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Abstract
Precise hydrological modeling is crucial for effective water resource management, forecasting future water supply, and 
preparing for extreme events. The devastating July 2021 flood event over western Germany and eastern Belgium has raised 
concerns about the capacity of current models to predict such previously unrecorded extreme events. These concerns are 
intensified by the increasing frequency of extreme events linked to global warming. Modeling uncertainties highlight 
challenges in forecasting such events. To address these challenges, prognostic modeling techniques can be improved by 
incorporating satellite-derived soil moisture (SM) estimations into hydrological models. This has the potential to minimize 
uncertainty in soil moisture and streamflow simulations. In this study, the integrated hydrological model ParFlow-CLM 
was enhanced using an Ensemble Kalman Filter (EnKF) data assimilation (DA) technique. We used Sentinel-1-SM and 
ESA CCI (European Space Agency Climate Change Initiative)-SM data to improve the estimation of soil moisture and 
streamflow. We conducted the DA experiment over Germany and nearby regions in July 2021, using ParFlow-CLM with 
high spatial (611 m) and temporal (hourly) resolution. The key results are as follows: CCI-SM DA is a robust approach 
for representing soil moisture dynamics, outperforming both Sentinel-1-SM DA and open loop simulations without DA 
in terms of responsiveness and accuracy. This makes CCI-SM DA a better fit for high-resolution studies that depend on 
event-driven soil water content changes. Discharge from CCI-SM DA simulations provides the closest match to observed 
peak discharges, Sentinel-1-SM DA tends to slightly underpredict peak discharge at several locations, however still per-
forms better than the open loop simulation.
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Graphical Abstract

This graphical abstract presents a framework to enhance flood forecasting by assimilating satellite-derived soil moisture 
(SM) data into a physics-based hydrological ParFlow-CLM model. The methodology is applied to a real flood event in 
Germany, demonstrating its operational relevance for improving early warning systems. The core of the framework is the 
ParFlow-CLM integrated hydrologic model, which captures key surface and subsurface processes, including overland flow, 
evapotranspiration, snow accumulation, and 3D groundwater-surface water interactions. The model is driven by hourly 
atmospheric forcing data such as precipitation (APCP), temperature (Temp), specific humidity (SPFH), pressure (Press), 
wind speed (UGRD/VGRD), and longwave/shortwave radiation (DLWR/DSWR), primarily sourced from the ECMWF 
HRES medium-range forecast products. To improve model accuracy, soil moisture observations from ESA CCI (European 
Space Agency Climate Change Initiative), and Sentinel-1 are assimilated using the Ensemble Kalman Filter (EnKF). This 
sequential data assimilation method updates the model state by combining model forecasts with observational data, account-
ing for uncertainties in both. The EnKF propagates an ensemble of model states to estimate error statistics and correct the 
state variables based on incoming observations. Model outputs, including soil water content and streamflow, are evaluated 
against observations using deterministic and probabilistic performance metrics, such as relative error, RMSE, correlation 
coefficient, and the first order reliability method (FORM). The results show that incorporating SM data via EnKF signifi-
cantly enhances the model’s ability to predict flood peaks and soil moisture dynamics. This integrated approach is especially 
beneficial in flat or low-gradient terrains, where antecedent soil moisture conditions strongly influence runoff generation.
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1  Introduction

The ongoing warming of the climate increases the atmo-
sphere’s capacity to hold moisture, resulting in more fre-
quent and intense summer rainfall events and a heightened 
risk of flash floods (Trenberth 2011; Lenderink and Van 
Meijgaard 2010; Westra et al. 2013; Myhre et al. 2019; 
Saadi et al. 2023a; Lenderink et al. 2025). These changes 
pose serious threats to infrastructure, ecosystems, and 
human life (Dottori et al. 2018; Nissen and Ulbrich 2017). 
The July 2021 flood in Germany caused over 180 deaths and 
EUR 46 billion in total damages, making it the country’s 
costliest natural disaster (Munich Re, (Munich Re, 2022)).

Soil water content (SWC) plays a key role in regulat-
ing water, energy, and carbon exchanges between land and 
atmosphere, directly influencing runoff and flood intensity 
(Gebler et al. 2019; Brocca et al. 2009; Beck et al. 2009; 
Tramblay et al. 2010, 2011, 2012). Hydrological models 
estimate SWC and water partitioning, but their accuracy is 
limited by variable soil properties, land cover, topography, 
and rainfall patterns (Brocca et al. 2017).

Integrated terrestrial models (e.g., MikeShe, ParFlow-
CLM, ParFlow/WRF, TSMP; Abbott et al. 1986; Maxwell 
and Miller 2005; Kollet and Maxwell 2006; Maxwell et al. 
2011; Shrestha et al. 2014; Soltani et al. 2022a) simulate 
interactions between land surface and subsurface hydrol-
ogy. Combined with in-situ data, they effectively capture 
SWC variability and its impact on rainfall-runoff dynam-
ics (Cornelissen et al. 2014; Fatichi et al. 2015; Herbst et 
al. 2006; Ivanov et al. 2010; Soltani 2025). However, their 
high computational demands often limit parameter calibra-
tion and uncertainty assessment. Prognostic hydrological 
models can estimate variables such as soil moisture and 
streamflow but often struggle to meet the accuracy and reli-
ability needs of flood management due to uncertainties in 
inputs, parameters, initial/boundary conditions, and model 
structure. Despite this, free-running models sometimes pro-
duce reasonably accurate results (Abbaszadeh et al. 2018; 
Matgen et al. 2010).

Recently, Data Assimilation (DA), based on Bayes-
ian theory, has gained attention for integrating in-situ 
and remote hydrometeorological data into hydrological 

models to improve predictions and account for uncertainties 
(Reichle et al. 2002; Soltani et al. 2021). Various methods 
have been developed for incorporating soil moisture data, 
including sequential and variational approaches (Liu et al. 
2012). The ensemble Kalman filter (EnKF), introduced by 
Evensen (1994) and (2003), is a widely used algorithm. By 
incorporating observations to update model states like soil 
moisture (Li et al. 2013; McMillan et al. 2013; Soltani et 
al. 2024) and snow water equivalent (Dechant and Morad-
khani 2011; He et al., 2012), the EnKF improves streamflow 
forecasts. It can also update model states and parameters 
simultaneously (Moradkhani et al. 2005; Nie et al. 2011; 
Wang et al. 2009).

