresholds using discharge quantile ) for both low flow (¢ < and high

flow (¢ > ) values. Median scores and error-bars are shown, indicating the dispersion across the subset of 56 test basins. Past-observed

discharge is also evaluated as a poor man’s discharge forecast and represented by the X symbols.

All the approaches tested outperform the random detection model (Brier=0.25) and generally surpass the P.-O. model
under climatology-based forecasts, with little to no improvement under the hindcast-based forecast. The earlier finding that
climatology-based ensembles tend to outperform hindcast-based forecasts in terms of forecast resolution is also observed here.

3.2.4 Foreeastresolution

The previous conclusions also hold for the model resolution: the proposed DA strategies prove effective. They either significantly
improve the skill of the LSTM benchmark or, at least, do not degrade its initial performance. |

‘Fhe Brier-seore This is particularly clear in the Brier scores (Fig. 13)as-welt-as-the AHE-, especially for short lead times
and intermediate discharge thresholds. The AUC graph shows less pronounced contrasts (Fig. 14)eonfirm-the elassifieation-of
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545

example of the Roc curves obtained for the threshold quantile 0.95 is presented in Appendix B2. It illustrates the complexit
of the comparison: the relative ranking of the models depends on the lead times, criteria, range of considered discharge values
or thresholds, and also the target probability of detection in the ROC curve.
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Figure 14. AUC scores for events based on flow quantile [0.1, 0.25, 0.5, 0.75, 0.9], with drought/flood detection shifting at quantile 0.5. These

shown values correspond to the median AUC values across 56 basins. Climatology and Hindcast are shown in rows, lead times 1-3-7 days
are presented in columns. Past-observed discharge is also evaluated as a poor man’s discharge forecast and represented by the X symbols.

Two additional observations can be drawn from the AUC figure (Fig.14), despite its limited contrast. First, the gap between

AUC values based on past observed discharges and those of the tested forecasting approaches is particularly pronounced for
high-threshold quantiles at a 1-day lead time. This suggests that the tested approaches are particularly well-suited to predictin
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the exceedance of high discharge values, which is consistent with the fact that the standard root mean square error criterion,
known to place greater emphasis on large discharge values(Terven et al., 2025), has been used to train all models and methods.
550
More surprisingly, for large discharge thresholds at 3- and 7-day lead times, the AUC scores obtained with hindcast-based
approaches exceed those associated with climatology-based forecasts. This indicates that, despite their apparently lower overall
skill, the hindcast products used contain valuable information compared to climatology for predicting intense rainfall-triggered
events.
555  These observations further illustrate how conclusions drawn from model comparisons depend on the target variable used
to train the model, the range of values considered, and the evaluation metric used. At this stage of the analysis, the following.
partial conclusions can be drawn:

— The proposed discharge assimilation procedures, particularly DA2 and DA3, prove to be effective, as they either significantl
improve or at least do not degrade tee-much-the performance of the model-they-are-based-upon-(MEP-simple-versus-MEP
560 informed)—Itisimportant to-recattthat LSTM benchmark model across all considered lead times and evaluation criteria

}\,

— Evaluating rainfall-runoff forecasts based on meteorological ensembles is a necessary complement to analyzes that are
often conducted under the implicit assumption of perfect meteorological forecasts. In the present case, this approach
reveals that the superiority of the LSTM and LSTM-based discharge assimilation methods over the proposed simpler

565 MLP model, observed for lead times greater than two days, disappears once meteorological uncertainties are taken into
account.

