
A Regularization Approach to Improve the Sequential
Calibration of a Semidistributed Hydrological Model

A. de Lavenne1,2 , V. Andréassian1 , G. Thirel1 , M.-H. Ramos1 , and C. Perrin1

1HYCAR Research Unit, Irstea, Antony, France, 2Swedish Meteorological and Hydrological Institute (SMHI),
Norrköping, Sweden

Abstract In semidistributed hydrological modeling, sequential calibration usually refers to the
calibration of a model by considering not only the flows observed at the outlet of a catchment but also the
different gauging points inside the catchment from upstream to downstream. While sequential calibration
aims to optimize the performance at these interior gauged points, we show that it generally fails to improve
performance at ungauged points. In this paper, we propose a regularization approach for the sequential
calibration of semidistributed hydrological models. It consists in adding a priori information on optimal
parameter sets for each modeling unit of the semidistributed model. Calibration iterations are then
performed by jointly maximizing simulation performance and minimizing drifts from the a priori
parameter sets. The combination of these two sources of information is handled by a parameter k to which
the method is quite sensitive. The method is applied to 1,305 catchments in France over 30 years. The
leave-one-out validation shows that, at locations considered as ungauged, model simulations are
significantly improved (over all the catchments, the median KGE criterion is increased from 0.75 to 0.83
and the first quartile from 0.35 to 0.66), while model performance at gauged points is not significantly
impacted by the use of the regularization approach. Small catchments benefit most from this calibration
strategy. These performances are, however, very similar to the performances obtained with a lumped
model based on similar conceptualization.

1. Introduction
1.1. The Challenge of Calibrating a Semidistributed Model
A spatialized hydrological model aims to provide “predictions everywhere” in gauged as well as ungauged
catchments (Sivapalan et al., 2003). When different goals (economical, social, and environmental) have to
be achieved, hydrological models are particularly useful if they are built to provide a reliable description
not only at interior gauged stations but also at any location over the entire catchment. This could concern,
for instance, the allocation of water in space and time (e.g., water reservoir management) or the design and
implementation of ecosystem services (e.g., nature-based solutions for flood or water quality control).

To achieve these goals, the space is discretized in different modeling units such as regular grids (Samaniego
et al., 2010), subcatchments (Lindström et al., 1997), hillslopes (Zehe et al., 2001), or hydrological response
units (HRUs; Leavesley et al., 1983). These discretizations represent hypotheses of the underlying system
behavior (Fenicia et al., 2016). For models that are not physically based (where parameters and states corre-
spond to measurable quantities), these modeling units need to be calibrated. Compared to lumped models,
this discretization in modeling units drastically increases the number of parameters that need to be estimated
and it can lead to overparameterization and poor identifiability. Therefore, the calibration of a semidis-
tributed hydrological model requires a well-defined strategy that makes use of all the available information
in the catchment (discharge observations, catchment characteristics, prior knowledge on parameters, etc.).

1.2. Calibration Strategies for Semidistributed Models
A large number of studies investigated the different strategies to handle the spatial heterogeneity of the
catchment and to better constrain the model calibration procedure. Many strategies are based on a common
concept called regularization. It corresponds to a family of mathematical techniques that aim at introduc-
ing an additional constraint to solve an ill-posed problem or to prevent overfitting (Engl et al., 1996). In the
context of hydrological modeling, these techniques aim at improving parameter realism, spatial consistency,
and the stability of the optimization problem (Doherty & Skahill, 2006; Tonkin & Doherty, 2005). Most of
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the time, these additional constraints are based on a regionalization strategy (note that the term “region-
alization” is sometimes preferred over “regularization” to describe the strategy). Thanks to regularization
coefficients (sometimes called “superparameters”), it is possible to relate model parameters to observable
characteristics, and this additional knowledge will drive the calibration. In this way, only these superpa-
rameters need to be calibrated (reducing the number of unknowns), and parameter values are spatially
distributed in order to be consistent with the prior spatial information.

In the following subsections, we summarize the different strategies to calibrate a semidistributed model into
four different strategies. Some works could, however, be spread into these four groups, and most of them
share the concept of regularization.

(1) Reducing the Number of Unknowns
By calibrating regularization parameters instead of model parameters, several authors face the over-
parametrization issue by directly reducing the number of unknowns. For instance, Pokhrel et al. (2008)
developed a regularization relationship (a nonlinear equation based on three parameters: a multiplier, a
power term, and an additive term) to estimate parameters mainly from soil property data (soil depth and
curve number), greatly reducing the number of unknowns to be estimated from 858 to 33. The regionaliza-
tion developed by Samaniego et al. (2010) allows to estimate the 28 parameters of each hydrological units of
the mHM model by calibrating only 62 global parameters. Antonetti et al. (2017) also emphasize the need
to make conceptual models more process-based in order to reduce the need for calibration.

(2) Regionalizing Model Parameters
Regularization is often based on a regionalization approach where the goal is to transfer information from
gauged to ungauged locations (He et al., 2011). It is a common concept for calibration. When applied to
model parameters, it aims to provide a parameter set for any model unit of the semidistributed model.

Abdulla and Lettenmaier (1997) calibrated the VIC model for each subcatchment independently and then
related the calibrated model parameters with the catchment characteristics using regression methods. To
avoid the risk of equifinality with this traditional approach, Hundecha and Bárdossy (2004) assumed a func-
tional form of the relationship between the parameters of the HBV model and the catchment characteristics
(such as land uses, soil type, slope, or size). Instead of calibrating the HBV parameters, they calibrated this
relationship for many catchments simultaneously. Götzinger and Bárdossy (2007) tested the addition of two
conditions to constrain functional relationships between catchment characteristics and model parameters:
a monotony condition and a Lipschitz condition (where similar subcatchments were calibrated simultane-
ously). The combination of both constraints appears to be the most promising as it improves the consistency
of the regression relationship without affecting the performance of the regionalization. Samaniego et al.
(2010, 2017) also calibrated statistical relations between catchment predictors (e.g., soil texture, land cover
or slope) and the parameters of the mHM model. They called the method “multiscale parameter regional-
ization” (MPR): By considering the spatial resolution of those descriptors, it aims to provide a performance
independent from the model's spatial resolution.