In this study, we aimed to close this gap of applying the 
EnKF on a complex high-resolution integrated hydrological 
model at the regional scale with 3‐D heterogeneous fields 
of Mualem‐van Genuchten subsurface parameters using 
real‐world data. This study’s methodology has three main 
focuses: first, assessing how catchment initial conditions, 
especially soil moisture, influence flood occurrence and 
magnitude; second, evaluating the ensemble Kalman fil-
ter (EnKF) for improving soil water content estimates and 
real-time flood forecasting; and third, proposing and apply-
ing the First Order Reliability Method (FORM; Madsen et 
al. 2006) to assess the failure probability of a Limit State 
Function (LSF) as a new way to validate data assimila-
tion performance. To achieve these goals, we assimilated 
Sentinel-1 and CCI soil moisture data into the integrated 
ParFlow-CLM model over a flood-affected area in western 
Germany from July 2021. Results were validated using soil 
moisture from GLEAM and ERA5, along with river gauge 
observations. This study addresses key challenges in flood 
forecasting and risk assessment by combining advanced 
hydrological models with data assimilation techniques. 
We focus on the impact of initial soil conditions, evaluate 
state-of-the-art data assimilation methods, and apply proba-
bilistic assessments of the FORM to improve flood predic-
tion accuracy. Enhancing these forecasts is vital for better 
preparedness and mitigation amid rising flood risks from 
climate change. Specifically, we investigate whether catch-
ment-scale hydrological characterization can be improved 
using high spatio-temporal resolution soil water content 

Highlights
	● Soil moisture data assimilation in ParFlow-CLM improves flood prediction.
	● EnKF with Sentinel-1 and ESA CCI soil moisture enhances streamflow simulations.
	● ESA CCI data assimilation improves soil moisture accuracy.
	● Data assimilation boosts extreme event forecasts in high-res sub-km, daily models.

Keywords  Hydrologic Modeling · Model Evaluation · Soil Moisture · Extreme Flood Events · Data Assimilation · 
Ensemble Kalman Filter
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bounded by the Meuse River to the west, the Moselle River 
to the south, and the Rhine River to the east. To the north, 
it extends into the Cologne Bay lowland region, Germany 
(see Fig. 1b). The affected region extends beyond the Eifel-
Ardennes to the east, crossing the Rhine. Remarkably, the 
study area spans approximately 20,000 km2 (150 × 130 km), 
an unusually large area considering the recorded high pre-
cipitation intensities and totals, which is a notable charac-
teristic of this event according to Mohr et al. (2022). The 
study area is primarily covered by agricultural and forested 
landscapes, with only a minor fraction occupied by urban or 
built-up regions (see Fig. 2).

data through data assimilation. We also compare the perfor-
mance of the ensemble Kalman filter (EnKF) by validating 
it against various soil moisture datasets, providing insights 
into its effectiveness across satellite-based, model-derived, 
and reanalysis data sources.

2  The July 2021 Flood in Western Europe

In July 2021, the Eifel-Ardennes region, characterized by 
its steep, deeply incised valleys, experienced severe flood-
ing due to heavy rainfall. It is situated in southeast Belgium, 
Luxembourg, and western Germany (see Fig.  1a). It is 

Fig. 1  (a) Overview map of the 
study area within Europe, overlaid 
with DEM from Global multi-res-
olution terrain elevation data 2010 
(GMTED2010; Danielson and 
Gesch., 2011) (b) Map showing 
the river basins and related river 
networks
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activity. The event’s spatial and temporal extent led to 
extreme return periods, exceeding 100–800 years in affected 
regions, highlighting its rarity. Precipitation significantly 
surpassed monthly climatological norms, emphasizing the 
event’s exceptional hydro meteorological nature (Mohr et 
al. 2022.

Natural and anthropogenic landscape features, such 
as rock outcrops, tunnels, bridges, and mining pits, sig-
nificantly influenced flood dynamics during the July 2021 
event. These singularities caused unexpected flow diver-
sions, erosion, and river course changes, as seen in Bles-
sem and Altenahr, where infrastructure damage was severe 
(Dietze et al. 2022; Fekete and Sandholz 2021; BMI, (BMI 
2022)). In some cases, such as the mining pit in Erftstadt, 

In mid-July 2021, a cut-off low-pressure system named 
Bernd developed over central Europe, blocked by a sta-
tionary anticyclone in the northeast, creating conditions 
for heavy rainfall. Moisture-laden air masses, enriched by 
anomalously warm North and Baltic Seas, contributed sig-
nificantly to the extreme precipitation. The synoptic setup, 
though not unprecedented, led to rare atmospheric moisture 
levels and intense rainfall over western Germany (Mohr et 
al. 2022. Annual precipitation levels vary between 700 and 
1080 mm, while the aridity index falls from 0.5 to 0.9. These 
values indicate a temperate climate influenced by oceanic 
conditions, as described by Saadi et al. (2023a).

The July 2021 flood event in Western Europe was driven 
by intense and widespread precipitation, reaching up to 
150 mm within 15 h on 14 July, with embedded convective 

Fig. 2  The landscape characteris-
tics across the domain using the 
CORINE Land Cover classification 
provided by the Copernicus Land 
Monitoring Service
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of rainfall into runoff by enhancing infiltration and generat-
ing overland flow, as reported by AGE (2021).

3  Methodology and Data

3.1  ParFlow-CLM Model

In this study, we utilized ParFlow-CLM, a sophisticated, 
parallel, and fully coupled subsurface-land surface model. 
This model effectively captures the complex dynamics of 
unsaturated and groundwater flow, as well as surface flow, 
within a comprehensive continuum framework (Maxwell et 
al. 2009; Kuffour et al. 2020). Water flow across 3-D vari-
ably saturated porous media is governed by the Richards 
equation, which ParFlow resolves (Ashby and Falgout 
1996). For more details on the governing equations of the 
model, please refer to the Supplementary Material, section 
SM.1. Equations (Eqs. SM.1-SM.6) of the ParFlow-CLM.

ParFlow is a well-established, physics-based simula-
tion platform widely used in various hydrological studies 
and applications (Frei et al. 2009; Kollet 2009; Maina et 
al. 2020; Soltani et al. 2022b, 2025). It has been applied to 
watershed hydrodynamics and hydrological scaling (Max-
well and Kollet 2008; Fang et al. 2015; Soltani 2022). This 
study uses the ParFlow-CLM setup described by Belle-
flamme et al. (2023). Previous work by Saadi et al. (2023a, 
b) explored the effects of radar-based precipitation products 
on streamflow simulation and flood nowcasting.

they also served as unplanned retention basins, mitigating 
downstream flooding impacts.

2.1  Antecedent Conditions

Schröter et al. (2015) highlighted two primary causes in their 
analysis of Germany’s significant historical floods: heavy 
rainfall after a period of normal or dry weather, and moder-
ate rainfall following an unusually wet period. The moisture 
content of the catchment area before the event, particularly 
soil moisture levels, plays a critical role in the occurrence 
and intensity of floods. The Antecedent Precipitation Index 
(API; Kohler and Linsley (1951) for the 30 days before the 
event showed a wetter-than-usual period in much of Ger-
many (Mohr et al. 2022). This finding is consistent with 
observations by Junghänel et al. (2021), who noted frequent 
rainfall three weeks before to the flood in the area, leading 
to high soil moisture levels. In areas such as the southern 
Eifel, the Ardennes in the northwest, and the Wupper region 
in the northeast, minimal soil moisture storage (less than 
10 mm) was recorded (Mohr et al. 2022). Other regions had 
slightly higher soil moisture storage, typically ranging from 
10 to 30 mm, with occasional peaks of 75 mm, but these 
levels remained below the average.

