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Kurzfassung 

 
Die vorliegende Dissertation beschäftigt sich mit der Anwendung und Weiterentwicklung phy-

sikalisch basierter, räumlich verteilter Niederschlag-Abfluss-Modelle. Diese Modelle simulie-

ren die hydrologischen Prozesse detailliert und berücksichtigen dabei die räumlichen und zeit-

lichen Dynamiken hydrologischer Variablen. Die konventionelle Modellbewertung basiert 

überwiegend auf Abflussdaten, was zu einer eingeschränkten Darstellung der Einzugsgebiets-

dynamik führen kann. Die Arbeit unterstreicht daher die Notwendigkeit, eine umfassendere 

Bewertung der Modelle zu implementieren, die sowohl interne hydrologische Prozesse als 

auch andere Wasserbilanzkomponenten einbezieht. 

Ein wesentliches Element der Dissertation ist die kritische Analyse der Auswahl und An-

wendung von Pedo-Transfer-Funktionen (PTFs). Diese Funktionen sind entscheidend für die 

Parametrisierung von Bodenwasserretentions- und Hydraulikeigenschaften. Es wird gezeigt, 

dass die Wahl der PTFs erheblichen Einfluss auf die Modellsensitivität in Bezug auf die räum-

liche Verteilung dieser Eigenschaften und auf die Simulation der hydrologischen Prozesse hat. 

Durch den Einsatz verschiedener PTFs in einem kalibrierten und validierten Modell konnte 

die Variabilität der Simulationsergebnisse bezüglich der Bodenfeuchte, der Evapotranspiration 

und der Abflusskomponenten deutlich dargestellt werden. 

 

1. Manuskript: Evaluation des hydrologischen Modellverhaltens unter Nutzung 

eines Multi-Kriterien-Bewertungsschemas, das sowohl quantitative als auch qualitative 

Daten integriert. Hierdurch konnten optimale Parameterkonfigurationen für Boden und 

Vegetation identifiziert werden, die zu konsistenten Simulationsresultaten für Transpi-

ration und Bodenwasser im Vergleich zu gemessenen Daten führten. 
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2. Manuskript: Es behandelt die Sensitivität des Wasserhaushaltsmodells bezüg-

lich der Auswahl von PTFs in einem kleinen Einzugsgebiet in Bayern. Durch Variation 

der PTFs in einem kalibrierten Modell wurden deren Auswirkungen auf die räumliche 

Verteilung der Bodenhydraulikeigenschaften sowie auf die Wasserbilanz und die räum-

lich-zeitliche Variation der Abflusskomponenten aufgezeigt 

 

3. Manuskript: Fokussiert auf die Verbesserung der räumlichen Darstellung do-

minanter Abflussprozesse in einem mesoskaligen Einzugsgebiet in Südwestdeutsch-

land. Die Anwendung einer räumlichen Leistungsmetrik (SPAEF) ermöglichte den Ver-

gleich der simulierten Muster mit den Mustern, die aus digitalen Bodenkarten abgeleitet 

wurden, und zeigte eine hohe Variabilität in Bezug auf Landnutzung, Topographie und 

angewandte Niederschlagsraten. 

 

Die Ergebnisse der Dissertation tragen zur Lösung der in der hydrologischen Forschung 

identifizierten Probleme bei, insbesondere in Bezug auf die räumliche Variabilität und die Me-

thoden der Modellierung. Sie bieten neue Perspektiven für die Kalibrierungsverfahren, die da-

rauf abzielen, plausible Dynamiken (sowohl räumlich als auch zeitlich) der hydrologischen 

Prozesse innerhalb des Wassereinzugsgebiets zu reproduzieren. Die weiterführenden Untersu-

chungen, die in dieser Arbeit gefördert werden, sind von großer Bedeutung für die Entwick-

lung umfassender Modellkalibrierungsstrategien, die multiple Datenquellen simultan berück-

sichtigen und somit zu nachhaltigeren Wasserwirtschaftsentscheidungen beitragen können. 
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Summary 

 
Physically-based distributed rainfall-runoff models as the standard analysis tools for hydrolog-

ical processes have been used to simulate the water system in detail, which includes spatial 

patterns and temporal dynamics of hydrological variables and processes (Davison et al., 2015; 

Ek and Holtslag, 2004). In general, catchment models are parameterized with spatial infor-

mation on soil, vegetation and topography. However, traditional approaches for evaluation of 

the hydrological model performance are usually motivated with respect to discharge data alone. 

This may thus cloud model realism and hamper understanding of the catchment behavior. It is 

necessary to evaluate the model performance with respect to internal hydrological processes 

within the catchment area as well as other components of water balance rather than runoff 

discharge at the catchment outlet only. In particular, a considerable amount of dynamics in a 

catchment occurs in the processes related to interactions of the water, soil and vegetation. 

Evapotranspiration process, for instance, is one of those key interactive elements, and the pa-

rameterization of soil and vegetation in water balance modeling strongly influences the simu-

lation of evapotranspiration. Specifically, to parameterize the water flow in unsaturated soil 

zone, the functional relationships that describe the soil water retention and hydraulic conduc-

tivity characteristics are important. To define these functional relationships, Pedo-Transfer 

Functions (PTFs) are common to use in hydrological modeling. Opting the appropriate PTFs 

for the region under investigation is a crucial task in estimating the soil hydraulic parameters, 

but this choice in a hydrological model is often made arbitrary and without evaluating the 

spatial and temporal patterns of evapotranspiration, soil moisture, and distribution and inten-

sity of runoff processes. This may ultimately lead to implausible modeling results and possibly 

to incorrect decisions in regional water management. Therefore, the use of reliable evaluation 

approaches is continually required to analyze the dynamics of the current interactive hydro-

logical processes and predict the future changes in the water cycle, which eventually contrib-

utes to sustainable environmental planning and decisions in water management. 
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Remarkable endeavors have been made in development of modelling tools that provide in-

sights into the current and future of hydrological patterns in different scales and their impacts 

on the water resources and climate changes (Doell et al., 2014; Wood et al., 2011). Although, 

there is a need to consider a proper balance between parameter identifiability and the model's 

ability to realistically represent the response of the natural system. Nevertheless, tackling this 

issue entails investigation of additional information, which usually has to be elaborately as-

sembled, for instance, by mapping the dominant runoff generation processes in the intended 

area, or retrieving the spatial patterns of soil moisture and evapotranspiration by using remote 

sensing methods, and evaluation at a scale commensurate with hydrological model (Koch et 

al., 2022; Zink et al., 2018). The present work therefore aims to give insights into the modeling 

approaches to simulate water balance and to improve the soil and vegetation parameterization 

scheme in the hydrological model subject to producing more reliable spatial and temporal pat-

terns of evapotranspiration and runoff processes in the catchment.  

An important contribution to the overall body of work is a book chapter included among 

publications. The book chapter provides a comprehensive overview of the topic and valuable 

insights into the understanding the water balance and its estimation methods.   

Moreover, the first paper aimed to evaluate the hydrological model behavior with respect 

to contribution of various sources of information. To do so, a multi-criteria evaluation metric 

including soft and hard data was used to define constraints on outputs of the 1-D hydrological 

model WaSiM-ETH. Applying this evaluation metric, we could identify the optimal soil and 

vegetation parameter sets that resulted in a “behavioral” forest stand water balance model. It 

was found out that even if simulations of transpiration and soil water content are consistent 

with measured data, but still the dominant runoff generation processes or total water balance 

might be wrongly calculated. Therefore, only using an evaluation scheme which looks over 

different sources of data and embraces an understanding of the local controls of water loss 

through soil and plant, allowed us to exclude the unrealistic modeling outputs. The results 

suggested that we may need to question the generally accepted soil parameterization proce-

dures that apply default parameter sets.   

The second paper attempts to tackle the pointed model evaluation hindrance by getting 

down to the small-scale catchment (in Bavaria). Here, a methodology was introduced to ana-

lyze the sensitivity of the catchment water balance model to the choice of the Pedo-Transfer 
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Functions (PTF). By varying the underlying PTFs in a calibrated and validated model, we 

could determine the resulting effects on the spatial distribution of soil hydraulic properties, 

total water balance in catchment outlet, and the spatial and temporal variation of the runoff 

components. Results revealed that the water distribution in the hydrologic system significantly 

differs amongst various PTFs. Moreover, the simulations of water balance components showed 

high sensitivity to the spatial distribution of soil hydraulic properties. Therefore, it was sug-

gested that opting the PTFs in hydrological modeling should be carefully tested by looking 

over the spatio-temporal distribution of simulated evapotranspiration and runoff generation 

processes, whether they are reasonably represented.   

To fulfill the previous studies’ suggestions, the third paper then aims to focus on evaluating 

the hydrological model through improving the spatial representation of dominant runoff pro-

cesses. It was implemented in a mesoscale catchment in southwestern Germany using the hy-

drological model WaSiM-ETH. Dealing with the issues of inadequate spatial observations for 

rigorous spatial model evaluation, we made use of a reference soil hydrologic map available 

for the study area to discern the expected dominant runoff processes across a wide range of 

hydrological conditions. The model was parameterized by applying 11 PTFs and run by mul-

tiple synthetic rainfall events. To compare the simulated spatial patterns to the patterns derived 

by digital soil map, a multiple-component spatial performance metric (SPAEF) was applied. 

The simulated DRPs showed a large variability with regard to land use, topography, applied 

rainfall rates, and the different PTFs, which highly influence the rapid runoff generation under 

wet conditions. 

The three published manuscripts proceeded towards the model evaluation viewpoints that 

ultimately attain the behavioral model outputs.  It was performed through obtaining infor-

mation about internal hydrological processes that lead to certain model behaviors, and also 

about the function and sensitivity of some of the soil and vegetation parameters that may pri-

marily influence those internal processes in a catchment. Accordingly, using this understand-

ing on model reactions, and by setting multiple evaluation criteria, it was possible to identify 

which parameterization could lead to behavioral model realization. This work, in fact, will 

contribute to solving some of the issues (e.g., spatial variability and modeling methods) iden-

tified as the 23 unsolved problems in hydrology in the 21st century (Blöschl et al., 2019). The 
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results obtained in the present work encourage the further investigations toward a comprehen-

sive model calibration procedure considering multiple data sources simultaneously. This will 

enable developing the new perspectives to the current parameter estimation methods, which in 

essence, focus on reproducing the plausible dynamics (spatio-temporal) of the other hydrolog-

ical processes within the watershed.  
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1 Introduction and Objectives 

 
The current global climate change and land use intensification are causing significant alterations 

in the terrestrial water cycle. These changes in the process of transforming rainfall into runoff 

may result in heightened risks of drought and flooding events, which can negatively affect fresh-

water resources, ecosystem functioning, biodiversity, and various water-dependent socio-eco-

nomic sectors such as agriculture, forestry, energy, and transportation. The terrestrial water cy-

cle involves intricate interactions among subsurface, surface, and atmospheric processes that 

have significant impacts on the energy and carbon cycles. Due to the worldwide impact of these 

issues, extensive efforts have been made to develop modeling tools that can provide a forecast 

of the future large-scale hydrological patterns and their impacts (Wood et al., 2011; Doell et al., 

2014). Predicted changes in the water cycle at subnational, regional, and local levels aren't di-

rectly applicable to findings from global assessments. As a result, regional and local assessments 

of water cycles require either downscaling global climatic and hydrological models or develop-

ing models that are able to accurately represent spatial and temporal dynamics of the specific 

region. Rainfall-runoff models can provide a suitable approach for such analyses (Huang et al., 

2013; Surfleet et al., 2012). In the realm of hydrology, rainfall-runoff models have established 

themselves as the conventional tools for analyzing hydrological processes, due to their versatil-

ity and suitability for a wide variety of modelling approaches that can be adapted to fit diverse 

applications. 

In contrast to conceptual models, “physically-based” hydrological models (i.e., models in-

cluding equations based on principles of physics that incorporates information about the physi-

cal properties of the land surface, such as topography, soil properties, vegetation, and meteoro-

logical data) offer a more detailed representation of the terrestrial water system, including the 

spatial patterns and temporal dynamics of state and process variables. This more detailed repre-

sentation allows for a deeper understanding of the coupling fluxes between land and atmosphere, 

which are highly sensitive to both the temporal dynamics of atmospheric conditions and the 

spatial heterogeneity of land surface states. As such, the use of physically-based hydrological 
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models can facilitate a deeper understanding of land-atmosphere interactions, offering valuable 

insights into the functioning of the terrestrial water system (Davison et al., 2015; Ek and 

Holtslag, 2004). 

As we face anticipated changes in the terrestrial water cycle, there is a pressing need for 

modelling frameworks and approaches that are capable of capturing the complex variability in 

hydrologic processes at scales that are most relevant for local and regional water resource man-

agement. Moreover, these modeling frameworks should accurately simulate the interactions be-

tween various components of the water cycle at appropriate spatial and temporal scales, taking 

into account the local variability in environmental conditions. By utilizing such frameworks, it 

will thus be possible to enhance our understanding of the terrestrial water system and to develop 

effective strategies for managing water resources at various scales in the face of changing cli-

matic conditions. 

When applied at the catchment scale, physically-based hydrological models must account for 

the local topography and landscape characteristics which regulate the type of runoff generation 

processes (e.g., infiltration- or saturation excess flow) and the hydrological connectivity in both 

surface and subsurface flow paths. This is because these factors have a direct impact on the 

hydrological processes occurring within the catchment, and therefore must be accurately repre-

sented in the model to ensure reliable predictions. In other words, the physical features of a 

landscape, such as the shape of the land and the soil properties, can significantly impact how 

water flows through it, and this must be accounted for in any hydrological model aimed at pre-

dicting runoff patterns at catchment scale (Gupta et al., 2006; Ogden et al., 2013). Within 

mesoscale catchments (10 - 1000 km²), a set of specific questions arise due to future changes in 

climate and land use. For instance, questions related to water retention capacity and drought 

stress tolerance of the landscape resulting from water storage in soil and ground-water. These 

questions can be best addressed by using “distributed physically-based” hydrological models 

that accurately map the local water cycles (Fatichi et al., 2016). 

A calibrated model that accurately mimics the behaviour of a hydrologic system, also known 

as a "behavioural" model, is essential for predicting runoff patterns in ungagged catchments or 

when there are significant changes in land use or climate over time. According to Gupta et al. 

(2006), the fundamental characteristics of a behavioural hydrologic model are: (i) it produces 

input-state-output behaviour that matches with observed measurements; (ii) it generates accu-

rate predictions that are essentially unbiased; and (iii) its structure and behaviour align with our 
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current understanding of hydrological processes in the real world. Therefore, it is necessary for 

"Physically-based" models to exhibit coherence with observational evidence of process dynam-

ics that portray the performance of a natural hydrological system (Beven, 2002). In catchment 

modeling, spatial data on soil, vegetation, and topography are typically used to parameterize the 

models. These models simulate all aspects of the hydrological cycle but are often only calibrated 

using streamflow measurements at the catchment outlet. Available spatially distributed infor-

mation is often not considered adequately in model calibration and validation procedures. Spa-

tial knowledge on runoff generation processes (with relevant feedbacks on the other hydrologi-

cal variables) is not usually included in the model parameterization process and not used to 

define constraints in the parameter space. Furthermore, spatially-distributed land surface param-

eters, such as soil hydraulic properties, vegetation cover, and land use/cover, are often defined 

as static parameters without sufficient attention to their spatial and temporal fluctuations, as well 

as the techniques employed to obtain them. For example, when using Pedo-Transfer functions 

(PTFs) to estimate soil hydraulic properties and parameterize the soil, the effect of choosing 

different parameterization methods on runoff components and evapotranspiration is usually dis-

regarded. This approach may result in inadequate simulations of other hydrological components 

(rather than discharge) that are spatially distributed, while contradicting the notion of a behav-

ioural model. The resulting uncertainty in the representation of the variability of the hydrologi-

cal variable within a catchment then hampers the utility of the model predictions. There is thus 

a need to move away from the traditional calibration and evaluation framework including only 

aggregated observations to a more integrated framework that instead embraces spatially distrib-

uted observations, hydrological components others than discharge, and knowledge of runoff 

generation and soil hydraulic properties in the model evaluation process (Herman et al., 2018; 

Koch et al., 2017, 2016; Refsgaard, 2001; Stisen et al., 2008). 