The assessment of catchment similarity can also help model calibration. For instance, Hundecha et al.
(2016) calibrated some parameters of the HYPE model at the European scale based on catchment classifica-
tion according to their characteristics. A regionalization was then performed within each group. Piniewski
et al. (2017) transferred model parameters from gauged to ungauged locations using hydrological similarity.
Fenicia et al. (2016) defined their HRUs based on hydrological similarity.

(3) Constraining the Optimization
In the model building process, Gupta and Nearing (2014) emphasized the need to test more conceptual
representations that could be based on constraining model parameters, state variables, and internal fluxes.
This constraint should not be too restrictive in order to keep a sufficient degree of freedom while preserving
parameter realism and spatial consistency (Mendoza et al., 2015). By using additional data in the procedure,
regularization is one way of adding a constraint, which can come from different sources.

To constrain parameters and processes, the additional information can be based on expert knowledge
(Antonetti & Zappa, 2018; Gharari et al., 2014) or on physical data. Soil moisture, for instance, either
observed in situ or assessed by remotely sensed data, is often used as a constraint for calibration
(Koren et al., 2008; Li et al., 2018). Recently, Nijzink et al. (2018) used combinations of remotely sensed
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products to constrain parameters in the absence of streamflow data. The soil moisture products of AMSR-E,
ASCAT, and the total water storage anomalies from GRACE were particularly relevant in determining feasi-
ble parameter sets. Khakbaz et al. (2012 with the SAC-SMA semidistributed model), and similar to Francés
et al. (2007; with the TETIS fully distributed model), used a priori parameter sets previously defined by
Koren et al. (2003) from NRCS-STATSGO soil data to define the spatial variability of the parameter values
within a catchment. A common parameter for all modeling units is then automatically calibrated to correct
this a priori using a linear relation that preserves the spatial coherence of the a priori. Similarly, Pokhrel and
Gupta (2010) used a priori parameter values (again previously defined by soil data) in their regularization,
which consists of nonlinear equations to facilitate the adjustment of the mean, variance, and shape of the
parameter distributions. They showed that regularization improves performance at the basin outlet com-
pared to a priori parameters. Bulygina et al. (2009) used the HOST database in the United Kingdom, which
provides hydrological indices for different soil classifications, to constrain the parameter space and relate
parameter values to land management.

Based on the regularization developed by Pokhrel et al. (2008), Pokhrel et al. (2012) used signatures to select
more consistent parameter sets in a multiobjective calibration. Kelleher et al. (2017) addressed the issue of
equifinality by proposing a hierarchical approach to reduce the number of behavioral sets based on different
constraints such as signatures and several errors metrics.

(4) Multistage Estimation Approaches
Another common strategy that could be combined with regularization is to calibrate parameters step by step
rather than all at once. In order to calibrate the HYPE model at global scale, Arheimer et al. (2019) followed
a stepwise procedure by calibrating groups of parameters which regulate specific processes in representative
gauged catchments. They observed similar performance between the catchments used for calibration and
those kept for validation.

Stepwise calibration could also be done sequentially from upstream to downstream, by calibrating the suc-
cessive intermediary modeling units that contribute to the total discharge. Several authors demonstrated the
benefit of internal flow measurements for calibration (Andersen et al., 2001; Boscarello et al., 2013; Moussa
et al., 2007; Wang et al., 2012). Some studies then looked for the best calibration strategy that would make
use of those internal gauging stations (Feyen et al., 2008; Lerat et al., 2012; Wi et al., 2015): They compared
lumped calibration to multisite calibration that is either based on a sequential calibration or a simultaneous
calibration of all interior gauges.

Feyen et al. (2008) demonstrated that moving from a lumped (one parameter set used on every modeling
units) to a sequential calibration approach improves the accuracy of the flow predictions, especially in the
upstream subcatchments. Lerat et al. (2012) demonstrated that the multisite strategies clearly outperform
the lumped strategy at interior gauges. However, when the interior gauges are not used in the optimization,
the lumped calibration appears more robust than the multisite calibrations. Wi et al. (2015) also demon-
strated that multisite approaches outperform a calibration based only on the basin outlet, but they showed
that the simultaneous use of interior gauges improves the calibration compared to a sequential approach.

In the studies mentioned above, the number of interior points remains low (always less than 10 gauges),
making the optimization issue less complex than if it was applied to a much larger number of gauges (such
as national scale modeling or continental scale modeling). For this reason, Wi et al. (2015) also concluded
on the need to bring additional spatial information in the calibration procedure to develop more robust
estimates of spatially distributed parameter values.

A sequential calibration could be combined with other optimization procedures. Hughes et al. (2016)
combined a sequential calibration of model parameters with a system-wide optimization of a subset of
parameters related to reach losses and gains. More generally, in the work of Fenicia et al. (2016), the stepwise
calibration does not only address model calibration but it also aims to build different modeling hypotheses
following three steps. Firstly, the choice of spatial discretization into HRUs is based on regions of hydro-
logic similarity. Secondly, the choice of the model structure of each HRU is made using the SUPERFLEX
framework (Fenicia et al., 2011). Finally, the space-time transferability of model parameters is evaluated.

