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Introduction

Background

Deltares and Rijkswaterstaat are working together on the development of new hydrological
models for the Rhine and the Meuse basins in the context of the SITO-PS project
Transnationale samenwerking. These hydrological models are developed as wflow_sbm
concepts in the wflow framework, which is an open source hydrological modelling platform for
distributed modelling, developed and maintained by Deltares (Van Verseveld et al., 2024).
The wflow_sbm models for the Rhine and Meuse are developed for two main purposes:

1. The application in the GRADE instrument for the determination of extreme discharge
statistics, here the model is applied at a daily time-step.

2. The application in the operational forecasting system, here the model will be
implemented at an hourly time-step.

At the start of 2023, daily and hourly wflow_sbm models for the Rhine and the Meuse were
delivered to Rijkswaterstaat (Buitink & Bouaziz, 2022). These models had been calibrated (at
the daily time step) for the snow parameters and for the parameter controlling the ratio
between horizontal and vertical hydraulic conductivity (KsatHorFrac) using the kinematic
wave as routing. However, after this calibration, the local inertial routing with a 1D
schematization of the floodplains was developed and implemented as a more suitable routing
approach to best reproduce extreme high flows (Buitink & Bouaziz, 2023).

To quantify the implications of the KNMI&23
and the Meuse, the wflow_sbm models at the daily time step have been used (Buitink et al.
2023). However, for operational forecasting, the HBV models are still being used, despite

their relatively low performance in reproducing low flows. The hourly wflow_sbm models
developed for operational forecasting in 2022 run in parallel to HBV in RWsOS and showed
biases in peak timing and peak magnitude as well as relatively large overall discharge biases
that resulted in substantial and relatively unstable ARMA corrections.

To facilitate the uptake of the wflow_sbm model in the GRADE instrument for the generation
of the new discharge frequency curves in 3 to 5 years and for the operational implementation
in the forecasting system, that is planned for 2026, further model calibration is required.

The biases in peak timing and magnitude can likely by improved by calibrating the models
more thoroughly with consideration for the following aspects:

A cCalibration at the hourly time step instead of the daily timestep as had been done
previously,

A calibration with the local inertial routing with 1D schematization of the floodplains instead
of a calibration with the kinematic wave routing,

A cCalibration in levels from upstream to downstream catchments, by fixing parameters in
upstream catchments before calibrating more downstream level catchments,

A cCalibration using metrics to improve peak timing, peak magnitude and low flow indicators.

Objective

The objective of this study is the improvement of the wflow_sbm models for the Rhine and
Meuse by performing an automated calibration at the hourly time-step.
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The resulting parameterization will be implemented in the wflow_sbm models and the model
improvement will be evaluated for the model implementation at both an hourly and a daily
time-step.

The aim is to obtain models which perform as good as the HBV models in terms of extreme
peak magnitude and timing, while at the same time considerably improving low and mean
flow model performance. The model is calibrated at the hourly time step (with a key focus on
the improvements for the operational forecasting system) and the resulting model calibration
is evaluated at both hourly and daily time steps, to suit both the operational WMCN and
GRADE application.

1.3 Report outline

The data used, the model set-up and the calibration approach are outlined in Chapter 2. The
results are presented for the Meuse and the Rhine for the daily and the hourly models
separately in various sections of Chapter 3. The conclusions, advice and recommendation
are provided in Chapter 4.
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Data and methods

Hydrometeorological data

Forcing data similar to the 2022 report has been used for this study: E-OBS for the daily data
(with HYRAS providing precipitation for the Rhine), and genRE for the hourly forcing. The
genRE datasets are identical to the previous report, but more recent versions for E-OBS and
HYRAS were used for the daily forcing products. The hourly forcing data used over the
Meuse Basin is only processed for France and Belgium, meaning that a meaningful hourly
calibration at the time of writing was possible as far downstream as Borgharen/Sint Pieter.
The table below provides an overview of the data sources and how they were used. It should
be noted that the Makkink equation has been used to compute the potential evaporation for
all data products/basins. At the KNMI, Makkink is used to calculate the reference evaporation
and the method consistent with previous analyses and the methodology applied in GRADE.
The potential evaporation is not calculated by the model, but as part of the data pre-
processing for the model.

