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Abstract. This study aims to decipher the interactions of a precipitation post-processor and several other tools for uncertainty

quantification implemented in a hydrometeorological forecasting chain. We make use of four hydrometeorological forecasting

systems that differ by how uncertainties are estimated and propagated. They consider the following sources of uncertainty:

A) forcing, B) forcing and initial conditions, C) forcing and model structure, and D) forcing, initial conditions, and model

structure. For each system’s configuration, we investigate the reliability and accuracy of post-processed precipitation forecasts5

in order to evaluate their ability to improve streamflow forecasts for up to seven days of forecast horizon. The evaluation is

carried out across 30 catchments in the Province of Quebec (Canada) and over the 2011-2016 period. Results are compared

using a multicriteria approach, and the analysis is performed as a function of lead time and catchment size. The results indicate

that the precipitation post-processor resulted in large improvements in the quality of forecasts with regard to the raw precipi-

tation forecasts. This was especially the case when evaluating relative bias and reliability. However, its effectiveness in terms10

of improving the quality of hydrological forecasts varied according to the configuration of the forecasting system, the forecast

attribute, the forecast lead time, and the catchment size. The combination of the precipitation post-processor and the quan-

tification of uncertainty from initial conditions showed the best results. When all sources of uncertainty were quantified, the

contribution of the precipitation post-processor to provide better streamflow forecasts was not remarkable, and in some cases,

it even deteriorated the overall performance of the hydrometeorological forecasting system. Our study provides an in-depth15

investigation on how improvements brought by a precipitation post-processor to the quality of the inputs to a hydrological

forecasting model can be cancelled along the forecasting chain, depending on how the hydrometeorological forecasting system

is configured and on how the other sources of hydrological forecasting uncertainty (initial conditions and model structure)

are considered and accounted for. This has implications for the choices users might make when designing new or enhancing

existing hydrometeorological ensemble forecasting systems.20

1 Introduction

Reliable and accurate hydrological forecasts are critical to several applications such as preparedness against flood-related casu-

alties and damages, water resources management, and hydropower operations (Alfieri et al., 2014; Bogner et al., 2018; Boucher

1



et al., 2012; Cassagnole et al., 2021). Accordingly, different methods have been developed and implemented to represent the

errors propagated throughout the hydrometeorological forecasting chain and improve operational forecasting systems (Zappa25

et al., 2010; Pagano et al., 2014; Emerton et al., 2016). The inherent uncertainty of hydrological forecasts stems from four main

sources: 1) observations, 2) the hydrological model structure and parameters, 3) the initial hydrological conditions, and 4) the

meteorological forcing (Schaake et al., 2007; Thiboult et al., 2016). Two traditional philosophies are generally adopted in the

literature to quantify those uncertainties: statistical methods and ensemble-based methods (e.g., Boelee et al., 2019). The latter

is increasingly being used operationally or pre-operationally (Coustau et al., 2015; Addor et al., 2011; Demargne et al., 2014)30

for short (up to 2-3 days), medium (up to 2 weeks), and extended (sub-seasonal and seasonal) forecast ranges (Pappenberger

et al., 2019). It relies on issuing several members of an ensemble (possible future evolution of the forecast variable) or combin-

ing many scenarios of model structure and/or parameters, catchment descriptive states, and forcing data. Probabilistic guidance

can be generated from the ensemble and provide useful information about forecast uncertainty to users (Zappa et al., 2019).

Additionally, the contribution of each component of uncertainty quantification in a forecasting system can be assessed, which35

is not possible with the statistical philosophy since it evaluates total uncertainty (Demirel et al., 2013; Kavetski et al., 2006).