1.3. Regularization for Prediction in Ungauged Catchments
While most of these strategies aim to maximize model performance at gauged stations (at the outlet of a
catchment and sometimes at interior points), performance everywhere else inside the catchment (i.e., at
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ungauged interior locations) has not been systematically addressed. Past studies have often reported interior
points performance to be worse than performance at the outlet (Bandaragoda et al., 2004; Khakbaz et al.,
2012; Reed et al., 2004). This has already been pointed out by Blöschl et al. (2013), who reported only a few
attempts at prediction in ungauged catchments with semidistributed models by the end of the International
Association of Hydrological Sciences decade on prediction in ungauged basins.

Regularization approaches have been evaluated mainly for improving calibration of the model at gauged
stations. However, the technique has an important potential for prediction in ungauged catchments: the
relationships established between model parameters and catchment characteristics can be generalized at
any location within the catchment. Even though regularization aims to better describe the spatial variabil-
ity of model parameters, its benefit is not always straightforward. Khakbaz et al. (2012) demonstrated that
a lumped calibration applied to a semidistributed model structure performed better (at the outlet and at
interior points) than a distributed calibration strategy based on regularization. Pokhrel and Gupta (2010)
showed that their regularization based on a priori parameters helps improve the performance at the outlet
but decreased the performance at interior ungauged points compared to the a priori parameters. More-
over, calibration using uniform parameters gave comparable performance at the outlet. This indicates that
the different regularizations studied (multiplicative, additive, and nonlinear) were not particularly efficient
at properly capturing spatial information and enabling satisfying regionalization. Conversely, Samaniego
et al. (2010, 2017) demonstrated that their MPR technique also leads to a loss of performance (15% of the
Nash-Sutcliffe Efficiency) at interior ungauged locations with respect to the performance obtained at the out-
let. However, the MPR technique appears to be more robust than standard regionalization. It also resulted
in an easier transferability of model parameters to ungauged locations, compared to calibration based on
HRUs (Kumar et al., 2013).

Most of the studies in the literature use regularization strategies based on spatial physical descriptors of
the catchment to constrain the identification of model parameters. However, in data-rich regions, the best
regionalization strategies, are often obtained using spatial proximity. For instance, in Austria, Parajka et al.
(2005) demonstrated better performance in regionalizing a semidistributed model using a kriging-based
approach than using a physiographic similarity-based approach. In France, Oudin et al. (2008) showed that
spatial proximity provides the best regionalization solution as a result of the high density of gauged stations.

1.4. Aims of the Paper
In this paper, we explore a regularization approach based on spatial proximity to robustly parameterize a
semidistributed hydrological model at a countrywide scale. We chose to focus on the sequential calibration
for its potential to provide good performance at interior points (Feyen et al., 2008; Lerat et al., 2012; Wi et al.,
2015). However, this paper aims to address two issues with this strategy. First, the performance of sequen-
tial calibration at ungauged stations has received only limited attention compared to the other calibration
strategies. One of the aims of this paper is to fill this gap by applying the methods on a large sample of nested
catchments. Second, this strategy alone has one major weakness, as we have shown in a previous study
(de Lavenne et al., 2016). The discharge contribution of modeling units to the main river tends to decrease
from upstream to downstream relatively to the total discharge. The greater part of the water volume comes
naturally from upstream through the river, and small downstream tributaries or hillslopes may represent
only a low percentage of the main river discharge. Consequently, they have an insufficient impact on the
total river discharge to identify their parameter values efficiently. The hydrological behavior of those down-
stream contributions is somehow masked by the behavior of the main river. Addressing this sensitivity issue
is one of the principal objectives of this paper. We propose using the regularization paradigm to contribute
an additional constraint that can facilitate parameter calibration in a semidistributed model.

This paper addresses the following questions: (1) Are the parameter sets estimated in a sequential calibration
from upstream to downstream reliable at ungauged locations? (2) How much can regularization improve
prediction in ungauged catchments within this kind of sequential calibration? (3) How does a lumped model
behave in comparison to a semidistributed model based on the same conceptualization?

The paper is organized in six sections. The model and the data are presented in section 2. The proposed
calibration strategy is described in section 3, together with the methodology to evaluate its performance. In
section 4, the performance of the regularized calibration strategy is compared to the traditional sequential
calibration and the impact on model parameters is evaluated. Finally, the discussion and conclusion sections
highlight the usefulness of the proposed approach and its limits.
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Figure 1. Distribution of the Strahler order values on the 1,305 catchments, according to their location within the main
hydrographic basins.

2. Data and Models
2.1. Data
Model evaluation is done over 30 years of daily data using a split sample test (Klemeš, 1986), where two
15-year periods (1980–1994 and 1995–2010) were alternatively used for calibration and validation. For each
subperiod, the five preceding years (i.e., 1975–1979 and 1990–1994, respectively) were used to initialize the
internal states of the models.

Discharge series (Q) were extracted at a daily time step from the French Hydro database (hydro.eaufrance.
fr) for the 1980–2010 period (Leleu et al., 2014). A total of 1,305 stations was used. Only catchments that are
not regulated according to this database were selected. Corresponding catchment areas vary between 14 km2

Figure 2. Distributions of several hydroclimatic descriptors on the 1,305 catchments for the two test periods.
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Table 1
Parameters of the Lumped (GR5J) and Semidistributed (GRSD) Rainfall-Runoff Models With the CemaNeige
Snow Module

Model
parameter GR5J GRSD Description Units
X1 Free Free Production store maximum capacity mm
X2 Free Free Intercatchment groundwater flow coefficient mm/day
X3 Free Free Routing store maximum capacity mm
X4 Free Free Time base of the unit hydrograph day
X5 Free Free Threshold for intercatchment groundwater flow —
C — Free Average streamflow velocity m/s
CTG Fixed Fixed Weighting coefficient of the snow thermal state —
Kf Fixed Fixed Degree day factor mm·◦C−1 · day−1

to about 110,200 km2 and the Strahler order (Strahler, 1964), from 1 to 8 (Figure 1). Only stations with less
than 10% missing data were selected for the calibration-validation tests. This threshold was applied to each
subperiod of the split sample test independently, that is, if it was exceeded for one subperiod, the catchment
was then not considered in the tests.

