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Abstract
Reliable hydrologic modeling is essential for sustainable water resource management, accurate projections of future water 
availability, and the timely forecasting of extreme weather events. The severe flooding that occurred in July 2021, however, 
highlighted significant limitations in current predictive models, particularly their inadequacy in capturing unprecedented 
events. These limitations are largely attributed to factors such as sparse observational data, simulation uncertainties, and 
challenges in model calibration. Another critical factor contributing to flood events is the accumulation of soil moisture 
following prolonged rainfall, which often leads to soil saturation. Despite its importance, many existing flood forecast-
ing systems inadequately represent soil moisture processes and the complex interactions between surface and subsurface 
hydrological components. In response to these shortcomings, this study explores the integration of machine learning 
techniques with hydrologic models to enhance the accuracy of flood predictions. Specifically, we explore the impact of 
incorporating soil water content (SWC), derived from The integrated surface-subsurface ParFlow/CLM model, into an 
artificial intelligence (AI) framework for flood forecasting. We developed a Gated Recurrent Unit (GRU) Convolutional 
model, which initially used eight atmospheric variables (including longwave and shortwave radiation, total precipitation, 
air temperature, air pressure, specific humidity, wind velocity components) to predict river discharge. In the subsequent 
stage, SWC was added as an additional input to evaluate its effect on the model’s performance. Our comparative analyses 
revealed that including SWC significantly improved the predictive accuracy of the AI model, highlighting its essential role 
in discharge estimation. Furthermore, integrating the ParFlow model’s outputs with machine learning techniques resulted 
in a substantial enhancement in flood prediction, outperforming both standalone AI and hydrological models. The AI 
model with SWC achieved an RMSE reduction of up to 51% and an increase in R2 from 0.634 to 0.916 at Kordel-Kyll. 
The findings demonstrate the potential of informing machine learning with integrated hydrologic model output to improve 
flood prediction systems, offering valuable insights for more effective water resource management.
Graphical Abstract   This graphical abstract presents an integrated modeling framework that combines a fully coupled sub-
surface-surface hydrological model, ParFlow/CLM, with a machine learning algorithm for river discharge prediction. The 
system was applied to a real flood event in Germany, demonstrating its practical relevance. Atmospheric forcings, including 
precipitation (APCP), temperature (Temp), specific humidity (SPFH), pressure (Press), wind components (UGRD, VGRD), 
and radiation (DLWR, DSWR), are collected along with high-resolution soil water content (SWC) data and observed river 
discharge. The detailed SWC data capture near-saturated soil conditions, which contributed to flooding despite only moder-
ate, but sustained, rainfall. ParFlow/CLM simulates key land surface processes such as snow accumulation, overland flow, 
and evapotranspiration. Outputs from ParFlow/CLM and meteorological inputs are used as features in a hybrid machine 
learning model, specifically, a Gated Recurrent Unit (GRU)-based Convolutional Neural Network (CNN), which captures 
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temporal dynamics for improved discharge forecasting. A coupling interface links the physical model with the machine learn-
ing component. Simulations correspond to observed flood periods and are evaluated using both deterministic and probabi-
listic metrics. Incorporating hydrological models with machine learning, especially with soil moisture as an input, improves 
both flood timing and peak prediction. This approach supports early warning systems, where soil moisture forecasts can be 
used alongside meteorological predictions to enhance model performance, particularly in areas with flatter terrain, where soil 
moisture plays a more significant role than in steep regions. 
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models are particularly useful for analyzing soil water con-
tent (SWC) variability, especially when supported by in-
situ measurements at the hillslope scale. They have been 
extensively applied to investigate the factors influencing 
SWC patterns and their role in modulating rainfall-runoff 
processes (Cornelissen et al. 2014; Herbst et al. 2006). 
Among these, ParFlow/CLM is particularly well-suited for 
this study due to its fully coupled nature, which allows it to 
explicitly resolve the two-way feedbacks between surface 
and subsurface water dynamics, a critical process for accu-
rately simulating soil water content.

These studies underscore the capability of fully coupled 
hydrological models to enhance the understanding of fine-
scale soil moisture dynamics at the catchment scale (Soltani 
et al. 2022a, 2025b; Soltani 2025). However, achieving 
high accuracy and reliability in estimating critical variables 
such as soil moisture and streamflow remains a challenge 
for prognostic models, largely due to uncertainties associ-
ated with hydrometeorological inputs, model parameters, 
boundary and initial conditions, and structural assumptions. 
Despite these limitations, free-running models still provide 
valuable insights, particularly for applications like flood 
risk assessment and management (Abbaszadeh et al. 2019).

One promising approach to overcome these limits is the 
application of Machine Learning (ML) techniques, which 
have demonstrated exceptional capabilities in handling 
complex, high-dimensional datasets (Drogkoula et al. 2023). 
ML models excel at learning intricate patterns from histori-
cal data, enabling them to provide accurate predictions even 
in the face of variable and nonlinear relationships. For flood 
forecasting, hydrological variables such as rainfall, river 
discharge, and snowmelt, along with environmental factors 
like SWC and terrain features, serve as critical inputs. By 
leveraging these data, ML models can produce reliable pre-
dictions, contributing to early warning systems and effective 
disaster management strategies (Kumar et al. 2023; Izadi et 
al. 2024).

A variety of machine learning methods have been applied 
to flood prediction. Recent studies demonstrate promising 
results using techniques such as Long Short-Term Memory 
(LSTM) networks (Le et al. 2019; Rajab et al. 2023), Artifi-
cial Neural Networks (ANNs) (Tayfur et al. 2018), combi-
nation of KNN and Random Forest (RF) (Tang et al. 2023) 

1  Introduction

The growing occurrence of intense summer rainfall events 
is a key manifestation of a changing climate. In recent years, 
these changes have significantly affected groundwater 
resources and surface water systems (Badawy et al. 2024), 
leading to pronounced changes in hydrologic fluxes. This 
has intensified natural disasters such as floods and droughts 
(Marshall et al., 2025), disrupted the operations of dams and 
reservoirs (Tran et al. 2023), and adversely impacted agri-
cultural practices, water quality (Tapas et al. 2024), and sus-
tainable livelihoods (Nguyen et al. 2024), underscoring the 
urgent need for more reliable predictive models. A striking 
example is the devastating flood that struck Germany in July 
2021, which led to more than 180 deaths and caused wide-
spread damage to residential areas, transportation networks, 
and industrial facilities. As reported by Munich Re (2022), 
the disaster inflicted damages estimated at EUR 33 billion, 
with total losses reaching EUR 46 billion, marking it as the 
most economically costly natural catastrophe in Germany’s 
history.

Soil water content (SWC) plays a vital role in regulating 
the exchange of water, energy, and carbon between the land 
surface and the atmosphere, and it is a key factor in the pro-
cess of runoff generation. The level of soil moisture directly 
affects the magnitude of flood events by influencing how 
rainfall is distributed between surface runoff and infiltration 
into the subsurface (Brocca et al. 2009; Beck et al. 2009; 
Tramblay et al. 2012). Hydrological models are frequently 
employed to estimate this partitioning and to simulate the 
spatial variability of soil moisture (Soltani 2022). Nonethe-
less, accurately capturing soil moisture dynamics remains 
challenging due to the heterogeneity of natural landscapes, 
including variations in soil composition, land use, and ter-
rain, as well as the intermittent nature of precipitation 
and the simplifications required by modeling frameworks 
(Brocca et al. 2017).