A third philosophy is gradually growing in popularity in addition to the traditional methods: the hybrid statistical-dynamical

forecasting systems, which combine the ability of physical models (e.g., ensemble NWP) to predict large scale phenomena with

the strengths of statistical processing methods (e.g., statistical/Machine Learning model driven with dynamical predictions) to

estimate probabilities conditioned on observations (Mendoza et al., 2017; Slater and Villarini, 2018).40

The uncertainty of the observations stems from the fact that even though we have better and more extensive observations in

the last few decades, data are unavoidably spatially incomplete and uncertain. Nevertheless, remote sensing of the atmosphere

and surface by satellites has revolutionized forecasting, has provided valuable information around the globe with increased

accuracy and frequency to forecasting systems. Therefore, satellite observations have been used in many hydrological applica-

tions as alternative data (Choi et al., 2021; Zeng et al., 2020; Kwon et al., 2020).45

To represent the hydrological model structure and parameter uncertainty, the multimodel framework has become a viable

solution (Velázquez et al., 2011; Seiller et al., 2012; Thiboult and Anctil, 2015; Thiboult et al., 2016). Model structure uncer-

tainty has proven to be dominant compared to uncertainty in parameter estimation (Poulin et al., 2011; Gourley and Vieux,

2006; Clark et al., 2008) or to solely increasing the number of members of an ensemble (Sharma et al., 2019). Regarding the

quantification of the initial conditions uncertainty in hydrological forecasting, many data assimilation (DA) techniques have50

been proposed (Liu et al., 2012). The most common DA methods in hydrology are the particle filter (e.g., DeChant and Morad-

khani, 2012; Thirel et al., 2013), the ensemble Kalman Filter (e.g., Rakovec et al., 2012) and its variants (e.g., Noh et al., 2014).

The use of DA techniques usually enhance performance, comparatively to an initial model simulation without DA, especially

in the short range and early medium range. (Bourgin et al., 2014; Thiboult et al., 2016; DeChant and Moradkhani, 2011).

Meteorological forcing uncertainty is primarily tackled by ensembles of numerical weather prediction (NWP) model outputs55

(Cloke and Pappenberger, 2009), generated by running the same model several times from slightly different initial conditions

and/or using stochastic patterns to represent model variations. Notwithstanding substantial improvements made in NWP, it is

still a challenge to represent phenomena at sub-basin scales correctly, particularly convective processes (Pappenberger et al.,
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2005). Meteorological models also face dif�culties predicting the magnitude, time, and location of large precipitation events,

which are dominant �ood-generating mechanisms in small and large river basins. Systematic biases affecting the accuracy and60

reliability of numerical weather model outputs cascade into the hydrological forecasting chain and may be ampli�ed on the

stream�ow forecasts. Consequently, a meteorological post-processor (sometimes named pre-processor in hydrology as it refers

to corrections to hydrological model inputs) is nowadays an integral part of many hydrological forecasting systems (Schaake

et al., 2007; Gneiting, 2014; Yu and Kim, 2014; Anghileri et al., 2019), especially in the longer forecast ranges, for which the

meteorological model resolution affecting the simulation of precipitation processes is generally coarser than the one used for65

short and medium ranges (Crochemore et al., 2016; Lucatero et al., 2018; Monhart et al., 2019). The degree of complexity of

these precipitation post-processing techniques varies from simple systematic bias correction to more sophisticated techniques

involving conditional distributions (see Li et al. (2017) and Vannitsem et al. (2020) for reviews).

While some studies based on medium-range forecasts suggested important improvements in the quality of stream�ow fore-

casts after post-processing precipitation forecasts (Aminyavari and Sagha�an, 2019; Yu and Kim, 2014; Cane et al., 2013),70

others indicate that improvements in precipitation and temperature forecasts do not always translate into better stream�ow

forecasts, at least not proportionally (Verkade et al., 2013; Zalachori et al., 2012; Roulin and Vannitsem, 2015). It is suggested

that precipitation post-processing application should be carried out only when the inherent hydrological bias is eliminated or

at least reduced. Otherwise, its value may be underestimated (Kang et al., 2010; Sharma et al., 2018). In other words, if the

hydrometeorological forecasting system does not have components to estimate the other sources of uncertainties in the forecast-75

ing chain (e.g., model structure and initial conditions uncertainty), a meteorological post-processor alone does not guarantee