Precipitation (P), potential evapotranspiration (PET), and temperature (T) data were extracted from the
SAFRAN meteorological reanalysis produced by Météo-France (Vidal et al., 2010). It provides the spatial-
ized climatic inputs needed by the models on an 8-km × 8-km square grid. The values of climatic variables at
the scale of the modeling unit were obtained by overlaying the grid with the boundaries of each catchment.
Figure 2 shows the distribution of a few hydroclimatic descriptors for the 1,305 catchments. It illustrates the
wide hydroclimatic context explored in this study. Catchments showing the lowest temperature are moun-
tainous catchments. Some difficulties in measuring climatic inputs and discharge output are observed for
some catchments, particularly in karstic regions, when runoff coefficients are higher than one. The two peri-
ods are slightly different: the second period is warmer, with consequently higher PET values, which may
explain the lower runoff coefficients.

2.2. GR5J and GRSD Daily Rainfall-Runoff Models
The GRSD semidistributed rainfall-runoff model was initially developed by Lobligeois et al. (2014). It is
based on the GR5J lumped model (Figure 3a) proposed by Le Moine (2008), which has five free parameters
to calibrate (Table 1). The main components of the model are two stores: a production store (maximum
capacity X1 [mm]) and a routing store (maximum capacity X3 [mm]), which is filled by the output of a
unit hydrograph (time base X4 [day]). Two other parameters, the groundwater exchange coefficient (X2
[mm/day]) and the threshold for groundwater exchange (X5 [—]), are used to quantify the intercatchment
groundwater flows (IGFs). To account for snow accumulation and melt, the model is combined with the
degree-day CemaNeige snow module (Valéry et al., 2014), which contains two additional parameters (CTG
[—] and Kf [mm ·◦C−1 ·day−1]). In this study, these parameters were not calibrated. They were fixed at their
default values, respectively 0.2 and 4.5 mm ·◦C−1 · day−1, as proposed by Valéry et al. (2014).

The semidistributed model GRSD discretizes the catchment into subcatchments that delineate the modeling
units (Figures 3b and 3c). To capture the spatial variability of the meteorological inputs, a maximum size
of the modeling unit is set at 250 km2. The modeling units are delineated at all gauged points and then at
as many ungauged points as needed to ensure that there is no modeling unit larger than the predetermined
size. The lumped GR5J model is then applied on each modeling unit.

Each modeling unit receives its own meteorological inputs (rainfall P and PET) and uses a distinct parameter
set (see section 3.1). Finally, the outflow of each modeling unit is routed to its downstream catchment using
a linear lag propagation model (Bentura & Michel, 1997). Previous studies have shown that this propaga-
tion model gives a satisfactory level of efficiency compared to more sophisticated channel routing methods
(Lobligeois et al., 2014). This routing functionality implies an additional free parameter (compared to the
lumped model GR5J), which needs to be calibrated on each hydrological unit: the average flow velocity
C (m/s).
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Figure 3. Schematic representation of (left) the GR5J lumped model structure and (middle) the GRSD semidistributed model for (right) the example catchment
with three gauged stations (drainage points 1, 2, and 3). Headwater catchments (e.g., drainage Areas 1 and 2) and intermediary contributing areas (e.g.,
Drainage Area 3) are calibrated one after another, from upstream to downstream, by estimating the parameter sets of each of their modeling units.

Headwater catchments are the drainage area delineated by the first upstream gauged stations. They can be
composed of several ungauged modeling units. The next downstream gauged stations delineate the inter-
mediary contributing area (ICA) which corresponds to the additional drainage area that is not nested in
any upstream gauged area (Figure 3). An ICA can also consist of several ungauged modeling units. These
acronyms are summarized in Table 2.

The model is calibrated automatically by optimizing an objective function in two steps (see, e.g., Coron et al.,
2017): (1) A screening is done by using three values for each parameters and by testing all their possible
combinations; (2) a local optimization follows, starting from the parameter set that obtained the best results
during the screening step. This optimization is done in a parameter space where each value is transformed
to vary within the same range, which we later call the rescaled parameter space.

3. A Regularized Sequential Calibration
3.1. General Calibration Procedure
The proposed strategy is inspired by previous works on sequential calibration (Feyen et al., 2008; Lerat et al.,
2012; Wi et al., 2015). The aim is not only to maximize performance at the outlet of a catchment but also to
maximize performance at interior points through a multisite calibration: calibration is done at all gauged
stations and is performed sequentially from upstream catchments to downstream catchments. This is done
following four successive steps (Figure 4):

Step 1 Perform independent calibration of every HC with the same parameter set 𝜃 applied on each modeling
unit (Catchments 1 and 2 in Figure 4).

Step 2 Estimate an a priori for each modeling unit in the next downstream ICA. Each modeling unit receives
the parameter set of its closest upstream or neighboring catchments previously optimized during Step
1 (see section 3.2 for details).

Table 2
Definition of the Principal Acronyms

Acronyms Definition
IGF Intercatchment groundwater flow
ICA Intermediary contributing area
HC Headwater catchment

DE LAVENNE ET AL. 8827



Water Resources Research 10.1029/2018WR024266

Figure 4. Calibration strategy to estimate the parameter set 𝜃 of each modeling unit within the intermediary contributing Area 3. The proposed regularization
is compared to the original strategy without any regularization. The a priori parameter sets illustrated here are defined by spatial proximity (see section 3.2 for
other a priori strategies).

Step 3 Calibrate a drift DX from those a priori values using the objective function that maximize KGE at
ICA's outlet and minimize this drift (according to GAPX criterion; see section 3.3).