Recent research highlights the value of integrated terres-
trial modeling platforms (e.g., AquiferFlow‐SiB2, CATHY, 
MIKE SHE, ParFlow/CLM, ParFlow/WRF, and PIHM) in 
effectively simulating the dynamic interactions between 
surface and subsurface systems (Abbott et al. 1986; Kollet 
& Maxwell 2006; Maxwell & Miller 2005). These coupled 

Highlights
	● GRU model trained on eight key atmospheric variables for discharge prediction.
	● Soil Water Content (SWC) from ParFlow/CLM added as a new input feature.
	● SWC inclusion significantly boosts flood prediction accuracy.
	● Machine learning boosts hydrological modeling in capturing extreme flood events.

Keywords  Machine learning · Hydrological modeling · Flood forecasting · Soil water content · Gated Recurrent Unit 
(GRU) convolutional
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changes and water conservation, can diminish model effi-
ciency, while regional factors like climate and topography 
may hinder generalization (Liu et al. 2021). Additionally, AI 
models often struggle with predicting seasonal and intermit-
tent stream flows (Forghanparast and Mohammadi 2022), 
and a key area of ongoing research is the development of 
hybrid systems that can better integrate physical under-
standing for sustainable resource management (Marshall et 
al. 2025). Furthermore, without a physical understanding of 
hydrological processes, AI models may fail to capture the 
complex interactions driving flooding events.

To overcome these limitations, research suggests lever-
aging AI-based models and physical models in tandem to 

or combination CNN with Conv-GRU (Miau and Hung 
2020). Approaches that combine multiple machine learning 
techniques are becoming increasingly popular (eg. Moishin 
et al. 2021, Kordani et al. 2024, Chang et al. 2025). These 
models leverage the strengths of various machine learning 
techniques for predictive accuracy, creating robust frame-
works for real-time flood forecasting (Zhang et al. 2023). 
The benefits of AI-based models include handling large 
datasets, addressing dynamic and nonlinear relationships, 
integrating data from various sources, reducing manual 
intervention, and adapting through learning from new data.

However, challenges persist in the accuracy and general-
izability of these models. Human activities, such as land-use 

Fig. 2  Land cover classification of the basin Kyll, Prum and Ahr based on MODIS Land Cover Type Product (MCD12Q1)

 

Fig. 1  Overview map of the study area with European context (left), Digital Elevation Model (DEM) overlaid by the main rivers (in blue) and 
basins (right)
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Researchers who have incorporated soil moisture into their 
analyses show enhanced predictive capabilities (Wanders et 
al. 2014; Alvarez-Garreton et al. 2014). Traditionally, soil 
moisture measurements have been captured and assimilated 
in hydrological modeling relying on reanalysis or remotely 
sensed soil moisture estimates from datasets like ASCAT 
(Advanced SCATterometer), ERA5, AMSR-E (Advanced 
Microwave Scanning Radiometer - Earth Observing Sys-
tem), NASA's Soil Moisture Active Passive (SMAP), 
SMOS (Soil Moisture and Ocean Salinity), which may suf-
fer from very coarse resolution which is not sufficient for 
accurate local predictions (Meng et al. 2017). Therefore, 

improve predictive accuracy and interpretability. AI models 
can enhance the accuracy and robustness of physical models 
by processing real-time data and improving parameter esti-
mation. Conversely, physical models can provide the nec-
essary physical understanding to guide AI model training 
and improve its interpretability. Such integration can lead to 
more reliable flood forecasting systems that are both accu-
rate and grounded in physical reality (Cho and Kim, 2022; 
He et al. 2023).

Soil moisture, as one of the key physical parameters, 
still remains as one of challenges in modeling and predict-
ing runoff estimations and floods (Brunner et al. 2021). 

Fig. 3  Flowchart of methodology followed in this study

 

1 3

5785



S. S. Soltani et al.

2  The July 2021 Flood in Western Europe

The study focuses on the Eifel-Ardennes mid-mountain 
region, which experienced severe flooding during the July 
2021 event. This region, known for its steeply incised val-
leys, extends across parts of western Germany, eastern Lux-
embourg, and southeastern Belgium (refer to Fig. 1). The 
flooding impacted an extensive area, exceeding 20,000 km2 
and reaching locations east of the Rhine River (Mohr et al. 
2022). The dominant land cover consists mainly of forests 
and agricultural lands, with only a small portion classified 
as urban, as documented by the MODIS Land Cover Type 
Product (MCD12Q1; Friedl et al. 2002, 2010; see Fig. 2). 
Climatically, the region is temperate with a strong oceanic 
influence, receiving annual rainfall between 700 and 1,080 
mm, and exhibiting aridity indices that range from 0.5 to 0.9 
(Saadi et al. 2023).

Schröter et al. (2015) identified two typical precursors 
to major flood events in Germany: intense rainfall follow-
ing dry conditions and moderate rainfall after sustained wet 
periods. Prior to the July 2021 flood, much of the region 
had experienced a wetter-than-average month, as reflected 
by the Antecedent Precipitation Index (API), indicating 
elevated soil moisture levels (Mohr et al. 2022). Junghä-
nel et al. (2021) further documented frequent rainfall in 
the three weeks before the event. Soil moisture storage 
was particularly low, often under 10 mm, in areas like the 
southern Eifel, the Ardennes, and the Wupper region, while 
other zones recorded slightly higher levels between 10 and 
30 mm, occasionally peaking at 75 mm, though still below 
long-term averages.

Luxembourg experienced similarly moist antecedent 
conditions (AGE 2021). Although soil moisture levels were 
not unusually high, they contributed to flood development 
through saturation excess. The heavy rainfall further pro-
moted rapid runoff generation by increasing infiltration and 
enhancing overland flow.

the more reliable and higher-resolution soil moisture data 
becomes available, the better the prediction of runoff gen-
eration and flood predictions can be expected. In addition, 
the representation of soil moisture at a fine scale allows for a 
better understanding of the interactions between surface and 
subsurface water flow.

The primary objective of this research is to highlight the 
synergy between machine learning and physics-based mod-
eling, demonstrating how their integration can significantly 
enhance the reliability of flood forecasting systems. This 
study employs the ParFlowCLM model to generate high-
resolution soil moisture data, crucial for better flood pre-
diction, while also incorporating an AI-driven approach for 
river discharge forecasting. By developing a robust frame-
work for real-time flood prediction, this integrated model 
aims to offer valuable insights for water resource manag-
ers and policymakers, ultimately supporting the mitigation 
of flood-related damages and the protection of vulnerable 
communities. Additionally, the study addresses three key 
research questions:

1. How can ParFlow/CLM be utilized for flood simula-
tion? This question examines the effectiveness of ParFlow/
CLM in modeling flood events by assessing its ability to rep-
resent hydrological and land surface processes accurately.

2. How does ParFlow/CLM compare to AI-based 
methods in flood simulation? This question explores the 
strengths and limitations of ParFlow/CLM relative to AI-
based approaches, evaluating their accuracy, efficiency, and 
applicability in flood modeling.

3. Can the integration of AI and physics-based model-
ing enhance flood simulation? This question investigates 
whether combining AI techniques with ParFlow/CLM 
can improve model performance, assessing whether these 
approaches can complement each other for more accurate 
flood prediction and risk assessment.