Table 2-1 Hydrometeorological model forcing datasets used in calibration, evaluation and analysis

Dataset Timestep and period Basin Variables

E-OBSv29.0e 1950-2023 Rhine! Temperature, and potential
Daily evaporation

E-OBSv30.0e 1950-2024 Meuse! | Precipitation, temperature, and

(Cornes et al., 2018) Daily potential evaporation

HYRAS3.0 1951-2020 Rhine Precipitation

(Rauthe et al., 2013) Daily

genRE Rhine 1996-2015 Rhine Precipitation, temperature and

(Van Osnabrugge et al., 2017) Hourly potential evaporation

genRE Meuse 2005-2017 Meuse Precipitation, temperature and

(Bouaziz, 2021) Hourly potential evaporation

Model setup

Both models calibrated in this report are modified and extended versions of those wflow_sbm
models for the Rhine and Meuse, calibrated and delivered for operational implementation in
(2022). The calibration focuses on the entire basins upstream of the Dutch border at
Borgharen? and Lobith. The changes to the schematization of those models are described in
this section while the modifications applied to the model static parameter maps for the
purposes of calibration are described in the following section (2.3 below). The connection
between the wflow_sbm models and SOBEK models for both the Rhine is described in
(Buitink et al., 2025; Buitink et al., 2025). Connections are made for the main river at Maxau
and Chooz and a large number of laterals and sub-basins on the way downstream to Lobith
and Eijsden.

0000000600000 00

! Data is available for both Rhine and Meuse, but since v30.0e was only recently updated with all required variables,
the Rhine simulation was still based on the v29.0e data.

2 The endpoint of the calibration for the Meuse is currently the Belgian-Dutch border where the Meuse enters the
Netherlands. This will in future work be extended up to Mook. wflow_sbms i mul at es t he natur al
include any abstractions such as the Albert Kanaal. Therefore, the simulated outflow at the border cannot directly be
linked to a real gauging station. The simulated discharges are a proxy for the discharge at Borgharen.
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2.2.1 1D Floodplains
The updated wflow_sbm model for 2023 (Buitink & Bouaziz, 2023) replaces the two-
dimensional (2D) floodplain representation with a one-dimensional (1D) floodplain routing
scheme, which significantly improves computational efficiency while simultaneously being
more physically meaningful where floodplain dimensions are smaller than the grid resolution
(~1 km).

The 1D floodplain approach describes the floodplains by inferring the floodplain width
(expressed in volumes) on pre-defined water-levels above the river. This is based on a HAND
(height above nearest drainage) analysis of the high resolution elevation dataset specifically
refined to represent hydrological systems well (MERIT Hydro DEM - Yamazaki et al., 2019).
A conceptual overview of this schematisation is presented below in Figure 2-1. This approach
decouples floodplain dynamics from full 2D simulation while retaining critical interactions with
river flow, making it suitable for narrow floodplains or areas where 2D resolution would not
resolve meaningful dynamics. Dikes are thus not explicitly schematized as line elements, but
accounted for through the use of the MERIT Hydro DEM. All water thus remains in the
extended river including its flood plains and will in the end, with a more realistic delay, reach
the Dutch border at Lobith / Borgharen.

Without flooding With flooding

1D

Figure 2-1 Conceptual overview of the 1D floodplain schematisation (side view). The blue box represents the
river width and depth, and the brown region the land part of a pixel. At set intervals (e.g. 0.5, 1.0, and 1.5
meter), the width of the floodplain is provided. When the water level exceeds the river depth, this waterlevel-
width relation is used to determine the flow width (e.g. the hydraulic radius). Note that this figure depicts the
floodplains only on one side of the river for simplification, but in the floodplains exists on both sides of the
river.

This change optimizes computational performance by reducing the mo d e dordexity

without sacrificing the physical realism of the floodplains. The 1D floodplain implementation

also incorporates established numerical techni c
simulations, for example adaptive time-stepping and the Froude number limitation.

The effect of this implementation is that discharge peaks are more realistically attenuated due
to the widening of the river channel. By providing the floodplain widths at set intervals, more
detail on the shape of the floodplain can be captured. This is especially useful for smaller
rivers but also provides more accurate floodplain estimates for larger rivers, especially when
compared to the 2D floodplain approach.