Nevertheless, the analysis is limited by the low skill of the available hindcast products for the selected test period (1989-1991)
in the CAMELS-US dataset. It is therefore proposed in Sect. 4 to implement some of the tested approaches on a more recent
dataset (CAMELS-FR), for which additional ensemble meteorological forecast products are available. The objective of this

570 extension is twofold: 1) to assess the robustness and generality of the conclusions drawn from the CAMELS-US case study,
and 2) to evaluate ensemble forecasting skill using more recent and probably higher-quality meteorological ensemble forecasts

produced by the opti

575

test-basins: In line with the conclusions of this section, and for the sake of simplicity, the analysis in Sect. 4 is restricted to
580 the benchmark LSTM model and the DA1 (MLP) strategy, evaluated under the same framework as previously. The analysis
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relies on hindcast products as well as forecast archives, providing an evaluation of the predictive skill of these two ensemble
rainfall-runoff forecasting models, had they been implemented in the past.

585 To ensure consistency with previous studies, such as Kratzert et al. (2019) for the CAMELS-US dataset and Hashemi et al. (2022)
for French basins, Fig.15 illustrates the position of the medels-tested;espeeially-depending-on-the-threshelddevel-

590

LSTM and DAL approaches implemented in this extended analysis
using the CAMELS-FR dataset (Delaigue et al., 2025). The results indicate that the trained LSTM achieves a high level of
595  performance on the CAMELS-FR dataset, with median NSE values reaching 0.9.

Furthermore, consistent with the comparison presented in Sect.3, the DA1 outperforms the LSTM at the 1-day lead time
and exhibits NSE values comparable to those of the LSTM model at longer lead times. The NSE values obtained on the same
datasets with the conceptual GR4J model (Perrin et al.,, 2003), a reference model in France, are also shown. These results
confirm that Al-based rainfall-runoff forecasts outperform traditional conceptual rainfall-runoff models on the French dataset,

600 although the performance gap is less pronounced than that reported in Kratzert et al. (2019) for U.S. basins.

It can also be observed in Fig. +3)-13 that the NSE values increase from left to right. Since the LSTM architectures and
implementation strategies are similar across the considered studies ', this increase may be partly explained by the improvement
over time of the model training algorithms but is probably mainly attributable to the datasets; the recently published CAMELS-FR
dataset consists of records from basins with limited anthropogenic influence and has undergone extensive quality control

605 (Delaigue etal., 2025).

IRegionally trained LSTM models with static attributes of basins, input sequence lengths of 270 days,
size of 256

a loss function of mean square error, and a hidden
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MLP with CAMELS-FR
Kratzert et al. (2019) Hashemi et al. (2022) Present study (Present Study)
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Figure 15. NSE scores comparison between LSTM and SACSMA for 531 US-basins with Krazert et al. (2019), LSTM and GR4J
Perrin et al., 2003) on 365 French basins with Hashemi et al. (2022), and the ongoing LSTM vs GR4J and MLP (DA1) for 338 basins

Figure 16 illustrates, using an example of hydrographs from the CAMELS-FR experiment, what the outcomes of the various

approaches tested look like. The 3-day lead time forecast is presented here, while the corresponding 1-day and marked;

B3, Nevertheless, no general conclusion can be drawn from this isolated example regarding the relative performance of the
various methods. Furthermore, direct pairwise comparisons between hindcast and forecast archives are not possible, as the
dates for which the hindcast and forecast archives are available are not strictly aligned. The aggregated evaluation metrics are
presented hereafter.
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Discharge forecasting on 3 days lead time from Jan.16 to Mar.27 2020
Basin N® K132181010
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Figure 16. Example of 3 days lead time forecasted hydrograph for the basin K132181010 from Jan. 16 to March. 27 2020. LSTM and
DA are displayed in columns, while the 4 forecast approaches (Perfect, Climatology, Hindcast and Forecast Archives) are in rows. Given
discontinuity in the two last forecast products, they are represented using box-plots.

4.1 Model efficiency analysis

those observed in the fead-timesincolumns—Colors-and-markers-are-used-to-differentiate-the 5S-PA-appreaches—The-median
620 AUC-values-are-shown-as-well-as-thespread-of-values-over-the 56-basinsCAMELS-US analysis; however, the median PERS
by Pelletier and Andréassian (2024). In the same line of thought, the spread of PERS scores for the DA1 remains more limited

31



625

630

635

640

than that of the LSTM model across all the tested lead times. While these differences may also partly originate from variations
in dataset quality and initial model performance, they also reflect the contribution of the assimilated discharges, which certainl
plays a key role.