Consequently, the objective of the present PhD thesis is to address the challenges involved 

in assessment approaches within the context of mesoscale hydrological modeling, and to de-

velop an evaluation framework that carefully considers information on distribution of internal 

process variables (also including their temporal and spatial patterns) in a hydrological boundary. 

The thesis aims to establish a multi-criteria evaluation approach for physically-based hydrolog-

ical modeling leveraging spatially detailed information on dominant runoff generation pro-

cesses, soil hydraulic properties, land cover, topography, as well as streamflow at the catchment 

outlet. Our approach involves utilizing the flexible framework of the WaSiM-ETH model to 
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create a representative mesoscale rainfall-runoff model that accurately captures the spatio-tem-

poral dynamics of the terrestrial water cycle at an hourly resolution. In order to effectively in-

corporate our current knowledge of the dominant runoff generation processes, which involve 

the interplay between topography, physical soil properties, groundwater levels, and land cover, 

into a behavioural model, we will account for the spatial heterogeneity of the catchment at a 

resolution of 50-100 meters. In the case of a mesoscale catchment, a resolution of 50 to 100 

meters is suitable for evaluating the impact of important land surface features, such as topogra-

phy and soil properties. As a "behavioural" model aims to replicate not just the catchment's 

overall runoff but also its spatial distribution, we intend to introduce novel spatial metrics into 

our evaluation process to analyze the dynamic temporal and spatial patterns of both runoff gen-

eration and water balance components within the catchment. The evaluation process thus incor-

porates discharge data at the catchment outlet, spatial data related to the dominant runoff gen-

eration and soil hydraulic properties, and also field observations of soil water content and plant 

transpiration. Through this multi-criteria evaluation approach, we will focus on addressing 

both global sources of uncertainty such as bias, as well as local uncertainties, such as the runoff 

generation processes and soil hydraulic properties. By ensuring proper evaluation, a behavioural 

physically-based model that is can effectively capture the impact of climate and land use varia-

tions. This, in turn, can enable us to understand how the hydrological cycle will respond to 

anticipated global environmental changes in the future. The PhD thesis at hand focuses on eval-

uating hydrological modeling with regard to different hydrological variables in three domains: 

(i) soil moisture content and transpiration in a plot scale in Luxembourg region; (ii) spatial dis-

tribution of soil hydraulic properties, and the spatio-temporal variation of the runoff components 

in a small catchment in Bavaria, Germany, and (iii) spatial patterns of dominant runoff genera-

tion processes in a mesoscale catchment in Rhineland-Palatinate, Germany. The proposed ap-

proach provides a novel tool for interpreting the model parameters with regard to their physical 

meaning related to the simulated hydrological processes and identifying parameter sets that sim-

ultaneously meet multiple objectives and lead to a behavioural model. 

The following chapter will provide a brief background to the topic. First, we start with the 

section 2.1 which is devoted to a book chapter as one of the publications included in this thesis, 

and it provides a significant contribution to the overall body of work by offering a comprehen-

sive overview of the topic and valuable insights into understanding the water balance and its 

estimation methods. Thereafter, section 2.2 explores the state of the art of modeling water fluxes 
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in the unsaturated zone and the interactions between soil, water, plants, and the atmosphere, 

followed by section 2.3 that discusses the model evaluation perspectives and their limitations. 

Finally, chapter 3 concludes the study by summarizing the key findings and presenting conclu-

sive remarks. Three papers published based on the thesis outcomes can be found in the Appen-

dix. 
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2 Scientific background  

 
Within this chapter, it is aimed to provide a concise background on the topic. The focal point of 

section 2.1 lies in a book chapter, which is among the publications encompassed in this thesis. 

This particular section holds immense significance within the overall body of work, as it imparts 

valuable insights into the overall topic, by introducing the estimation methods used to compre-

hend the water balance and its various components. Moving forward, section 2.2 delves into 

the state-of-the-art in modeling water fluxes within the unsaturated zone, exploring the intricate 

interactions that occur among soil, water, plants, and the atmosphere. Subsequently, section 2.3 

discusses the perspectives and limitations associated with evaluating the model. 

 

 

  



 
8 

 

 

 

 

2.1  Understanding the water balance and its estimation methods 
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2.2  Modeling water fluxes in the unsaturated zone  

 
The river basin or catchment is a typical geographical scale employed in the management of 

water resources. Within a catchment, all precipitation within the watershed merges at a singular 

discharge point. At this point, water can be perceived either as a potential threat or harm in 

relation to flooding, or as a means to fulfill human requirements such as irrigation or potable 

water. 

During the first century of hydrological modeling, models relied on manual calculations 

(such as Sherman, 1932; Mulvany, 1850, and Nash, 1959). These models were empirical and 

were developed through analyzing input and output data without considering hydrological pro-

cesses. With the advent of computer technology, many conceptual model codes were introduced, 

beginning with the Stanford Watershed IV in 1966, followed by various model codes still in use 

today, such as NAM (Nielsen & Hansen, 1973); Sacramento (Burnash & Ferral, 1973), and 

HBV (Bergström & Forsman, 1973). Although these conceptual models were based on sound 

hydrological process knowledge, they couldn't directly exploit point-scale process equations and 

data, as the entire catchment served as the computational unit. The next phase towards develop-

ing model types that could encompass more hydrological field data and process knowledge was 

spurred by a blueprint by Freeze and Harlan (1969) and the development of the first spatially 

distributed process-based (physics-based) model codes such as SHE (Abbott et al., 1986a, 

1986b), IHDM (Beven et al., 1987), and THALES (Grayson et al., 1992). 

Computing power has undergone an exponential increase over the past 40 years, resulting in 

the ability to provide numerical solutions to highly non-linear equations for a wide range of 

initial and boundary conditions. Prior to this advancement, hydrologists were limited to analyt-

ical solutions for specific cases, such as the Burgers solution and Dirac delta solution for line-

arizing soil hydraulic properties to provide analytic solutions to Richards’ equation (Smith et 

al., 2002). While these solutions continue to provide insights for verifying numerical models, 

numerical modeling has emerged as the preferred approach in hydrological studies. Another 

crucial development that has shaped the direction of hydrological modeling is the increasing 
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availability and resolution of digital elevation models, coinciding with the emergence of varia-

ble source area hydrology that departs from earlier Hortonian concepts of runoff dominated 

solely by the infiltration-excess process. The advent of geographical information systems has 

further accelerated the development and application of spatially distributed deterministic hydro-

logic models by enabling the storage, retrieval, and rapid manipulation of spatial data. Variable 

source area hydrology is a concept that describes how the spatial patterns of water movement 

and storage in a watershed can vary significantly depending on the properties of the soil, vege-

tation, and topography. It recognizes that in some areas, surface runoff and subsurface flow may 

be limited to specific locations, while in other areas, water movement may be more diffuse and 

widespread. In other words, variable source area hydrology emerged as an alternative to earlier 

concepts, such as the Hortonian overland flow model, which assumed that runoff was primarily 

generated by a uniform infiltration-excess mechanism over the entire watershed. This empha-

sizes the role of topography, soil properties, and vegetation cover in generating and storing wa-

ter, and it has been widely applied in hydrological modeling studies to simulate the dynamics of 

water movement and storage in different types of landscapes (Litwin et al., 2023; Su et al., 2023; 

Guo et al., 2022; Collick et al., 2015; Pachepsky et al., 2004, and Troch et al., 2003).  

Richards equation (Richards, 1931) is a mathematical model which describes the movement 

of water in unsaturated soils by combining the Darcy–Buckingham law with the continuity equa-

tion. This equation is widely recognized as the primary concept in soil physics and is discussed 

in hydrological textbooks (Ebel & Loague, 2006; Qu & Duffy, 2007; Ivanov et al., 2008). It is 

regarded as the fundamental principle underlying physically-based hydrological models (Mo-

hajerani et al., 2021; Yi et al., 2023; Ebel et al., 2023). It describes how water moves through 

the soil matrix under the influence of gravity, capillary forces, and pressure gradients. This 

equation can be used to simulate soil water movement and the effects of plant and atmospheric 

interactions in hydrological modeling. In order to solve Richards equation, knowledge of the 

soil hydraulic properties is necessary. The hydraulic properties of the soil play a significant role 

in the primary hydrological processes that occur in catchment areas (Wösten et al., 2001; 

Elsenbeer, 2001; Porporato et al., 2004; Montzka et al., 2017; Vereecken et al., 2022). Hence, 

having information about these soil properties is essential for modeling water balance, and ap-

propriately parameterizing soils is among the top-priority tasks in physically based catchment 

modeling (Arnold et al., 2000; Rieger & Disse, 2013; Novick et al., 2022). Typically, soil prop-

erty parameters are assessed through point observations at a small scale. Nonetheless, when it 
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comes to water balance modeling in catchments, parameter values need to be determined for 

larger spatial scales, like grid cells or the entire catchment (Bogena et al., 2010). One can pa-

rameterize the Richards equation by utilizing either observed soil properties, which involves 

measured relationships between soil water content and matric potential, or constitutive equa-

tions like the Gardner-Russo model, the Brooks-Corey model (Brooks & Corey, 1966), or the 

Mualem-van Genuchten model (Mualem, 1976; Van Genuchten, 1980). These empirical models 

capture a fundamental hydro-physical characteristic of the soil, namely the relationship between 

soil water content and matric potential (Aubertin & Patric, 1974). 

Hence, the solution for Richards equation relies on two soil water constitutive relationships 

that are highly nonlinear and empirical in nature. These relationships are (1) the unsaturated 

hydraulic conductivity function, which can be either constant or close to zero for capillary heads 

that are non-positive, and (2) the capillary head function, which can take on extremely small 

values when relative saturations are near 100%, regardless of their actual value (Farthing & 

Ogden, 2017). Challenges arise when solving the equation due to the extremes in the behavior 

of soil water, as described by the unsaturated hydraulic conductivity and the pressure head, 

which can cause degeneracy in the solution of Richards equation. These functions may not have 

smooth differentiability at these extremes, and may exhibit high slopes, hysteresis, and even 

discontinuity at low relative saturations. Additionally, when dry soils are infiltrated, the result-

ing sharp wetting fronts can produce very large spatial gradients of soil hydraulic properties 

(Zha et al., 2017). The presence of nonlinearities poses several challenges. For instance, in the 

widely used van Genuchten and Mualem constitutive relations (Van Genuchten, 1980), the pres-

sure head function (or the suction) and specific moisture capacity (i.e., change in water content 

with respect to change in pressure head in a porous medium) approach zero as the moisture 

content nears saturation, whereas the soil-water diffusivity can increase without bound. In gen-

eral, this behavior can lead to degeneracy, a condition in which the coefficients in Richards 

equation approach values of zero or infinity, hindering the solution. Thus, the inherent nonline-

arity and degeneracy present in the behavior of soil water make it very challenging to design 

and analyze numerical schemes for solving Richards equation (Miller et al., 2013; Zhou et al., 

2022; Maranzoni & Tomirotti, 2023; Soomere, 2023). The numerical approach developed by 

Celia et al. (1990) for obtaining one-dimensional solutions of Richards equation, which employs 

modified Picard iterations to enhance mass conservation, has become the commonly used stand-

ard method. Therefore, the method remains the basis of many production codes, including the 
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USDA Hydrus-1D Richards equation solver (Simunek, 2005). Infiltration is commonly consid-

ered a one-dimensional process occurring in the vertical direction (Or et al., 2015). Because of 

the one-dimensional vertical assumption, it is then possible for large-scale models to use multi-

ple, separate one-dimensional computations instead of a fully coupled three-dimensional solu-

tion.  

The dynamics of soil water content, simulated by Richards equation, have an impact on the 

availability of water to plants in hydrological modeling. Therefore, incorporating the interac-

tions between soil, water, plants, and the atmosphere into the equation through boundary con-

ditions is crucial. Boundary conditions that can here be taken into account are, for example, the 

infiltration of water into the soil, evaporation from the soil surface, and water uptake by plant 

roots, followed by transpiration by the crop. To include root water uptake, a boundary condition 

can be specified at the root surface, modeled using a sink term in the equation that represents 

water extraction by the roots. Likewise, evapotranspiration can be incorporated by defining a 

boundary condition at the soil surface that accounts for evaporation and transpiration fluxes. 

The root water uptake term, which is a function of depth, is determined by the potential transpi-

ration and the root density.  

Under non-stress conditions, plants can achieve their maximum potential for root water up-

take. However, if the soil is either too dry or too wet, plants become stressed and their roots are 

unable to take up water effectively, resulting in reduced transpiration. To model the decrease in 

root water uptake caused by stress, a stress factor is utilized, which is dependent on soil hydrau-

lic properties and plant characteristics (Feddes et al., 1978, Kowalik and Zaradny 1978; 

Pachepsky et al., 2004). In other words, the transpiration rates are influenced by soil hydraulic 

properties through the stress factor, and stress factor is influenced by changes in the soil's ability 

to conduct water. This is because the hydraulic conductivity of the soil surface decreases as 

water evaporates from the upper layer, which in turn affects the matric potential at the soil sur-

face. To ensure that water can still move upwards to the drying surface, the matric potential 

must decrease. However, it is important to note that there is a critical threshold value below 

which the potential cannot drop. Once this threshold is reached, the potential at the surface re-

mains constant, resulting in a decrease in the rate of evaporation over time. Thus, the extent to 

which the soil's hydraulic properties impact the evaporation rate can be predicted by using Rich-

ards' equation.  



 
42 

 

The potential evapotranspiration (ETP) is dependent on several factors such as the type of 

plant, the stage of plant-cover development, and the climatic region. It is further divided into 

potential evaporation from the soil surface and transpiration from the crop. The potential tran-

spiration can then be determined by subtracting the potential evaporation from the potential 

evapotranspiration. To calculate the potential evapotranspiration of a cropped or bare soil sur-

face, the reference evapotranspiration (ET₀) is used (Doorenbos & Pruitt, 1977). ET₀ represents 

the amount of evapotranspiration that would occur from a well-watered grass surface. ET₀ is 

usually estimated using empirical equations that incorporate meteorological variables such as 

temperature, humidity, solar radiation, and wind speed. The most widely used method for cal-

culating ET₀ is the Penman-Monteith equation (Monteith, 1975; Allen et al., 1998), which is 

recommended by the Food and Agriculture Organization (FAO). The Penman-Monteith equa-

tion is a complex and comprehensive method that takes into account the energy balance and 

aerodynamic resistance of the crop, as well as the evaporative demand of the atmosphere. It 

requires a variety of meteorological data, including air temperature, relative humidity, wind 

speed, solar radiation, and atmospheric pressure. Other empirical equations that are simpler to 

use but less accurate than the Penman-Monteith equation are the Hargreaves equation (Har-

greaves & Samani, 1985), the Priestley-Taylor equation (Priestley & Taylor, 1972), and the 

Blaney-Criddleequation (Blaney, 1952). These equations are widely used in situations where 

meteorological data are limited or not available. It is important to note that the accuracy of ET₀ 

estimation depends on the quality and availability of meteorological data, as well as the suita-

bility of the selected method for the specific climatic and environmental conditions.  