improvements in the hydrological forecasts. Therefore, hydrological post-processors (targetting bias correction of hydrological

model outputs) are often advocated to deal with the bias and the underdispersion of ensemble forecasts caused by the partial

representation of forecast uncertainty (Boucher et al., 2015; Brown and Seo, 2013). Hydrological post-processing alone has

shown to be a good alternative for improving forecasting performance (Zalachori et al., 2012; Sharma et al., 2018), but it cannot80

compensate for weather forecasts that are highly biased (Abaza et al., 2017; Roulin and Vannitsem, 2015) unless it addresses

the many sources of uncertainty in an integrated manner (Demirel et al., 2013; Kavetski et al., 2006; Biondi and Todini, 2018).

For instance, precipitation biases towards underestimation could lead to missing events since the hydrological model will fail

to exceed �ood thresholds. In this regard, a common question in the operational hydrometeorological forecasting community

is whether post-processing efforts should be applied to weather forecasts, hydrological forecasts, or both.85

Recently, Thiboult et al. (2016, 2017) discuss the need for post-processing model outputs when the main sources of uncer-

tainty in a hydrological forecasting chain are correctly quanti�ed. Post-processing model outputs adds a cost to the system, may

not substantially improve the outputs, and may even add additional sources of uncertainty to the whole forecasting process.

For example, after the application of some statistical techniques, the spatio-temporal correlation (Clark et al., 2004; Schefzik

et al., 2013) and the coherence (when forecasts are at least as skillful as climatology, (Gneiting, 2014)) of the forecasts can90

be destroyed. Nevertheless, quantifying "all" uncertainties may limit the operational applicability of forecasting systems, es-

pecially when there are limitations in data and computational time management (Boelee et al., 2019; Wetterhall et al., 2013).

Considering several sources of uncertainty in ensemble hydrometeorological forecasting often implies an increase in the num-
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ber of simulations. A larger number of members in an ensemble forecasting system could allow a closer representation of the

full marginal distribution of possible future occurrences and yield better forecasts (Houtekamer et al., 2019). However, there is95

also additional uncertainty associated with the assumptions made in creating a larger ensemble. A plethora of methods exists to

quantify each source of uncertainty, which implies ontological uncertainties (Beven, 2016). If the methodologies implemented

to simulate the sources of forecast error and quantify various uncertainty sources are inappropriate, even a large ensemble size

could be under or over dispersive and thus not represent the total predictive uncertainty accurately (Boelee et al., 2019; Buizza

et al., 2005).100

Trade-offs are inevitable when de�ning the con�guration of an ensemble hydrometeorological forecasting system to be

implemented in an operational context. The traditional sources of uncertainty (i.e., initial conditions, hydrological model struc-

ture and parameters, and forcings) are rarely considered fully and simultaneously. There are still gaps in understanding the

way they interact with the dominant physical processes and �ow-generating mechanisms that operate on a given river basin

(Pagano et al., 2014). Meanwhile, operational weather forecasts have constantly been improving and will continue to evolve in105

the future. For example, improvements have been made on three of the key characteristics of the ensemble weather forecasts of

the European Centre for Medium-Range Weather Forecasts (ECMWF): vertical and horizontal resolution, forecast length, and

ensemble size (Buizza, 2019; Buizza and Leutbecher, 2015; Palmer, 2019). In May 2021, an upgrade of ECMWF's Integrated

Forecasting System (IFS) has introduced single precision for high-resolution and ensemble forecasts, which is expected to

increase forecast skill across different time ranges. Therefore, it is relevant for hydrologists to better understand in which cir-110

cumstances they can directly use NWP outputs without compromising hydrological forecasting performance. It is necessary to

evaluate how each component of a forecasting system interacts with the other and to understand how they contribute to forecast

performance. This may give clues of where to focus investments: should we favor a sophisticated system accounting for many

sources of uncertainty or a simpler one endowed with post-processing for bias correction? Notably, several studies highlight in

unison the need for further research regarding the incorporation of precipitation post-processing techniques and the evaluation115

of their interaction with the other components of the hydrometeorological modeling chain for diverse hydroclimatic conditions

(Wu et al., 2020).