22.2 KsatHorFrac
KSatHorfrac is a parameter in the wflow_sbm model lateral subsurface component that is a
dimensionless multiplication factor applied to the vertical hydraulic conductivity kv.
KSatHorfrac compensates for anisotropy, where small scale kv_0 measurements do not
represent larger scale hydraulic conductivity, at model resolution. KSatHorfrac is a most
sensitive parameter within the wflow_sbm model where there have been no a priori estimates
available at the global scale due to a high degree of conceptualization prohibiting the use of
an established pedo-transfer function (PTF), (Imhoff et al., 2020).
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To reduce the calibration burden, we use a newly developed machine-learning derived
ksathorfrac map that is trained off calibrated Wflow models and open soil data (Ali et al.,
2024) the use of which yields similar results in terms of event peak timing to the manually
calibrated maps. The use of these new parameter maps distributes the parameter in a more
physically meaningful way within the basin, as it is tied to physical attributes of the basin. Al
et al. (2024) developed and tested their methodology in control catchments in England and in
regions of France and saw improvements to the quality of simulated discharge. Since the
Rhine and Meuse River basins are geographically and geologically not too different from
England and France, we decided to test their performance. Switching the manually calibrated
maps from the 2023 reference model (Buitink & Bouaziz, 2022 & 2023), we observed no
performance degradation and adopted these as the updated baseline over which to calibrate
(Figure A 2).

This method differs from the approach adopted in 2022 and 2023 whereby in prior deliveries
the parameter is distributed in the basin by attributing a manually assigned best estimated,
based on model performance, on the subcatchment scale. This calibration effort, by contrast,
uses the global ksathorfrac maps as a baseline to which scaling factors are applied on the
subcatchment scale as part of the calibration process. The global ksathorfrac maps from Ali
et al., 2024 are preferred over the previous calibration, since they are connected to the
physical observation data, and therefore also contain more spatial variability within
subcatchments.

2.3 Model calibration

Model calibration is approached with a new reproducible workflow where the process is
identical for both the Meuse and Rhine basins. This calibration workflow, newly developed for
this research, is capable of executing an automatic calibration when provided with a pre-built
Wflow model, observational timeseries and some other calibration parameters. This section
describes the calibration workflow concepts applied within after model building and
observations are chosen.

23.1 Multi -level Calibration and the Observational Network
The observational network provides the streamflow reference to which the calibration can be
objectively accomplished. In this research the hourly gauge network (see Section 2.4) of the
basin is used to derive sub-catchments using the hydromt and hydromt-wflow model building
framework. The primary criteria for observation location selection- are as follows:

1. The relevance that each gauge has to the operational forecasting within the basin, thus
all key gauges that inform the FEWS and SOBEK systems are retained.

2. The quality of the information available at each location, each gauge used must provide a
minimum overlap of information with sufficient quality that the calibration period can
exceed 10 years of reliable hourly information.

3. The density of information provided, whereby if the gauge adds more information in a
new area allowing finer scale adjustment of the parameter maps (preferably without
adding additional layers of dependency, explained below).

The principles above guide the building of an observational network to which the models are
calibrated. In distributed hydrological modelling, a maximally dense observational network is
preferable, where every model cell can present a unique combination of parameters the most
localized information reduces the possibility of fequifinalitya Equifinality is the concept of
discovering local error minima, but not the true minima. Practically speaking it can manifest
as a calibration effort resulting in more than one model having the same performance through
a different parameterization, i.e. being right for the wrong reasons.
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19 key operational gauges are included in the Meuse observational network, which is
expanded to a total of 99 hourly observational gauges to maximise localisation of parameter
adjustments, visualised in the left panel of Figure 2-2 (eaufrance, 2024; RWS, 2024; SPW,
2024). 27 key operational gauges are included in an expanded observational set of 291 total
gauges in the Rhine, visualised in right panel of Figure 2-2(Rhine data sources: DWD, 2024;
FOEN, 2024; RWS, 2024).

@ Primary operational gauges [27]
+  All calibration gauges [291]

—— rivers

[ Rhine Basin

= Primary Qperational Gauges [19]
+ Al calibration gauges [99]

—— rivers

[ Meuse Basin

Figure 2-2 (left) Meuse basin (right) Rhine basin (not to scale). Observational gauges coinciding with key
operational forecasting locations are highlighted in yellow, red dots indicate the extended network of
observations used in this calibration. The extended network includes all key operational locations. The Meuse
shows 99 calibration Gauges, 19 of which are operational gauges. The Rhine shows 291 gauges, of which 27
are operationally relevant.