Step 4 Repeat Steps 2 and 3 for the next downstream ICA and up to the last outlet. Optimized parameter
sets of Step 3 can be used as an a priori for Step 2.

In contrast, a sequential calibration without regularization (Figure 4, Step 2') consists in applying a spatially
homogeneous parameter set on each modeling unit in a way that it only aims at maximizing the simulation
performance at the gauged points. Streamflow measurement is the only input of the calibration. Our regu-
larization to this sequential calibration can be summarized by two major changes: (1) Calibration is driven
by two sources of information (streamflow measurements and parameter's a priori values) instead of one
(streamflow measurements), and (2) the spatial variability of parameter values within an ICA is assessed
instead of applying one parameter set homogeneously over every modeling unit.
3.2. Defining an a Priori Parameter Set
The a priori parameter is our best guess on parameter values without using any streamflow measurement.
This meets the topic of prediction in ungauged catchment. As discussed in section 1, spatial proximity
between a gauged and an ungauged catchment has proved to be an efficient way of addressing this problem,
at least in France and with this kind of conceptual and parsimonious model (Oudin et al., 2008).

For this reason, we estimate the a priori parameter from the previously optimized parameter set of the
closest catchment. The rescaled Ghosh distance (de Lavenne et al., 2016) is used to compute the distance
between catchments. Its ability to consider the nested structure of the catchments helps the identification
of catchments that potentially have a similar hydrological behavior.

The definition of the a priori is flexible: Two other a priori strategies have also been tested. For the sake of
simplicity, their description and their results will only be presented in the supporting information.

3.3. Objective Function for Calibration
The objective function (Fobj, equation (1)) is a weighted average (with a coefficient k) between (1)
Kling-Gupta Efficiency (Gupta et al., 2009), noted KGE and computed on the root-squared discharges, and
(2) the gap (noted GAPX, equation (2)) between the parameter set 𝜃opt obtained during the optimization
process and its a priori value 𝜃apr. This gap is quantified as the Euclidean distance in the parameter space
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Table 3
Drift Functions Used to Estimate a Parameter Set From Its a Priori Parameter Set by Applying DX

Parameter DX Units of DX Space
X1 DX (1) = X1 − X1,apr mm Rescaled

X2 DX (2) = X2 − X2,apr mm/day Rescaled

X3 DX (3) = X3 − X3,apr mm Rescaled

X4 DX (4) = Xi
4∕Xi

4,apr with Xi
4,apr = X4,apr(S∕Si)0.30 — Real

X5 DX (5) = X5 − X5,apr — Rescaled

C DX (6) = Cdown∕(Cup · (dup − ddown)) m−1 Real

Note. X and Xapr are, respectively, the parameter of the hydrological unit and its a priori value; Xi

is the parameter at the lumped scale; Si is the total drainage area; S is the area of the modeling
unit; dup and ddown are the hydraulic distances to the last outlet for upstream and downstream
catchments, respectively (the two catchments are the one used as a priori and the one currently
calibrated); Cup and Cdown are their streamflow velocity.

(defined by n parameters and the range 𝜃range in which parameters are allowed to vary). It is weighted by
the KGE performance provided by 𝜃apr on its donor catchment (with a lower limit set at 0). This weighting
aims to reduce the risk of using an inefficient parameter set to constrain the optimization. We tested eight
values of the coefficient k (0, 0.05, 0.10, 0.15, 0.25, 0.5, 0.75, and 0.9) to quantify the strength of the GAPX
constraint.

Fobj(𝜃opt) = (1 − k) · KGE(𝜃opt) + k · GAPX(𝜃opt) (1)

GAPX(𝜃opt) = 1 −

√√√√√ n∑
i=1

(
𝜃i

apr − 𝜃i
opt

𝜃range

)2

· max(0,KGE(𝜃apr)) (2)

3.4. Estimate Parameter Values From Their a Priori Values
Each calibration iteration provides a new DX vector. This vector is applied to the a priori parameter set in
order to estimate the parameter values that will be used for the simulation. This drift DX from the a priori is
done differently depending on the parameter considered (Table 3). For four parameters (X1, X2, X3, and X5),
it is done in a rescaled space (i.e., where all parameters vary within the same range) by applying a simple
addition. For parameters X4 and C, since their values are expected to increase when moving from upstream
to downstream as the drainage area gets bigger (de Lavenne et al., 2016; Lobligeois, 2014; Poncelet, 2016),
the drift is constrained in order to respect this assumption. This is done using the catchment total drainage
area (for X4) and the hydraulic distance d from the source (for C). Supporting information provides one
example of the use of DX vector within an ICA.

3.5. Use of Upstream Discharge Observations
In the context of simulation in ungauged catchments, the semidistributed model has an advantage over
the lumped model: all upstream modeling units that are gauged do not necessarily have to be regionalized
(because this may generate large errors), and upstream observations, when available, can be directly routed
in order to estimate discharges downstream (Feyen et al., 2008; Lerat et al., 2013). Only the modeling units
of the ICA would then have to be calibrated. In this study, we evaluated two simulation options:

1. Upstream simulated discharge is routed downstream (noted as “Rout. sim.”)
2. Upstream observed discharge is routed downstream (noted as “Rout. obs.”). In case of gaps in discharge

observations, they are filled with their corresponding simulations.

It would also be possible to route discharge observations only during the calibration procedure (Step 3,
section 3.1) and then route upstream simulations for the final simulation. This strategy leads to very similar
simulation performance compared to always routing simulated discharges, so it will not be presented.