This study aims to identify in which circumstances the implementation of a post-processor of precipitation forecasts would

signi�cantly improve hydrological forecasts. For this, we investigate the interactions among several state-of-the-art tools for

uncertainty quanti�cation implemented in a hydrometeorological forecasting chain. More speci�cally, the following questions120

are addressed:

– Does precipitation post-processing improve stream�ow forecasts when dealing with a forecasting system that fully or

partially quanti�es other sources of uncertainty?

– How does the performance of different uncertainty quanti�cation tools compare?

– How does each uncertainty quanti�cation tool contribute to improving stream�ow forecast performance across different125

lead times and catchment sizes?
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We created four hydrometeorological forecasting systems that differ by how uncertainties are estimated and propagated.

They consider the following sources of uncertainty: A) forcing, B) forcing and initial conditions, C) forcing and model struc-

ture, and D) forcing, initial conditions, and model structure. We considered the ECMWF ensemble precipitation forecast over

the period 2011-2016 and up to 7 days of forecast horizon, seven hydrological lumped conceptual models, and the Ensemble130

Kalman �lter as tools for uncertainty quanti�cation. These three tools represent the forcing, model structure, and initial condi-

tions uncertainties, respectively. We investigated their performance across 30 catchments in the Province of Quebec (Canada)

for each system. Precipitation forecasts are post-processed by applying the Censored, Shifted Gamma distribution proposed by

Scheuerer and Hamill (2015).

This paper is structured as follows: Sect. 2 presents the methods, data sets, and case study. Section 3 presents the results,135

followed by a discussion in Sect. 4, and �nally the conclusions in Sect. 5.

2 Methods and case study

2.1 Tools for uncertainty quanti�cation

The ensemble forecasting approach allows to distinguish the part of uncertainty that comes from different sources. A speci�c

source of uncertainty can be tracked through the modeling chain and along lead times (Boelee et al., 2019). Following Thiboult140

et al. (2016), we created four ensemble prediction systems that differ on how hydrometeorological uncertainties are quanti�ed

(Table 1). Ensembles were built from the HOOPLA (HydrOlOgical Prediction LAboratory) modular framework (Thiboult

et al., 2018), an automatic software that allows to carry out model calibration and obtain hydrological simulations and forecasts

at different time steps. They consider uncertainty coming from: System A) forcing, System B) forcing and initial conditions,

System C) forcing and model structure, and System D) forcing, initial conditions, and model structure. Each source contributes145

a number of members, from 7 to 50, to the forecasting system when it is turned on, as shown in Table1. In systems for which

hydrological modeling uncertainty is not considered (i.e., A and B), only one model is used and it is the one presenting median

performance during calibration. As shown in Table 1, all systems quantify the forcing (in our case, precipitation) uncertainty.

Raw and post-processed ensemble precipitation forecasts drive the hydrological model(s).

In the following sections, we describe each tool that quanti�es a different source of uncertainty as applied in this study. We150

include each technique's conceptual aspects and the reasons behind their selection.

2.1.1 Precipitation forecast uncertainty: ensemble forecast

Forcing uncertainty is characterized by precipitation ensemble forecasts issued by the European Center for Medium-Range

Weather Forecasts (ECMWF) (Buizza and Palmer, 1995; Buizza et al., 2008), downloaded through the TIGGE database for

the 2011-2016 period. In this study, the set consists of 50 exchangeable members issued at 12:00 UTC, for a maximum forecast155

horizon of 7 days at a six-hour time step.
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Table 1. Forecasting systems A, B, C and D of the study and total number of members of the resulting ensemble stream�ow forecast. On

(Off) indicates when uncertainty is (is not) quanti�ed with the help of ensemble members.