The large number of gauges is used to sub-divided the river-basins in an equally large
number of sub-catchments (or layers) representing an area that will in the calibration process
all be assigned the same parameter sets. Calibration in this sense is a hyperdimensional
problem, where the number of potential parameter combinations is:

To simplify the dimensionality of the problem, a lumped approach is necessary, where the
whole area upstream of an observational point is adjusted according to the prescribed
adjustments in the parameter space (Khakbaz et al., 2012).In other words, to discover the
best parameter set, we must apply the adjustments to a grouping of cells rather than each
cell individually, and that group of cells can be the independent area upstream of an
observational point.

The Ahyperdi mensionalityodo of t hchangbstsbhemni but ed «c ¢
dependency problem, where adjusting the parameter values in one upstream subcatchment

affects the evaluation of all subcatchments in the downstream direction Now in order to

calibrate this lumped network, calibration on the upstream must be performed first and then

subsequent layers of increasing dependency are calibrated until the outlet of the basin is

reached, finding the optimal inflow at each location for the next layer of subcatchments. This

is appealing since now the distributed calibration problem is just a dependency (inflow-

outflow) problem, where the number of model runs to calibrate becomes:
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With the above equation stating the simplification where the total number of runs in any
calibration will be the product of the number of parameter combinations used in the
calibration (¢ ) in the parameter space and the number of layers of dependency (¢ . While
each run equals one experimental adjustment made to that grouped layer of subcatchments,
each gauge can be evaluated independently. With careful selection keeping the number of
layers to a manageable amount, we can maximize the number of gauges without adding to
the computational burden.

In order to have a sufficiently deep, or maximised, parameter space (2.3.2 below) and a
manageable computation time we need to reduce layers of dependency by carefully selecting
gauges to add to the network. Considering an individual model run time for the full length of
the available hourly forcing can vary from four hours (Meuse, 13 years) to 24 hours (Rhine,
20 years), we aim for 3000 runs over 6 layers of dependency or, 18000 model runs per
calibration. This number is based on a combination of the equation above and the required
run-time for the calibration.

Hall DAG layout in topological order

Figure 2-3 The Meuse operational network presented as (Left) a directional acyclic graph or, DAG. (right) The
same as a topologically sorted DAG indicating the 6 layers of dependence.

Hall DAG layout in topological order

Figure 2-4 The Rhine operational network presented as (Left) a directional acyclic graph or, DAG. (right) The
same as a topologically sorted DAG indicating the 6 layers of dependence.

2.3.2 Parameter Space
The parameter space defines the parameter values or modifications to those values through
scaling or offsetting the parameter maps within each sub-catchment area.
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The parameter space values are determined by Latin Hypercube Sampling between realistic
parameter values bounds (see Table 2-2) to produce an evenly distributed sample of values.
A conceptual image describing this sampling process is attached as Figure 2-5 The number
of samples between bounds is decided to be 3000 in total, which prescribes the number of
runs per level, in other words there are three thousand parameter sets randomly generated
per level. The decision for the number of runs per level is based on the known computational
times for both models, optimising the size of the parameter space versus a timely delivery of
the calibrated wflow_sbm models. The parameters and sampling boundaries are described in
Table 2-2, below.

[ =

[ ==

; (b) N () (d)

Figure 2-5 Figure adopted from (Melsen et al., 2016). The image represents (a) an imagined space defined by
3 parameters: P1,P2 and P3 with random sampling (b) shows that the sampling is uniform (c) describes the
structure of the sampling, efficient single samples are derived from one row and one column (d) hierarchical
sampling allows the sample to be extended, if necessary, while still conserving structure.

Table 2-2 The parameter space used for Rhine and Meuse calibration. This calibration process samples 3000
parameter instances per level between the lower and upper bounds as described below.

Parameter Lower Bounds Upper Bounds Method
ksathorfrac 0.2 2.0 Scale
f 0.5 15 Scale
RootingDepth 0.25 2.0 Scale
SoilThickness 0.5 15 Scale
N (River) 0.5 15 Scale
MaxLeakage 0 0.6 Offset
N (land) & N (floodplain) 0.5 15 Scale