4.2 Ensemble forecast analysis (efficiency, reliability and resolution

and the AUC scores are provided in Appendix B7 and Appendix B9, respectively.

Climatology Hindcast Forecast Archives P.O.
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Figure 17. AUC-values-CRPS scores for events-base
quantile-0-5—These-are-the median
orangeand the DA1 (MLP) --with the bm%&%ﬁwmmﬁ%km

As shown in Fig 17, CRPS values are generally
lower here than those reported previously, with most values falling below 0.5 across all forecasting approaches, including the
Climatology-based method. All tested methods (LSTM and DAI) successfully outperform both the persistent model and the
no-skill past observed (P.O) discharge ensembles.

Unlike in the CAMELS-US case, meteorological ensemble forecast products (hindcast and forecast archives) demonstrate
better performance than the climatology-based ensemble, particularly for lead times exceeding 2 days. This is further supported
by the CRPSS scores (Appendix BS8), estimated using the climatology-based forecast as a reference, which indicate that both
forecast products outperform this baseline.

Note that this result, counterbalancing the pessimistic conclusion drawn in Sect.3 regarding meteorological hindcasts, is
obtained despite the significant biases observed in both the hindcast and forecast products used in this French experiment
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ttmesA7 and AR).

Consistent with the persistence criterion, the CRPS values obtained with the DA1 (MLP) approach are, on average, lower

better) than those of the LSTM model across all meteorological ensembles and lead times, except for the hindcast at lead times

exceeding 4 days.

Climatology Hindcast

Forecast Archives

LST™M

Ratio (56)

LST™M

Ratio (56)

12 3 4567 8 910 1 2 3 456 7 8 910
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100 200 3N 4/ SEm cmm 7/

Figure 18. Rank diagrams for the benchmark models and the DA strategies. X-axis (10 rank classes), Y-axis (proportion of observed values

in each class), median ratio and error-bars indicating the maximum and minimum ratios for the 56 test basins. Colors indicate the lead times.

The rank diagrams (Fig.18) reveal biases affecting all forecast ensembles. With the exception of the climatology-based
MLP forecasts, an excessively high proportion of observed discharges falls outside the [0.1,0.9] quantile range of the forecast

ensembles. This is partly explained by the biases in the hindcast products and the forecast archives (Fig. A7). However, as

these proportions are higher for the LSTM model, it is likely that this model also introduces additional biases when combined

with weather forecast ensembles.

This issue certainly deserves further investigation to support a more efficient operational implementation of LSTM-based
rainfall-runoff forecasting models. Biases in forecast ensembles reduce the resolution of the forecasts, as the probability of

exceedance is less accurately represented.
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Figure 19. Brier’s Scores for the LSTM and the DA1 (MLP) with the CAMELS-FR dataset.

Consistent with the analysis in Sect.3, all models and approaches outperform both the random detection and the past-observed

discharge ensemble baselines. However, unlike in Sect.3, this statement clearly holds across all meteorological ensembles, lead

times, and evaluation metrics (Brier in Fig. 19 and AUC in Fig. B9).

The resolution of the DA1 (MLP) strategy appears higher than that of the LSTM across most tested configurations, with the

exception of the Brier scores computed for the low discharge threshold at a 7-day lead time (Fig. 19). In this case, the CRPS of

the LSTM models appears, on average. lower than that of the DAL, suggesting some consistency across metrics in capturing
Two specific patterns identified in the AUC analysis in Sect.3 are also visible in Fig. B. First, the gap between AUC values
based on past-observed ( thewi
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methodsfor-longerlead-times for this range-of disehargesP-0) discharges and those of the forecasting models is particularly
pronounced for high-threshold quantiles at a I-day lead time. Second, for large-discharge thresholds at a 7-day lead time,
the AUC scores obtained with hindcast- and archive-based ensemble forecasts clearly exceed those of the climatology-based
forecast. This confirms the ability of the weather forecast products to predict significant rainfall events up to one week in
advance.