As soils dry, the matric potential Ψ becomes more negative, resulting in a reduction of the 

effective radius of water-filled pores in the soil. This process shapes the water-retention curve, 

which is also known as the "moisture characteristic" or "water release" curve, as it illustrates the 

relationship between matric potential and volumetric soil moisture content θ. It is worth noting 

that differences in soil physical properties can cause Ψ to vary significantly across soil types, 

even if θ remains constant (Campbell, 1974; van Genuchten, 1980). In order to link water-bal-

ance equations with potential-driven flows in soil (i.e., infiltration, plant uptake, drainage, ca-

pillary rise, and evaporation), it is crucial to develop methods that establish a relationship be-

tween soil water content (θ) and matric potential (Ψ) in models. Due to its widespread use and 

reliance on soil properties, the van Genuchten model is commonly employed by hydrological 

models to calculate the water retention curve when estimating this relationship (Van Looy et al., 
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2017). However, in order to put this model into practice, it is crucial to obtain its unknown 

empirical fitting parameters through the use of known experimental data, such as a measured 

soil water retention curve. As the spatial scales increase, such as in catchment models, obtaining 

direct measurements becomes impractical due to the soil properties' heterogeneity and area cov-

erage. Therefore, several methods have been devised to determine the van Genuchten parame-

ters and subsequently the soil water retention curves by using easily measurable soil parameters 

such as texture, organic matter content, and bulk density. These functional relationships, which 

convert available measurable soil properties into missing soil properties such as soil hydraulic 

and soil chemical characteristics, are referred to as pedotransfer functions (PTFs) (Clapp & 

Hornberger, 1978; Bouma, 1989; Zhang & Schaap, 2017). Typically, the development of a PTF 

involves a two-step process. The first step involves fitting a selected water retention function, 

such as the van Genuchten function, to measured water retention curves. In the second step, the 

parameter values obtained in the fitting process are linked to the chosen soil properties (Wösten 

et al., 1999; Vereecken et al., 2010). Over the past three decades, soil scientists have created a 

vast array of PTFs that differ in terms of: (i) the techniques utilized (e.g., statistical regression 

methods, data exploration and mining techniques); (ii) the database of measured soil moisture 

retention data used to estimate the van Genuchten model; and (iii) the input parameters or pre-

dictors required (e.g., grain size distribution, bulk density, organic matter content) to develop 

the PTF. It has been demonstrated that the effectiveness of PTFs can be significantly influenced 

by several factors, such as the data utilized for calibration and assessment, the input soil prop-

erties, and the various methods employed. Notably, the databases used to generate PTFs exhibit 

four significant distinctions: (1) the laboratory techniques utilized to obtain a complete soil 

moisture retention characteristic; (2) the soil texture composition, where the extreme examples 

are presented in the databases of Schaap and Bouten (1996), which exclusively contain sandy 

materials, and Schaap and Leij (1998), which primarily feature coarse-textured soils and almost 

no silty soils; (4) discrepancies in the number of data points and pressure head values utilized 

to establish the WRC , and (5) to effectively parameterize soil hydraulic properties, it is neces-

sary to consider hydrological processes. 

The uncertainty associated with PTFs can have significant implications for water balance 

models (Gutmann & Small, 2005; Weihermüller et al., 2021). It is shown that van Genuchten 

model parameters, which are often estimated using PTFs, are the primary source of uncertainty 

in coupled 3D land-surface and hydrological models (Shi et al., 2014) To address this issue, it 



 
44 

 

is essential to estimate the water-retention-curve parameters locally and optimize them through 

data assimilation, as confirmed by observations (Shi et al., 2015). Moreover, it is crucial to select 

PTFs carefully when parametrizing hydrological models and only use PTFs that can result in 

plausible model predictions (Casper et al., 2019; Mohajerani et al., 2021; Mohajerani et al., 

2023). By doing so, the uncertainty linked to PTFs can be minimized, leading to more accurate 

and reliable predictions in water balance models.  

The WaSiM model (Version 10.06.00, 2021) utilizes Richards equation to simulate the water 

fluxes in unsaturated soils In a one-dimensional vertical direction. The equation is solved using 

a vertical finite difference (FD) scheme. The soil is represented as a series of layered columns, 

where each column is characterized by its distinct properties and thickness for each (Schulla & 

Jasper, 2012). These characteristics include the water retention curve, which is described using 

van Genuchten parameters, as well as the saturated hydraulic conductivity. The discharge mod-

eled by the WaSiM-ETH is composed of three components, representing different response 

types: surface flow, interflow, and base flow, with varying speeds. This allows for an analysis 

of the runoff behavior of the catchment, with the ability to observe the effects of changes in soil 

hydraulic properties resulting from different soil parametrizations (utilizing various PTFs). The 

model incorporates the spatial variability of soil properties and land use, and as a result, it cap-

tures the spatial structure and heterogeneity of flow processes occurring at the interface between 

the soil and the atmosphere. In addition, the model accounts for the dynamic changes in water 

flow within the soil in response to the dynamic changes in boundary conditions. The infiltration 

is considered the upper boundary condition, which is estimated using the extended approach 

after Peschke (1977, 1987) following the Green and Ampt (1911) method. The lower boundary 

condition is the depth of the groundwater layer, which remains constant for a particular time 

step but varies over time due to groundwater flow, recharge, or capillary rise. The discretized 

Richards equation can be expressed as: 

 
ΔΘ
Δ𝑞𝑞

=
Δ𝑞𝑞
Δ𝑧𝑧

= 𝑞𝑞𝑖𝑖𝑖𝑖 − 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜  

 

Where,Qin is inflow into the actual soil layer [m/s], and Qout is outflow from the actual soil layer 

(including interflow and artificial drainage) [m/s]. 
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The model considers the hydraulic properties' dependencies on soil water content discretely. 

As a result, the flux q between the upper and lower layers (indexed as u and l, respectively) is 

expressed as: 

𝑞𝑞 = 𝑘𝑘𝑒𝑒𝑒𝑒𝑒𝑒 .
ℎℎ(Θ𝑢𝑢) − ℎℎ(Θ𝑙𝑙)

0.5. (𝑑𝑑𝑢𝑢 + 𝑑𝑑𝑙𝑙)
 

 

Where, q is flux between two discrete layers [m/s], keff is effective hydraulic conductivity [m/s], 

and hh is hydraulic head (dependent on the water content and given as sum of suction), ψ(Θ) 

describes suction at different soil water contents, hgeo is geodetic altitude [m], and d is thickness 

of the layers under consideration [m]. 
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2.3  Model evaluation and its limitation 

 
The purpose of hydrological models is to comprehend processes, evaluate hypotheses, and aid 

in decision-making. These models utilize diverse levels of complexity to solve empirical and 

governing equations, depending on how the governing equations are approached across various 

spatial configurations, such as lumped (Bergström, 1976), semi-distributed (Ajami et al., 2004), 

or fully distributed areas (Bitew & Gebremichael, 2011), and the degree of interrelation between 

variables and processes. Despite advancements in modeling to account for various complexities 

and processes, the modelling process still necessitates the empirical idealization and simplifica-

tion of catchments. As a result, the simplified representations of real hydrological processes in 

catchment used in the models are subject to uncertainties in the resulting predictions. Uncertain-

ties in hydrological models might come from parameters, model structure, observation, and in-

put data (Jajarmizadeh et al., 2012; Pandi et al., 2021; Moges et al., 2021). Moreover, the process 

of simplification and separation of precipitation can introduce inaccuracies arising from insuf-

ficient understanding of the interrelationships among all the components in a catchment (Nash 

& Sutcliffe, 1970). In another word, every hydrological model is subject to certain limitations, 

leading to disparities between observed (natural system) and simulated data. Hence, the primary 

objective in hydrological modelling is to devise an assessment plan that yields simulations of 

the rainfall-runoff relationship that closely approximates reality (Krause et al., 2005). 

As stated by the US EPA (2002), models must exhibit scientific soundness, robustness, and 

justifiability to produce satisfactory outcomes. To achieve this, the models usually need to un-

dergo sensitivity analysis, calibration, and validation. Sensitivity analysis involves assessing the 

model output's responsiveness to its input and identifying the critical model parameters in the 

process. Calibration involves determining the identified parameters by comparing observed and 

predicted discharges. Finally, validation verifies that the parameters and the model, in general, 

yield adequately accurate predictions. The assessment of the disparities between observations 

and simulations serves as the foundation for evaluating the model's performance.  
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Mathematical criteria are frequently employed as measures of model efficiency, and they typi-

cally calculate the disparity between simulated and measured stream flow values over a speci-

fied time interval. The various efficiency measures can be broadly classified into three major 

types: standard regression criteria (e.g., slope and y-intercept, coefficient of determination and 

Pearson correlation coefficient); dimensionless criteria (e.g., Index of Agreement, Nash-Sut-

cliffe efficiency-NSE, NSE with logarithmic, Kling-Gupta efficiency-KGE), and error index 

criteria (Percent Bias-PBIAS, RMSE-observations and Standard deviation ratio) (Nash & Sut-

cliffe, 1970; Legates & McCabe, 1999; Krause et al., 2005; Moriasi et al., 2007; Gupta et al, 

2009; Crochemore, 2011). The objective of performance criteria is not solely to measure the 

degree of conformity but also to utilize the insights gained to enhance the models (Krause et al., 

2005). The process of evaluating a model is still quite intricate and closely tied to the specific 

goals of the modeling task. 

The way a hydrologist views a particular hydrological system has a significant impact on the 

extent of conceptualization that needs to be converted into the model's structure. The signifi-

cance of various system response modes that need to be simulated by the model, on the other 

hand, is dependent on the modeling objective. Therefore, determining the appropriate level of 

model complexity necessitates a thoughtful evaluation of the crucial processes integrated into 

the model structure and the necessary level of predictive precision (Waseem et al., 2017). Be-

sides reducing model complexity, an alternative strategy for mitigating parameter uncertainty is 

to enhance the quantity of data accessible to identify the model parameters. This can be accom-

plished by incorporating supplementary output variables and measurements to restrict the pa-

rameter range. Nevertheless, the effectiveness of the additional data may rely on the suitability 

of the examined model structure. Another strategy can involve maximizing the utilization of 

existing information. Hence, the objective is to strike a balance between the model's perfor-

mance and the ability to identify its parameters.  

Advancements in data acquisition, such as earth observation techniques (e.g. McCabe et al., 

2017), novel geophysical techniques (e.g. Auken et al., 2017), and citizen data collection (e.g., 

Le Coz et al., 2016), have ushered in a new era in hydrological modeling. These breakthroughs 

have made an unprecedented amount and variety of data easily accessible, coupled with the 

continually increasing computing power. As a result, there is an opportunity to leverage this 

hydrological data and process knowledge to advance hydrological modeling (e.g., Kollet et al., 
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2010). It is yet to be determined how much of this potential can be fully utilized. The conver-

gence of enhanced computer power, together with our advanced comprehension of hydrological 

processes, and greater accessibility to spatial data has facilitated the creation of progressively 

complex hydrological models with increasingly refined spatial resolutions (e.g., Liu & Gupta, 

2007). However, it is crucial to acknowledge that utilizing sophisticated, high-resolution models 

does not necessarily ensure more precise simulations, if the internal process representation or 

parameterization is inadequate and if the internal processes themselves cannot be accurately 

represented (e.g., Refsgaard et al., 2022). For example, the availability of remotely sensed high-

resolution spatial data has greatly improved in recent years. This has allowed researchers to test 

the ability of spatially distributed models to replicate observed spatial patterns. Nevertheless, it 

has been revealed through such tests that while these models may perform well in simulating 

observations of streamflow and groundwater heads, they often struggle to accurately simulate 

spatial patterns in land surface temperature and evapotranspiration (e.g., Demirel et al., 2018; 

Stisen et al., 2018).  

Proper evaluation of hydrological models must consider uncertainties in model parameters, 

conceptualization, and catchment-specific information. Factors such as over-parameterization 

that might result in equifinality (Beven, 2006); spatial scale mismatch (Blöschl & Sivapalan, 

1995; Beven, 1995); lack of high-quality data, and inadequate calibration can limit the reliability 

of complex models. Hence, thorough evaluation of model simulations and associated uncertain-

ties is crucial for enhancing our understanding of hydrological processes and establishing the 

credibility of hydrological model simulations (Beven, 1989; Refsgaard, 1996; Jakeman et al., 

2006; Refsgaard et al., 2007). However, many of hydrological process understanding has not 

usually been utilized in state-of-the-art catchment modelling and in evaluation strategies. When 

evaluating the reliability of models, it's important to consider how much catchment data and 

observations were used in the modeling process. This can be done by using a single objective 

function (usually discharge) or by performing multiple evaluations with various parameter sets 

and different data types. For instance, multiple parameter sets can be estimated by calibrating 

against both discharge and soil moisture data or by considering other water balance components 

such as evapotranspiration (e.g., Refsgaard et al., 2022; Acevedo et al., 2023; Mohajerani et al., 

2023; Lotz et al., 2023).  

Multiple studies have highlighted the constrained information provided by discharge when it 

comes to understanding the underlying processes and spatial variability within a catchment (e.g., 
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Stisen et al., 2011; Pokhrel & Gupta, 2011). Discharge represents an aggregated measure of 

catchment response and has limitations in its ability to reveal detailed spatial variations within 

the catchment. This is due to the general lack of suitable model evaluation frameworks that are 

oriented towards spatial patterns. As a result, the evaluation of hydrological models is hampered 

by a lack of attention to spatial patterns, which can negatively impact the accuracy and reliability 

of spatial predictions. Furthermore, the development and application of distributed models, is 

based on the rationale of capturing spatial heterogeneity and variability. Therefore, it goes 

against this rationale to neglect the importance of spatial patterns in the evaluation of hydrolog-

ical models (Freeze & Harlan, 1969; Refsgaard, 1997). For instance, in a case study conducted 

by Refsgaard et al. (2022), modelling was considered at two resolutions of 100 m and 500m. it 

was clearly observed that grids exhibiting a water level near the surface displayed cooler Land 

Surface Temperature (LST), while warmer grids were associated with a deeper water level. This 

correlation was only evident in the model with 100 m resolution, as the 500 m model failed to 

capture this relationship. Therefore, such local-scale differences were not captured by the ob-

jective functions used for calibration or by comparing patterns at a larger scale. It is while these 

local-scale differences will have significant impacts on interactions between groundwater and 

surface water, as well as flow paths. After a thorough evaluation using high-resolution surface 

wetness proxy data (LST) from Landsat, they considered the 100 m model and the resulting 

understanding of hydrological processes to be more reliable. 

Patterns in general can arise due to the inherent properties of a system that lead to self-or-

ganization, as well as the emergence of new properties resulting from changes in scale and the 

presence of organizational controls within the system. These patterns can be visualized and de-

scribed using a variety of tools, including (1) images and maps, (2) concepts, parameters, and 

statistics suitable for describing spatially distributed, temporal, and spatiotemporal data, and (3) 

models that can be applied to such data. When patterns are used to predict a system's behavior, 

it is important to quantify and characterize both the patterns themselves and the system's behav-

ior. Identifying patterns is a crucial aspect of machine learning (Bishop, 2006). With the advent 

of the big data era and our ability to observe the Earth's surface and ecosystems on a larger scale, 

and also inexpensive in-situ measurement techniques, the importance of studying patterns has 

grown. The ability to generalize this data extensively is dependent on the ability to recognize 

patterns within it. Soil-water-vegetation-atmosphere systems display a diverse range of patterns 

that tend to recur and appear regularly in both space and time, and at varying scales (Vereecken 
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et al., 2016). These patterns present new opportunities to utilize the information they contain to 

enhance hydrological models and gain a deeper understanding of the intricate feedback loops 

between the different components of the hydrological system. The theoretical framework and 

terminology for the concept of spatial pattern comparisons in catchment hydrology was first 

established by Grayson and Blöschl (2000). Over the past decade, there has been a growing 

interest in emphasizing spatial patterns in hydrological modeling (Wealands et al., 2005; Grabs 

et al., 2009; Ryo et al., 2015; Mendiguren et al., 2017; Koch et al., 2018; Dembélé et al., 2020; 

Gaur et al., 2022). Therefore, comparing observed and simulated spatial patterns has become an 

integral component of current best practices in evaluating distributed models, while it is not an 

entirely new concept in the field of hydrology. This is because, instead of simply answering 

questions about the quantity and quality of water in a stream, it has become more crucial to 

determine where the water originates from and where to allocate limited financial resources for 

improvement. As a result, modeling spatial patterns has naturally become a more prominent 

focus. However, to conduct accurate evaluations of simulated spatial patterns, reliable observa-

tions are essential (Mendiguren et al., 2017).  

Models that are fully-distributed have the ability to predict spatial patterns with varying lev-

els of complexity. These patterns are influenced by the spatial variability of numerous parame-

ters and forcing data that are used as input for the model. Essentially, any input that has a spatial 

dimension can potentially impact the simulated spatial patterns in the modeling outputs. Several 

studies, including those conducted by Chaney et al. (2015), Rosenbaum et al. (2012), Western 

et al. (2004), and Vereecken et al. (2007), have examined the quantification of drivers behind 

the spatial heterogeneity of simulated soil moisture patterns. For instance, Chaney et al. (2015) 

discovered a complex interplay among four drivers: soil heterogeneity, topography, land cover, 

and precipitation, showing distinct seasonality.  