3.6. Leave-One-Out Evaluation
We evaluated our calibration strategy through a leave-one-out procedure. In this approach, every gauged
catchment is successively considered ungauged. It means that we assume that no flow data are available for
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Figure 5. Distribution of KGE performance at gauged and pseudo-ungauged catchments computed on root-squared
discharge using the calibration strategy without regularization. Dots are the median values, and bars are delimited by
the first and third quartiles. KGE values are presented according to the Strahler order of the catchments.

model calibration. But for model evaluation, the flow simulations obtained at this target point are compared
to the flow observations. To avoid confusion, we will use the terminology “pseudo-ungauged” catchment to
describe this situation where measurements are used for model evaluation but not for model calibration.

Considering a given gauged catchment as ungauged modifies the configuration of the sequential calibration:
the leave-one-out evaluation procedure requires a new downstream calibration to evaluate each gauged
station. For instance, in Figure 4, if catchment 2 is considered ungauged, it will now belong to ICA 3. A new
calibration of this different ICA 3 has then to be done. It will assign a parameter to catchment 2 as if it was
ungauged.

As a reference benchmark, the lumped model GR5J is also regionalized to provide a simulation in
pseudo-ungauged catchments. A spatial proximity-based approach is implemented to facilitate the compar-
ison with GRSD: the parameter set of the closest gauged catchment according to the rescaled Ghosh distance
(see section 3.2) is transferred and applied at those pseudo-ungauged locations.

4. Results
4.1. Performance of the Calibration Strategy Without Regularization
Sequential calibration of GRSD is first compared to GR5J without any regularization strategy. As a point of
comparison, and before implementing regularization, three simulations are compared: (1) the GR5J lumped
model, calibrated independently on each of the 1,305 catchments; (2) the GRSD model with routing of
upstream observations; and (3) the GRSD model with routing of upstream simulations.

The calibration strategy without regularization provides very good and robust performance at gauged sta-
tions: the split sample test highlights a median KGE criterion around 0.95 in calibration and around 0.90 in
validation for all model configurations (Figure 5). The semidistributed GRSD model does not outperform
the lumped GR5J model. The benefits of using upstream observations (instead of upstream simulations)
appear essentially on larger catchments (Strahler order above 5, Figure 5).

The performance at pseudo-ungauged catchments is much lower with the semidistributed model compared
to the lumped model. Despite the use of upstream observations, GRSD does not outperform GR5J. This
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Figure 6. Distribution of performance during the validation periods for gauged catchments using different k regularization coefficients (equation (1)). Thick
lines are the median values, and thin lines are the first and third quartiles of KGE values (solid lines are for GRSD and dashed lines for GR5J).

difference is particularly significant on small catchments. For larger catchments with Strahler order above
5, the semidistributed model performs slightly better. Lower performances on smaller catchments were
expected and are usually observed (Reed et al., 2004).

These results demonstrate that the sequential calibration strategy without regularization is relatively effi-
cient at gauged locations, but it may result in poor performance for ungauged points. This result actually
motivated the calibration strategy proposed here.

Figure 7. Performance in validation at gauged catchments using regularization (k = 0.15, left) and comparison with performance without regularization (k = 0,
right). A Student's t test highlights no significant difference of performance during the validation periods.
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Figure 8. Distribution of performance over the entire period for pseudo-ungauged catchments using different k coefficients of the regularization (equation (1)).
Thick lines are the median values, and thin lines are the first and third quartiles of KGE values (solid lines are for GRSD and dashed lines for GR5J).

4.2. Impact of Regularization on the Performance at Gauged Stations
Regularization adds a constraint to calibration of GRSD, and the magnitude of this constraint is governed by
the coefficient k (equation (1)). It aims at improving the spatial consistency at the cost of a decrease in the
weight given to the KGE value during its maximization. This is illustrated in Figure 6, where KGE values
are presented for different values of the coefficient k when using the semidistributed model (GRSD). It is
compared to the lumped model (GR5J), where no regularization is used. The loss of performance is limited
on small catchments (Strahler order below 2) but is higher for larger catchments, where the median value

Figure 9. Performance of discharge simulation by the semidistributed model at points considered ungauged (leave-one-out evaluation) with regularization
(k = 0.15, left) and comparison with performance without regularization (k = 0, right). At ungauged points, the regularization has a positive effect for 55% of
the catchments, a negative effect for 27%, and no effect for 12%.
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Figure 10. Distributions of the parameter values according to the coefficient k and the different Strahler orders of the catchments when using upstream
discharge simulation.

decreases with k and interquartile ranges increase (Figure 6). The results show that the coefficient k should
be as low as possible to keep the best possible performance at gauged stations.

Model performance is similar across the country without any particular region showing significantly lower
performance (Figure 7). Even if performance tends to be higher without regularization, a Student's t test
highlights no significant difference (p value = 0.6861) on the KGE at gauged stations when regularization is
used. This is done by comparing the KGE when k = 0 to the KGE when k = 0.15 over the validation periods.
Some increase and decrease of the KGE could, however, be observed at a small number of locations on the
maps of Figure 7.
4.3. Impact of Regularization on the Performance at Ungauged Stations
While regularization has, on average, a negative impact at gauged stations (Figure 6), performance during
the leave-one-out evaluation is generally improved by regularization (Figure 8). Median values of KGE, and
more particularly the first quartile values, are greatly improved: The median KGE value increases from 0.75
to 0.82 (9% improvement) and the first quartile from 0.35 to 0.66 (88% improvement).

The effect of the constraint, quantified by an increased k coefficient, follows a hyperbole with an optimum.
This maximum performance is reached with k = 0.25, on average, over all catchments, with a small variation
with catchment size: the optimal k coefficient is larger for small catchments than for large catchments. This
can be related to previous results on gauged catchments (section 4.2), where a high k coefficient also had a
more negative effect on large catchments.