Overall, this extended analysis. which incorporates forecast archives, yields satisfactory results. It confirms the findings
of Sect.3 and reinforces the relevance of the forecasting and discharge assimilation (DA) approaches evaluated in this study.
The main findings are as follows: (1) the gain of the DA strategy compared to the rainfall-runoff LSTM simulation model is
consistently observed, although it is lower for the CAMELS-FR basins, partly due to the initial high performance of the LSTM;
(2) the complementarity of the two forecast evaluation frameworks (deterministic vs ensemble-based) further highlights the
importance of ensemble-based evaluation in operational hydrometeorological forecasting. Ensemble-based forecasting also
emphasizes the superiority of the DA approach over the rainfall-runoff LSTM across the tested lead times and evaluation
metrics. Finally, this extended analysis suggests a higher quality of ensemble weather forecast products over the recent period
(2018-2021) used to evaluate the DA approaches in the CAMELS-FR basins.

5 Conclusions

This work aimed to evaluate the added value of data-assimilation—procedures—to-discharge assimilation (DA) procedures for
rainfall-runoff ferecasts;-espectally—forecasting, particularly in the context of Al-based ESTM-ferecasts—The-two-propesed

)

isolated-example—operational hydrometeorological applications. Three DA strategies are compared against two benchmark
models (LSTM and SAC-SMA) that do not incorporate DA. These DA strategies are evaluated under both a traditional perfect
weather forecast (deterministic) framework and an ensemble-based forecast framework, using no-skill past observed forcin

hindcast products, and forecast archives. Additional emphasis is provided through comparisons with both a

ersistent model and past-observed (P-O) discharge ensembles. The experiments have been conducted on the widely used
CAMELS-US dataset and extended to the recently published CAMELS-FR dataset.

tested-appear-—effective;-as-they—generally-improve—While all tested approaches consistently outperform both the persistent

model and the P-O baselines, the various DA procedures appear to be globally effective. They generally improve, or at least
do not significantly degrade—, the forecasting performance of the benchmark models on which they are based. Under-the
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hypothesis-of perfect meteorologieal-foreeasts;-the_ Within the perfect meteorological forecast evaluation framework, DA ap-
proaches consistently improve the SAC-SMA foreeast-while-the-gains-are-observed-mainty-forforecasts, while improvements
for the LSTM are mainly observed at short lead times and in basins where the benchmark LSTM model initially under-
performed. These limited-improvements-confirm-more limited gains further highlight the strong performance of the LSTM
710 model in rainfall-runoff simulation and forecasting, as already demonstrated by-numerous-publications—in numerous studies
Kratzert et al., 2019; Feng et al., 2020; Hashemi et al., 2022; Nearing et al., 2022; Yang et al., 2025). This behavior is consistentl

observed across both CAMELS-US and CAMELS-FR basins. Due to the higher hydrological inertia of the CAMELS-FR

basins compared to those of the CAMELS-US, the added value of the tested DA strategies remains significant at longer
forecasting lead times.

715 e-Several interesting insights
emerge from the ensemble-based evaluation framework. The srmp}&MhPmede}DAl MLP) approach, which incorporates
past observed discharges, outperforms-appears to outperform the LSTM model even—when—the-latter-is—coupled-with-DA
Mﬂ%@ﬁﬁf@%&&%—&%&&mm lead times. m%hiﬁemﬁg—%lae{—s%mdeh&pe%h%ef}by
720
725

conclusion holds particularly for the assessment criteria characterizing the resolution of the forecasts (Brier’s scores and AUC);
730 ie. the ability to detect in advance the exceedance of a discharge threshold. The LSTM model appears penalized by the
limited reliability of its forecast ensembles (biases observed on the rank diagrams). This ensemble evaluation suggests that the
performance of the LSTM forecasts could be improved in the future through the implementation of post-processing techniques