Table 1  Overview of the river basin and gauge characteristics, including water level (W) and streamflow (Q) data. Historical flood statistics and 
estimates for the July 2021 flood are also included (Mohr et al. 2022)

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
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3.1  Data

3.1.1  Land Surface Data

ParFlow/CLM incorporates 18 land cover classifications 
established by the International Geosphere-Biosphere Pro-
gramme (IGBP), which are further converted into Plant 
Functional Types (PFTs) through specific parameterization. 
The model utilizes the Corine Land Cover (CLC2018 v20) 
dataset, which provides Europe-wide land cover informa-
tion at a 100-meter resolution. Initially, the 44 land cover 
categories defined in CLC2018 are reclassified into the 18 
IGBP land cover types, following the methodology outlined 
in Belleflamme et al. (2023).

3.1.2  Atmospheric Forcing

ParFlow/CLM requires eight key atmospheric variables to 
simulate surface and near-surface hydrological processes: 
longwave and shortwave radiation, total precipitation, air 
temperature, atmospheric pressure, specific humidity, and 
the two components of wind velocity (Belleflamme et al. 
2023). To supply these variables, the model uses data from 
the High-Resolution (HRES) deterministic medium-range 
forecast provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF) (Owens and Hewson 
2018). These forecasts are initially available at a spatial 
resolution of 0.1° × 0.1° (approximately 11 km), and are 
subsequently refined to a 0.0055° × 0.0055° grid (roughly 
0.611 km) through bicubic interpolation, as outlined by 
Belleflamme et al. (2023). This downscaling approach 
ensures the delivery of high-resolution, temporally coherent 
atmospheric forcing for ParFlow/CLM simulations.

3  Methodology and Data

In this study, we developed and compared three different 
modeling approaches to simulate streamflow across five 
study locations. These included two machine learning mod-
els, with and without the inclusion of Soil Water Content 
(SWC), and a physics-based hydrological model.

First, the ParFlow/CLM model is used to simulate 
hydrological processes using physical principles and envi-
ronmental inputs. In parallel, machine learning models are 
trained on observed and simulated data to learn patterns and 
enhance prediction performance. Finally, both approaches 
are integrated to capitalize on the strengths of each, merg-
ing the physical interpretability of ParFlow/CLM with the 
adaptive learning capabilities of AI models. In the final inte-
grated approach, Soil Water Content (SWC) extracted from 
ParFlow/CLM are incorporated as one of the input features 
into the AI models. This integration allows the AI models 
to leverage physically derived soil moisture information, 
thereby improving their ability to predict streamflow and 
runoff more accurately.

To effectively address the research questions, Fig. 3 illus-
trates the flowchart of methodology followed in this study. 
Initially, the required data is collected including river gauge 
and forecast data (such as meteorological longwave and 
shortwave radiation, total precipitation, air temperature, 
air pressure, specific humidity, wind velocity components). 
This data is then preprocessed to remove outliers in data 
training. The flood simulation is conducted through three 
main steps: 1) flood simulation using ParFlow/CLM, 2) 
comparison with AI-based methods and 3) integration of 
AI and physics-based modeling. Finally, the accuracy of the 
models is evaluated and compared using multiple assess-
ment metrics. In the following, a brief description of each 
material and method used is provided.

Fig. 4  GRU-Convolutional model architecture. Text labels inside the diagram indicate the tensor dimensions at each major stage of processing
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3.2  ParFlow/CLM Model

In this study, we utilize the Integrated Hydrological Model 
(IHM) ParFlow/CLM, an advanced, fully coupled subsur-
face-land surface model optimized for parallel comput-
ing. The model, grounded in partial differential equations 
(PDEs), simulates the complex interactions of unsaturated 
and groundwater flow, alongside surface water movement, 
within a unified continuum framework (Maxwell et al. 
2009; Kuffour et al. 2020). ParFlow applies the Richards 
equation to model water flow in three-dimensional, variably 
saturated porous media (Ashby and Falgout 1996).

ParFlow has established itself as a leading tool in inte-
grated, physics-based hydrological modeling, with applica-
tions across diverse domains and research contexts. It has 
been employed in theoretical hydrodynamic studies, sen-
sitivity analyses, and basin hydrodynamics research (Sch-
alge et al. 2019; Maina et al. 2020; Soltani et al. 2025a, 
2022b, 2025b; Youssefi et al. 2025). Additionally, ParFlow 
is integral to hydrological scaling studies (Fang et al. 2015; 
Soltani et al. 2024) and the Terrestrial Systems Modelling 
Platform (TSMP), which is used for climate-scale assess-
ments and sensitivity analyses (Furusho-Percot et al. 2022).

For this research, we adopt the ParFlow/CLM configu-
ration outlined by Belleflamme et al. (2023), designed to 
monitor and predict subsurface water resources. This con-
figuration has also been applied to study the catastrophic 
flood in western Germany and eastern Belgium in July 2021. 
Saadi et al. (2023) examined the effect of different radar-
based precipitation datasets on hydrological simulations, 
specifically stream discharge. The integration of the Com-
mon Land Model (CLM), developed by Dai et al. (2003) and 
incorporated into ParFlow (Kuffour et al. 2020), allows for 
a detailed coupling of water and energy exchanges between 
the surface and subsurface, with near-surface atmospheric 
conditions as boundary constraints.

3.1.3  Soil types and Hydraulic Parameters

ParFlow relies on soil hydraulic properties to numeri-
cally solve water flow in variably saturated porous media. 
Essential parameters include porosity, saturated hydraulic 
conductivity, and those governing the Van Genuchten soil-
water retention model. The texture of the upper soil layer 
was derived from the SoilGrids250m dataset (Hengl et al. 
2017), following the methodology outlined by Belleflamme 
et al. (2023).

3.1.4  Evaluation Data: River Gauge Data

Water level (W) and streamflow (Q) data were collected 
from multiple river gauges distributed across the study 
area. The selection process was designed to meet several 
key criteria: (a) Ensuring broad geographic representation, 
spanning from the Wupper River in the east to the Amblève 
River in the west; (b) Including a diverse range of basin 
sizes, with the smallest at gauge Prüm 2/Prüm (53.2 km2) 
and the largest at gauge Kordel/Kyll (816 km2); and (c) 
Strategic placement along rivers, aiming to include two 
gauges per river, one in the headwater region and another 
closer to the confluence, where feasible.

Water levels were measured directly, while streamflow 
values were typically calculated from those measurements 
using site-specific water level–discharge (W-Q) relation-
ships. When water level data were unavailable, most often 
because floods damaged measuring instruments, river stages 
exceeded the established W-Q range, or riverbed morphol-
ogy changed, streamflow was estimated using hydraulic 
models or data from nearby gauging stations. All hydro-
logical data were sourced from relevant water management 
authorities, including the federal state of Rhineland-Palat-
inate and the Wupperverband. A detailed summary of the 
collected gauge data is provided in Table 1.