Systems

Source [number of members when `On'] A B C D

Forcing (precipitation) [50 members] On On On On

Initial conditions [50 members] Off On Off On

Model structure [7 hydrological models/members] Off Off On On

Nb of members 50 2,500 350 17,500

The database is originally provided with a 0.25� spatial resolution and was reduced to 0.1� by bilinear interpolation (Gaborit

et al., 2013) to ensure that several grid points are situated within each catchment boundary. Additionally, when downscaling, we

considered the contribution of the points close to the catchment boundaries, which allows us to have a better description of the

meteorological conditions of the catchments and implicitly account for position uncertainty (Thiboult et al., 2016; Scheuerer160

and Hamill, 2015).

Forecasts and observations were temporally aggregated to a daily time step and spatially averaged to the catchment scale to

match the common HOOPLA framework of the hydrological models. In order to isolate the effect of precipitation, observed

air temperatures were used instead of the forecast ones. This allows us to focus on changes in stream�ow forecast performance

attributed only to precipitation post-processing, which is typically the most challenging variable to simulate and the one that165

mostly impacts hydrological forecasting (Hagedorn et al., 2008).

2.1.2 Precipitation post-processor: Censored, shifted gamma distribution (CSGD)

The ECMWF ensemble precipitation forecasts were post-processed over the 2011-2016 period following a simpli�ed variant

of the CSGD method proposed by Scheuerer and Hamill (2015). The CSGD is based on a complex heteroscedastic, nonlinear

regression model conceived to address the peculiarities of precipitation (e.g., its intermittent and highly skewed nature and170

its typically large forecast errors). This method yields full predictive probability distributions for precipitation accumulations

based on ensemble model output statistics (EMOS) and censored, shifted gamma distributions. We selected the CSGD method

because it has broadly outperformed other established post-processing methods, especially in processing intense rainfall events

(Scheuerer and Hamill, 2015; Zhang et al., 2017). Moreover, its relative impact on hydrological forecasts has already been

assessed at different scales and in various hydroclimatic conditions (Bellier et al., 2017; Scheuerer et al., 2017).175

In this study, the original version of the CSGD method was adapted because the ensemble statistics had to be determined on

the average catchment rainfall rather than at each grid point within the catchment boundaries. Figure 1 identi�es the different

stages necessary to apply the method. Brie�y, the application of the CSGD was accomplished as follow:

1. Errors in the ensemble forecasts climatology were corrected via the Quantile Mapping (QM) procedure advocated by

Scheuerer and Hamill (2015). The QM method adjusts the cumulative distribution function (CDF) of the forecasts onto180
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the observations. In this version, the quantiles were estimated from the empirical CDFs. See Scheuerer and Hamill (2015)

for details about the procedure and extrapolations beyond the extremes of the empirical CDFs.

2. The corrected forecasts were condensed into statistics, used as predictors to drive a heteroscedastic regression model.

The predictors were the ensemble mean( �f ), the ensemble probability of precipitation(POPf ), and the ensemble mean

difference(MD f ). The latter is a measure of the forecast spread.185

3. The CSGD model with mean (� ), standard deviation (� ), and shift (� ; it controlsPOPf =0) parameters was �tted to the

climatological distribution of observations to establish the parameters for the unconditional CSGD (� cl , � cl , � cl ). The

ensemble statistics from step 1 and the unconditional CSGD parameters were linked to the CSGD model via:

� =
� cl

a1
log1p

�
expm1(a1)(a2 + a3POPf + a4

�f )
�

(1)

� = � cl

�
b1

r
�

� cl
+ b2MD f

�
(2)190

� = � cl (3)

wherelog1p(x) = log(1 + x), andexpm1(x) = exp(x) � 1. The� parameter accounts for the probability of zero pre-

cipitation. Both the unconditional CSGDs and the regression parameters are �tted by minimizing a closed form of the

continuous ranked probability score (CRPS). We refer to Scheuerer and Hamill (2015) for more details about the equa-

tions, model structure and �tting.195

Considering that precipitation (and particularly intense events) does not have a temporal autocorrelation (memory) as strong

as stream�ow (Li et al., 2017), we adopted the standard leave-one-year-out cross-validation approach to estimate the CSGD

climatological and regression model parameters. They were �tted for each month and lead time, using a training window of

approximately three months (all forecast and observations from 90 days around the 15th day of the month under consideration),

resulting in a training sample size of 91 X 5 pairs of observations and forecasts.200