such as ensemble bias correction.
Finally—the-DA-methods—tested-here-were-implemented-with-The tested DA methods are implemented using a relatively
735 simple MLP modelsorchestrator, which already provides satisfactory results. Although this choice aligns with the goal-objective
of developing frugal Al solutions, there t&ﬂﬂdeubfedbbseep&m%for 1mpr0vement by explorlng more

advanced Al techniques in

heds-and alternative data assimilation strategies, such
as the Ensemble Kalman Filter (Clark et al., 2008) or an auto-regressive approach as in Nearing et al. (2022).
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It is observed that model performances are globally higher for high observed discharge values than for low flows. This
is likely related to the use of the mean squared error loss function during training (Terven et al., 2025). The investigation
of alternative loss functions tailored to different flow levels, therefore, represents a promising direction for future research,
particularly for the development of Al-based low-flow forecasting models. Moreover, as ensemble discharge forecasts are
becoming an operational standard, it may be beneficial to train models directly using ensemble-based metrics, for example, by
optimizing the Brier’s score for event detection purposes.

Further work could also focus on a more thorough analysis of meteorological and hydrological ensemble spreads, as well as
on the application of ensemble bias correction methods to improve the resolution of forecast products.

Code and data availability. TEXT

All data used in this study are sa
drawn from the CAMELS-US and CAMELS-FR datasets. The processed version of these data;prepared-datasets, prepared
specifically for this study, is-archived-athttps://dot-orgH0:5281zenodo-16944643 ~with-detailed-instructionsprovided-both-in

I and-SACSMA-—The-will be made available along with the
necessary instructions to ensure reproducibility. The original benchmark models are described in their respective publications
and should be consulted prierte—using-these-adapted—versions—first. The adapted versions used in this study will also be

available following the acceptance of this manuscript for publication. They will be accompanied by the code required to run
the orchestrator framework. The post-processing code may be made available upon justified-demandreasonable request.
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https://gitlab.univ-eiffel.fr/bob.saint-fleur/ai_operational_hydroforecast
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Figure A1. Cross- and auto-correlation analysis between the rainfall and the discharge for the CAMELS-FR dataset. Orange dots denote the
osition of the n_and p used on the CAMELS-US dataset, whereas the teal one indicate the corresponding cross-correlation scores for the
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Figure B2 provides an illustration of the ROC curves based on which the AUC values have been calculated, as well as the

variability of the ROC curve shapes across the 56 test basins. One ROC curve and one AUC value are computed for each basin

and each forecasting method tested.
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Figure B2. ROC curve for flood detection (¢ > (Q.95) for 1-, 3- and 7-days lead times. Results are style-coded: MLP Simple (dark solid,
DA-1), MLP informed by benchmark (dashed, DA-2), Benchmark ePP (dot-dashed, DA-3), initial Benchmark (dotted). Benchmark
cases are color-coded: SACSMA (blue to pink, first row) , LSTM (red to orange, second row). Halos show the variability across the 56

basins around the median values.
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Figure B3. Rank diagrams for the benchmark SACSMA-cases and the DA strategies. X-axis (10 rank classes), Y-axis (proportion of observed

values in each class), median ratio and error-bars indicating the distributions of the 56 basins. Colors indicate the lead times.
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Discharge forecasting on 7 days lead time from Mar.31 to May.15 1991 Discharge forecasting on 7 days lead time from Mar.31 to May.15 1991
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Figure B4. Example of hydrograph for 7 days lead times on the CAMELS-US dataset for both SACS-SMA (left) and LSTM(right) cases for
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Discharge forecasting on 1 day lead time from Jan.16 to Mar.27 2020
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Figure B5. Example of hydrograph for 1 and 7 days lead times on the CAMELS-FR dataset for the basin K132181010.
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