Table 2  Evaluation metrics: definitions, equations, ranges, and units
Evaluation Indexes Equation Unit Range Optimal value
Absolute Bias ∣∣∑N

i=1
(yi−Yi)

∣∣
N

M3/
S

[0 ~ ∞] 0

Root Mean Square Error 
(RMSE)

√∑n

i=1
(Yi−yi)2

n

M3/
S

[0 ~ ∞] 0

Correlation Coefficient ∑N

i=1
(yi−y)(Yi−Y )√∑N

i=1
(yi−y)2×

√∑N

i=1
(Yi−Y )2

NA [−1 ~ 1] 1

Mean Absolute Error (MAE) ∑N

i=1
|yi−Yi|
N

M3/
S

[0 ~ ∞] 0

R-Squared
1−

∑N

i=1
(yi−Yi)2∑N

i=1
(Yi−Y )2

NA [0 ~ 1] 1
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function. The principles of the processes in GRU are repre-
sented by following Equations: 

zt = σ (Wzxt + Uzht−1 + bz) � (2)

rt = σ(Wrxt + Urht−1 + br)� (3)

h̃t = tanh(Wcxt + Ucrtht−1 + bh)� (4)

ht = (1− zt)× h̃t + zt × ht−1� (5)

Where z represents the update gate, determining how much 
past information needs to be carried forward, and r denotes 
the reset gate, deciding how much past information to for-
get. U , and b are the weight and bias parameters. h is the 
hidden state, a weighted combination of the previous hidden 
state and the new candidate memory, while h̃t is the candi-
date hidden state, computing the new memory content. The 
functions σ​ correspond to the sigmoid functions, respec-
tively. The variable t indicates the current time step. Both z 
and r take values within the range of 0 to 1 (He et al. 2023).

The methodological framework consists of two key 
phases: initial model training with hydrological data and 
subsequent enhancement through the incorporation of SWC 
derived from ParFlow. The primary objective of predicting 
river discharge in this study is to compare performance of 
a physical model and machine learning in flood forecast-
ing and also assess how much output of a physical model 
(here SWC) could affect the accuracy of a machine learning 
model.

The performance of DL models critically depends on the 
precise tuning of hyperparameters. As suggested by Izadi et 
al. 2024, the calibration and validation process is achieved 
through an iterative training-evaluation approach, outlined 
in the following steps.

1)	 Data preparation: Splitting the historical input and 
streamflow data into training and testing sets.

2)	 Model training: Training the streamflow prediction 
model using a specific combination of hyperparameters 
and operators.

3)	 Performance evaluation: Assessing the predictive accu-
racy of the trained model on the testing dataset using 
defined evaluation metrics (Sec. 3.4.1).

4)	 Iteration: Repeating steps 2 and 3 with different sets of 
hyperparameters and operators.

5)	 Comparison: Analyzing and comparing the outcomes 
of different iterations and selecting the best-performing 
hyperparameter combination.

6)	 Optimal time-lag selection: Identifying the most suit-
able input time lag

3.3  Machine Learning Modelling

Machine learning (ML), which is a subset of AI, enables 
models to identify patterns and predict based on data and 
process complex relationships in large datasets. AI has been 
widely applied in various fields, including hydrology, where 
it enhances the accuracy of streamflow prediction and flood 
forecasting. In this research, we integrated a sophisticated 
physic-based hydrological model, ParFlow/CLM, with a 
machine learning approach, the Gated Recurrent Unit Con-
volutional (GRU-Convolutional) model, to predict river dis-
charge. What makes GRU-Convolutional suitable for this 
research is that Several studies have demonstrated that deep 
learning models, specifically GRU-based models, outper-
form traditional models and even GRU-Convolutional mod-
els often outperform other deep learning architectures, such 
as Long Short-Term Memory (LSTM) networks, in flood 
forecasting and hydrological modeling (Xu et al. 2024; 
Miau and Hung 2020; Wegayehu and Muluneh 2021; Zhao 
et al. 2024).

The Gated Recurrent Unit (GRU) Convolutional model is 
a deep learning architecture that integrates a Convolutional 
Neural Network (CNN) with a GRU. This combination 
leverages the feature extraction capabilities of CNN with 
the sequential processing strength of GRU. The GRU-Con-
volutional model consists of two main components includ-
ing Convolutional Layers (CNN), extracting spatial features 
and local patterns from the input hydrological variables and 
GRU, capturing long-term dependencies in sequential data, 
handling the temporal evolution of river discharge (He et al. 
2023; Cea and durán L. 2024).

At the first step, the input hydrological time-series data 
are first passed through convolutional layers, which apply 
1D convolutional filters to extract spatial relationships 
among the hydrological variables. The convolutional layers 
detect short-term dependencies and local features within the 
dataset. Then, the output from the convolutional layers is 
fed into GRU units, which capture long-term dependencies 
by maintaining information from previous time steps while 
filtering irrelevant data using gating mechanisms (Fig. 
4). Lastly, the final output of the GRU network is passed 
through a fully connected (dense) layer to predict river dis-
charge (Miau and Hung 2020).

The convolution operation is represented by the follow-
ing equation:

yi = σ
(∑

(Wi ∗ xi + bi)
)

� (1)

Where xi represents the input data, ​yi denotes the output 
data, Wi​ is the convolution kernel weight, and ​bi is the con-
volution kernel bias. The function σ serves as the activation 

1 3

5789



S. S. Soltani et al.

under-predictions, Correlation Coefficient (R), assessing the 
strength of the relationship between observed and predicted 
values and R-squared (R2), assessing the proportion of vari-
ance explained by the model, shown in Table 2. This suite 
of metrics was chosen to provide a comprehensive evalu-
ation of model performance, with RMSE penalizing large 
errors, MAE giving a sense of the average error magnitude, 
R assessing the linear correlation, and R2 quantifying the 
proportion of variance explained by the model. In this table, 
yi

(
m3/

S

)
and Yi

(
m3/

S

)
 represent the predicted and 

3.4  Evaluation metrics

3.4.1  Deterministic

Model performance in simulating hydrological variables 
and also the GRU Convolutional was assessed using 5 eval-
uation metrics including Mean Absolute Error (MAE), mea-
suring the average magnitude of errors, Root Mean Square 
Error (RMSE), quantifying the model’s overall predictive 
accuracy, Absolut Bias, evaluating systematic over- or 

Fig. 5  Spatial pattern of (a) SWC and (b) precipitation over 14 (first row)−15 (second row) the July flood event, simulated using the ParFlow/
CLM hydrological model
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In this study, failure is defined by a limit state function 
(LSF) where the simulated peak discharge is less than 90% 
of the observed value. Q, which inherently reflects the com-
bined uncertainties from the atmospheric input data, the 
initial and boundary conditions, and the ML model param-
eters. Both observed and simulated Q values are analyzed, 
and several candidate probability density functions (PDFs), 
including Normal, Lognormal, Gamma, Weibull, Exponen-
tial, and Generalized Extreme Value (GEV) distributions, 
are evaluated using different statistical fitting methods (e.g., 
Kolmogorov–Smirnov, Anderson–Darling, and Akaike 
Information Criterion (AIC)). Based on standard goodness-
of-fit criteria, the Lognormal distribution is identified as 
providing the best fit for Q. The parameters of the selected 
Lognormal distribution, μ (mean of ln Q) and σ (standard 
deviation of ln Q), are determined through statistical esti-
mation from the combined observed and simulated Q data-
set. This approach ensures that the probabilistic assessment 
incorporates all relevant sources of uncertainty in a statisti-
cally consistent manner.