The CSGD method yields a predictive distribution for each catchment, lead time, and month. This distribution allows one

to make a sample and construct an ensemble of any desired sizeM . As comparing ensembles of different sizes may induce a

bias (Buizza and Palmer, 1998; Ferro et al., 2008), we drew ensembles of the same size as the raw forecasts (M = 50). Similar

to Scheuerer and Hamill (2015), we sampled the full distribution by choosing the quantiles with level� m = ( m � 0:5=M ) for

m = 1 ; :::;M , which correspond to the optimal sample of the predictive distribution that minimizes the CRPS (Bröcker, 2012).205

2.1.3 Reordering method: Ensemble copula coupling

EMOS procedures, such as the CSGD method, destroy the spatio-temporal and intervariable correlation of the forecasts. Many

studies stressed the importance of correctly reconstructing the dependence structures of weather variables for hydrological

ensemble forecasting (Bellier et al., 2017; Scheuerer et al., 2017; Verkade et al., 2013). In this study, we use the ensemble
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Figure 1. Stages of the CSGD precipitation post-processor.

copula coupling (ECC) (Schefzik et al., 2013) to address this issue. This technique reconstructs the spatio-temporal correlation210

by reordering samples from the raw predictive marginal distributions to identify the dependence template. The ECC reasoning

lies in the fact that the physical model can adequately represent the covariability between the different dimensions (i.e., space,

time, variables). Furthermore, as the template is the raw ensemble, the ECC should have the same number of members as the

raw ensemble. Accordingly, the predictive distribution sample with equidistant quantiles with levels� m = ( m � 0:5=M ) is

reordered so that the rank order structure is the same as the raw ensemble values. We refer to Schefzik et al. (2013) for more215

details about the mathematical framework underlying the method.

2.1.4 Initial conditions. uncertainty: Ensemble Kalman Filter

The Ensemble Kalman Filter (Evensen (2003), EnKF) is used to provide hydrological model states at each time step. The EnKF

is a sophisticated sequential and probabilistic data assimilation technique that relies on a Bayesian approach. It estimates the

probability density function of model states conditioned by the distribution of observations. In this study, we use the same220

hyperparameters (EnKF settings) as Thiboult et al. (2016). They were identi�ed after rigorous testing carried out by Thiboult

and Anctil (2015) using model performance on reliability and bias as criteria of selection over the same hydrologic region as

the present study.

The EnKF performance is highly sensitive to its hyperparameters (Thiboult and Anctil, 2015), which represent the uncer-

tainty around hydrological model inputs and outputs. For precipitation, we used 50 % standard deviation of the mean value225
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with a gamma law. For stream�ow and temperature, we used 10 % and 2� C standard deviation with normal distribution,

respectively.

At every time step, the EnKF is tuned to optimize reliability and accuracy, per catchment and hydrological model, following

two principal stages:

1. Forecasting: N forcing scenarios are propagated using the hyperparameters through the model to generateN members230

of state variables from the prior estimate of the state (X �
t , also called background or predicted state). From this ensemble

of state variables, the model's error covariance matrix (Pt , the difference between the true state and the individual

hydrological model realizations) is computed and used to calculate the Kalman gain (K t ). Then, the Kalman gain is

calculated fromPt andRt (the covariance of observation noise) according to a weighting coef�cient used to update the

states of the hydrological model. The Kalman gain is mathematically represented as:235

K t = Pt H T (HP t H T + Rt ) � 1; (4)

where thet indices refer to the time andH is the observation function that relates the state vectors and the observations.