The ability to clearly differentiate between similar and dissimilar patterns is considered a 

crucial characteristic of a reliable performance metric, and as such, the various metrics differ in 

their capacity to achieve this with certainty. Over the past few years, there have been numerous 

studies suggesting spatial performance metrics that allow for a meaningful comparison of hy-

drological variables' patterns, surpassing the limitations of basic cell-to-cell comparisons (e.g., 

Wealands et al., 2005; Chiles & Delfiner, 2012; Renard & Allard, 2013; Wolff et al., 2014; 

Koch et al., 2016; Vereecken et al., 2016; Koch et al., 2018; Dembélé  et al., 2020; Gaur et al., 

2022). However, for instance, in a citizen science project conducted by Koch and Stisen (2017), 
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they utilized human perception to evaluate the similarity and dissimilarity of simulated spatial 

patterns in various scenarios of a hydrological catchment model. Their aim was to assess 

whether advanced statistical performance metrics could accurately replicate human perception 

in distinguishing between similarity and dissimilarity. The findings indicated that while more 

complex metrics did not necessarily excel in emulating human perception, they did offer addi-

tional valuable information for model diagnostics. 

Overall, accurate hydrological modeling outputs rely on incorporating additional observa-

tions and reproducing spatial patterns of various hydrological variables beyond streamflow, both 

of which are critical components. The scientific community has, in fact, been advocating for the 

incorporation of spatial data in the evaluation of distributed hydrological models for a consid-

erable period of time. For instance, remotely sensed datasets possess the capability to enhance 

models, either through data assimilation (Leroux et al., 2016; Tangdamrongsub et al., 2017; 

Tian et al., 2017) or model evaluation (Rientjes et al., 2013; Li et al., 2018; Bai et al., 2018). 

When utilizing remote sensing data for parameter estimation through the spatial pattern evalu-

ation process, the current methods involve either using solely spatial patterns of remote sensed 

variables or a combination of remote sensing data and in-situ estimations, often streamflow data 

(Immerzeel & Droogers, 2008; Rajib et al., 2018; Li et al., 2018; Wambura et al., 2018). Hence, 

recent literatures, such as the study by Stisen et al. (2018), have increasingly explored the sim-

ultaneous assessment of hydrological models using streamflow and diverse combinations of 

complementary data that incorporate spatial patterns of various hydrological processes, such as 

dominant runoff generation, soil moisture content, and evapotranspiration. For example, Dem-

bélé et al. (2020) propose a multivariate calibration strategy to test a hydrological model's ability 

to reproduce spatial patterns of evaporation, soil moisture, terrestrial water storage, and stream-

flow observations. The aim is to improve the model's performance by simultaneously consider-

ing multiple variables and capturing relative spatial differences within the hydrological system. 

In other words, the incorporation of such complementary data has the potential to significantly 

narrow down the range of feasible models and parameters’ space, resulting in more realistic 

internal model dynamics and associated hydrological characteristics (Shafii & Tolson, 2015; 

Clark et al., 2017). Ultimately, this approach can improve the overall representation of catch-

ment functioning. Consequently, it is essential to evaluate the model's performance in capturing 

different aspects of the water cycle within a catchment, particularly the dynamics of their spatial 

patterns. Therefore, when determining the relevant parameters in the model, it is important to 
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consider, for example, if we obtain realistic results with regards to spatial patterns of dominant 

runoff processes, soil hydraulic properties, and evapotranspiration. 
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3 Conclusion and Outlook 
 
The quote presented below was concluded by hydrology pioneers Wagener et al. (2001), 22 years ago: 

“A framework is required that balances the level of model complexity supported by the available data 

with the level of performance suitable for the desired application. Tools are needed that make optimal 

use of the information available in the data to identify model structure and parameters, and that allow a 

detailed analysis of model behaviour.” 

Following that, Gupta et al. (2006) introduced a hydrological model evaluation approach with the 

objective of obtaining a model they referred to as a "behavioral" model, characterized by the following 

attributes: 

“(i) the input-state-output behavior of the model is consistent with the measurements of catchment be-

havior, (ii) the model predictions are accurate (i.e. they have negligible bias) and precise (i.e. the pre-

diction uncertainty is relatively small), and (iii) the model structure and behavior are consistent with 

current hydrologic understanding of reality.” 

In light of the preceding insights, Wagener et al. (2010) further emphasized the necessity for 

a paradigm shift in hydrology, which means a fundamental change in how we approach the 

study of water systems. Traditionally, hydrologists have relied on observations and data from 

the past to make predictions about how water systems behave. However, this approach may no 

longer be sufficient in situations where there are significant changes in the physical character-

istics of the system or when the system shows behavior that goes beyond what has been previ-

ously observed. To achieve this paradigm shift, hydrologists need to adopt two important roles: 

synthesists and analysts. As synthesists, they need to observe and analyze the hydrological 

system as a whole, considering all its interconnected components and their interactions. This 

holistic approach allows them to understand the system's behavior as an integrated entity, rather 

than focusing solely on individual elements. For example, when studying a river basin, a hy-

drologist might consider the rainfall patterns, the runoff processes, the water stored in soils and 

lakes, and the movement of groundwater. They would examine how these different components 

interact and influence each other, considering factors like topography, climate, land use, and 
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geological conditions. By analyzing the system as a whole, they gain a better understanding of 

its behavior and can make predictions beyond what has been previously observed. On the other 

hand, hydrologists also need to be analysts, meaning they should understand the functioning of 

individual components of the system in detail. This involves studying the properties and pro-

cesses of individual elements, such as rainfall intensity, river flow dynamics, groundwater re-

charge rates, soil moisture distribution, dominant runoff processes, and evaporation rates. By 

comprehending these individual aspects, they can accurately assess how changes in specific 

components may impact the overall behavior of the hydrological system. For instance, an ana-

lyst might study how changes in land use, such as deforestation or urbanization, affect the rain-

fall patterns in a region. By understanding the relationship between land cover and rainfall, they 

can anticipate potential changes in the water system's behavior due to altered conditions. By 

combining these roles, hydrologists can effectively adapt to new challenges and uncertainties. 

For example, in the face of climate change, hydrologists need to predict how changes in tem-

perature and precipitation patterns will affect water resources. By being synthesists, they can 

understand the broader impacts on the entire water system, including changes in river flows and 

groundwater levels. At the same time, by being analysts, they can study the specific mechanisms 

by which climate change alters evaporation rates, soil moisture, runoff generation processes, or 

alters the timing and intensity of storms. 

The motivation behind the PhD thesis at hand is therefore encapsulated by the findings con-

tained within the above mentioned statements. These findings emphasize the need to confront 

the challenges and act as a catalyst for essential enhancements in hydrological model evaluation. 

However, to do so, it is crucial to actively engage in a long-term initiative that adopts a model 

parameterization approach aligned with local topography, soil, and geology. As a result, by in-

corporating these site-specific characteristics into the model parameterization process and aim-

ing to achieve a “behavioral model”, this thesis intends to contribute to improvement of hydro-

logical modeling and provide valuable insights for robust evaluation of simulated hydrological 

processes. 

The studies contained in this thesis question the conventional approach of model performance 

evaluation with respect to discharge data alone at the outlet as well as the common practice of 

relying on default parameterization, i.e., often using Pedo-Transfer-Functions (PTFs) without 

careful consideration of their suitability for the study area and their implications for the other 



 
55 

 

simulated processes. In other words, the study strikes a proper balance between the identifiabil-

ity of parameters and the model's capacity to accurately depict the observed system response. 

By setting up a 1-D water balance model, we tried to reproduce soil water flux dynamics and 

physiological control of water loss (plant transpiration) for a beech stand in Western Luxem-

bourg. It is found that achieving consistency between model simulations and measurements of 

transpiration and soil moisture does not necessarily guarantee accurate estimation of runoff gen-

eration or total water balance. Therefore, to identify parameter sets that produce realistic out-

puts, it was necessary to set up a multi-criteria evaluation scheme that integrates various sources 

of information including expert knowledge of local controls and dominant hydrological pro-

cesses in the region. As a result, even slight variations in parameterization, e.g., saturated water 

content and water retention curve, could lead to implausible model behavior (e.g., in terms of 

dominant runoff generation processes in the area). Consequently, in order to develop a method-

ology for quantifying the impact of diverse soil parameterization methods (e.g., utilizing various 

PTFs) on water distribution within the hydrologic system, the model was established at the 

catchment scale. It was discovered that the spatial variability of soil hydraulic properties, influ-

enced by different PTFs, significantly affects the water balance and leads to a wide range of 

hydrological model behaviors. Surprisingly, even with variations in the runoff components gen-

erated by different PTFs, the resulting discharge hydrograph could still be adequately depicted. 

In order to account for the spatial variability of soil hydraulic properties and align the parame-

terization of soil towards capturing realistic spatial patterns of hydrological processes, supple-

mentary information is necessary. This additional information may involve mapping dominant 

runoff processes or deriving patterns of soil moisture and evapotranspiration through remote 

sensing methods. 

Taking one step further, spatial pattern information from a regional soil hydrological map 

was integrated into a catchment model to improve the representation of dominant runoff pro-

cesses. The map contents were translated and reclassified into dominant runoff process classes 

consistent with the modeling approach. Various PTFs were also incorporated into the parame-

terization scheme to convert soil properties into model parameters. By analyzing the model's 

response to synthetic rainfall events and incorporating multiple PTFs, the ability of the models 

to reproduce the spatial patterns of dominant runoff processes was assessed. In this phase of the 

study, a spatial pattern-oriented evaluation of dominant runoff processes was conducted using a 

bias-insensitive and multicomponent metric. The identification of dominant runoff processes 
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was based on specific rainfall event types and location-specific soil and topographic character-

istics through the use of different PTFs. As a result, distinct model reactions in reproducing the 

patterns of dominant runoff processes are observed, reflecting the variation in topographic relief 

and geomorphologic characteristics across different areas, such as uplands, hill slopes, and low-

lying areas in the alluvial plain. For instance, areas with steeper slopes and fine-grained soils 

exhibit higher responsiveness to intense rainfall events of shorter durations, resulting in faster 

runoff processes (e.g., saturated over land flow). Conversely, soil water stored in steep hillslope 

zones play a significant role in interflow generation. Constant saturation within the riparian zone 

gives rise to distinct source areas marked by groundwater influences. Spatial patterns in such 

cases are often unaffected by climate forcing, as it is considered constant and does not leave a 

noticeable impact. 

The integration of spatial information (e.g., from digital soil hydrological maps) provides 

insights into the distribution of heterogeneities that influence rapid runoff generation during wet 

conditions and water retention during dry conditions. Notably, in smaller catchments with com-

plex topography, the choice of PTFs becomes critical as it has a substantial impact on hydro-

logical fluxes within the drainage basin (e.g., Paschalis et al., 2022). This phase of the study 

emphasizes the improvements achieved in modeling hydrological processes by incorporating 

spatial patterns and addressing uncertainties related to PTFs. It showcases the progress made in 

accurately representing the complexities of hydrological systems. 

Building upon the insights of our PhD research, our latest publication (as part of the 

MESOHYD project) introduces a significant enhancement through the calibration of land-use-

dependent evapotranspiration parameters. This approach leverages MODIS evaporation time 

series data to refine the simulation of actual evapotranspiration (ETa) patterns across mesoscale 

catchments. By integrating land-use-specific calibration and validating against LANDSAT ETa 

data, we demonstrate a marked improvement in model accuracy, specifically in representing 

spatial ETa patterns. This publication not only complements the thesis by providing a practical 

example of addressing model parameterization challenges but also underscores the integration 

of cutting-edge remote sensing data to refine the calibration of vegetation parameters—a meth-

odology that profoundly aligns with the thesis's broader ambition of enhancing hydrological 

models' fidelity through site-specific characterizations and nuanced multi-criteria evaluations 

(Casper et al., 2023). 
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The complexity of process dependency in spatial patterns extends across a broad range of 

spatial and temporal scales. It encompasses the intricate interactions and relationships that exist 

within hydrological systems at different scales. As a result, various types of patterns emerge at 

different scales, each associated with distinct hydrological processes. Spatial patterns in a meso-

scale domain, spanning a range of 500 meters to a few kilometers, can be effectively observed 

using remote sensing. However, valuable insights into spatial patterns can also be derived from 

well-established regional digital soil hydrologic mapping or soil moisture networks in the field. 

The choice of modeling scale is typically constrained by the available data for informing model 

parameters, as well as the computational resources at hand. Nevertheless, it is expected that 

future advancements will allow for even finer modeling scales, thereby reshaping our under-

standing of the processes across different scales. Moreover, the development of the next gener-

ation of georeferenced and local-attribute-based PTFs is envisioned to be advanced, and there-

fore, enhance soil hydrologic process-related information by incorporating a multidimensional 

framework. The richness of information and advanced analytical methods will then surpass the 

current approach of generic-attribute-based PTFs. This provision will then foster a continuous 

process of improvement and enhance understanding within the field of hydrology (e.g., 

Arrouays et al., 2014; Vereecken et al., 2022). Furthermore, it is imperative that new evaluation 

approaches encompass calibration methodologies to achieve improved simulation of spatial pat-

terns and multiple hydrological variables (e.g., Stisen et al., 2023; Refsgaard et al., 2022). 

Potential future works can expand the current study by incorporating calibration strategies 

that utilize a spatial pattern-oriented objective function for improved estimation of evapotran-

spiration (ET) patterns, by integrating remotely sensed spatial patterns 

(e.g., Amani & Shafizadeh-Moghadam, 2023). It is particularly important at the catchment scale 

where land cover and soil characteristics play a significant role in driving spatial variability 

(e.g., Koch et al., 2022). Furthermore, the development of methods that replace fixed vegetation 

parameters (such as leaf area index (LAI), fractional vegetation cover (FVC), vegetation height, 

canopy resistance, root distribution, and phenological information) in hydrological models with 

remotely sensed data can enhance the estimation of ET. Integrating remotely sensed data 

through the parameter regionalization scheme allows for better consideration of the spatial het-

erogeneity of vegetation, resulting in more precise ET estimations (e.g., Soltani et al., 2021). 

Furthermore, it is important to evaluate the influence of soil parameterization using different 
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PTFs on the spatial patterns of simulated ET. Assessing the impact of different soil parameteri-

zation methods on ET estimation will provide valuable insights into the overall reliability and 

performance of the modeling approach. To summarize, future work can focus on implementing 

calibration strategies that target ET spatial patterns, incorporating remotely sensed data for veg-

etation parameterization and spatial pattern-oriented evaluation, and assessing the influence of 

different soil parameterizations on the spatial patterns of simulated ET. 
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Soil parameterization  
 
Certain predefined parameters of the WaSiM-ETH model 

are specific for the area where the model was developed. Thus, 
these parameters should be modified for each new study area. 
In the investigated area, the predominant soil type was de-
scribed as “Podzolic Cambisol”. The soil texture is loamy sand. 
It developed on a sandstone bedrock. The maximum rooting 
depth for the soil was observed at approx. 100 cm. The stone 
content is relatively low and the unaltered parent sandstone is 
usually not reached within the first 200 cm below soil surface 
(Sprenger et al., 2016). These quite sandy soils show a high 
permeability resulting in deep percolation as the dominant 
hydrological process.  

In the model, the van Genuchten parameters alpha (m–1) and 
n (–) are empirical constants that determine the shape of the 
WRC, and therefore influence substantially the behavior of the 
simulation model. We chose three different methods to deter-
mine the parameters of the WRC. 

 
(i) Baseline parameterization after Teepe et al. 2003 

We derived the corresponding van Genuchten parameters in 
the different soil horizons based on soil texture and bulk density 
classification obtained by Teepe et al. (2003). This formed our 
baseline parameterization of the soil in our study area (Table 2). 
 
Table 2. Baseline soil parameterization of the WaSiM-ETH soil 
model (based on Teepe et al. (2003)). 
 