Similarly, Luxembourg experienced relatively moist 
antecedent conditions, as noted by AGE (2021). While the 
initial soil moisture was elevated but not unusually high, 
it contributed to flood formation through saturation excess. 
The intense rainfall further accelerated the transformation 

Fig. 3  Schematic of the coupled ParFlow-CLM model (Soltani 2022)
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s​:​/​​/​l​a​n​​d​.​​c​o​p​​e​r​n​i​​c​u​s​​.​e​u​​/​e​n​​/​p​r​​o​d​u​c​​t​s​​/​s​o​i​l​-​m​o​i​s​t​u​r​
e). Surface soil moisture for the years 2014 to the 
present, these products are accessible in Europe 
at a resolution of 1 km (Bauer-Marschallinger et 
al. 2018).

3.2.4.2  ESA CCI Microwave Soil Moisture  The European 
Space Agency’s Climate Change Initiative (CCI) provides 
soil moisture (SM) data at a 0.25° spatial resolution. The 
latest CCI-SM version 08.1 (​h​t​t​p​​s​:​/​​/​w​w​w​​.​e​​s​a​o​​i​l​m​o​​i​s​t​​u​r​e​​-​c​c​
i​.​o​r​g) estimates soil moisture in the upper soil layers using 
microwave data from multiple satellite sensors (Dorigo et 
al. 2017). Passive microwave instruments include DMSP 
SSM/I, TRMM TMI, Aqua AMSR-E, Coriolis WindSat, 
SMOS, and SMAP, while active microwave data come from 
C-band scatterometers on ERS-1, ERS-2, and ASCAT A-B 
satellites (Wagner et al. 2013). Combining both active and 
passive datasets improves accuracy and reliability com-
pared to using either alone (Liu et al. 2011).

3.2.5  Evaluation Data

3.2.5.1  GLEAM Products  Global Land Evapo-
ration Amsterdam Model (GLEAM) is a set of 
algorithms that estimate terrestrial evapotranspi-
ration using parameterized physical processes, 
producing outputs like potential evaporation, 
surface soil moisture, and root zone soil moisture 
(Miralles et al. 2011). It relies on various remote 
sensing inputs, including vegetation optical 
depth, soil moisture, and snow-water equiva-
lent. Root zone soil moisture is calculated using 
a multilayer running-water balance. In contrast 
with land models such as ERA5 and GLDAS, 
GLEAM bases its predictions on satellite data. 
GLEAM surface soil moisture products are pub-
licly available at https://www.GLEAM.eu.

3.2.5.2  ERA5-Land  ECMWF Reanalysis (ERA)5-Land 
is ECMWF’s fifth-generation reanalysis dataset, providing 
global weather and climate data (Hersbach et al. 2020). It 
combines model outputs with observations using advanced 
4D-var data assimilation, delivering hourly estimates for 
atmospheric, ocean-wave, and land-surface variables at a 
0.025° (~ 30  km) resolution. ERA5 includes uncertainty 
estimates from a 10-member ensemble sampled every three 
hours. Soil moisture data is available at ​h​t​t​p​​s​:​/​​/​c​d​s​​.​c​​l​i​m​​a​t​

The Common Land Model (CLM), modified by Dai et 
al. (2003) and integrated into ParFlow (Kuffour et al. 2020), 
represents coupled water and energy exchanges between the 
subsurface and land surface, with atmospheric conditions as 
boundary inputs. Figure 3 illustrates the model setup, show-
ing data exchange between CLM and ParFlow, especially in 
the root zone, including fluxes like infiltration and evapo-
transpiration, and state variables such as soil moisture and 
pressure head.

3.2  Data

3.2.1  Land Surface Data

ParFlow-CLM employs 18 land cover types defined by the 
International Geosphere-Biosphere Programme (IGBP), 
which are transformed into Plant Functional Types (PFTs) 
using various parameters. It utilizes the Europe-wide 
Corine Land Cover CLC2018 v20 dataset with a resolution 
of 100 m. Initially, the 44 land cover types from CLC2018 
are translated into the 18 IGBP types, as described in Belle-
flamme et al. (2023).

3.2.2  Atmospheric Forcing

ParFlow-CLM requires eight atmospheric inputs: longwave 
and shortwave radiation, total precipitation, air temperature, 
air pressure, specific humidity, and wind components (Belle-
flamme et al. 2023). These are sourced from the ECMWF 
HRES medium-range forecast product at 0.1° resolution 
(~ 11  km) and downscaled to 0.0055° (~ 0.611  km) using 
bicubic interpolation to provide high-resolution, consistent 
inputs for the simulations.

3.2.3  Soil Types and Soil Hydraulic Parameters

ParFlow requires soil hydraulic parameters to solve water 
flow equations in variably saturated porous media. These 
parameters include porosity, saturated hydraulic conductiv-
ity, and parameters defining the Van Genuchten relation-
ships. In Supplementary Material/Figure SM1, the soil 
texture of the upper layer was estimated based on Soil-
Grids250m data (Hengl et al. 2017), as described in Belle-
flamme et al. (2023).

3.2.4  Observational Data for DA

3.2.4.1  Sentinel-1 Soil Moisture  Copernicus 
Land Monitoring Service provides Surface Soil 
Moisture, which represents the relative water 
content in the soil’s upper few centimeters (​h​t​t​p​​
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a simplified schematic of the EnKF. The EnKF is widely 
used in hydrology due to its flexibility and ease of imple-
mentation (e.g., Naz et al. 2019; Gebler et al. 2019; Soltani 
2022b).

The EnKF assimilation involves two main iterative steps: 
forecast and analysis. In the forecast step, multiple model 
simulations (50 ensemble members here) run forward in 
time with ParFlow-CLM. The ensemble size balances com-
putational cost and accuracy, as larger ensembles better 
capture uncertainty but require more resources (Naz et al. 
2019; Gebler et al. 2019; Soltani et al. 2024; Evensen 2003; 
Houtekamer and Mitchell 1998; Moradkhani et al. 2005; 
Reichle et al. 2002). This trade-off guides the choice of 50 
members, reflecting both performance and efficiency con-
siderations (Naz et al. 2019).