With the optimal k coefficient, performance at pseudo-ungauged catchments is as good as the regional-
ized lumped model. For Strahler order below 3, the lumped model slightly outperforms the semidistributed
model, whereas it is slightly better for catchments with Strahler order above 4. For both models, catchment
size is an important driver of performance, with large catchments showing, on average, higher performance
than small catchments (Figure 8).

The spatial variability of KGE is much higher when stations are considered ungauged, compared to when
they are considered gauged (Figure 9 in comparison to Figure 7): The standard deviation increases from
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Figure 11. Values of the two components of the objective function, GAPX and KGE (see equation (1)), when routing upstream simulated discharges in the
semidistributed model GRSD. The results are averaged over all catchments studied according to the Strahler order of the catchments and for different
coefficients k (the 8 points correspond to coefficient k of 0, 0.10, 0.15, 0.25, 0.5, 0.75, and 0.9).

0.35 (during validation period) to 1.73 (during leave-one-out). No particular spatial organization could be
identified.

A Student's t test highlights a significant improvement of the KGE at pseudo-ungauged points, when a reg-
ularization is used (p value = 0.00059). This is done by comparing the KGE when k = 0 to the KGE when
k = 0.15. Even if the regularization generally has a positive impact on performance at pseudo-ungauged
stations (55% of the catchments), the map in Figure 9 shows that regularization could also have negative
effects on some catchments (27% of the catchments).

4.4. Impact of Regularization on Parameter Values
Figure 10 illustrates the impact of regularization on parameter values and their variability. It compares the
lumped model and the semidistributed model according to the Strahler order of the catchments and to the k
coefficient of the regularization (equation (1)). Regularization can be expected to have an effect on parameter
values, especially for downstream modeling units where the parameter identifiability is lower (de Lavenne
et al., 2016). The regularization is thus expected to drive the calibration, as explained in section 1. We verified
this hypothesis for the X2 (intercatchment groundwater flow coefficient) and X3 (capacity of routing store)
parameters: For Strahler orders above 6, the variability (quantified by the interquartile) is much lower as
soon as one constraint is used.

Compared to the lumped model, the variability of model parameters across catchments is higher with the
semidistributed model. Although parameters generally remain within the same range of values for both
models, the variability of X4 (unit hydrograph time base) appears to be much larger. The coefficient k also
tends to reduce X4 values. This is also verified on the velocity parameter C, where a clear increase from
upstream to downstream is verified and where k tends to reduce velocity.

4.5. Objective Function Analysis
The objective function seeks a compromise between two criteria, GAPX and KGE (equation (1)). Figure 11
shows how these two criteria vary according to the coefficient k. The KGE performance on gauged
catchments generally decreases slowly with increasing values of coefficient k, while performance on
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Figure 12. Performance improvement of discharge simulation brought by
regularization (KGE difference when k = 0.15 and k = 0) at points
considered ungauged (leave-one-out evaluation) and according to the
difference of drainage area with the next downstream gauged catchment. Si
is the total drainage area where the performance is evaluated; Sdown is the
total drainage area of the further downstream gauged catchment. Classes
on the x axes are defined by quantiles.

pseudo-ungauged catchments (by leave-one-out evaluation) increases
rapidly. This is particularly true for small catchments; also, performance
can slightly increase during validation. On average, over all catchments,
the KGE performance at pseudo-ungauged catchments keeps improving
for k values above 0.1 but at the cost of a small decrease in performance
at gauged stations. The performance at gauged catchments decreases
drastically for k coefficients above 0.5.

The performance at pseudo-ungauged stations is robust, with very similar
performance during calibration and validation. The difference in perfor-
mance between gauged and ungauged catchments also tends to decrease
when catchment size increases. This means that the performance at
ungauged large catchments should be very close to what a calibrated
model would have provided.

The benefit of the regularization method decreases with catchment size
and is always negative (no increase in performance) for Strahler orders
above 6. It is likely that the discharge of the ICA for large catchments
is very low compared to upstream contributions, so the effect of the
calibration is difficult to observe.

For a given value of k, the GAPX criterion is often higher at
pseudo-ungauged catchments than at gauged catchments. This means

that during the leave-one-out evaluation, the optimized parameter set stays closer to its a priori. This might
come from the fact that, during the leave-one-out evaluation, the ICA is larger, so the calibration applies the
move given by DX in parameter space (see section 3.4) to more modeling units (with potentially a different a
priori). In this configuration, DX has to remain low (and so GAPX high) in order to keep a consistent param-
eter set on every hydrological unit. The same reason could explain why the GAPX performance increases
with catchment size.

5. Discussion
The comparison between the lumped and the semidistributed models used in this study does not highlight a
clear steady benefit of the semidistributed model in terms of performance at gauged locations. These results
corroborate the findings of several other studies showing that the benefits of semidistributed models are not
straightforward (Hughes et al., 2014; Lobligeois et al., 2014; Pokhrel & Gupta, 2011). One possible reason
concerns the spatial and temporal resolution of the model. The daily time step and the 250 km2 modeling
unit size might not be small enough to capture the spatiotemporal variability of the physical phenomena.
Investigating smaller resolutions might be necessary (Ficchí et al., 2016; Obled et al., 2009).

Lumped and semidistributed models do not follow exactly the same objectives. A semidistributed modeling
framework aims to build a spatially consistent model, where every gauged station has its performance opti-
mized at the same time. The lumped model optimizes each catchment independently and does not address
the spatiotemporal consistency of discharge simulations and observations (e.g., the impact of measurement
errors on downstream simulations and local exchange with groundwater).

Small catchments benefit the most from the regularized sequential calibration strategy proposed here.
Figure 12 provides insights to understand in which situations these small catchments benefit from the reg-
ularization. It appears that this improvement is particularly important when the drainage area of the next
downstream gauged catchment is much larger than the drainage area of the ungauged catchment that needs
to be calibrated. In a sequential calibration without regularization, every modeling units of the ICA are cal-
ibrated only from the downstream performance. Without regularization, this optimized parameter set does
not fit well every modeling units of the ICA.