The table above describes the parameter space utilized in the calibration, where each
parameter raster map is modifedaccor di ng to the @Ap@ing pri at e @ me
manipulation applies a multiplicative factor to the whole sub-catchment, whereas an offset will
apply an additive factor. Where the f parameter controls the exponential decline of the
saturated hydraulic conductivity with depth. Rooting depth describes the depth of the root
zone and thus the root zone soil moisture capacity. SoilThickness describes the depth of the
soil column per model grid cell. N (river) is the manning roughness of the river channel and
MaxLeakage is the fraction of water in the subsurface storage allowed to be lost to the
groundwater per model timestep. N (land) and N (floodplain) are the manning roughness
values attributed to either the land surface, affecting overland flow, or the floodplains affecting
high waters that exceed bankfull levels.
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The benefit of this methodology allows for the calibration to be approached by first making
parameter estimates from open data, for example, the ksathorfrac maps begin with global
estimates and are then tuned to the locality by evaluating the performance resulting from the
parameter modifications. The bounds of the adjustments described in Table 2-2 are informed
by an extensive sensitivity analysis report for the Meuse (Khair et al., 2023). The geographic
similarity combined with other (less comprehensive) sensitivity work allows the definition of a
parameter space that is appropriate for both basins.

Dealing with Uncertainty in P arameter Selection

Performing a calibrationwi t h t he i ntention of p ruosthe cisk ofg
overfitting to a particular series or set of observations. In this calibration we adopt a strategy
of not choosing one best performing parameter set, but 10 of the best per sub-catchment
(see Figure 2-6). Each parameter set downstream is combined at random with one of the
best 10 upstream ultimately resulting in an ensemble of 10 calibrated models, which in
theory, should capture better the uncertainty involved in both the calibration choices and the
observations we fit to. There will never be a single best parameter set due to amongst others
biases in meteorological input and the observed discharges we calibrate against. Passing on
only one single parameter set downstream would thus be a simplification ignoring this
uncertainty resulting in overconfident fitting of parameter sets downstream.
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n random parameter sets gvaluated at Gauge
{P1,P;...P,}

—

k “top” performing parameter sets (P,)
topul{P1,Pz...Ps}, k=4)

—Parameter Space—

Level i+1 L
‘nrandom parameter sets evaluated at Gauge, each n with one of k, level |
{P1,P...P,}, upstream uniform(topy, ieve )
|

v . - — -
k “top” performing model runs, top, je.ei +1is locked with inflow topy jevei

Level i+n

P n fOPn
. °

Figure 2-6 Conceptual image capturing the calibration workflow that accounts for parameter uncertainty by

selecting a group of k best (k=4 in this example, for visualization purposes) performing parameter sets per
sub-catchment (delineated with thin lines). Subcatchments are grouped in three levels (1-3; varying from light

to dark green) for parallel computation but evaluated independently. Infowfi t kO p par amet er pair s
and the calibration is ordered from upstream to downstream.
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2.3.4 Multi -objective function
For each level of calibration, the model performance is evaluated for all available gauges in
that level using the following performance indicators:

A Kling Gupta Efficiency of the streamflow (Gupta et al., 2009) (KGE)

A Nash-Sutcliffe Efficiency of the logarithm of the monthly minimum 7-day discharge for
selected dry months (June-October) (NSElog_MM7Q)

A Mean absolute error of peak timing (MAE_peak_timing)

A Mean absolute percentage error of peak magnitude (MAPE_peak_magnitude)

The Euclidean distance which combines each of these performance indicators was calculated
to summarize the performance in a single value to select the best 10 performing parameter
sets in a multi-objective calibration. The weight assigned to each indicator and its purposes
are summarized in Table 2-3.

Table 2-3 Summary of objective functions, assigned weights in Euclidean distance, and their purposes.

Objective function Weight Purpose

KGE 0.2 General performance

NSElog_MM7Q 0.25 Low flows

MAE_peak_timing 0.3 Peak timing

MAPE_peak _magnitude 0.25 Peak magnitude
2.35 Automated calibration workflow

To streamline and optimize the calibration process, we developed an automated calibration
workflow using Snakemake (Mulder et al., 2021) as the workflow manager. Snakemake
enables reproducible and efficient task management by organizing complex workflows into
clearly defined rules. It facilitates parallel computation, significantly reducing runtime by
leveraging multi-core processing capabilities. Additionally, the workflow is multiplatform,
ensuring compatibility across diverse environments, including high-performance computing
(HPC) systems and Windows machines. This automation not only enhances reproducibility
and scalability but also simplifies the calibration process, allowing for seamless adjustments
and reruns as needed.

2.4 Evaluation of the hourly and daily models
The model performance is evaluated for the model at the hourly and daily time step for a
selection of stations.