As detailed in Section SM1. Equations of ParFlow-CLM 
in supplementary material, the ParFlow-CLM model solves 
subsurface flow Eq. s (SM.1) and (SM.2) via the finite vol-
ume method and simulates overland flow. Variations in 
stochastic realizations arise from uncertainties in initial con-
ditions and precipitation inputs. The forecast step (as Eq. 1) 
follows:

xf, t
i = M(xt−1

i , qt
i)� (1)

The predicted model state vector at t time step t, is defined 
as xf, t

i  while xt−1
i is used as the model state vector from the 

prior time step t-1. The model forcings, qt
i for each ensemble 

realization i (where i ranges from 1 to 50) are incorporated 
into the process. In the ParFlow model, one of the key prog-
nostic variables is SWC. The model state vector xf, t

i con-
tains the simulated SWC values for various grid cells (as 
Eq. 2). In this study, Ө observations are assimilated:

e​.​​c​o​p​​e​r​n​​i​c​u​s​.​e​u​/. All soil moisture datasets were upscaled 
to the coarsest grid to ensure consistent spatial resolution. 
Conservative first-order interpolation (Jones 1999) was 
used, applying weights based on overlapping areas between 
source and target grid cells. This method preserves fluxes of 
physical quantities during regridding.

3.2.5.3  River Gauge Data  Water level (W) and streamflow 
(Q) data were collected from multiple river gauges across 
the study area, covering rivers from the Wupper in the 
east to the Amblève in the west. Gauges represented vari-
ous basin sizes, ranging from 53.2 km² (Prüm 2/Prüm) to 
816 km² (Kordel/Kyll), with efforts to include two gauges 
per rive, one in the headwaters and one near the junction. 
Water levels were measured directly, while streamflow was 
derived from water level data using gauge-specific W-Q 
relations. Where water level data were missing or invalid 
due to gauge damage or morphological changes, streamflow 
was estimated via hydraulic models or nearby gauges. Data 
were provided by local water authorities, including Rhine-
land-Palatinate and the Wupperverband (Mohr et al. 2022). 
Table 1 summarizes the gauge data.

3.3  Data Assimilation Framework

3.3.1  EnKF

In this study, the Ensemble Kalman Filter (EnKF) (Evensen 
2003) was applied with the ParFlow-CLM model. EnKF 
is an ensemble-based, sequential data assimilation method 
that improves model state estimates by optimally combin-
ing model forecasts and observations. Figure SM2 provides 

Table 1  Essential attributes of river basins and measurement gauges, including water level (W) and streamflow (Q), are examined. The term 
HQ100 refers to a flood event with a statistical return period of 100 years. The peak factor is calculated as the maximum streamflow (Q) in 2021 
divided by HQ100. This analysis also encompasses historical extreme statistics and the July 2021 flood event, with values for the latter being 
approximate estimates

Previous historical 
extreme

Statistical 
extreme

Flood event in July 2021

Gauge name Basin 
size 
(km2)

Max. 
W 
(cm)

Max. Q 
(m3/s−1)

HQ100 (m3/s−1) Peak time 
(UTC)

Max. 
W 
(cm)

Max. Q 
(m3/s−1)

Peak 
factor 
(-)

Operator and data 
provider

Ahr river basin www.lfu.rlp.de
Altenahr 749.0 371 236 241 15 July 00:00 984–

1019
1000 4

Kyll river basin www.lfu.rlp.de
Jünkerath 175.6 266 129 118 14 July 22:45 370 200 1.7
Kordel 816.3 481 218 248 15 July 08:30 600 600 2.5
Prüm river basin www.lfu.rlp.de
Prüm 2 53.2 126 43.5 51.6 14 July 21:15 330 120 2.3
Prümzurlay 576.1 492 252 278 15 July 05:30 700 600 2
Wupper river basin www.wupperverband.de
Opladen 606 306 219 250 15 July 02:45 460 530 2.1
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The updated state vector is represented here as xi
a,t, with 

K denoting the Kalman gain and yi
tthe observation vector. 

The measurement operator h is nonlinear and manages the 
transformation between the measured SWC and the simu-
lated SWC. The updated SWC is then converted to pres-
sure head using the Mualem–van Genuchten relationship, as 
described by Reichle et al. (2002) and Gebler et al. (2019). 
This is how the Kalman gain K is calculated as Eq. 4:

yi
t = θi

t + εi� (2)

where yi
t is the observation vector and εi is a vector, whose 

elements contain random values drawn from a uniform dis-
tribution. The SWC values in the model state vector are 
updated (as Eq. 3) by incorporating the Ө observations:

xa, t
i = xf, t

i + Kt
[
yt

i − hxf, t
i

]
� (3)

Fig. 4  An outline of the data 
assimilation process that includes 
(i) the pre-processing of the model 
input and observations, (ii) the 
ParFlow-CLM-DA, and (iii) the 
final processing step to assess the 
performance of the DA (modified 
from Soltani et al. 2024).
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evaluation of the model’s accuracy from both deterministic 
and probabilistic perspectives. The formulas for these met-
rics are as follows:

REt = |yobs
t − ŷt|

yobs
t

� (5)

R =

n∑
t=1

(yobs
t − ȳ)(ŷt − ŷt)

√
n∑

t=1
(yobs

t − ȳ)2 n∑
t=1

(ŷt − ŷt)2
� (6)

RMSE =

√
n∑

t=1
(yobs

t − ŷt)2

n

� (7)

RE serves as a means to categorize the percentage of sam-
ples into three groups: “low RE” with RE < 15%, “medium 
RE” with 15% < RE < 35%, and “high RE” with RE > 35%, 
as delineated by Corzo and Solomatine (2007).

CE = 1 −

n∑
t=1

(yt
obs − ŷt)2

n∑
t=1

(yt
obs − ȳ)2

� (8)

CE evaluates model performance relative to the mean of 
observed data, ranging from 1 (perfect fit) to negative val-
ues. Negative CE means the model performs worse than 
simply using the observed mean. CE is equivalent to R in 
linear regression. It is considered a better goodness-of-fit 
measure than the coefficient of determination (Willmott 
1981; Legates and McCabe 1999; Harmel and Smith 2007). 
Moriasi et al. (2007) proposed a grading system: CE < 0.50 
is unsatisfactory, 0.50–0.65 satisfactory, 0.65–0.75 good, 
and 0.75–1.00 very good.

Since many recent studies found out that the DA Accu-
racy (DAA; Eq. 9) is between 5% and 25% of corresponding 
average precipitation (Long et al. 2014; Sahoo et al. 2011). 
We assumed that the accuracy of DA strategies would be 
less than 20% of corresponding average precipitation (P t) 
as following (Soltani et al. 2024):

DAA = |yobs
t − ŷt|

1
n

n∑
t=1

P t � (9)

Kt = Cov(xf,t
i , yf,t

i )(Cov(yf,t
i , yif,t) + R)−1� (4)

Cov represents covariance, and R is the observation error 
covariance matrix with soil water content (SWC) measure-
ment error variances on its diagonal. The data assimilation 
framework requires a filter algorithm, observation files, and 
input ensembles (see Fig. 4). Pre-processing includes prepar-
ing soil moisture data, error estimates, and input ensembles. 
Post-processing compares ParFlow-CLM outputs against 
independent datasets for evaluation using cross-validation 
with GLEAM and ERA5, as illustrated in Fig. 4.