PMacroThresh  20 
MacroCapacity  4 
CapacityRedu  0.5 
MacroDepth 1  
Horizon 1 2 3 4 5 6 
Name Ahe Ae Bvs Bsv IIBvs IIBvs 
Ksat 1.01E-4 7.95E-05 1.65E-04 1.29E-04 4.84E-05 4.84E-05 
K_recession 1 1 1 1 1 1 
Theta_sat 0.41 0.41 0.41 0.41 0.41 0.41 
Theta_res 0.11 0.05 0.06 0.06 0.13 0.13 
Alpha 0.3 0.3 0.26 0.41 0.2 0.2 
Par_n 1.17 1.17 1.203 1.191 1.191 1.191 
Par_tau 0.5 0.5 0.5 0.5 0.5 0.5 
Thickness 0.1 0.1 0.1 0.1 0.1 1 
Layers 1 1 1 3 4 7 

 

PMacroThresh (mm/h) is given by the precipitation threshold value and if is 
reached or exceeded, water can infiltrate into the macropore; MacroDepth 
(m) is depth of the macropores; MacroCapacity (mm/h) is capacity of the 
macropores; CapacityRedu (m–1) defines the reduction of the macropore 
capacity per meter soil depth; Ksat (m s–1) is saturated hydraulic conductivity 
that can be given for each soil layer; K_recession (–) is specified for each 
soil type describing the recession of the saturated conductivity with depth; 
theta_sat (m3/m3) is saturated water content; theta_res (–) is the residual 
water content which cannot be extracted by transpiration; alpha (m–1) and 
Par_n (–) are empirical van-Genuchten parameters; Par_tau is Mualem 
parameter; thickness (m) is the thickness of every single numerical layer in 
the given horizon, and layers defines the number of layers in the given 
horizon. 

 
(ii) Parameterization after Sauer (2007) 

Sauer (2007) proposes three different methods to derive the 
van-Genuchten parameters alpha and n: 

Variation 1: Fitting of WRC based on grain size fractions, 
bulk density and water content at pF 2.5 and 4.2 using the soft-
ware “Rosetta Lite” (Schaap et al., 2001). 

Variation 2: Fitting of WRC based on water content at pF 1.8, 
2.5, 4.2 and Theta_sat (= 41%) using the software “RETC” (Van 
Genuchten et al., 1991). 

Variation 3: Fitting of WRC based on water content at pF 1.8, 
2.5, 4.2 using the software “RETC” (Van Genuchten et al., 1991). 
See Table 3 for the three variations of parameters alpha and n.  

Table 3. Variations of van Genuchten parameters alpha (m–1) and n 
(dimensionless) in different soil horizons as re-parameterization of 
the baseline (Table 2). 
 
Horizon                 Ahe Ae Bvs Bsv IIBvs IIBvs 
Variation 1 alpha 0.83 0.83 0.58 0.58 0.88 1.83 

n 1.5653 1.5653 1.6416 1.6416 1.4974 1.4553 
Variation 2
 

alpha 2.86 2.86 3.97 3.97 4.96 1.83 
n 1.3656 1.3656 1.3965 1.3965 1.4598 1.4553 

Variation 3
 

alpha 25.73 25.73 35.87 35.87 29.34 1.83 
n 1.2138 1.2138 1.2506 1.2506 1.3009 1.4553 

 
(iii) Parameterization after Sprenger et al. (2016) 

Sprenger et al. (2016) list soil parameters for the same site 
(Sa_G). These parameters were obtained by fitting the simula-
tion results to observed soil moisture and pore water stable 
isotope data. In this case the soil profile was divided into three 
different horizons (Table 4).  
 
Table 4. Parameterization of WRC for the site Sa_G (Sprenger et 
al., 2016). 
 

Horizon Ah B II_B 
width 11 cm 110 cm > 80 cm 
theta_sat 0.546 0.319 0.470 
alpha 0.033 0.005 0.005 
n 1.228 1.194 1.194 
ksat 6.11E-04 1.53E-04 6.16E-04 

 
Data description  

 
To simulate transpiration and soil water content at the forest 

site Sa_G, climate data from the grassland site Sa_K were used 
as input for the model (Figure 1). These data better represent 
the atmospheric conditions above the trees which mainly drive 
the transpiration of the trees. In contrast, climate data from site 
Sa_G represents the conditions inside the forest and therefore 
this data cannot be used in our simulation study. To run the 
model, climate data between 2013 and 2016 is available. All 
subsequent model evaluation is done for the year 2015. The 
years 2013 and 2014 are used as spin-up period until stabiliza-
tion of the model. Climate data includes air temperature, rela-
tive humidity, wind speed, global radiation as five-minute 
measurements, and precipitation as hourly data. All data were 
checked for errors and the data gaps were filled. Soil moisture 
was measured in three profiles per site at 10 cm, 30 cm and 50 
cm depth. For our analyses we took the average across all 
depths and profiles estimating the average soil moisture in the 
top 60 cm for each site (Hassler et al., 2018). Precipitation data 
(station Useldange) are available as hourly values with annual 
mean value of 791 mm for the year 2015 (Agrarmeteorologie 
Luxemburg: /http://www.agrimeteo.lu). Therefore, all other 
climate variables and the soil moisture measurements are aver-
aged to hourly values.  

Based on the soil moisture and grain size distribution charac-
teristics of the study area, deep percolation is usually observed as 
dominant runoff generation process. Saturation excess flow or 
Hortonian overland flow can be excluded. 

For the year 2015, transpiration of the adult beech overstory 
was analyzed by determining sap velocities using the heat ratio 
method with a central heater needle and two thermistor needles 
located upstream and downstream of the heater (Köstner et al., 
1996). The sap velocity sensors, manufactured by East30Sensors 
in Washington, were installed at breast height on the north-facing 
side of the stem and protected with a reflective cover (Hassler et 
al., 2018). Sap velocities at each of those locations were calculat-
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ed from the temperatures measured at the corresponding thermis-
tor pairs according to Equation (2) (Campbell et al., 1991): 

 

( )
2  ln u

sap
w u d d

k TV
C r r T

 Δ=  + Δ 
 (2) 

 

where sapV  is the sap velocity (m s–1),  k is the thermal conduc-

tivity of the sapwood, set to 0.5 W m–1 K–1,  wC  is the specific 
heat of water (J m–3 K–1),  r  is the distance (m) from the heater 
needle to the sensor (in our case 6 mm) and TΔ  is the tempera-
ture difference (K) before heating and 60 seconds after the heat 
pulse. Subscripts u  and d  stand for location upstream and 
downstream of the heater. 

These values were corrected to account for wounding of the 
xylem tissue because of the drilling according to the numerical 
model solutions for the heat pulse velocity method as suggested 
by Burgess et al. (2001): 

 
2 3 c sap sap sapV bV cV dV= + +   (3) 

 
where Vc is the corrected sap velocity (m s–1) and b, c and d are 
correction coefficients; for the 2-mm-wounds we have set b = 
1.8558, c = –0.0018 s m–1, d = 0.0003 s2 m–2 (Burgess et al., 
2001). 

We selected a dataset of continuous sap velocity measure-
ments from four trees. Daily mean values of the sap velocities 
were used for the photosynthetically active period from May to 
October 2015 in which there was a complete time series of sap 
flow measurements available. Simulated daily sums of actual 
transpiration from the model were then compared with the 
average sap velocity of the four trees at the site for the same 
period (growing season). 

For better comparison sap velocities and simulated transpira-
tion were normalized. 

 
Evaluation of model behavior 

 
In our definition, a model is “behavioral”, when it is able to 

simulate runoff generation, water balance and the temporal 
pattern of soil moisture and evapotranspiration consistently 
with the reality. Therefore, we propose a scheme including four 
qualitative performance evaluation criteria to check the simu-
lated output. This scheme allows excluding simulations that are 
not realistic in terms of the four sources of information men-
tioned above (see Table 5). Sap velocity (SV) and soil moisture 
(SM) criteria define the necessity of temporal consistency be-
tween observed and simulated time series of transpiration and 
soil water content (by comparing stand transpiration simula-
tions with sap velocity measurements, and by comparing simu-
lated and observed temporal pattern of soil moisture, re- 
 

spectively). Therefore, all simulated time series that would be 
less consistent with the temporal variability of observations will 
be rejected. Since actual evapotranspiration is usually less than 
precipitation in the water budget (Hasenmueller and Criss, 2013), 
the RETa (“Realistic amount of actual evapotranspiration”) crite-
rion eliminates simulations in which the total amount of evapo-
transpiration exceeds 750 mm/year. According to our knowledge 
of local terrain properties and field surveys, RRGP (“Realistic 
Runoff Generation Process”) criterion was set to deep percolation 
as the most plausible hydrological process at our site.  

In addition to the criteria mentioned above, three widely 
used statistical goodness-of-fit measures complement the quali-
tative evaluation of model performance: Mean absolute error 
(MAE), correlation (R²) and Nash-Sutcliffe efficiency index 
(NSE) provide additional information on the goodness-of-fit 
between normalized simulated transpiration and normalized sap 
velocity (SV) and simulated and observed soil moisture (SM). 
MAE (Eq. 4) is a basic index (McKeen et al., 2005; Savage et 
al., 2013) derived from the mean error (difference) between 
simulated variable and observed variable with the same length 
and dimensions. This measure is recommended for model per-
formance evaluation (Fox, 1981). It is calculated as follows: 
 

1

1

N

i i
i

MAE N P O−

=
= −     (4) 

 
where N is the number of the cases, ; P is the 
simulation time series, and O is the observation time series. 

While MAE estimates the size of difference, the correlation 
index R² quantitatively estimates the agreement between obser-
vations and simulations. R2 can be expressed as the squared 
ratio between the covariance and the multiplied standard devia-
tions of the predicted and observed values. Higher R2 value 
indicates higher correlation (Legates and McCabe, 1999; Will-
mott, 1982). 

The Nash-Sutcliffe efficiency index (NSE), is dimensionless 
describing the relative error between simulations and measured 
data (Nash and Sutcliffe, 1970). It is calculated as: 
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where the NSE index demonstrates the normalized ratio of re-
sidual variance (noise) to the observation variance ranging 
between –∞ and 1. An NSE value is considered to be acceptable 
when it ranges between 0 and 1. Fewer errors between simula-
tions and observations always lead to a bigger NSE value and a 
better model performance. It is important to mention that a nega-
tive NSE value (NSE < 0) indicates a bad model performance that 
is even worse than the mean of the observed variable.  

 

Table 5. Model performance evaluation criteria. 
 

Evaluation element Description Evaluation criterion 

Sap velocity measurements 
(SV) 

Temporal pattern of sap velocities in terms of 
normalized values 

SV criterion : There should be similar variability and no high devia-
tions between the sap velocities and simulated transpiration amounts 

Soil moisture measurements 
(SM) 

Temporal pattern of soil moisture measure-
ments in terms of mean values (%) for upper-
most 50 cm of soil layer  

SM criterion: There should be similar variability and no high devia-
tions between the soil moisture measurements and simulated soil 
moisture amounts  

Realistic amount of actual 
evapotranspiration (RETa) 

Total amount of evapotranspiration as a com-
ponent of the water budget in terms of mm/year  

RETa criterion: Total evapotranspiration simulated should be be-
tween 450 to 750 mm/year 

Realistic runoff generation 
process (RRGP) 

Derived from runoff component of the water 
balance  

RRGP criterion: The simulated runoff generation process should be 
deep percolation and no direct runoff as saturation or Hortonian 
overland flow  

1, 2,3,i N= …
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Based on the four evaluation criteria from Table 5 and three 
performance measures, unrealistic simulations will be eliminat-
ed from consideration to attain the best parameterization which 
provides an overall agreement among the combined perfor-
mance criteria. Therefore, only under this condition, the simula-
tion will be categorized as “behavioral”. 

Applying three groups of scenarios (Table 6), we investigat-
ed the soil parameterization that reaches to the behavioral mod-
el. The simulation results of each scenario were evaluated by 
the model performance criteria and statistical goodness-of-fit 
measures. The soil parameterization in scenario A was taken 
from Tepee et al. (2003). In the two scenarios B1 and B2, the 
water retention curve was parameterized with three different 
variations of the van-Genuchten parameters according to (Sau-
er, 2007). In scenario C, the model performance was evaluated 
using the soil parameter set provided by Sprenger et al. (2016).  
 
RESULTS  
SCENARIO A: Model parameterization according to Teepe 
et al. (2003) 
 

Since logged air or stone fraction may reduce maximum soil 
moisture at saturation by up to 30% (Mualem, 1974), theta_sat 
(saturated water content) is reduced in scenario A1 in three 
steps from 41% (baseline parameterization according to Teepe 
et al. (2003), see Table 2) to 35% and finally to 30%. Soil mois-
ture simulated with the baseline parameterization of the soil 
Table (theta_sat = 41%) shows much higher values than the 
measurements (Figure 2). As the parameter theta_sat decreases, 
the simulated soil moisture values also decrease. Simulated soil 
water content with theta_sat = 30% shows the highest similarity 
with the measurements. However, the simulated dynamics of the 
soil moisture simulations do not match the measured dynamics.  

Sap velocity rose in the transition from spring to summer 
and it started to decrease again with the end of the summer 
(Figure 3). A rapid drop in the sap velocity was observed in 
June and August 2015 while there was a steep rise in July 2015 
for all measuring points. The simulated transpiration with dif-
ferent theta_sat values and the sap velocity measurements have 
a similar temporal pattern. Changing the theta_sat value has 
only a negligible effect on transpiration (Figure 3). 

Evaluation of the water balance (see Table A in the 
appendix) unveiled that total simulated evapotranspiration (775, 
773 and 762 mm/year for theta_sat = 41, 35 and 30 
respectively) is too high. It is close to the annual precipitation 
amount (791 mm) which is not realistic. The dominant runoff  
 

generation process was saturation excess flow or Hortonian 
overland flow which is not realistic according to landscape 
characteristics. Table 7 illustrates the model performance in 
scenario A1 evaluated by the three statistical efficiency 
measures as well as by four criteria. Meeting or not meeting a 
criterion is expressed in terms of “Yes” or “No” respectively. 
All simulations are highly correlated with the corresponding 
measurements (R² ≥ 0.73 for all simulations). Model 
performances for transpiration show the same values for all 
theta_sat. While for the soil moisture, the simulation with 
theta_sat = 30 Vol% shows the lowest bias (MAE = 0.02) and a 
positive NSE (0.55). This confirms the results obtained from 
visual inspection. 

To investigate the effect of scaling the bulk surface 
resistance parameters (rsc and rse), in scenario A2, the 
parameters rsc and rse are adjusted in the evapotranspiration 
module of the WaSiM-ETH model. The applied percentage 
changes were 25, 50, 75, 150, 200 and 400% according to the 
standard values in the model for deciduous forest (Table 1). 
Parameter theta_sat was set to 30 Vol% due to the relatively 
satisfactory simulation results obtained from scenario A1.  

Changing the bulk surface resistance parameters affects the 
simulated soil water content. The dynamics of the soil moisture 
simulations are now more consistent with measured values 
(Figure 2). The best fit could be obtained by decreasing the rsc 
and rse values to 75% and 50% of their standard values, 
respectively. By lowering the bulk surface resistance 
parameters, the (potential) evapotranspiration increases. This 
extracts more water through plant transpiration and soil 
evaporation. Hence, under these conditions, simulated soil 
moisture was reduced and became closer to the measured 
values. The dynamics of the simulated transpiration also 
corresponds well to the sap velocity measurements (Figure 3).  

However, the amount of evapotranspiration losses (850 mm 
and 867 mm with rsc = 75% and rse = 50%, respectively) 
exceeded precipitation input. The simulated runoff generation 
process was saturation excess flow or Hortonian overland flow 
which was unrealistic with regard to real soil characteristics at 
site Sa_G (Table A in appendix). Evaluation of the results 
obtained from the scenario A2 is shown in Table 8. Here, all 
measures indicate an almost perfect fit after scaling the bulk 
surface resistance (NSE = 0.74 for transpiration, and NSE = 
0.85 or 0.91 for soil moisture). This confirms a substantial 
improvement of simulation accuracy. Nevertheless, runoff 
generation process and water balance are not correctly 
reproduced. 

 
Table 6. Overview of different scenario combinations. 
 

SCENARIO A 
(using soil parameterization after 
Teepe el al. (2003)) 
 

A1 
(Scaling theta_sat) 

 

–41% 
–35% 
–30% 

A2 
Scaling bulk surface resistances 

theta_sat = 30% 
 

A2-1 
(Scaling soil surface 

resistance r
se

)  

25%-50%-75%-100%-
150%-200%-400% 

 
A2-2 

(Scaling canopy surface 
resistance r

sc
) 

25%-50%-75%-100%-
150%-200%-400% 

SCENARIO B 
(using soil parameterization after 
Sauer (2007)) 
 

B1 
Re-parameterization of Water Retention Curve 

with theta_sat = 30% 

-Variation 1 
-Variation 2 
-Variation 3 

B2 
Re-parameterization of Water Retention Curve 

with theta_sat = 41% 

-Variation 1 
-Variation 2 
-Variation 3 

 
SCENARIO C 
 

Soil parameterization after Sprenger et al. 
(2016) 

Comparison to best performing parameter set  
(theta_sat = 41%, Var1) 
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Table 7. Criteria evaluation and efficiency measures in scenario A1. 
 