2. Update (analysis): once an observation becomes available (zt ), the state variables (X +
t ) are updated as a combination

of the prior knowledge of the states (X �
t ), the Kalman gain (K t ), and the innovation (i.e., the difference between the

observed and the prior simulated stream�ow).240

X +
t = X �

t + K t (zt � HX �
t ); (5)

A full description of the EnKF scheme applied in this study is provided in Thiboult and Anctil (2015).

The work of Thiboult and Anctil (2015) demonstrated that EnKF performance is not as sensitive to the number of members

as it is to the hyperparameters (at least for the catchments and models used in this study). Ensembles of 25 and 200 members

presented similar performances. Therefore, we opted for 50 members as a trade-off between computational cost and stochastic245

errors when sampling the marginal distributions of the state variables.

2.1.5 Hydrological uncertainty: hydrological models, snow module, and evapotranspiration

To consider model structure and parametrization uncertainties, we use seven of the 20 lumped conceptual hydrological models

available in the HOOPLA framework. Keeping in mind parsimony and diversity as criteria (different contexts, objectives, and

structures), Seiller et al. (2012) have selected these 20 models, expanding from an initial list established by Perrin (2000).250

To maximize the bene�ts from the multimodel approach, with the constraint of low computational time and data manage-

ment, we opted for seven models with particular attention paid to how they represent �ow production, draining, and routing

processes. The structures of the selected models vary from 6 to 9 free parameters and from 2 to 5 water storage elements.
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All models include a soil moisture accounting storage and at least one routing process. Diversity can be a useful feature for

forecasting events beyond the range of responses observed during model calibration (Beven, 2012; Beven and Alcock, 2012)255

and for catchments that present strong heterogeneities (Kollet et al., 2017). Table 2 summarizes the main characteristics of the

lumped models and identi�es the original models from which they were derived.

Table 2.Main characteristics of the seven lumped models. Modi�ed from Seiller et al. (2012).

Model
No. of

Parameters

No. of

reservoirs
Derived from

M1 9 2 CEQUEAU (Girard et al., 1972)

M2 9 3 HBV (Bergström and Forsman, 1973)

M3 7 3 IHACRES (Jakeman et al., 1990)

M4 6 4 MORDOR (Garçon, 1999)

M5 8 4 PDM (Moore and Clarke, 1981)

M6 9 5 SACRAMENTO (Burnash et al., 1973)

M7 8 4 XINANJIANG (Zhao et al., 1980)

All hydrological models are individually coupled with the CemaNeige snow accounting routine (Valéry et al., 2014). This

two-parameter module estimates the amount of water from melting snow based on a degree-day approach. Fed with total

precipitation, air temperature, and elevation data, CemaNeige separates the solid precipitation fraction from the liquid fraction260

and stores it in a conceptual reservoir (snowpack). The model simulates two internal state variables of the snowpack: the thermal

inertia of the snowpack (Ctg [-], higher values indicate later snowmelt) and a degree-day melting factor (Kf [mm � C � 1], higher

values indicate a faster rate of snowmelt). The latter determines the elapsed melt blade that will be added to the hydrological

model. These parameters are optimized for each model.

All hydrological models were forced with the same input data: daily precipitation and ETP based on catchment's air tem-265

perature and the extraterrestrial radiation (Oudin et al., 2005).

To calibrate the hydrological models, we computed the modi�ed King-Gupta Ef�ciency (KGEm) as objective function

(Gupta et al., 2009; Kling et al., 2012) and used the SCE as the automatic optimization algorithm (Shuf�ed Complex Evolution,

Duan et al. (1994)), which is recommended for smaller parameter spaces as is the case here (Arsenault et al., 2014).

2.2 Case study and hydrometeorological data sets270

2.2.1 Study area

The study is based on a set of 30 Canadian catchments spread over the Province of Quebec. These catchments' temporal

stream�ow patterns are primarily in�uenced by Nivo-pluvial events (snow accumulation, melt, and rainfall dynamics) during

spring and pluvial events during spring and fall. The prevailing climate is humid continental, Dfb, according to the Köppen
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