3.3.2  ParFlow-CLM-DA Experimental Design

Assimilation tests were conducted from June 1 to July 31, 
2021, using ParFlow-CLM at a 611 m spatial resolution with 
hourly time steps and daily assimilation windows. Flood 
frequency and intensity are strongly influenced by catch-
ment conditions, especially soil wetness (AGE, 2021). Sen-
tinel-1 and CCI soil moisture data were assimilated starting 
30 days before the flood event and continuing a few days 
after, covering the rainy period indicated by the Antecedent 
Precipitation Index.

A uniform observational error of 0.04 m³/m³ was applied 
to soil moisture data, consistent with reported uncertainties 
in ESA CCI and Sentinel-1 products (Colliander et al. 2017; 
Lievens et al. 2017; Dorigo et al. 2017; Bauer-Marschal-
linger et al. 2018). To address uncertainties in atmospheric 
forcing and initial conditions, precipitation and initial pres-
sure were perturbed using geographically uniform, log-nor-
mal multiplicative factors with a mean of 1.0 and standard 
deviation of 0.10 (Naz et al. 2019; Soltani et al. 2024). Initial 
pressure included random noise with a 10% standard devia-
tion. The ensemble size for both precipitation and pressure 
perturbations was set to 50 to update soil water content and 
pressure head across the domain.

3.4  Validation Strategy

3.4.1  Deterministic Assessment

To evaluate model performance in simulating hydrologi-
cal variables, we use Relative Error (RE; Eq. 5) (Willmott 
1981), Correlation Coefficient (R; Eq.  6) (Legates and 
McCabe 1999), Root Mean Squared Error (RMSE; Eq. 7) 
(Moriasi et al. 2007; Chai and Draxler 2014), Coefficient 
of Efficiency (CE; Eq.  8) (Nash and Sutcliffe 1970), and 
a probabilistic reliability assessment (detailed later). RMSE 
quantifies overall error magnitude, RE normalizes errors 
for comparison across catchments, and CE combines cor-
relation, bias, and variability for a comprehensive measure 
of predictive skill. Together, these metrics provide a robust 
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index β once it has been determined as Eq. 15 (Madsen et 
al. 2006):

Pf = Φ (−β)� (15)

whereΦ(−β)is the standard normal variates cumulative 
distribution. A smaller value of Pf corresponds to reduced 
uncertainty in the accuracy of predictions, showing height-
ened accuracy of the DA experiment’s reliability. Figure 5 
outlines the steps involved in the FORM. This systematic 
approach provides a computationally efficient way to assess 
the reliability of complicated systems (Soltani et al. 2020).

4  Results

4.1  Impact of DA on SWC Estimates

Figure 6 illustrates the simulated and observed SWC 
(m3 m−3) at six locations during the SWC ESA CCI Data 
Assimilation experiment period, alongside daily precipita-
tion totals. The upper panels show SWC evolution, while 
the lower panels present precipitation as a driving input. 
This figure evaluates the performance of different model-
ing approaches: ParFlow-CLM-OL (open loop) simulations 
(without assimilation) and SWC ESA CCI assimilation sce-
nario, with the GLEAM dataset.

The assimilation of SWC ESA CCI data improves align-
ment with observed SWC trends, particularly during high-
precipitation periods in mid-July. Open loop simulations 
consistently underestimate SWC in most locations, while 
assimilation better captures the buildup and response of soil 
moisture to rainfall events. For example, at several loca-
tions (e.g., Altenahr-Ahr and Jünkerath-Kyll), assimilation 
effectively reflects pre-flood saturation, unlike open loop 
simulations.

Significant precipitation in mid-July (14–15 July), 
coupled with already high SWC levels at multiple sites, 
underscores the critical role of antecedent soil moisture in 
amplifying runoff and flooding. Locations such as Prümzur-
lay-Prüm and Opladen-Wupper show that assimilation pro-
duces smoother, more realistic SWC patterns compared to 
open loop simulations, which deviate significantly during 
wetter periods.

Overall, incorporating SWC ESA CCI data enhances the 
model’s ability to reproduce observed SWC dynamics, par-
ticularly under extreme rainfall conditions. This highlights 
the importance of antecedent soil moisture conditions in 
understanding and predicting flood risks.

Figure 7 shows the spatial distribution of SWC during a 
flood event, comparing two DA scenarios, observational and 
model-based products, and an open loop simulation. ESA 

3.4.2  Probabilistic Assessment: the First order Reliability 
Method

The First Order Reliability Method (FORM), outlined by 
Madsen et al. (2006), is commonly used to assess system 
reliability in fields like structural, geotechnical, and hydro-
logical engineering (Soltani et al. 2020, 2024). FORM 
estimates the probability that soil moisture or river stage 
exceeds critical thresholds, signaling flood risk. It models 
uncertain inputs (e.g., precipitation), transforms them into 
standardized normal variables, and uses linear approxima-
tions to efficiently calculate failure probabilities.

In this method, the Limit State Function (LSF) is key to 
approximating system failure. FORM transforms random 
variables into a standard Gaussian space and then uses a 
first-order Taylor series expansion at the design point to lin-
early approximate the LSF as Eq. 10 (Rackwitz and Fiessler 
1979).

G(y) = L(y) = G(ym) + ∇G(ym)T .(y − ym)� (10)

where G(y) is the failure function of a hydrologic system, 
L(y) is the LSF linearization,y = (y1, y2, ..., yn)is the vec-
tor of n variables in G(y) function, ym is the expansion 
point, and∇Gis the first order gradient vector of G(y).

In this study, FORM is used to assess the accuracy of DA 
experiments via different LSFs. The failure function G(y) 
defined as follows in Eq. 11(Corzo and Solomatine 2007), 
Eq. 12 (Moriasi et al. 2007) and Eq. 13 (Long et al. 2014; 
Sahoo et al. 2011; Soltani et al. 2024):

G(y) = 0.35 < RE� (11)

G(y) = 0.75 > CE� (12)

G(y) = DAA > 0.2� (13)

The design point refers to the location within the trans-
formed space of the failure domain that has the highest prob-
ability density. It is determined by solving an optimization 
problem. Specifically, the Hasofer-Lind-Rackwitz-Fiessler 
(HLRF; Liu and Der Kiureghian 1991) algorithm, an itera-
tive gradient-based method, is used for this type of reliabil-
ity analysis (Papaioannou and Straub 2021; see Fig. 5). The 
reliability index is defined as the shortest distance between 
the design point and the failure surface as Eq. 14 (Madsen 
et al. 2006):

β = ∥y∗∥� (14)

The failure probability of G(y), representing the accuracy 
of predictions, can be approximated using the reliability 
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Fig. 5  Flowchart illustrates the sequential 
steps of the First Order Reliability Method 
(FORM), including defining LSF, identify-
ing the design point, computing the gradient 
of the LSF, transforming variables to stan-
dard normal space, computing the reliability 
index, and estimating the failure probability 
(Modified from Soltani et al. 2020).