A key component of FORM involves identifying the 
Most Probable Point (MPP), the point on the LSF closest to 
the origin in the standard normal space, which represents the 
most likely failure scenario (Soltani et al. 2020, 2024). This 
is determined through an optimization process, typically 
solved using the Hasofer-Lind-Rackwitz-Fiessler (HLRF) 
algorithm, an iterative gradient-based method (Liu and 
Der Kiureghian 1991; Papaioannou and Straub 2021). The 
Euclidean distance from the origin to the MPP defines the 
reliability index (β), a measure of system safety. Using the 
standard normal cumulative distribution function (Φ (−β)), 
the failure probability is approximated as:

Pf = Φ(−β)� (7)

observed river discharge at time step i, respectively. The 
parameters y andY  denote the average values of the pre-
dicted and observed river discharge over the total number 
of time steps, N. The observed streamflow values (Yi) were 
obtained from river gauges records, while the predicted 
river discharge values (yi) were estimated using the simu-
lating model and GRU Convolutional model.

3.4.2  Probabilistic

The First-Order Reliability Method (FORM) (Madsen et 
al. 2006) is a widely recognized probabilistic technique 
used to evaluate the reliability of engineering systems. It 
offers an approximate yet efficient approach for estimating 
failure probabilities by transforming complex limit state 
functions (LSF) into a standardized, normally distributed 
space. While FORM is commonly applied in structural and 
mechanical reliability analysis, its utility extends to hydrol-
ogy, particularly in assessing uncertainties related to water 
resources, flood risk, and hydrological modeling. Research 
by Soltani et al. (2020, 2024) has demonstrated the effec-
tiveness of FORM in evaluating probabilistic risks associ-
ated with water systems.

At the heart of FORM is the LSF, which delineates the 
boundary between safe and failure conditions based on 
uncertain system parameters. The failure condition arises 
when the system enters an undesirable state. Given that these 
random variables may follow different probability distribu-
tions, FORM transforms them into a standard normal space 
with independent variables, zero mean, and unit variance. 
For the purposes of this study, a failure condition is defined 
as a situation where the simulated peak discharge (Q peak, 
simulated) is less than 90% of the observed or expected 
peak discharge (Q peak, observed). The corresponding LSF 
for this failure condition can be expressed as:

LSF = Qpeak, simulated − 0.9∗Q peak, simulated� (6)

Table 3  The final selected hyperparameters in machine learning modeling
Points Num. of 

convolu-
tional layers

Filters Kernel 
sizes

Activation 
functions

Optimizer Learn-
ing rate

Batch 
size

Num. of 
epochs

Num. 
of 
GRU 
units

Kordel-Kyll With SWC 1 32 3 relu rmsprop 0.001 105 125 45
Without SWC 1 50 3 relu rmsprop 0.001 120 120 40

Jünkerath-Kyll With SWC 1 32 3 relu rmsprop 0.001 120 130 30
Without SWC 1 25 5 relu rmsprop 0.001 130 120 35

Altenahr-Ahr With SWC 1 32 3 relu rmsprop 0.001 100 120 30
Without SWC 1 50 3 relu rmsprop 0.001 100 120 35

Prüm2-Prüm With SWC 1 50 3 relu adam 0.001 120 120 40
Without SWC 1 50 5 relu adam 0.001 100 120 40

Prümzurlay-Prüm With SWC 1 32 3 relu rmsprop 0.001 120 150 40
Without SWC 1 28 3 relu rmsprop 0.001 90 140 40
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zonal wind components, surface air pressure, total precipi-
tation, and downward shortwave and longwave radiation 
at the surface (see sect 3.1.2). In the second model, SWC 
derived from ParFlow/CLM simulations was added as an 
additional predictor, increasing the number of input features 
to nine. This integration was designed to evaluate the contri-
bution of hydrological variables to the predictive accuracy 
of the GRU-convolutional framework and to examine their 
role in enhancing flood prediction capability. Model outputs 
were finally compared against observed river discharge at 
each station during the testing period to assess performance.

To carry out the task using the GRU Convolutional 
model, the dataset was divided into training and testing sets. 
Previous studies have shown that the impact of dataset size 
and train/test splits on model performance can vary widely, 
and no single ratio is universally optimal (Rácz et al. 2021; 
Joseph 2022; Joseph and Vakayil 2022). The choice depends 
on the problem context, model type, and study objectives. 
In this work, we deliberately adopted a 72%/28% split to 
strike a balance between training sufficiency and testing 
reliability. In this partition, the testing set includes major 
flood peaks to allow meaningful evaluation, while the ini-
tial rising stages of floods are retained in the training set 
to ensure the model can learn the early dynamics of flood 
development. Temporal dependencies were captured by 
incorporating a look-back window of 15 time steps as input. 
The model architecture consisted of a three-layer network, 
including one convolutional layer, one GRU layer, and one 
Dense layer.

4  Results

4.1  Simulated SWC by ParFlow/CLM

Figure 5a shows simulated soil water content (SWC) at 
6-hour intervals during July 14–15, showing spatial and 
temporal variations in response to rainfall inputs. Figure 5b 
shows precipitation forcing fields at the same time steps, 
indicating the timing and intensity of rainfall events that 
drive changes in SWC. The comparison highlights how 
SWC dynamics follow precipitation pulses, reflecting infil-
tration, water retention, and subsequent drainage. The simu-
lations were performed with the ParFlow/CLM model at 
an hourly time step and a horizontal resolution of 0.0055° 
(~611 m).

4.2  GRU-convolutional model calibration and 
validation

In this study, five existing hydrometric stations, each located 
in a distinct basin, were used to capture variations in river 
discharge during the study period (Table 1). For each sta-
tion, two GRU-Convolutional based models were devel-
oped and validated: one using only atmospheric variables 
and the other incorporating both atmospheric and hydro-
logical information. In the first model, the input dataset con-
sisted of eight atmospheric predictors, identical to the input 
variables used in the ParFlow/CLM model, namely near-
surface air temperature, specific humidity, meridional and 

Fig. 6  Simulated hourly hydrograph of by AI-based (with and without SWC), ParFlow/CLM model and observed hourly discharge over flood 
event period (July 14–15, 2021) at individual stations
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included key parameters such as learning rate, batch size, 
number of GRU units, number of convolutional layers, fil-
ter sizes, and kernel sizes. The scoring metric was negative 
mean squared error (neg_mean_squared_error), with mean 
squared error (MSE) as the loss function. Several additional 

Hyperparameter tuning was performed using Grid-
SearchCV with 3-fold cross-validation on the training set, 
while the testing set was reserved exclusively for final eval-
uation. The Keras model (keras_model) was used as the esti-
mator, and the hyperparameter search space (param_grid) 

Fig. 7  The comparison of predicted 
maximum discharge values by 
three different discharge prediction 
methods at different stations
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using the GRU Convolutional model under two scenarios, 
one incorporating SWC (as output from ParFlow/CLM) and 
one without SWC.

Figure 6 shows Hourly hydrograph of five stations, Alte-
nahr-Ahr, Jünkerath-Kyll, Kordel-Kyll, Prüm2-Prüm and 
Prümzurlay-Prüm during the July (14–15 th) 2021 flood 
event. It compares observed and simulated discharge using 
different approaches, highlighting the impact of soil mois-
ture data on flood prediction accuracy. Streamflow simulated 
by ParFlow/CLM performs well but slightly underestimates 
peak flows. The AI model with soil moisture closely follows 

hyperparameters were fine-tuned through a trial-and-error 
process (see section 3.3).

The entire model was implemented in Python using the 
TensorFlow and Keras libraries. The final network architec-
ture and the optimized hyperparameters are summarized in 
Table 3.