Small catchments are more directly concerned by two issues presented in section 1, which are (1) the region-
alization strategy and (2) the downstream identifiability issue (de Lavenne et al., 2016). Concerning the
first issue, the regionalization is improved by using the rescaled Ghosh distance to find an a priori param-
eter set around the neighboring gauged catchments, so small tributaries do not systematically retrieve the
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optimized parameter set from large downstream gauged catchments (as it is the case without regulariza-
tion). The second issue occurs most particularly when ICA located on lower reaches have to get extreme
parameter values in order to have a little effect on the total discharge: Their contribution is, relatively to
the upstream discharge volume, very small. Indeed, we observed a larger variability of parameter values at
lower reaches (Figure 10). This issue is addressed in this paper by having an objective function that will
always be sensitive to parameter changes: if calibration iterations do not improve simulation performance,
the optimal parameter set will be the a priori parameter set. This prevents calibration from reaching incon-
sistent parameter sets that would be applied to every modeling unit of the ICA (including small ungauged
modeling units that would be significantly impacted).

Starting from an a priori and progressively adjusting the parameter values by adding new information may
be seen as a typical Bayesian process (Thiemann et al., 2001). However, this work is not based on a probability
analysis or on any assumption on the statistical distribution of this information. Within this perspective, it
would be interesting to investigate a more formal Bayesian approach, where parameter distributions would
be transferred instead of a single parameter set.

One weakness of the regularized sequential calibration strategy is that the movement in the parameter space
by using DX does not explicitly account for parameter interactions. Indeed, DX is applied similarly from
every a priori parameter set during the calibration of the ICA. However, the sensitivity of a given parameter
might depend on the value of the others, so DX might affect each a priori differently. This issue is partly
addressed by applying DX , in the rescaled parameter space where parameters vary in similar ranges (see
section 3.4). Moreover, a simple Euclidean distance was used here to compute the distance and move the a
priori parameter set in the parameter space. Alternative distances (e.g., Manhattan distance or any goodness
of fit criterion) could also be investigated.

Although we only presented the first option for the a priori parameter set (based on spatial proximity),
we tested the two others (see supporting information). Between the three a priori options tested, the best
is the parameter set of the closest catchment previously calibrated. Spatial proximity is an efficient proxy
for identifying catchments with similar hydrological behavior (Oudin et al., 2008). Without defining and
quantifying this similarity explicitly, it is based on implicit reasons that are based on a common territory
and a common climate shared among catchments that are close to each other.

If the result of a previous calibration iteration is used as an a priori for the next one, it leads to a propaga-
tion of information in the sequential calibration. The sensitivity of how upstream parameter sets influence
downstream parameter sets has not been addressed in this paper but, as well as the impact of upstream sim-
ulation (Hughes et al., 2014; Lerat et al., 2013), could be an interesting topic for future work. The two other
a priori options are not affected by this issue because each catchment's a priori is independent of the others.
Even if only one option for the a priori parameter set was used at a time in this study, one perspective for
future work could be to use several a priori options together.

6. Conclusion
This paper revisited the generic sequential calibration of a semidistributed model in order to improve model
performance at ungauged catchments. Additional information (a priori information) is used to constrain
the calibration: The calibration procedure drifts away from this prior knowledge only if it is justified by
observations. In practice, the procedure uses the following:

• an objective function that combines the maximization of a performance criterion and the minimization of
the distance from the a priori parameter set;

• drift functions that describe how each parameter set moves away from its own a priori in the parameter
space; and

• a priori information that can result from different regionalization strategies (regression from catchment
characteristics or transfer of parameters based on spatial proximity).

The strategy was implemented over 1,305 catchments in France using the semidistributed GRSD model. The
choice on the a priori parameters remains flexible (two other strategies are presented in the Supplementary
Material). This paper focuses on a priori given by spatial proximity analysis where a priori parameter sets
correspond to previous calibration of the closest catchment.
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The paper first addressed the issue of the performance of a sequential calibration for ungauged catch-
ments. The leave-one-out evaluation showed that, without any regularization, the performance at small
pseudo-ungauged catchment is usually low. Despite relatively good performance at gauged stations, if the
sequential calibration is not constrained, it leads to an unreliable calibration for many hydrological units.

Second, the paper focused on the benefits of the regularization to address this issue. We demonstrated that
the regularized calibration strategy significantly improves the performance at pseudo-ungauged catchments
(over all the catchments, the median KGE is increased from 0.75 to 0.83 and the first quartile from 0.35 to
0.66). More particularly, small pseudo-ungauged catchments were those that benefit most from this strategy.
This improvement can be reached based on a compromise on the performance at gauged stations (especially
for catchments with a Strahler order above 6, with a decrease from 0.91 to 0.87). However, this decrease is
not significant over all the catchments.

Finally, the paper aimed at comparing the semidistributed model to a lumped model based on a similar
conceptualization. Regularization enables to reach very similar performances between the lumped and the
semidistributed model. This is observed at gauged and pseudo-ungauged locations. It highlights that the ben-
efit of the semidistributed model is not straightforward, at least with this chosen spatiotemporal resolution
for the semidistributed model (daily time step and average size of modeling units set to 250 km2).

In summary, the calibration strategy presented in this paper is able to generally keep the advantages of a
sequential calibration (performance optimization of interior gauged stations and reduction of the number
of parameters to optimize at one time) while, additionally, providing more consistent simulations for the
ungauged subcatchments. Therefore, the regularized sequential calibration provides a more robust spatial
assessment of water resources throughout the catchment and, particularly, when simulating hydrological
variables over large catchments, at a regional, countrywide, or continental scales.
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