For the Meuse basin, the selected evaluation stations include (list form: station name,
watercourse name, wflow numerical identifier):

A Borgharen (Lower Meuse) (16)

A Chaudfontaine  (Vesdre) (12)

A Chooz (Mid Meuse) 4)

A Gendron (Lesse) (801)
A Martinrive (Ambleve) (11)

A Mehaigne (Mehaigne) (13)

A Tabreux (Ourthe) (10)
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For the Rhine basin, the selected evaluation stations include

A Lobith (Lower Rhine) (709)
A Andernach (Upper-mid Rhine) (696)
A Kalkofen (Lahn) (693)
A Grolsheim (Nahe) (645)
A Cochem (Moselle) (694)
A Raunheim (Main) (704)
A Rockenau-SKA (Neckar) (687)
A Maxau (Upper Rhine) (688)
A Basel, Rheinhalle (Upper Rhine) (705)
A Rekingen (Upper Rhine) (418)
A Sieg (Sieg) (538)

The evaluation of the Meuse and Rhine models is done based on analysis of performance
indicators, as well as visual inspections of the modelled and observed hydrographs and
several signatures of the hydrographs, including:

observed versus modelled daily streamflow (Q in m3s?),

mean monthly Q, as a measure of seasonality,

flow duration curves for Q,

flow duration curves of logarithm of Q, emphasizing low flows,
maximum annual Q,

minimum annual mean 7-days Q (NM7Q),

plotting positions of maximum annual streamflow,

plotting positions of minimum 7-days annual streamflow,
cumulative Q,

Nash Sutcliffe Efficiency, for general high flow performance (NSE),
Nash Sutcliffe Efficiency of the logarithm of Q, for low flow performance (NSEiog)
Kling Gupta Efficiency, for overall performance (KGE)

Too Too Too Too oo Too o o o o o o
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3 Results

3.1 Meuse

The Meuse hourly model is assessed over sub-catchments that are key for informing the
operational forecasting systems. Calibration is performed over 99 gauges whereas the
gauges presented for concise analysis are as follows:

A Borgharen (Lower Meuse) (16)
A Chaudfontaine (Vesdre) (12)
A Chooz (Mid Meuse) (4)

A Gendron (Lesse) (801)
A Martinrive (Ambléve) (11)
A Mehaigne (Huccorgne) (13)
A Tabreux (Ourthe) (10)

The calibration is performed on an hourly timestep while the analysis of the resulting models
is performed with that calibrated model on both an hourly and daily timestep.

3.1.1 Computational Times
Computational times detailed in Table 3-1, below are based on the time taken to achieve the
simulations presented in this document. These are long simulations and the measure of
model days per computational minute gives a very accurate average performance measure
of the model in performing the necessary calculation. The measure does not include model
initialization which can be a significant addition when performingmanyé s hor t 6 sformul at
example in an ensemble forecasting mode. The last column shows that in a computational or
forecasting minute the model progresses 34 days for the hourly model and 96 days for the

daily model, even in an ensemble forecasting mode this is still manageable.

Row 1 and 2 in Table 3-1 are instructive for a user of Wflow modelling, for example in large
simulation planningi . e. cal i br at i ¢&rEWSrd @RARB)ENicatelthe 6
overhead as a result of usage in an operational system (RWsOS stand-alone). The efficiency
of the operational system depends on the software type (file sizes, states usage, etc.) and its
implementation. The slowdown in a FEWS system relative to pure simulation time is 4.9
times slower for Wflow and 2.5 times slower for HBV. These slowdown estimates are based
on a FEWS update simulation issuing forecasts at a monthly frequency, from the hindcast
(re-forecast) study that is ongoing at the time of writing. Slowdown estimates are indicative of
how model computational performance should be considered complimentary to, but only a
component of, operational system efficiency.

Table 3-1 Model computational times for the Meuse, based on calculation of the final output runs.

Model From To Total Model Timesteps Model Days per
Runtime Computational
Minute
Wrflow -Hourly 2005-01-01 2018-02-22 ~2hr 20m 115200 34
01:00:00 00:00:00

Wflow -Daily 1950-01-03 2024-06-01 ~4hr 40m 27179 97

Wflow -FEWS 2015-01-01 2025-06-01 ~9h 00m 228240 7

HBV-FEWS 2015-01-01 2025-06-01 ~1h 60m 228240 39
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Hourly model

Optimisation of Model Selection

Figure 3-1, below attempts to display the optimization of the model selection process where
better performing models across a selection of metrics will plot closer to zero. The Euclidean
distance equation combines multiple metrics and shows that after calibration the hourly
model performs better than HBV at all sub-catchment monitoring locations, with the exception
of Chaudfontaine. It is also apparent that, despite analysing 10 models, there is no variation
between those 10 models. Due to the similarity, the choice of which model is somewhat

arbitrary, and from here we analysethe Meuse cal i brati on with the
2.00
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Figure 3-1 The Euclidean distance combining objective functions i KGE, NSElog_MM7Q, MAE_peak_timing,
and MAPE_peak_magnitude i summarizes the model performance into a single value at multiple locations.