4.3  Streamflow Analysis

In the first phase of this study, SWC and streamflow were 
estimated. In the second phase, streamflow was simulated 

Table 4  A comparative analysis of three modeling approaches: AI-With SWC, AI-Without SWC, and ParFlow/CLM for predicting streamflow 
across five locations. The models are evaluated based on Absolute Bias, RMSE, R, MAE, and R2

Points Absolute Bias RMSE Correlation MAE R2

Kordel-Kyll AI-With SWC 4.1929 27.7371 0.9828 11.0216 0.91630
AI-Without SWC 20.9559 57.9778 0.9661 21.2242 0.63433
ParFlow/CLM 17.15 37.293 0.984 17.15 0.969

Jünkerath- Kyll AI_With SWC 0.6007 9.3555 0.9444 3.4461 0.8834
AI_Without SWC 0.9208 9.5128 0.9386 3.2556 0.8794
ParFlow/CLM 3.658 11.813 0.958 3.785 0.917

Altenahr-Ahr AI_With SWC 9.0267 71.7738 0.9359 22.0865 0.7406
AI_Without SWC 9.8128 70.1750 0.9473 22.7961 0.752
ParFlow/CLM 7.241 70.522 0.920 16.089 0.847

Prüm2-Prüm AI_With SWC 1.6971 5.4026 0.9703 1.9168 0.7879
AI_Without SWC 1.1665 5.2094 0.9288 1.9288 0.8166
ParFlow/CLM 1.5 6.917 0.914 1.744 0.836

Prümzurlay- Prüm AI_With SWC 1.1060 28.8903 0.9463 10.2930 0.8932
AI_Without SWC 8.0246 35.4170 0.9490 10.7674 0.8401
ParFlow/CLM 13.011 37.481 0.97 13.046 0.94

Fig. 8  Simulated Accumulated hourly discharge by AI-based (with and without SWC), ParFlow/CLM model and observed hourly discharge over 
flood event period (July 14–15, 2021) at individual stations
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systematic underestimation, especially at Kordel-Kyll and 
other Prüm locations. The ParFlow/CLM model performed 
better than the AI model without SWC but still underesti-
mated discharge in most cases. Overall, incorporating SWC 
clearly improved prediction accuracy, particularly in regions 
where soil moisture strongly influences streamflow.

From a flood-warning perspective, a slight overesti-
mation of discharge is generally more advantageous than 
underestimation. Over-prediction ensures that local authori-
ties and communities are alerted to a potentially higher level 
of risk, which promotes stronger preparedness and precau-
tionary measures. This proactive bias reduces the likelihood 
of overlooking critical flood hazards, thereby enhancing the 
reliability and safety of early-warning systems. In practice, 
such a conservative approach increases the margin of safety 
for decision-making, emergency planning, and resource 
mobilization, ultimately contributing to more effective risk 
management during extreme hydrological events.

Figure 8 illustrates the accumulated hourly discharge at 
five selected stations during the flood event of July 14–15, 
2021. From the perspective of total flood volume pass-
ing through each station, the AI-based model with SWC 
shows the closest agreement with the observed cumulative 
hydrographs, particularly at Prümzurlay-Prüm and Jünker-
ath-Kyll. This highlights the critical role of soil moisture 
information, which substantially improves the simulation 
of runoff generation and flood propagation. Nevertheless, at 
Kordel-Kyll, Prüm2-Prüm, and Altenahr-Ahr, the AI-based 
model with SWC slightly overestimates flood volumes. This 
tendency may be related to the smoother recession limb of 
the simulated hydrographs (see Fig. 6), which declines more 
gradually than the observed hydrographs across all stations. 
The AI model without SWC, by contrast, considerably 
underestimates discharge at Kordel-Kyll and Prümzurlay-
Prüm while overestimating it at the other three stations. 
Unlike the models incorporating SWC, which exhibit more 

the observed data, effectively capturing both the peak and 
recession of the flood. In contrast, the AI model without soil 
moisture underestimates the peak at Prümzurlay-Prüm and 
overestimates it at Altenahr-Ahr, demonstrating the crucial 
role of soil moisture data. The improved performance of 
the AI model with SWC, particularly in capturing the rising 
limb of the hydrograph, can be directly attributed to its abil-
ity to leverage the antecedent moisture conditions simulated 
by ParFlow/CLM (Fig. 5), which showed near-saturated 
soils prior to the main rainfall event. The AI model that 
incorporates soil moisture provides significantly better pre-
dictions, making it a valuable tool for flood forecasting and 
risk management. This finding suggests that including soil 
moisture conditions in flood prediction models can improve 
preparedness and response efforts for extreme weather 
events. In terms of hydrograph timing, all models showed 
a slight delay in reaching peak discharge relative to the 
observed flood hydrographs. While this lag is minimal, it 
remains operationally relevant, as precise peak-flow timing 
is critical for effective flood warnings, emergency decision-
making, and response planning. Importantly, the fact that 
the delay is very small highlights the overall robustness of 
the models. Among them, the AI-based model with SWC 
stands out, as it reproduced the timing of peak discharge 
with the highest accuracy—matching observed peaks at 
four out of the five stations.

For a more detailed investigation of the flood peak and 
volume, Fig. 7 and 8 are provided. Figure 7 compares the 
performance of three discharge prediction methods: the AI-
based model with SWC (blue), the AI-based model without 
SWC (green), and the ParFlow/CLM model (black), against 
observed values (red). The AI-based model with SWC con-
sistently provided more accurate estimates across locations, 
with slight over-prediction at Altenahr-Ahr and under-pre-
diction at some sites such as Prümzurlay-Prüm and Jünker-
ath-Kyll. In contrast, the AI model without SWC showed 

Fig. 9  Spider diagrams comparing the performance of the three different discharge prediction methods Across the five study locations by key 
evaluation metrics: Absolute Bias, RMSE, MAE along with Correlation, and R2
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model’s ability to simulate streamflow accurately. Addition-
ally, the higher correlation (R) and R2 values for AI-With 
SWC suggest a stronger agreement between predicted and 
observed values. For example, at Kordel-Kyll, AI-With 
SWC achieves an RMSE of 27.7371, significantly lower 
than the 57.9778 recorded for AI-Without SWC. This dem-
onstrates the importance of SWC in improving AI-based 
hydrological modeling.

ParFlow/CLM, a physics-based hydrological model, per-
forms well overall but exhibits higher Absolute Bias and 
RMSE in certain locations compared to AI models. In some 
cases, it achieves higher R and R2 values, reflecting strong 
agreement between observed and simulated streamflow. 
For instance, at Jünkerath-Kyll, ParFlow/CLM achieves an 
R2 of 0.917, outperforming both AI models. However, at 
Altenahr-Ahr, while it has a lower correlation coefficient (R 
= 0.920) than AI models, it achieves a significantly lower 
MAE (16.089) compared to AI models (~22), suggesting 
that it may provide more reliable estimates under certain 
conditions.

consistent behavior across all locations, this model shows 
lower generalizability, as it does not account for the influ-
ence of soil moisture and other physics-based parameters. 
These deviations indicate that neglecting SWC leads to less 
accurate simulations of flood volume and runoff dynamics. 
The ParFlow/CLM model generally underestimates dis-
charge compared to observations, except at Altenahr-Ahr. 
Nevertheless, it successfully reproduces the overall dis-
charge trends at all stations, demonstrating the reliability 
of physics-based models for simulating flood events. The 
minor underestimations suggest that further model calibra-
tion or higher-resolution input data may be necessary to 
improve predictive accuracy.