 

1 3

1972



Improving Real-Time Flood Forecasting: Probabilistic Validation of Assimilated Remotely-Sensed Soil Moisture…

Fig. 6  Simulated and observed SWC (m3 m−3 (upper panels)) during 
SWC CCI DA experiments period at individual locations: Altenahr-
Ahr, Jünkerath-Kyll, Kordel-Kyll, Prüm2-Prüm, Prümzurlay-Prüm, 
and Opladen-Wupper. GLEAM data are indicated as evaluation data-
sets. Open loop (ParFlow-CLM-OL) simulations are shown alongside 
different updating scenarios for comparison. Precipitation is also indi-

cated daily (bottom panels). The black lines represent the upper and 
lower uncertainty bounds, while the shaded gray area indicates the 
ensemble spread. The red dashed line represents the mean ensemble 
from the ESA CCI DA experiment. Green, yellow, and blue dashed 
lines correspond to GLEAM, ESA CCI, and ParFlow-CLM-OL datas-
ets, respectively, providing additional comparative references

 

1 3

1973



S. S. Soltani et al.

simulated SWC that more closely aligns with GLEAM-
derived SWC, in comparison to results obtained from Senti-
nel-1 SM assimilation.

This study has some limitations. The spatial resolution 
mismatch between datasets, SM-Sentinel-1 (1  km), CCI 
(0.25° or 27 km), and the model (611 m), can impact result 
evaluation. To address this, we resampled the SM data to 

CCI-DA aligns closely with the GLEAM dataset, capturing 
regional trends and smoother transitions in soil moisture. 
Sentinel-1-DA captures finer spatial details but has lower 
overall agreement with GLEAM. It is worth noting that, due 
to the methodological similarities and overlapping input 
datasets between the GLEAM model and the ESA CCI soil 
moisture product, the assimilation of ESA CCI-SM yields 

Fig. 6  (continued)

 

1 3

1974



Improving Real-Time Flood Forecasting: Probabilistic Validation of Assimilated Remotely-Sensed Soil Moisture…

4.2  SWC Validation: Deterministic Assessment

Figure 8 evaluates the performance of SWC Sentinel-1-DA, 
ESA CCI-DA, ParFlow-CLM-OL, and ERA5 by visualiz-
ing their RE compared to the GLEAM dataset, which is used 
as the evaluation reference. RE is lowest for ESA CCI-DA, 
which demonstrates values close to or below 0.2 across most 
of the region, indicating strong agreement with GLEAM. 
Sentinel-1-DA shows slightly higher errors, with RE ranging 
between 0.2 and 0.3 in large areas, though it still improves 

611 m using the First-Order Conservative method, preserv-
ing data integrity. Additionally, we applied multiple pertur-
bation methods to account for precipitation errors, as these 
can significantly affect model performance. Understanding 
errors in both input and observational data enhances the 
accuracy and reliability of the results.

Fig. 6  (continued)
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detail, reflecting its limitations as a model-only product. 
Comparatively, the assimilation of ESA CCI data reduces 
the error more effectively than Sentinel-1 data, making 
ESA CCI-DA the best-performing dataset in terms of RE 
reduction against GLEAM. It is worth noting that the strong 

slightly compared to the open loop (ParFlow-CLM-OL) 
simulation. ParFlow-CLM-OL exhibits RE values exceed-
ing 0.4–0.5 in many regions, highlighting the impact of not 
incorporating observational data. ERA5 performs the worst, 
with large areas exceeding 0.5 RE and a lack of fine spatial 

Fig. 8  RE (as a ratio between 0 and 1) of SWC between Sentinel-1-DA, ESA CCI-DA, ParFlow-CLM-OL, ERA5 and GLEAM

 

Fig. 7  Temporally averaged SWC (in m3 m−3) over the flood period (14–15 th July) for ESA CCI-DA, Sentinel-1-DA, Sentinel-1, ESA CCI, 
GLEAM, ERA5, ParFlow-CLM-OL
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Figure 10 compares the spatial correlations of SWC 
between different datasets and approaches and GLEAM. 
Both data assimilation experiments (CCI DA and Senti-
nel-1 DA) improve spatial correlations compared to the 
open loop run (ParFlow-CLM-OL). Sentinel-1 DA gener-
ally shows better correlations in certain regions, suggesting 
that its higher resolution enhances the model’s representa-
tion of SWC. The open loop run shows lower correlations, 
reflecting the model’s limitations without observational 
data. ERA5, with its coarser resolution, provides smoother 
patterns but serves as a useful benchmark for comparing the 
data assimilation methods.

4.3  SWC Validation: Probabilistic Assessment

Table  2 presents the probability of failure (Pf) estimates 
derived using the FORM, with the limit state function (LSF) 
defining the boundary between safe and failure conditions, 
as outlined in Sect.  3.4.2. The analysis incorporates three 
critical metrics: the reliability index (RE > 0.35), the con-
sistency efficiency (CE < 0.75), and the deterministic design 
accuracy (DAA > 0.2), which are used to assess the reliabil-
ity and performance of the model across different scenarios.

The results indicate that data assimilation reduces the 
probability of failure compared to the open loop model. 
Specifically, the Sentinel-1 DA and CCI DA scenarios show 
lower probabilities of failure across all three metrics. For 
instance, the probability of failure for the Sentinel-1 DA 
experiment is 18%, 17%, and 14% for the three metrics, 
respectively, while the CCI DA scenario shows even lower 

performance of ESA CCI data assimilation was anticipated, 
as GLEAM is derived from ESA CCI data through its use 
of key satellite-based variables, such as soil moisture and 
vegetation optical depth, which are integral components of 
the GLEAM model.

Figure 9 presents RMSE of SWC for four datasets; Sen-
tinel-1 DA, ESA CCI DA, ParFlow-CLM-OL, and ERA5, 
when compared to the GLEAM dataset. The RMSE ranges 
from 0.05 (dark blue, indicating lower error) to 0.3 (yellow, 
indicating higher error). Sentinel-1 DA shows predomi-
nantly low RMSE values, indicating errors in the range of 
0.05–0.1, although some localized patches exhibit higher 
errors (up to 0.3). ParFlow-CLM-OL exhibits somewhat 
higher RMSE values than Sentinel-1 DA, with more fre-
quent areas of intermediate errors and a slightly broader 
range of values, though still largely within the 0.05–0.15 
range. ESA CCI DA also shows predominantly low RMSE 
values, comparable to Sentinel-1 DA, with most regions 
falling in the 0.05–0.1 range, indicating strong alignment 
with GLEAM. In contrast, ERA5 shows generally higher 
RMSE values, with substantial areas falling in the range of 
0.1–0.15.