The low variability between resulting calibrated models represents an unexpectedly high level
of convergence. Despite randomly combining 10 different parameter sets for each upstream
level to avoid selection bias, the resulting calibration parameters between level 0 and 4 end
up being identical. There is only a high variability near the outlet, which is forced to result in
10 best possibilities.

The main insight that we can deduct from the convergence is that there is likely a clear
parameter dominance discovered in the upstream subcatchments. Since upstream calibration
choices exert increasing influence on the downstream gauges, a strongly superior parameter
(if present) will increasingly be selected as the process progresses. Physically speaking, if
the terrain and hydrological response at most subcatchments are only well described by one
particular configuration (i.e. there is minimal equifinality at the subcatchment scale), then this
parameterization will be preferentially selected at each level. This is one explanation of the
appearance of convergence tells of a mechanism of dominant parameter performances
eliminating potential parameter diversity.

Developments to the wflow_sbm models for the Rhine and Meuse in 2024
11210368-003-ZWS-0004, 5 November 2025

Deltares

mo d



Min-Max Difference - ksathorfrac BRT 250
L

51.5°N

200

51°N

50.5°N |
: 150

50°N

=
o
(=]

ksathorfrac_BRT_250

49.5°N

49°N

50

48.5°N

48°N

0

4°E 4.5°E 5°E 5.5°E 6°E 8.5°E

Figure 3-2 Meuse model parameter map for ksathorfrac, thematically coloured by the max difference between
all resulting calibrated models. By this view there are minimal to no differences between the ten resulting
models at more than one level distant from the outlet at Borgharen.

3.1.2.2 Peak timing and magnitude
To address the key issue of event arrival time and determine the calibrated wflow_sbm peak
flow event timing performance we present the resulting 10 models of the calibration
compared with the base model delivered in 2023 and the HBV model at Borgharen in the
image below. Overall peak timing has improved with calibration reducing from an average lag
behind observations of 17.8 hours to 10.34 (x28.73) hours compared with 8.23 (£29.974)
hours of HBV. This shows a significant improvement over the base model and now similar
performance to the HBV model, currently in operation. The errors in peak timing are mostly
accumulated in the lower peaks in discharge (01000 m3s-1), whereas at higher discharges,
the wflow_sbm simulated peaks are now similar or better than HBV (panel 1, Figure A 1).

Overall peak magnitude performance as measured by the mean average percentage error in
discharge values for the same detected peaks after calibration is also consistent between the
10 models, with minimal variability in results. Shown in Figure 3-4, below the peak magnitude
performance remains overall better than the HBV reference, but very slightly deteriorated
(+0.94% MAPE on average) compared to the 2023 base model. Event timing metrics and
peak MAPE values for all sub-catchments are attached in the appendix Figure A 1).
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Figure 3-3 Empirical cumulative distribution of peak timing errors for 10 calibrated models and 2023 base
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Figure 3-4 Mean absolute percentage error of peak magnitude for 10 calibrated models and 2023 base model
at Borgharen (wflow_id=16).

3.1.2.3 Hydrograph and signatures
The optimal hourly model at Borgharen is chosen to be the A T o p _nmbdeléand is compared
with the 2023 base model and the HBV model over multiple performance signatures in Figure
3-5, below. The figures show that the r? values compared all observed values are now
equivalent to HBV, while the annual low flows and high flows have improved relative to the
base model. Seasonal flows in the calibrated model are now better in the winter months from
November to March, while retaining an overestimation of summer seasonal flows equivalent
to the base model. The plotting position and return period plots for high and low flows show
an improvement over HBV in the more extreme cases.
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Surplus cumulative flows that were evident in the base model have been reduced, with the

calibrated model showing a now less positive error, with the absolute error equivalent to the
deficit in HBV cumulative discharge. Finally, the objective evaluation functions for the 2024

calibration score higher than the 2023 model or the HBV model (Table 3-2, below).