Table 4 presents a comparative analysis of three model-
ing approaches: AI-With SWC, AI-Without SWC, and Par-
Flow/CLM, for predicting streamflow across five stations 
during the flood event July 2021. Consistent with the previ-
ous results, an important finding is that AI-With SWC con-
sistently outperforms AI-Without SWC across the majority 
of locations. This is evident in the lower RMSE and MAE 
values, which indicate that incorporating SWC enhances the 

Fig. 11  Scatter plot showing relationship between slope and RMSE 
for three catchments (Ahr, Kyll, and Prüm) under different modeling 
configurations: AI with SWC, AI without SWC, and ParFlow/CLM. 

Colored markers represent individual gauging stations, while shaded 
ellipses highlight catchment-specific groupings

 

Fig. 10  Taylor diagram comparing the performance of the three different discharge prediction methods across five study stations
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values between 0 and 1. As R2 and correlation are between 
0 and 1, they remain the same. Generally, the spider dia-
gram represents that the AI-based model with the inclusion 
of SWC generally leads to a more reliable model.

A detailed analysis of the spider diagrams and evalua-
tion metrics indicates that all three models at Prüm2-Prüm 
and Jünkerath-Kyll exhibit lower normalized Absolute Bias, 
RMSE, and MAE (close to 0), along with higher R2 and 
correlation. In contrast, at Altenahr-Ahr, all models show 
higher normalized Absolute Bias, RMSE, and MAE, cou-
pled with lower R2 and correlation.

Figure 10 demonstrates Taylor diagrams. An interesting 
result obviously captured from the Taylor diagram is that 
all three models exhibit similar performance patterns across 
the study locations. Notably, weakest model performance is 
seen in Altenahr-Ahr across all models, while Prüm2-Prüm 
and Jünkerath-Kyll demonstrate the strongest model perfor-
mance. Meanwhile, the models perform moderately well in 
Kordel-Kyll and Prümzurlay-Prüm.

The performance variations observed in the Taylor dia-
gram (Fig. 10) can be explained by key hydrological and 
geomorphological factors, as illustrated in SM. Figs. 1–3. 
One of the primary factors influencing model performance 
is slope (SM. Figure 1). The Ahr basin exhibits a steeper 
slope compared to the other study locations, and as shown 
in Fig. 11, Altenahr-Ahr consistently falls in the high-slope, 
high-RMSE region across all three modeling configurations 
(AI with SWC, AI without SWC, and ParFlow/CLM). Steep 
slopes lead to faster runoff responses and higher hydrologi-
cal variability, making streamflow predictions more chal-
lenging. This could explain why Altenahr-Ahr shows the 
weakest model performance across all three models. Another 
important factor is stream order (SM. Fig. 2). Higher stream 
orders typically correspond to more consistent flow regimes, 
as they integrate larger contributing areas and exhibit more 
consistent hydrological behavior. SM. Fig. 2 compares the 
stream network structures and stream order lengths for the 
Ahr, Kyll, and Prüm basins, showing how these differences 
can shape flood hydrographs. The Ahr basin has a large pro-
portion of first-order streams combined with moderate sec-
ond- and third-order channel lengths, suggesting a mixed 
response: rainfall on the smaller tributaries produces a quick 
rise in discharge, while flow routing through longer higher-
order channels delays part of the runoff, leading to a mod-
erately flashy hydrograph with an extended recession. The 
Kyll, in contrast, shows a relatively balanced distribution 
of stream lengths across orders 1–3, which tends to spread 
runoff contributions over time. This usually produces a 
smoother hydrograph with a less pronounced peak and lon-
ger lag time. The Prüm basin is dominated by first-order 
streams, with minimal second-order contributions, indicat-
ing rapid concentration of runoff. This configuration favors 

The performance of each model also varies across dif-
ferent locations. At Kordel-Kyll and Prümzurlay-Prüm, the 
inclusion of SWC in AI models leads to the most significant 
improvements, highlighting the critical role of soil moisture 
in runoff generation in these areas. In contrast, at Jünkerath-
Kyll, the performance difference between AI-With SWC 
and AI-Without SWC is minimal, suggesting that other fac-
tors, such as rainfall characteristics or land use, may have a 
stronger influence on streamflow.

At Altenahr-Ahr and Prüm2-Prüm, the AI model without 
SWC slightly outperformed the model with SWC in terms 
of RMSE and R2. While this could partly be due to statisti-
cal variability, it may also reflect the hydrological charac-
teristics of these basins. Altenahr-Ahr is relatively steep and 
fast-responding catchment, where flood peaks are driven 
more directly by high-intensity rainfall than by antecedent 
soil moisture conditions. In such environments, the inclu-
sion of ParFlow-simulated SWC may introduce additional 
noise or bias, stemming from uncertainties in the soil mois-
ture simulation, that can offset its potential benefits. This 
highlights that the value of SWC information is likely to be 
basin-dependent, with the greatest benefits observed in flat-
ter, slower-responding catchments.

The findings suggest that incorporating SWC into AI 
models improves their predictive accuracy and helps reduce 
errors in streamflow simulation. However, ParFlow/CLM 
remains a robust alternative, particularly in locations where 
physical processes dominate streamflow dynamics. Given 
the strengths of both approaches, a modeling framework 
that integrates AI techniques with physics-based hydrologi-
cal modeling may provide the most accurate and reliable 
flood predictions.

Figure 9 illustrates the spider diagram for the five loca-
tions providing a comparative visualization of the three 
modeling approaches based on five performance metrics: 
Absolute Bias, RMSE, Correlation, MAE, and R2. Each 
axis represents a metric and since these metrics have dif-
ferent scales, a normalization process was applied to ensure 
fair comparisons, Hence, Absolute Bias, RMSE and MAE 
are normalized using min-max normalization to rescale the 

Table 5  The performance and reliability of different models based on 
the FORM

Pf
Gauges AI_With 

SWC (%)
AI_Without 
SWC (%)

Par-
Flow/
CLM 
(%)

Kordel-Kyll 2.90 20 6.45
Jünkerath-Kyll 2.58 6.129 6.45
Altenahr-Ahr 5.16 4.83 2.90
Prüm2-Prüm 2.25 7.09 7.41
Prümzurlay-Prüm 2.58 6.45 7.41
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While this event provided an exceptional test case due to 
its severity, data availability, and spatial extent, this focus 
introduces an inherent limitation: the model’s performance 
on more common, less severe flood events and across differ-
ent hydrological seasons remains unknown. Consequently, 
the results should be interpreted primarily as a proof-of-
concept demonstrating the integration of physics-based soil 
water content forecasts within a data-driven flood prediction 
framework for extreme events, rather than as evidence of a 
fully generalizable system. However, previous studies have 
shown that physics-informed and AI-based models, espe-
cially those based on continuous simulations rather than 
solely event-based training, can effectively capture hydro-
logical dynamics across a wider range of conditions (Huynh 
et al. 2025; Duan et al. 2023; Zhang et al. 2024). This sug-
gests promising potential for extending such models beyond 
single event scenarios.