The performance improvements achieved through soil 
moisture data assimilation in this study are consistent with 
findings from previous research. For example, Naz et al. 
(2019) and Tian et al. (2020) reported similar reductions in 
RMSE and RE when assimilating ESA CCI soil moisture, 
especially in regions with high antecedent wetness. Our 
observed RE values for ESA CCI DA (< 0.2) align well with 
their results.

Fig. 9  RMSE of SWC between Sentinel-1-DA, ESA CCI-DA, ParFlow-CLM-OL, ERA 5 and GLEAM
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decision-making in water resource management and risk 
assessment. Thus, data assimilation serves as a powerful 
tool for enhancing model performance, especially in com-
plex systems where uncertainties are inherent, leading to 
more robust and trustworthy predictions.

The probabilistic validation using FORM in this study 
provides a more rigorous assessment of failure risk than 
typically reported. Most earlier studies, such as Santis et 
al. (2021), focused on deterministic metrics, whereas our 
Pf estimates (as low as 8–10% for ESA CCI DA) indicate a 
stronger reduction in failure risk.

4.4  Impact of DA on Discharge Estimates

Figure 11 displays both simulated (left panels) and observed 
(in blue, right panels) discharge at multiple locations dur-
ing the assimilation period, with a particular focus on the 
flood event from July 14–15, 2021. Overall, the Q CCI DA 
and Q Sentinel−1 DA updating scenarios show notable improve-
ments over the open loop simulations in terms of accurately 
capturing the peak discharge values observed during the 
flood. In all locations, the simulation scenarios with data 
assimilation using ESA CCI and Sentinel-1 (green and red 
ranges/means) demonstrate an improved match to observed 
discharge, particularly in capturing the Q peak, compared to 
the open loop (ParFlow-CLM-OL, blue line in right panels).

Table 3 provides the peak discharge values (Q Peak, 
in m³/s) and RE (%) for simulations conducted with and 

probabilities of failure at 9%, 10%, and 8%. In contrast, the 
open loop model, which does not use any data assimilation, 
shows substantially higher probabilities of failure: 24%, 
25%, and 22%.

These findings suggest that incorporating data assimi-
lation techniques, such as Sentinel-1 DA and CCI DA, 
improves the model’s performance by reducing the prob-
ability of failure. This decrease in Pf reflects a more accurate 
and reliable model, with data assimilation helping to cor-
rect model biases and uncertainties. The reduction in fail-
ure probability means that the model’s predictions are more 
aligned with observed conditions, enhancing the confidence 
in its ability to represent the system’s behavior under vary-
ing environmental conditions.

The overall improvement demonstrated by the data 
assimilation experiments highlights the importance of inte-
grating observational data into hydrological models. By 
reducing Pf, data assimilation contributes to the model’s 
reliability and predictive accuracy, ultimately improving 

Table 2  The probability of failure calculated using the FORM. The 
analysis is based on three key metrics: RE greater than 0.35, CE less 
than 0.75, and DAA greater than 0.2

Pf
LSF (refer to 3.4.2 section)
RE > 0.35 CE < 0.75 DAA > 0.2

Sentinel-1-DA 18% 17% 14%
ESA CCI-DA 9% 10% 8%
Open loop 24% 25% 22%

Fig. 10  Spatially correlation of SWC for (a) Sentinel-1-DA, (b) ParFlow-CLM-OL, (c) ESA CCI-DA, (d) ERA 5 and GLEAM
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Fig. 11  Simulated (left panels) and observed hourly discharge (right 
panels) during the assimilation period at individual locations: (a) Alte-
nahr-Ahr, (b) Jünkerath-Kyll, (c) Kordel-Kyll, (d) Prüm2-Prüm, (e) 

Prümzurlay-Prüm, and (f) Opladen-Wupper. The flood event period 
(July 14–15, 2021) is highlighted. ParFlow-CLM-OL simulation is 
shown alongside data assimilation scenarios for comparison
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Fig. 11  (continued)
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without data assimilation (DA) using ESA CCI and Sen-
tinel-1 data in the ParFlow-CLM model, evaluated across 
various locations (a–f). The open loop simulation (ParFlow-
CLM-OL), which does not include data assimilation, is also 
included for comparison. The results clear-ly demonstrate 
that the assimilation of ESA CCI and Sentinel-1 data con-
sistently reduces RE compared to the open loop simulation, 
highlighting the improved accuracy of the model when sat-
ellite-based data are incorporated

For instance, at location (a), the RE decreases from 5.1% 
in the open loop to 3.1% with Sentinel-1 DA and further to 
1.5% with ESA CCI DA. This trend is observed across all 
locations, with ESA CCI consistently achieving the lowest 
RE, followed by Sentinel-1. At location (f), the RE drops 
from 51% in the open loop to 43% with Sentinel-1 DA and 
to 39% with ESA CCI DA, further emphasizing the superior 
performance of ESA CCI in improving simulation accuracy.

Additionally, the simulated peak discharge values with 
data assimilation align more closely with observed peak dis-
charge values (as shown in Table 1), particularly when using 
ESA CCI. In contrast, the open loop simulations exhibit 
the highest RE across all locations, such as at location (d), 
where the error is 36% compared to 8.3% for Sentinel-1 DA 
and 4.1% for ESA CCI DA. These findings underscore the 
limitations of the open loop approach and demonstrate the 
effectiveness of satellite data assimilation in enhancing the 
reliability of flood simulations in the ParFlow-CLM model.

4.5  Probabilistic Discharge Validation

Table  4 presents the probability of failure (Pf) calculated 
using the First-Order Reliability Method (FORM) for six 
locations under the condition that Data Assimilation Accu-
racy (DAA) > 0.2. Sentinel-1-DA, ESA CCI-DA, and Par-
Flow-CLM-OL are compared to assess hydrological risks, 
such as flooding, at individual sites. Results show variabil-
ity in failure probabilities across methods and locations. 
Sentinel-1-DA generally predicts the lowest Pf, suggesting 
a more optimistic assessment of failure risk. For instance, 
at Altenahr-Ahr, Pf is 5% with Sentinel-1-DA, compared 
to 3% with ESA CCI-DA and 8% with ParFlow-CLM-OL. 
In contrast, ParFlow-CLM-OL consistently yields higher 
probabilities, such as 25% at Jünkerath-Kyll and 23% at 
Opladen-Wupper, indicating a more conservative or higher-
risk model.