Scenario A1: scaling theta_sat 
Criterion 30 Vol% 35 Vol% 41 Vol% 
SV Yes Yes Yes 
SM No No No 
RETa No No No 
RRGP No No No 

Efficiency  
measure 

   
Transpiration Soil moisture Transpiration Soil moisture Transpiration Soil moisture 

R² 0.73 0.95 0.73 0.95 0.73 0.93 
MAE 0.42 0.02 0.42 0.08 0.42 0.13 
NSE 0.71 0.55 0.71 –2.66 0.71 –8.92 

 
Table 8. Criteria evaluation and efficiency measures in scenario A2. 
 

Criterion 30 Vol% (baseline) A2-1 (rse = 50%) A2-2 (rsc = 75%) 
SV Yes Yes Yes 
SM No Yes Yes 
RETa No No No 
RRGP No No No 

Efficiency  
measure 

   
Transpiration Soil moisture Transpiration Soil moisture Transpiration Soil moisture 

R² 0.73 0.95 0.73 0.94 0.76 0.94 
MAE 0.42 0.02 0.39 0.01 0.39 0.01 
NSE 0.71 0.55 0.74 0.91 0.74 0.85 

 
Table 9. Criteria evaluation and efficiency measures for model performances in scenarios B1 and B2. 
 

Criterion 
Re-parameterization of the water retention curve – scenario B 

scenario B1 (theta_sat = 30 %) scenario B2 (theta_sat = 41%) 

Baseline Var1 Var2 Var3 Baseline Var1 Var2 Var3 
SV Yes  No No No Yes  Yes No No 
SM No No No No No Yes No No 
RETa No Yes Yes Yes No Yes Yes Yes 
RRGP No Yes Yes Yes No Yes Yes Yes 

Efficiency measure 
        

SM Tr SM Tr SM Tr SM Tr SM Tr SM Tr SM Tr SM Tr 
R² 0.95 0.73 0.75 0.64 0.60 0.37 0.62 0.11 0.93 0.61 0.74 0.73 0.67 0.5 0.62 0.11 
MAE 0.02 0.42 0.05 0.53 0.07 0.75 0.06 0.97 0.13 0.42 0.02 0.43 0.04 0.66 0.06 0.97 
NSE 0.55 0.71 –0.44 0.6 –1.98 0.21 –1.64 –0.34 –8.92 0.71 0.65 0.71 –0.01 0.41 –1.64 –0.34 

 

 
SCENARIO B: Re-parameterization of Water Retention 
Curve 

 
In scenario B1, van Genuchten parameters of the baseline 

parametrization of the soil were re-parameterized according to 
Sauer (2007), where three variations of the parameters “alpha” 
and “n” were proposed for the same soil type “loamy sand”. 
Figure 2 depicts soil moisture of the three variations of van 
Genuchten parameters for a soil with theta_sat = 30%. All 
variants underestimate the measured values. Variation of van 
Genuchten parameters also affects simulated actual transpiration 
rates: In Figure 3, we clearly see that simulated transpiration does 
not match the temporal pattern of sap velocity measurements. 

In all three variations, the soil was significantly dryer than 
the measured value. In variation 2 and 3 the soil water content 
came close to the residual water content. For the simulated 
transpiration, its temporal consistency with sap velocity de-
creased from variation 1 to 3. As all three variations performed 
worse than the best A1 scenario all three variants are rejected. 

In scenario B2 we changed theta_sat from 30 to 41 Vol% 
and then repeated the three variations of alpha and n after Sauer 
(2007) and then checked both soil moisture (Figure 2) and 

transpiration dynamics (Figure 3). Simulation results with 
theta_sat = 41% for the transpiration dynamics are relatively 
consistent with the observed sap velocities over the entire 
vegetation period for variation 1. In scenario B2, variation 1 
provided sufficient soil water during the vegetation period for 
plant transpiration. This corresponds well to temporal patterns 
of sap velocities. Nevertheless, in variation 2 and 3, simulated 
transpiration did not reproduce the temporal patterns of the sap 
velocity data. There is a strong deviation in July and August 
2015 and at some points the simulated transpiration drops to 
zero. This is the result of the low soil water content in summer 
(close to residual water content) for these two variations.  

Table 9 provides all evaluation results related to the scenario 
B. Runoff generation process for all three variations with 
theta_sat = 30% and 41% is now deep percolation (Table A in 
appendix). Furthermore, the total amount of evapotranspiration 
was less than 750 mm for all variations. Variation 1 with 
theta_sat = 41% fulfills all four evaluation criteria. This is 
confirmed by the three statistical efficiency measures. Here, 
variation 1 with theta_sat = 41% clearly performs the best. In 
accordance with our definition we can label this model 
parameterization as “behavioral”.  
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Fig. 2. Simulated and measured 
soil moisture in the root zone 
(Vol%) in 2015 for Scenarios 
A1, A2, B1 and B2. Red verti-
cal lines indicate the growing 
season. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Simulated transpiration 
(normalized) and normalized 
mean values of sap velocity 
(measured) for growing season 
2015 (Scenarios A1, A2, B1, 
B2). In Scenario A1 all simula-
tions show the same transpira-
tion (identical lines). 
 

 
 

 
SCENARIO C: Soil parameterization after Sprenger et al. 
(2016) 

 
Sprenger et al. (2016) provided a soil parameter set for the 

Site Sa_G. In the scenario C, this parameter set was determined 
by automatic fitting to soil moisture measurements and stable 
isotope data. We compared this parameterization with our best 
performing model from the previous section (variation 1 from 
scenario B2 with theta_sat = 41%). 

The simulated runoff generation process was deep 
percolation which is plausible (Table A in appendix). Total 

evapotranspiration (602 mm) was estimated to be lower than 
precipitation (791 mm) which is also correct. But it can be seen 
in Figure 4 that soil moisture simulation does not show the 
correct dynamics compared to the measured time series. Here 
again, the parameterization of WRC is the reason that the soil is 
drying out in summer. This causes a significant reduction in 
transpiration during August which does not correspond to our 
sap velocity measurements. Additionally, the statistical 
efficiency measures (Table 10) reveal that the model performs 
very weak in simulating soil moisture (negative value for NSE). 
Simulated transpiration is therefore not consistent with the 
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corresponding sap velocity time series (Figure 5). It shows an 
overestimation in spring and a slight underestimation in 
summer, which is also indicated by lower model performance 
measures compared to the simulation with the optimal 
parameter set (B2, variation 1 with theta_sat = 41%) from the 
previous section. 

 

 
 

Fig. 4. Simulated soil water content for soil parameters according 
to Sprenger et al. 2016 compared to corresponding measured val-
ues and simulated soil moisture from variation 1 (theta_sat = 41%) 
in 2015. Red vertical lines indicate the growing season. 

 

 
 

Fig. 5. Normalized simulated transpiration for soil parameters 
according to Sprenger et al. 2016 compared to normalized mean 
sap velocity (measured) and normalized simulated transpiration for 
variation 1 (theta_sat = 41%) in growing season 2015. 

 
Table 10. Criteria evaluation and efficiency measures for soil 
parameterization according to Sprenger et al. (2016). 
 

Criterion 
Optimal parameter set 

(theta_sat = 41%,  
Variation 1) 

Sprenger et al. 2016 

SV Yes No 
SM Yes No 
REtr Yes Yes 
RRGP Yes Yes 

Efficiency  
measure 

 

Transpiration Soil 
moisture Transpiration Soil 

moisture 
R² 0.73 0.74 0.61 0.89 
MAE 0.43 0.02 0.55 0.04 
NSE 0.71 0.65 0.57 –0.11 

 
 

DISCUSSION  
 
The main objective of this study was to build up a behavioral 

forest stand water balance model to characterize the temporal 
changes in hydrological components of water balance by mak-
ing use of both observed soil moisture and sap velocities as 
well as expert knowledge of local runoff generation processes. A 
behavioral model was defined as a model in which simulation 
results have to be consistent with measurements of soil moisture 
and sap velocity and with our hydrologic understanding of run-
off generation processes in the area of investigation. To accom-
plish the objectives, a multi-criteria evaluation scheme was 
developed. While 24 model realizations were tested, only one 
model realization could be categorized as “behavioral”. 

Results of this study demonstrated that without the use of 
additional information (e.g. using sap velocity measurements 
for transpiration dynamics; different soil parameterizations, and 
expert knowledge), it is not possible to identify a model which 
captures these processes and dynamics adequately. This sheds 
light on the value of the contribution of different forms of data 
in representing the catchment behavior. In a case study in a 
Swiss Pre-Alpine catchment, it was also found that the applica-
tion of expert knowledge and the concept of dominant process-
es can increase the realism of the hydrological models (An-
tonetti and Zappa, 2018). Taking into consideration that model 
evaluation would always be partly subjective, we looked at the 
model behavior from different perspectives through application 
of multi criteria evaluation that integrated this additional infor-
mation. Therefore, we were able to select a behavioral parame-
ter set from a number of equally likely soil parameterizations. 
The development of a multi-criteria approach for model evalua-
tion is based on the consideration that a single measure of per-
formance does not properly extract the information contained in 
the data (Gupta et al., 1998). This approach includes multiple 
performance measures and allows to evaluate if the hydrologi-
cal model is able to represent the behavior of internal catchment 
processes (Fenicia et al., 2008b). Moreover, our results are also 
in line with Livneh (2012). He improved model performance 
significantly by the application of a multi-criteria scheme to 
evaluate multiple model outputs and by adding supplementary 
information in the parameterization process (Livneh, 2012). 
Another study showed that the introduction of constraints was 
efficient in reducing simulation uncertainty, in conditioning 
parameters, and in identifying critical parameters (Senapati et 
al., 2016). 

All functions describing soil water retention imply a specific 
soil hydraulic behavior. Soil parameterization schemes accord-
ing to Teepe et al. (2003) and Sauer (2007) use different 
amounts of soil information to derive pedo-transfer functions to 
translate soil information into van Genuchten parameters. Our 
results revealed that different parameterizations of the corre-
sponding soil led to diverse simulation results. This issue is of 
great significance in all models applying the Richard’s equation 
(e.g. WaSiM-ETH). Therefore, finding a behavioral model for 
evapotranspiration is highly dependent on the identification of 
an appropriate WRC. This is consistent with the results of Gar-
rigues et al. (2018). They compared the performance of two 
water transfer models in simulating evapotranspiration using 
different soil parameterizations. They found an unexpectedly 
high model sensitivity to soil moisture at field capacity, root 
extinction coefficient, and the proportion of homogeneous root 
distribution (Garrigues et al., 2018). In our proof-of-concept 
study based on a 1-D model, we took the measurements of 
sapflow and soil moisture as representative for the “sandstone 
area” where the dominant hydrologic process is deep percola-
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tion. This made it possible to identify a behavioral model. It is 
known that models might work for the wrong reasons (i.e. 
reproducing discharge with incorrect process representations) 
(Beven, 2006; Walker and Zhang, 2002). This makes it advisa-
ble to implement expert knowledge to develop a proper pa-
rameterization to reflect our perceptions of the processes ob-
served. 
 
CONCLUSION 

 
A considerable amount of effort is still being devoted to the 

development of hydrological models, and there is a continuing 
need to advance the techniques for their parameter estimation. 
It is also important to develop a good working knowledge of 
their sensitivity, and strengths and weaknesses. 

This study underlines the importance of correctly setting up 
the 1-D water balance simulation model WaSiM-ETH in order 
to reproduce the dynamics of soil water fluxes and the physio-
logical control of water loss through transpiration at a specific 
site (beech forest in Western Luxembourg). Adjustment of the 
parametrization of the WRC showed a high impact on simula-
tion results. Our main finding was that: even though all parame-
ter sets refer to the same soil (“loamy sand”), a slightly differ-
ent parameterization of soil moisture at saturation (theta_sat), 
bulk surface resistance parameters and WRC may result in 
implausible model behavior. Even if transpiration and soil 
moisture are simulated consistently with our observations, 
runoff generation or total water balance may be wrongly esti-
mated. Therefore, only the introduction of a multi-criteria eval-
uation scheme for exclusion of unrealistic outputs allowed 
finding a well performing parameter set for our test site. These 
findings suggest that using different sources of information such 
as expert knowledge on the dominant hydrological processes 
and the understanding of local controls facilitate parameteriza-
tion and evaluation of a hydrological model. We should question 
the generally accepted procedure to parametrize soils using 
“default” parameter sets based on soil texture description or 
similar. Only if porosity and WRC for all soil horizons are cor-
rectly adjusted, a “physically based” model may simulate runoff 
processes and transpiration consistently with observations. Only 
in this case, we may refer to a model as “behavioral” (Gupta et 
al., 2005). We recommend finding “prototype soils” which are 
in accordance with soil description (e.g. texture) and expert 
knowledge on runoff processes in the area under investigation. 
This in turn implies that model parameterization, evaluation or 
calibration has to incorporate this “soft” knowledge. 

Setups identified as optimal for 1-D simulations will go a 
long way of improving the application of WaSiM-ETH water 
balance model on catchment scale to answer questions about 
watershed characteristics and water resources management. 
Since point measurements are not valid on catchment scale, we 
may try to address the spatiotemporal distribution of evapotran-
spiration, soil moisture and runoff generation processes at 
catchment scale as well as the estimation of overall water bal-
ance at the corresponding gaging station(s) (Koch et al., 2016, 
2015). The current study showed that soil parameterization 
affects not only the temporal distribution of soil moisture and 
transpiration, but also the runoff generation process. This also 
highlights the need to consider the incorporation of several data 
products to increase knowledge about the hydrological process-
es on catchment scale (Casper et al., 2015). Remotely sensed 
data will open up the possibility to analyze spatial patterns of 
actual evapotranspiration (ETa) or soil moisture (Koch et al., 
2017). Together with additional knowledge of the spatial distri-
bution of dominant runoff processes on catchment scale this 

will facilitate the parameterization of the hydrological model 
WaSiM-ETH and its subsequent optimization by extending the 
traditional model evaluation procedure at gaging stations with 
the search for a best fit of spatial patterns of ETa and runoff 
processes on catchment scale. A number of automatic mapping 
approaches for delineation of dominant runoff process exist, 
which can be used to constrain the uncertainty of hydrological 
simulations (Antonetti et al., 2016; Behrens et al., 2010). The 
model RoGeR (Runoff Generation Research) demonstrated its 
ability to quantify runoff process in high spatial and temporal 
resolution without the need of parameter calibration (Steinbrich 
et al., 2016). This approach combines knowledge of runoff 
process gained through long term research with spatially dis-
tributed data sets and can thus be used to extend the here pre-
sented approach to the catchment scale. 
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Table A. Water balance for all simulation runs, DP = Deep Percolation. SOF = Saturation Overland Flow, HOF = Hortonian Overland Flow. 
 