Table 3-2 Comparative performance of three models using Nash Sutcliffe Efficiency (NSE) of discharge (high
flow performance) and the same on the logarithm of the discharge (low flow performance) and the KGE for

overall model performance.

Metric HBV 2023 2024
NSE 0.860 0.818 0.871
NSEioq 0.851 0.835 0.852
KGE 0.892 0.855 0.939
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Figure 3-5 Signature plots for the hourly model at Borgharen
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Figure 3-6 Hourly modelled and observed hydrograph for the Meuse at Borgharen for the Top_10 calibrated
model, the HBV model and the 2023 base model.
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Table 3-3 Summary of hourly model performance based on visual inspection of the signature plots.

Station Average flows (mean Low flows High flows Scores of general

(tributary) monthly and performance
cumulative flows) indicators (NSE,

NSElog, KGE)

Borgharen Good representation of Annual lows Annual maxima are Good, improved
mean flow regime, slight | improve and the simulated better but over 2023 base
surplus of cumulated most extreme are not as good as HBV. model and HBV
flows. Too high on better represented | The most extreme with excellent KGE.
average simulating than in terms of flows OT5 are better
August lows. annual lows and than with HBV.

the low flow return
periods.

Chaudfontaine Cumulative and Annual minima Annual maxima NSE, NSE g, KGE
seasonal flows improved but improved but overall better or equal to
equivalent to HBV, extreme low flows | maximum flows too HBV.
summer flows better now too low after low after calibration.
than HBV. calibration.

Chooz Similarly outperforming Equivalent or Significant NSE, NSE,q, KGE
the HBV as before , improved improvement in the better or equal to
seasonal flows performance over plotting position of HBV.
improved September i base model and annual maxima vs.

December, slightly HBV. base model and HBV
worse January to June.

Cumulative flows now

slightly underestimated.

Gendron Significant overall Annual minima Annual maxima NSE, NSE.g, KGE
improvement in r?, improved at all low | improved though with all improved
seasonal flow flow plotting a single the most significantly. No
improvement positions. extreme flow might be | HBV for
September i February. far underestimated. comparison.
Cumulative flow surplus
eliminated.

Martinrive Improved overall Low flows are now | Difficult annual NSE is much better
especially in summer improved over maxima where than base, not as
low flow. Cumulative HBV and base. calibration reduces good as HBV.
discharge is precisely only slightly the NSE,q and KGE
simulated. overestimation.

Mehaigne r2lower after calibration, | Annual low flows Annual maxima NSE improved over
mean seasonal flows slightly too low but | generally too low but base model. KGE is
now worse than base still far better than | far better than HBV. equivalent. NSEq is
model but remains HBV worse than base
significantly better than while HBV is too
HBV low to score.

Tabreux rZimprovement, slightly Reduced positive Annual maxima less NSE is much better

less than HBV. Small
differences and in
seasonal flow all models
very similar. Cumulative
flows by 2016 are lower
than desired.

bias in low flows
now with an r? of
0.9, the full range
of extremes are
well simulated.

overestimated,
medium range
extremes still
overestimated, Most
extreme value is very
well represented after
calibration.

than base, not as
good as HBV.
NSE,qq better than
base and HBV.
KGE better than
base and slightly
lower than HBV.
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Figure 3-7 Signature plots for the hourly model at Chaudfontaine, representative for the Vesdre and its

tributaries.
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Figure 3-8 Hourly modelled and observed hydrograph for the Meuse at Chaudfontaine for the Top_10
calibrated model, the HBV model and the 2023 base model.
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Figure 3-10 Hourly modelled and observed hydrograph for the Meuse at Chooz for the Top_10 calibrated

model, the HBV model and the 2023 base model.
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Figure 3-11 Signature plots for the hourly model at Gendron
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Figure 3-12 Hourly modelled and observed hydrograph for the Meuse at Gendron for the Top_10 calibrated
model and the 2023 base model.
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Figure 3-13 Signature plots for the hourly model at Martinrive
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Figure 3-14 Hourly modelled and observed hydrograph for the Meuse at Gendron for the Top_10 calibrated

model, the HBV model and the 2023 base model.
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Figure 3-15 Signature plots for the hourly model at Mehaigne
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Figure 3-16 Hourly modelled and observed hydrograph for the Meuse at Mehaigne for the Top_10 calibrated
model, the HBV model and the 2023 base model.
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