At some locations, such as Prüm2-Prüm and Prümzurlay-
Prüm, the probabilities remain relatively moderate across all 
methods. However, Opladen-Wupper exhibits high failure 
probabilities regardless of the method, with Pf reaching 20% 
(Sentinel-1-DA), 17% (ESA CCI-DA), and 23% (ParFlow-
CLM-OL). This variation across locations and methodolo-
gies highlights the sensitivity of risk assessment to the data 
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5  Conclusions and Future Perspectives

This study demonstrates the crucial role of advanced data 
assimilation (DA) methods in enhancing the accuracy of 
hydrological simulations, particularly for extreme events 
like the July 2021 floods. By integrating remotely sensed soil 
moisture data into the ParFlow-CLM hydrological model 
using a sequential DA approach with the Ensemble Kalman 
Filter (EnKF), the research effectively addresses key chal-
lenges related to uncertainties in peak flow predictions.

The findings show that all data assimilation strategies 
improve peak discharge predictions compared to the open 
loop (ParFlow-CLM-OL) simulation, with SWC ESA CCI 
DA offering the best balance between resolution and accu-
racy. It consistently delivers lower RE and better alignment 
with observed peak discharge values. While SWC Sen-
tinel-1 DA offers higher spatial resolution, it has slightly 
higher RE but still outperforms the open loop simulation, 
especially in capturing peak flows.

Additionally, the assimilation of satellite-based data 
improves extreme flow predictions without significantly 
altering baseline flow patterns, which explains the mini-
mal variation in correlation coefficients between observed 
and modeled discharges across different strategies. These 
enhancements are especially important for flood forecast-
ing, where precise peak discharge predictions are critical for 
risk assessment and decision-making. This study highlights 
the importance of integrating high-quality satellite-derived 
soil moisture data through advanced DA techniques like 
EnKF to improve the predictive power of hydrological mod-
els. Reducing uncertainties and improving the reliability of 
flood simulations will be pivotal in mitigating the impacts of 
extreme hydrological events in the future.

Compared to previous hydrological modeling studies 
(e.g., Naz et al. 2019; Tian et al. 2020), our results dem-
onstrate lower RE and Pf values across both soil moisture 
and discharge simulations, particularly under extreme event 
conditions. The use of FORM-based probabilistic analysis 
further differentiates this study by providing a robust, risk-
oriented performance evaluation, which has not been widely 
adopted in comparable research.

Despite the promising results, this study has some limita-
tions that warrant attention. The resampling of satellite soil 

assimilation approach used and underscores the importance 
of selecting an appropriate method for reliable hydrological 
predictions.

The reduction in discharge RE observed in this study 
(e.g., from 5.1% in the open loop to 1.5% with ESA CCI 
DA at Altenahr-Ahr) is notably lower than those reported in 
similar hydrological data assimilation studies. Bartholmes et 
al. (2009), for example, reported forecast accuracy gains of 
20–60% in probabilistic flood forecasts using the European 
Flood Alert System (EFAS), but with higher residual error 
levels. Similarly, Nguyen et al. (2021) showed Sentinel-1 
SM assimilation reduced RMSE and improved peak dis-
charge accuracy by up to 30%, which supports the improve-
ments observed here. Moreover, our use of FORM-based 
probabilistic validation (e.g., Pf = 3–17% for ESA CCI DA) 
offers a more comprehensive assessment of model reliabil-
ity than traditional performance metrics such as RMSE or 
CE. This approach builds on recent advances by Soltani et 
al. (2024), who highlighted the importance of probabilis-
tic frameworks in enhancing the credibility of hydrological 
modeling. Their findings support the integration of ensem-
ble-based soil moisture assimilation with robust risk-based 
evaluation methods, as demonstrated in this study.

Improved SWC estimations through data assimilation 
enhance the representation of antecedent hydrological con-
ditions, which are crucial for initializing hydrological mod-
els used in flood prediction. More accurate SWC estimates 
improve the model’s ability to capture infiltration, runoff 
generation, and soil saturation dynamics, leading to more 
reliable flood forecasts. Additionally, quantifying uncer-
tainties in model outputs enables probabilistic forecasting, 
which supports risk-based decision-making by providing 
confidence intervals for predicted flood magnitudes. Incor-
porating these findings into operational flood forecast-
ing frameworks could enhance early warning systems and 
improve flood risk assessments by refining precipitation-
runoff relationships and threshold exceedance probabilities.

Table 4  The probability of failure calculated using the FORM. The analysis is based data assimilation accuracy (DAA) greater than 0.2 at indi-
vidual locations: (a) Altenahr-Ahr, (b) Jünkerath-Kyll, (c) Kordel-Kyll, (d) Prüm2-Prüm, (e) Prümzurlay-Prüm, and (f) Opladen-Wupper

Pf
LSF (refer to 3.4.2 section)
DAA > 0.2
(a) (b) (c) (d) (e) (f)

Sentinel-1-DA 5% 10% 9% 7% 9% 20%
ESA CCI-DA 3% 12% 7% 6% 11% 17%
ParFlow-CLM-OL 8% 25% 12% 14% 13% 23%
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exploring the use of more advanced DA techniques, such as 
hybrid or machine learning-based methods, could provide 
a deeper understanding of the uncertainties in hydrological 
simulations.

Another important avenue for future research would be 
assessing the performance of the current methods in dif-
ferent geographical regions and hydrological conditions to 
evaluate their generalizability. Long-term monitoring and 
validation of these techniques through case studies of other 
extreme weather events, such as droughts or wildfires, could 
also help refine the methods for broader applications.

As a direction for future work, we recommend conduct-
ing a more systematic sensitivity analysis of key data assim-
ilation parameters, particularly the ensemble size and the 
assumed observational error within the EnKF framework. 
In this study, the Ensemble Kalman Filter (EnKF) data 
assimilation framework was implemented with 50 ensemble 
members and an assumed observational error of 0.04 m³/m³ 
for soil moisture. These choices were based on a balance 
between computational efficiency and accuracy, guided 
by values commonly reported in the literature (Naz et al. 
2019; Gebler et al. 2019). However, no dedicated sensitiv-
ity analysis was performed to evaluate the impact of these 
parameters on model performance, particularly regarding 
peak discharge simulations during the extreme July 2021 
flood event. This decision was primarily due to computa-
tional constraints, as running the hydrological model with 
multiple parameter configurations across the full ensemble 
and assimilation cycles would have significantly increased 
the computational burden. While previous studies suggest 
that the chosen parameters are within a reasonable and 
effective range, future work should include a targeted sensi-
tivity analysis to assess how variations in ensemble size and 
observational error assumptions might influence the accu-
racy and robustness of flood predictions.

As a future direction, we also suggest evaluating soil 
moisture data assimilation across diverse flood events, cli-
mates, and hydrological settings. While our results show 
strong performance for CCI-SM DA, confirming its robust-
ness requires broader testing. Given the central role of 
antecedent soil moisture in flood generation, we expect the 
approach to be transferable, but multi-region, multi-event 
validation is essential.
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