Scenario A1 A2 B1: B2 C 

 
base-

line 41 
baseline 

35% 
baseline 

30% 
rsc 

75% 
rse 

50% 
Var. 1 
30% 

Var. 2 
30% 

Var. 3 
30% 

Var. 1 
41% 

Var. 2 
41% 

Var. 3 
41% 

Sprenger et 
al. 2016 

Pot. Evaporation 270 270 270 281 471 270 270 270 270 270 270 270 
Real Evaporation 261 259 250 254 372 174 167 179 183 168 179 160 
Interception  
Evaporation 146 146 146 157 146 146 146 146 146 146 146 146 

ETp 851 851 851 978 1051 851 851 851 851 851 851 851 
ETr 776 774 762 850 867 613 536 497 676 569 497 602 
ETr_Layer1 = 
Transpiration 368 368 365 438 348 293 222 172 347 255 172 296 

Baseflow 145 166 107 117 73 212 278 316 251 267 316 196 
Direct Runoff 161 11 82 63 73 0 0 0 0 0 0 0 
Interflow 0 0 0 0 0 0 0 0 0 0 0 0 
Total Runoff 306 177 190 180 146 212 278 316 251 267 316 196 
GW recharge 68 114 94 103 64 190 268 307 130 248 307 156 
Delta Storage –290 –160 –161 –239 –222 –33 –22 –22 –136 –45 –22 –7 
Precipitation 791 791 791 791 791 791 791 791 791 791 791 791 
Total Balance Error 0 0 0 0 0 0 0 0 0 0 0 0 

Runoff Process SOF/H
OF 

SOF/ 
HOF/DP SOF/HOF SOF/ 

HOF 
SOF/
HOF DP DP DP DP DP DP DP 
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Abstract: The aim of this study was to simulate dominant runoff generation processes (DRPs) in a
mesoscale catchment in southwestern Germany with the physically-based distributed hydrological
model WaSiM-ETH and to compare the resulting DRP patterns with a data-mining-based digital
soil map. The model was parameterized by using 11 Pedo-transfer functions (PTFs) and driven
by multiple synthetic rainfall events. For the pattern comparison, a multiple-component spatial
performance metric (SPAEF) was applied. The simulated DRPs showed a large variability in terms
of land use, applied rainfall rates, and the different PTFs, which highly influence the rapid runoff
generation under wet conditions.

Keywords: data-mining-based digital soil mapping; spatial pattern comparison; water balance
modeling; spatial efficiency metric

1. Introduction

Distributed physically-based hydrological models have been the mainstream in the
community of hydrological modelers, providing significant insights into understanding
and predicting hydrological fluxes and states [1,2]. Based on the rainfall–runoff response,
these models account for the spatio-temporal dynamics of hydrological processes at various
scales [3–6]. Modeling the interplay of hydrological processes in a spatially distinct manner
provides the required tool to tackle the issues at hand driven by global climate change and
land use intensification. The capability of a model to predict the spatial variabilities of hy-
drological processes, however, poses evident challenges to its modeling structure. Thereby,
considering the complex feedbacks between the hydrological processes that drive spatial
variability, distributed hydrological model applications are a challenge for spatial pattern-
oriented evaluations [7–9]. The spatial predictability of distributed model output can only
be thoroughly verified when evaluating the outputs against spatial observations [9,10],
whereas, in particular, discharge data at the catchment outlet does not provide sound
information about the spatial distribution of runoff processes within the catchment [11].

Changes in the underlying land surface conditions caused by land use, soil types,
geological, and topographical factors may alter the spatial patterns of runoff generation
processes in a catchment area, which might then cause extreme flood or drought events.
Such events may further influence the subsequent processes that govern the runoff response
of a region, particularly in smaller catchments. For example, for water resource manage-
ment and early flood warning, it is important to conduct quantitative measurements of the
effects of urbanization on surface runoff. A recent study approached runoff fluctuations
in an urban region using GIS and remote sensing technologies as well as the SCS-CN
model [12]. It was found that within the period of 15 years, the region experienced a
significant growth of urban impervious areas and a notable decline in vegetated land cover,
being the predominant drivers of surface runoff change. The rise in surface runoff was
found to be positively correlated to the growth in urbanization and negatively correlated
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to the decreased vegetation cover. Another study analyzed the effects of land use change
on runoff production by using the SCS-CN approach, remote sensing data, and GIS tools,
where runoff was predicted from precipitation, land use, and hydrological soil groups
using the SCS-CN model [13]. According to another study, the influence of different land
use covers on the soil hydraulic properties was investigated, and consequently, different
soil hydrological behaviors to heavy storms were found, and therefore, different runoff
productions were observed [14].

A well-performing hydrological model of a given catchment is in essence a virtual
reflection of how the runoff generation processes vary spatially and temporally and switch
between major flow mechanisms (i.e., surface runoff, subsurface flow, or base flow) [15].
While various runoff processes may occur on a site, only the dominant processes most
likely contribute to the total runoff of the catchment and are significantly dependent on the
site characteristics and the nature of the precipitation event [16,17]. For instance, relatively
flat areas adjacent to the flow channel are disposed to faster saturation (i.e., even during
slight precipitation events) and can quickly transfer water to the river network, which
generally results in a fast runoff response (e.g., saturation overland flow). In contrast,
runoff responses from hillslope zones are relatively slower, even during higher intensity
rainfall events, and may largely contribute to processes such as interflow. Therefore,
models that correctly discern the spatial variability of dominant runoff processes (DRPs)
and identify flow pathways consistent with spatial observations can serve as tools to
make predictions and test the hypotheses of the controls on hydrological responses [18–22].
The spatial information of DRPs in a catchment allow for a thorough evaluation of how
a model represents the spatial distribution of runoff generation and the contributing
areas under different rainfall characteristics and initial catchment conditions. The various
mapping approaches for DRPs differ regarding the time and data required for mapping,
and accordingly, the defined DRP classes might then be different [16,23,24].

While better process representations are required, it has always been quite a challenge
to acquire good quality observed datasets with minimal uncertainty for hydrological model
testing. Such datasets should then ideally transfer information about the changes in storage
and variations in travel time distributions as a catchment wets and dries out, so that
models can confidently be evaluated against the spatial distribution of runoff generation
processes and the internal moisture state in catchments with different properties [25–27].
This highlights the principle that the model evaluation should thus make use of all sources
of data available in a catchment area [25,28]. Antonetti et al. (2019) applied multiple DRP
maps to incorporate the knowledge on DRPs into hydrological modeling. They presented
divergent catchment reactions in terms of DRPs to precipitation events for flash flood
predictions. They implemented synthetic runoff simulations to assess the sensitivity of the
hydrograph to the mapping approach and found that simulations following the simplified
procedures resulted in the strongest deviations from the reference map. Furthermore, in
the Nahe catchment in Rhineland-Pfalz, Haag et al. (2016) [29] also integrated spatially
distributed information on DRPs based on the classification of Scherrer and Naef (2003) [30]
into LARSIM (large area runoff simulation model) for operational flood forecast [31] and
applied different soil parameterizations corresponding to DRPs in the catchment area.

Thereupon, in the present study, we attempted to utilize an available soil hydrological
map for the state of Rhineland-Palatinate (western Germany) from which the DRPs in a
landscape unit are identified [32]. This map reflects different flow processes, which are
plausible based on the site’s characteristics. In this paper, we intend to integrate this process
information into rainfall–runoff model evaluation. Therefore, a methodology was devel-
oped that translates the map content into runoff classes that are consistent with the model
structure in use. This would then enable spatial pattern-oriented evaluation on DRPs, for
which we adopted a multiple-component spatial performance metric (SPAEF) [33]. We then
defined a series of synthetic rainfall events with different intensities on a system moisture
state around field capacity to assess how different rainfall intensities affect the spatial
patterns of DRPs in the catchment. Furthermore, we applied 11 different Pedo-transfer
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functions (PTFs) to translate the information on soil properties into model parameters, since
the choice of PTFs has a distinctive effect on the water balance and runoff generation [7].
Overall, this study aimed to provide a basis to understand and evaluate the observed dif-
ferences in the spatial patterns of DRPs at the catchment scale and to use this information
as a significant constraint in the evaluation process of a hydrological model. This would
allow for the selection of behavioral model parameterizations (rather than compensating
through calibration).

2. Materials and Methods
2.1. Study Area

The Kronweiler catchment in the Nahe Valley is located in the state of Rhineland-
Palatinate in the southwest of Germany. The catchment, with an area of 64 km2, has a
distinct river network, and the elevation ranges from 298 m a.s.l. (in the southeast) to above
720 m a.s.l. (in the north and northwest), resulting in a mean slope gradient of 8.6 and a
notable altitude difference (see Figure 1a; [34]). Soil and geological information (Figure 1b)
were derived from the “Hydrologische Übersichtskarte Rheinland-Pfalz” (2006). Sandstone
mainly occurs in the northern parts, and siltstone underlies the southwest parts of the
region. Dominant soil types are Gleyic and Humic Podzols and Cambisols.

Land use information (Figure 1c) was taken from the Corine land cover dataset (CLC,
2006), which represents forested areas as the largest land use (66%) followed by grassland
(29%), cropland (3.9%), urban (0.9%), and wasteland (0.2%). While forests are patchily
scattered throughout the catchment, they large cover the northern areas and the areas
around the river network in the south. There are also grasslands distributed evenly over
the entire area, except for the highlands in the north.
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Figure 1. Topography (a), geology (b), and land use (c) of the Kronweiler catchment.

2.2. Model Setup and Parameterization

The hydrological model WaSiM (http://www.wasim.ch, accessed on 17 February 2023)
was applied to analyze the water balance and runoff generation processes in the catchment. As
a distributed and deterministic model, WaSiM provides physical descriptions of the involved
hydrological processes. It applies Richard’s equation [35] to simulate unsaturated water
fluxes in the soil and uses van Genuchten parameters [36] for the parameterization of the soil
hydraulic properties. WaSiM represents the soil as a layered column. This means, for each
soil horizon, that the layer thickness and water retention curve are separately defined. Every

http://www.wasim.ch
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horizon within a soil profile is characterized with a specific permeability. To describe the
water retention curve, estimations of the van Genuchten parameters as well as the saturated
hydraulic conductivities are required (i.e., by using PTFs). The model indicates different
runoff response types (fast, intermediate, slow) by simulating the three runoff components
surface runoff, interflow, and base flow. A detailed description of the procedure by which the
model determines the DRPs in the catchment is presented in the Section 2.4.2).

The model was set up with a spatial resolution of 50 m and a temporal resolution of
1 h. The required input time series of precipitation, temperature, relative humidity, global
radiation, and wind speed were taken from the meteorological station of Dienstweiler
(https://www.wetter.rlp.de/agrarmeteorologie, accessed on 17 February 2023). The pre-
processing tool of WaSim-ETH TANALYS was applied to derive the necessary spatial data
(e.g., slope, flow accumulation, sub-catchment structure, and stream network). The depth
of the bulk density and organic matter content for each soil type and horizon were adapted
considering the main land use types. The input time series of 6 years (2009–2014) was
used for the model stabilization. Then, the system moisture state on 31 December 2014
represents the catchment moisture condition around field capacity.

Overall, without the interference of model calibration, the model allows for the analysis
of the effects of changes in the soil hydraulic properties and rainfall event characteristics on
the dominant runoff behavior of the catchment and its spatial patterns. In other words, for
the purpose of this study, the exact description of the reality was of minor importance.

A combination of 11 PTFs were applied through different simulation runs to con-
sider the effect of the different soil parameterizations by PTFs on the spatial patterns of
runoff processes in the catchment. Defined PTF combinations (Table 1) determined the
van Genuchten parameters (i.e., θsat, θres, n) and saturated hydraulic conductivity Ksat.
Determination of the Ksat for the combinations of 1 to 7 was carried out according to
the table of the Ad-hoc-AG Boden (2005) [37], while for the combinations of 8 to 10, the
corresponding equations of selected PTFs were applied. The main differences among the
PTFs were the underlying databases, number of considered soil samples, and the selected
input predictors to the equations (i.e., soil texture is included in all PTFs as an input, but
bulk density and organic matter content are not always considered in some of the PTFs).
For detailed information on the following PTF combinations, see [7].

Table 1. PTF combinations to estimate the parameters of van Genuchten (θsat, θres, n) and saturated
hydraulic conductivity Ksat.

PTF Combination Van Genuchten Parameters Soil Hydraulic Conductivity Ksat

1 Wösten et al. (1999) [38] Ad-hoc-AG Boden (2005) KA5 [37]

2 Renger et al. (2009) [39] Ad-hoc-AG Boden (2005) KA5 [37]

3 Weynants et al. (2009) [40] Ad-hoc-AG Boden (2005) KA5 [37]

4 Zacharias and Wessolek (2007) [41] Ad-hoc-AG Boden (2005) KA5 [37]

5 Teepe et al. (2003) [42] Ad-hoc-AG Boden (2005) KA5 [37]

6 Zhang and Schaap (2017):
Rosetta H2w [43] Ad-hoc-AG Boden (2005) KA5 [37]

7 Zhang and Schaap (2017):
Rosetta H3w [43] Ad-hoc-AG Boden (2005) KA5 [37]

8 Wösten et al. (1999) [38] Wösten et al. (1999) [38]

9 Renger et al. (2009) [39] Renger et al. (2009) [39]

10 Zhang and Schaap (2017):
Rosetta H2w [43]

Zhang and Schaap (2017):
Rosetta H2w [43]

11 Zhang and Schaap (2017):
Rosetta H3w [43]

Zhang and Schaap (2017):
Rosetta H3w [43]

https://www.wetter.rlp.de/agrarmeteorologie
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2.3. Synthetic Rainfall Events

We defined a series of synthetic rainfall events with different intensities but fixed
volume to analyze their impact on the spatial patterns of DRPs in the catchment. Instead of
focusing on how well the model reproduces a measured discharge, the word “synthetic”
implies that the focus of this study was exclusively on the differences between the simulated
patterns and patterns derived from a digital soil map. The synthetic rainfall event series
had a consistent total rainfall amount of 100 mm of precipitation and accordingly, ascending
rainfall durations resulted in descending intensities (Table 2). According to the available
rainfall data on large precipitation events in the area, the amount of 100 mm rainfall in 3 to
10 h is realistic. In addition, this amount is high enough to force the model to reach the max-
imum infiltration rates and eventually produce overland flow. In other words, during the
3 up to 10 h of synthetic rainfall, the changes in the spatial distribution of surface runoff,
interflow, and deep percolation were analyzed.

Table 2. Overview of the rainfall characteristics of the synthetic rainfall events. Total rainfall amounts
up to 100 mm of precipitation for all events.

Rainfall Duration (Hours) Rainfall Intensity (mm/h)

3 33.33

4 25

5 20

6 16.66

7 14.29

8 12.5

9 11.11

10 10

The simulation period was set to 7 days to consider the contribution of delayed flow
processes. To ensure that no process other than the main runoff processes (i.e., overland flow,
interflow, and deep percolation) was triggered within the catchment, the air humidity was
set to a constant value of 100%, which prevents evaporation processes. Air temperatures
above 0 ◦C prevent any snow contribution. This ensures that the defined precipitation
amount predominantly transforms into runoff production.

2.4. Determination of Dominant Runoff Generation Process (DRP)
2.4.1. DRP by Reference Soil Hydrological Map

Information on the spatial distribution of runoff processes in a catchment can be
visualized in maps discerning different types of runoff [24]. There are different mapping
techniques for DRPs regarding the required time and data for mapping, and therefore, the
DRP classes might be differently defined [16,23,24,30]. For the Nahe River Basin located in
the state of Rhineland-Palatinate in southwest Germany, a runoff generation (reference) map
is available, which also encompasses the study area Kronweiler [32]. To create this reference
map, in a first step, four reference areas were mapped by experts using the mapping scheme
of Scherrer (2006) [44]. In a second step, a data-driven artificial intelligence method used
(i) these maps, (ii) the output from digital terrain analysis (e.g., slope, distance to stream) [45],
and (iii) spatial information about geology, soil, and land use to generate the final product,
a map of the dominant runoff generation processes, and the reaction time (Table 3) [46,47].
The resulting spatial structure of DRPs is plausible, for instance, if a location is close to
the stream channels or on steep slopes, runoff generation is faster and overland flow or
interflow, respectively, are more likely (Figure 2). If a location is dominated by permeable
soils or permeable geology, deep percolation or (on slopes) interflow are more likely as
dominant DRPs [32].
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Table 3. List of the DRP classes defined in the reference soil hydrological map [32,44].

DRP Class Description

SOF 1 Saturated overland flow Level 1

SOF 2 Saturated overland flow Level 2

SOF 3 Saturated overland flow Level 3

SSF 1 Subsurface flow Level 1

SSF 2 Subsurface flow Level 2

SSF 3 Subsurface flow Level 3

DP Deep percolation
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In Table 3:

(1) Saturated overland flow (SOF) describes the surface runoff, occurring when the
storage capacity is exceeded due to saturation of the soil profile. The levels (or
subclasses) describe the pace of the flow process from very fast (1) to delayed (2) and
strongly delayed (3). Subclass SOF1 arises when the soil is saturated very fast. The
subclasses SOF2 and SOF3 show an increasing saturation deficit, where saturation
happens with a delay.