This limitation reflects a broader challenge in AI-based 
hydrological modeling. Models trained on long-term data-
sets typically reproduce seasonal or average flow dynamics 
well but tend to underrepresent sharp, high-magnitude peaks 
(eg., Di Nunno et al. 2023, Izadi et al. 2024). Such peaks 
may result from short, intense convective storms, rapid 
snowmelt, or prolonged rainfall. Because these extremes 
occur far less frequently than typical seasonal discharges 
and exhibit greater variability in historical records, AI-mod-
els learn them less effectively, which limits predictive skill 
for rare but critical flood events. Future work should expand 
the model evaluation to a broader range of flood events and 
hydrological regimes, explicitly testing performance across 
moderate and severe floods, seasons, and rainfall mecha-
nisms. In parallel, integrating adaptive strategies, such as 
dynamic model switching and continuous learning, could 
enhance robustness, enabling reliable real-time forecasting 
under diverse and evolving hydrological conditions.

5.2  Addressing Potential Data Leakage and Feature 
Synergy

An important consideration in our study is that the machine 
learning model receives both the original atmospheric 
variables and soil water content (SWC) derived from the 
ParFlow/CLM model, which itself is driven by the same 
atmospheric inputs. This raises the possibility of data leak-
age, where the SWC is not an independent source of infor-
mation but a complex, physics-based transformation of the 
input variables. Rather than a drawback, we view this as a 
strength, with ParFlow/CLM effectively serving as a phys-
ics-based feature engineering step that enriches the input 
space with hydrologically meaningful variables. This high-
lights the value of integrating process-based modeling with 

steep rising limbs, sharp flood peaks, and short response 
times, especially during small to moderate storms. Thus, the 
hydrograph behavior across these basins reflects how the 
organization of stream orders controls both flood timing and 
magnitude. Lastly, the topologic width function (SM. Fig. 
3) further supports these observations. The width function 
is essentially a histogram of contributing stream links as a 
function of their distance to the outlet. Peaks in the curve 
indicate where many tributaries occur at similar distances, 
meaning synchronized flow arrivals at the outlet, which can 
produce sharper flood peaks in the hydrograph. The topo-
logic width function for Ahr shows a more irregular distri-
bution compared to Kyll and Prüm, indicating more variable 
flow accumulation patterns, which increases the complexity 
of streamflow prediction in the Ahr basin. In contrast, the 
more uniform width functions observed in Prüm and Kyll 
basins suggest a more predictable hydrological response, 
aligning with their stronger model performance.

Table 5 provides insights into the performance and reli-
ability of different models based on the FORM: AI-based 
models with and without SWC and the ParFlow/CLM mode 
across various locations. The AI-based model with SWC 
consistently shows the lowest probability of failure (Pf), 
indicating the highest reliability in discharge prediction. 
Altenahr-Ahr (5.16%) has the highest Pf within this model, 
suggesting greater uncertainty compared to other locations. 
The AI model without SWC shows significantly higher Pf, 
especially at Kordel-Kyll (20%), highlighting the impor-
tance of soil moisture data in improving model accuracy. 
ParFlow/CLM generally performs better than AI without 
SWC but still exhibits moderate failure probabilities, par-
ticularly at Prümzurlay-Prüm (7.41%). Kordel-Kyll has the 
highest variation in Pf across models, reinforcing the neces-
sity of incorporating SWC for reliable predictions. Overall, 
AI_with SWC is the most robust, while AI_without SWC 
struggles with under-prediction, and ParFlow/CLM remains 
moderately reliable.

This suggests that in steep, fast-responding catchments, 
the benefits of including detailed soil moisture information 
may be less pronounced, and model performance might 
be more sensitive to the temporal resolution and accuracy 
of the precipitation forcing. In contrast, in flatter, slower-
responding catchments, accurate antecedent soil moisture is 
likely to be a dominant control on flood generation

5  Discussion

5.1  Limitations of the Single-Event Approach

This study’s analysis, training, and validation were con-
ducted exclusively on the July 2021 extreme flood event. 
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by 1.7%–6.4%, depending on the location. The R2 value 
improved from 0.634 to 0.916 at Kordel-Kyll when SWC 
was included, emphasizing the critical role of soil moisture 
in runoff generation and flood dynamics. These findings 
reinforce the importance of incorporating SWC into predic-
tive models for improved flood forecasting accuracy.

While machine learning offers promising improvements, 
challenges remain. The generalization of AI models across 
diverse catchments, the need for high-resolution hydrome-
teorological data, and model interpretability are key areas 
requiring further investigation. Additionally, integrating AI-
driven predictions with physically based models like Par-
Flow/CLM could lead to more accurate predictions.

Future research should focus on refining integrated 
modeling approaches by enhancing the coupling between 
machine learning models and physics-based hydrologi-
cal simulations. For example, such a framework could be 
used to drive a process-based model to assess how differ-
ent terrain scenarios impact hydrological simulations or to 
evaluate future flood risks under various climate projec-
tions (Marshall et al. 2025). Expanding observational net-
works to collect real-time soil moisture and hydrological 
data will further improve model reliability. Moreover, the 
development of adaptive AI models capable of learning 
from new extreme flood events will be essential for improv-
ing resilience in flood-prone regions. Additionally, imple-
menting real-time flood forecasting systems that integrate 
machine learning with hydrological models could provide 
more accurate and timely flood warnings, ultimately aiding 
disaster preparedness and water resource management. By 
addressing these challenges and fostering interdisciplinary 
collaboration, future advancements in hydrological model-
ing can better equip society to mitigate the increasing risks 
of extreme flooding events driven by climate change.
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data-driven approaches to capture system dynamics more 
comprehensively.

Regarding independent sources of SWC, several well-
established satellite-derived and remote sensing datasets 
are available (e.g., Sentinel-1, GLEAM, and ERA5-Land). 
Although the scientific value of these products has been 
demonstrated in numerous studies, their relatively coarse 
temporal and/or spatial resolution, rendered them unsuitable 
for inclusion in the final analysis.

Future work should systematically compare the relative 
benefits of physics-based SWC against satellite observa-
tions and other advanced feature engineering techniques 
applied directly to atmospheric variables. Such comparative 
studies would help disentangle the unique contributions of 
each data source and optimize hybrid modeling frameworks 
for improved flood prediction.

5.3  Understanding Streamflow Observation and 
Estimation

In this study, direct measurements of water levels provided 
the foundation for estimating streamflow. Streamflow val-
ues were typically derived from site-specific water level–
discharge (W-Q) relationships, which allowed for consistent 
and reliable calculations under normal monitoring condi-
tions. However, challenges arose during periods when water 
level data were unavailable. These situations commonly 
occurred when extreme floods damaged monitoring equip-
ment, when river stages exceeded the calibrated W-Q range, 
or when morphological changes in the riverbed altered flow 
dynamics. Under such circumstances, streamflow could not 
be derived directly from W-Q relationships. Instead, esti-
mates were obtained using hydraulic modeling approaches 
or, when appropriate, through data interpolation from 
nearby gauging stations. These alternative methods intro-
duced additional uncertainties but ensured the continuity of 
streamflow records during critical hydrological events.

6  Conclusions and Future Perspectives

This study highlights the effectiveness of informing 
machine learning with simulation results from a physically 
based hydrological model (ParFlow/CLM) to improve flood 
forecasting. The results demonstrate that incorporating soil 
water content (SWC) significantly enhances the accuracy of 
river discharge predictions. AI-based models, particularly 
those utilizing SWC as an input, showed stronger agreement 
with observed discharge compared to AI models without 
SWC and the standalone ParFlow/CLM model. Specifi-
cally, the AI model with SWC achieved an RMSE reduc-
tion of up to 51% and an increase in correlation (R) values 
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