(2) Subsurface flow (SSF) describes the flow processes within the soil profile, where precipi-
tation water infiltrates through the soil surface. There, it can either be stored or continues
to percolate until reaching the groundwater table. When a well-permeable soil horizon
lies above a less permeable horizon, lateral subsurface runoff can also occur.

(3) Deep percolation (DP) describes the percolation of water to deeper soil horizons.

2.4.2. Determining DRPs Using a Hydrological Model

The rainfall–runoff transformations simulated with WaSiM are represented by three
runoff components. Surface runoff and interflow simulations are directly produced by
the model runs, and by subtracting these runoff components from the total runoff, deep
percolation can be estimated. As a result, each grid cell of the catchment area individually
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represents a runoff process. Here, the evaporation or other intermediate storage is not
triggered. A runoff component comprising 75% of the precipitation is considered dominant.
Therefore, the DRPs can be initially defined into three classes:

1 = Deep percolation is dominant;
2 = Interflow is dominant;
3 = Surface runoff is dominant.
This classification holds true if the respective runoff process is triggered from at least

75% of the total precipitation. However, when there is no runoff process with a 75%
contribution rate and the runoff shares are very close to each other, two further classes can
be defined considering the second largest runoff shares. Accordingly, the grid cells are
assigned to the corresponding DRP classes (Table 4).

Table 4. Dominant runoff classification in WaSIM.

DRP Class Description

1 DP > 75, and/or
DP > SR and DP > IF

1.5
IF > 50 and DP > 25
DP > 50 and IF > 25
DP > 50 and SR > 25

2
IF > 75

IF > 50 and IF > DP
IF > SR and IF > DP

2.5 SR > 50 and DP > 25
IF > 50 and SR > 25

3
SR > 75

SR > 50 and IF > 25
SR > IF and SR > DP

For instance, class 1.5 is assigned whenever one or more of the following conditions apply:

(1) When interflow (IF) is greater than 50% and DP is greater than 25% at the same time, or
(2) If DP is greater than 50% and at the same time IF is greater than 25%, or
(3) When DP is greater than 50% and at the same time the surface runoff (SR) is greater

than 25%.

2.4.3. Reclassification of the Reference Map for DRPs

A common classification must be set because the classes used for the determination
of DRPs for the model simulations and those of the reference map do not match. For this
purpose, the classes of the reference map were adapted to those of the simulation model.
Table 5 shows the reclassification. To give an example, since class DP and DP = in the map
and class 1 in the model both represent deep percolation as DRP, DP and DP = classes of
the reference map were assigned to class 1.

Table 5. Reclassification of the soil hydrologic map corresponding to the hydrological model DRP classes.

DRP Classes in Reference Hydrological Map Corresponding DRP Classes in WaSiM Model

DP 1

SSF 3 1.5

SSF 1 and SSF 2 2

SOF 3 2.5

SOF 1 and SOF 2 3
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2.5. Quantitative Evaluation of Spatial Patterns of DRPs

The accordance of the spatial patterns between the model and reference map was
evaluated by using a spatial efficiency metric (SPAEF, see Equation (1)) developed by
Demirel et al. (2018) [33]. The SPAEF is a multi-component statistical metric inspired by
the Kling–Gupta efficiency [49] that quantifies the spatial similarity between the simulation
patterns and spatial observation. The three components of the SPAEF are (i) the Pearson cor-
relation coefficient (α); (ii) the coefficient of variation (β); and (iii) percentage of histogram
intersection (γ), as follows:

Equation (1). SPAEF spatial efficiency metric formula.

SPAEF = 1 −
√
(α − 1)2 + (β − 1)2 + (γ − 1)2 (1)

where

α = ρ (A, B); β =

(
σA
µA

)
/
(

σB
µB

)
; γ =

∑n
j=1 min

(
Kj, Lj

)
∑n

j=1 Kj

where α is the Pearson correlation coefficient between A (spatial observation by the reference
map) and B (simulated patterns). β is the fraction of the coefficient of variation representing
spatial variability. γ is the histogram overlap for the given histograms K of the patterns
of A and L of the patterns of B, each containing n bins. The spatial efficiency scale value
ranges from −∞ to 1. If the value is above 0, a pattern match can be seen. The better the
similarity between the patterns, the closer the efficiency metric value approaches unity.

3. Effects of Rainfall Intensities on Spatial Patterns of Simulated Runoff Processes

Different rainfall intensities together with different soil hydraulic properties (i.e.,
derived from various PTF combinations) can be applied to simulate the runoff processes
(i.e., surface runoff, interflow, and deep percolation) occurring in the catchment, and
accordingly, the changes in the spatial patterns are illustrated (Figures 3–5). The moisture
pre-condition for the catchment system is considered as the moisture content at the root
zone after an extended rainfall period, which amounts to soil water content near field
capacity. Here, we present only PTF combination 5 [37,42] because it showed the highest
similarity to the reference map.
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A clear variability could be seen in the spatial patterns (Figure 3). For all rainfall
intensities, the patterns of surface runoff with the highest values (about 80 to 100 mm)
were observed in the stream channels or in the adjacent areas, except for some spots close
to the channels (in blue colors), which resulted lower amounts of surface runoff. These
exceptions showed a remarkable decreased runoff value of about 35 mm for the rainfall
intensity of 100 mm/3 h (displayed in light blue) and continued to show lower runoff
values with increasing precipitation duration until it no longer generated surface runoff
for a 6 h precipitation duration and longer (displayed in darker blue colors). In general,
with an increase in the precipitation duration (i.e., decreasing rainfall intensity), spatial
patterns showed a significant decline in the amount of surface runoff, distinctly in the
distant locations from the river courses. These patterns were particularly recognizable
in the high elevations of the catchment in the north and northwest as well as in the low
elevations in the south and southeast, and a sub-area in the center of the catchment.

Obviously, with an increasing rainfall duration, and therefore a decreasing rainfall
intensity, the interflow amount rose (Figure 4). It can be stated that the interflow largely
developed near the river courses (i.e., not in them). It is also remarkable that the interflow
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patterns in the catchment did not change from a precipitation duration of 6 h up to 10 h. If
the total catchment is considered, the interflow usually amounted to 15–20 mm. However,
interflow occasionally reached 35–50 mm in simulations with higher rainfall intensities
(e.g., 100 mm in 3 and 4 h) and only in a small area close to the channels.

Total deep percolation increased mostly within the catchment, as the rainfall duration
became longer (Figure 5). This overall change was markedly pronounced up to the rainfall
event of 100 mm/7 h, while a further reduction in rainfall intensity did not show a clear
increase in deep percolation. Under the highest rainfall intensity (i.e., 100 mm/3 h), the
simulations still showed development of the spatial patterns of deep percolation in the
catchment. These patterns reached amounts between 30 mm and 45 mm in deep percolation
over large areas in the north, northwest, and central areas between the river courses and
eastern parts of the catchment. For the lowest precipitation intensity of 100 mm/10 h, the
upland areas with higher permeability transformed almost all the precipitation water into
deep percolation and produced patterns with amounts of 65–90 mm. Overall, the areas
developing the highest deep percolation shares corresponded to forest land use.

4. Spatial Evaluation of Simulated DRP Patterns

Simulated spatial patterns of DRPs by applying synthetic rainfall events and 11 PTF
combinations were evaluated using a regional reference runoff process map as the perceived
reality. Here, we only present the pattern of simulated DRPs for the rainfall event of
100 mm/7 h due to its pronounced visual similarity to the reference map (Figure 6).
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100 mm/7 h, and the corresponding reclassified reference map.

Looking at the DRPs all over the reference map, distinct spatial patterns were visible
(Figure 6, bottom right corner). DRP-class 3, which stands for fast surface runoff processes,
was distributed exclusively in the stream channels and riverbanks. Spatial patterns of
DRP-class 2.5, representing a combination of surface and fast sub-surface runoff, covered
a larger area and were mostly located on the steep slopes near the streamflow, forming a
broad strip from the west to the northeast of the catchment. This class was discerned only
occasionally and on a very small scale in the high altitudes of the north and northwest.
Patterns of DRP-class 2 indicating interflow formed a fringe alongside the river courses.
Class 1.5, which represents a shared dominance of rapid and delayed sub-surface runoff,
covered larger parts of the catchment, particularly, in the high elevations in the north and
northwest of the catchment. Patterns of DRP class 1 referring to delayed sub-surface runoff
(deep percolation) were sporadically distributed within the area such as small spots in
the north and northwest boundaries of the catchment, and a more extensive pattern was
distinct in the central part.
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By performing visual inspection, it was observed that PTF combination 5 (Table 1)
showed noticeable spatial similarities with the reference map while also encompassing
differences (Figure 7). These similarities were evident between the simulated and observed
spatial patterns of DRP class 1.5 derived from the digital soil reference map (i.e., delayed
subsurface runoff processes with dominance of deep percolation), in terms of spatial
distribution and area shares, particularly in the north, northwest, and some spots in the
east and mid-catchment area. Moreover, the spatial distribution as well as the area share
of the simulated DRP class 2.5 (i.e., which is more for faster runoff processes such as fast
interflow and surface runoff) clearly corresponded to the reference map (i.e., 28% area share
for simulations and 28.35% in reference map). Patterns of DRP class 1 (i.e., dominance of
deep percolation processes) in the simulations and reference map were evidently consistent
in terms of area share (i.e., 6.45% in the simulations and 7% in the reference map), although
the spatial distributions indicated only slight commonality. The area share of simulated
DRP class 3 (i.e., showing the dominance of fast runoff reactions such as saturated overland
flows) was clearly overestimated, while the spatial distribution of this class was consistent
with the reference map. Nevertheless, simulations with PTF combination 5 represented
only negligible amounts of interflow as the dominant runoff process (class 2) in the entire
catchment, which did not correspond to the reference map.
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Figure 7. Percentage share of DRP classes for the entire catchment in the reclassified reference map
and corresponding simulations for all PTFs and a precipitation intensity of 100 mm/7 h.

In addition to the visual inspection, the spatial patterns of simulated DRPs were evaluated
using the spatial efficiency metric (SPAEF), and the spatial similarities were quantified. Table 6
accordingly reports the results of the spatial evaluation after applying all PTF combinations
and rainfall events, while the green fields indicate positive SPAEF values.

There was an evident variation in the measure of spatial similarity amongst the
simulated DRP patterns. By using different PTFs, the SPAEF values clearly changed.
The highest SPAEF values were found for PTF combination 5, while it increased from
0.06 for 100 mm/5 h rainfall intensity to 0.32 for 7 h and dropped again to 0.17 until 10 h
rainfall. It is also remarkable that in the case of PTF combination 9 and 100 mm/7 h rainfall
intensity, SPAEF reached a maximum value of 0.20, and decreased again for the lower
rainfall intensities to the value of 0.02.
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Table 6. Spatial similarities (SPAEF values) between the simulated patterns of DPR (i.e., for all PTF
combinations and synthetic rainfall intensities) and the reclassified reference runoff process map.
Positive values are in green.

PTFs
Rainfall Intensity 1 2 3 4 5 6 7 8 9 10 11

100 mm/3 h −0.36 −0.64 −0.60 0.05 −0.34 −0.35 −0.39 −0.66 −0.62 −0.10 −0.49

100 mm/4 h −1.13 −0.52 −0.37 −0.01 −0.28 −0.02 −0.23 −0.36 −0.49 0.00 −0.37

100 mm/5 h −5.01 −0.19 −0.34 0.11 0.06 −0.04 0.17 −0.35 −0.48 −0.41 −0.39

100 mm/6 h −6.19 −0.36 −0.33 0.11 0.15 −0.36 −0.01 −0.43 −0.18 −0.89 −0.22

100 mm/7 h −7.22 −0.07 0.15 0.12 0.32 −0.49 −0.05 0.00 0.20 −0.98 0.02

100 mm/8 h −7.26 −0.21 0.20 0.07 0.27 −0.69 −0.04 −0.03 −0.12 −1.07 0.01

100 mm/9 h −7.38 0.15 0.22 0.07 0.23 −0.81 −0.25 0.06 −0.03 −1.18 0.02

100 mm/10 h −7.44 0.13 0.09 0.13 0.17 −0.90 −0.30 0.01 −0.18 −1.28 0.08

Furthermore, PTFs 1, 6, and 10 did not produce positive values. PTF 3 showed
comparatively high values from a duration of 7 h, which increased up to 9 h (0.15 to 0.20 to
0.22), and in turn decreased significantly at 10 h to 0.09. PTF 4 showed consistently positive
values (except for the 4 h duration), even if these only reached a maximum SPAEF of 0.13.
PTFs 2, 7, 8, and 11 only showed negligible positive values.

5. Discussion

A spatial pattern-oriented evaluation on dominant runoff processes was performed by
integrating the process information of the reference soil hydrological map of the region. The
map contents were translated and reclassified into the DRP classes that were consistent with
the corresponding modeling approach. Model reactions to the precipitation intensities in
terms of producing spatial patterns of DRPs were analyzed regarding the spatial structure
of the catchment. To translate the information on soil properties into the model parameters,
11 PTF combinations were incorporated into the model parameterization scheme as the
test cases exploring how the hydrological system functions. As a result, information on
soil water retention and hydraulic conductivity, together with the given precipitation data,
were considered to determine the runoff processes across the catchment.

The results described here reveal the wide range of model reactions to precipitation
events. Runoff patterns varying from tiny percentages to more than 90% of the applied
rainfall rates were observed within the catchment area. Moreover, different PTF combi-
nations also caused a large variability in the spatial distribution and magnitude of the
simulated DRPs. PTFs impact the soil water capacity and hydraulic conductivity. This may
then control the types of catchment reaction to the rainfall event (i.e., fast, or slow) in terms
of percolation or water redistribution, leading to different runoff generation processes in
hillslopes and alluvial plain [50].

The above results show that simulations of surface runoff, interflow, and deep percola-
tion (Figures 3–5) exhibited discernable variations in developing the spatial patterns within
the catchment under different rainfall events. In general, this can be mainly explained by
the spatial structure of the catchment under study, and thus attributed to the drivers such
as precipitation intensity and duration, varying physiographic features of the catchment
(i.e., the soils, topography, land slope and aspect, and local climate), infiltration capacity,
and antecedent conditions [15]. Areas with steeper slopes and fine-grained soils (e.g., in
the mid-catchment, east and western parts) were more responsive to rainfalls with higher
intensity and shorter duration in promoting the generation of faster runoff processes. High-
est surface runoff patterns were largely found in the river courses and riparian zones in
the alluvial plain. Moreover, in the model, there was continuous connectivity between the
groundwater module and the stream network, where interactions of shallow groundwater
and surface water system further increased the soil moisture in the unsaturated zone due
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to capillary rise. In fact, in alluvial plains, a shallow groundwater table plays a key role in
controlling the hydrological processes within the soil [51–53]. As a result, we saw the re-
markable development of surface runoff patterns in the valley floor and in a strip bordering
the stream network with a constant and gentle slope gradient. This is also consistent with
the results of Wang et al. (2022) [54] and Nanda and Sen (2021) [55], showing that nearly all
precipitation contributed to surface runoff as the soil reached a saturated moisture content.
Detty and McGuire (2010) [56] suggested that in such runoff production processes, when
the groundwater level rises to a near-surface soil, surface runoff is generated because of
the increased effective saturated hydraulic conductivity, which involves the transmission
feedback mechanism. In contrast, soil water stored in steep hillslope zones (i.e., particularly
in the parts between the north and northwest and the alluvial plain, and those on the
south and southwest) contributed largely to interflow generation, while it might only be
released and produce surface runoff only during higher intensity rainfall events [15]. This
might be due to the difference in the topographic relief and geomorphologic characteristics
between the uplands and the low-lying areas in the alluvial plain. The direction of the slope
is from the northwest to the southeast, and evidently, the patterns of interflow occurred
greatly on the steep slopes, and they continued developing until the longest rainfall event.
The far stream uplands of the north and northwest with very gentle slopes is where the
geology contributes to the development of sandy soils, and thereupon, lower surface runoff
and higher deep percolation (and maybe partly interflow) have occurred. Sandy soils are
characterized by intense macropores and a good matrix permeability. Therefore, geological
substratum and terrain slope trigger larger interflow and deep percolation processes, par-
ticularly during longer and less intense rainfall events [57]. This may also be attributed to
greater depths to the saturated zone in the upland areas of the north and northwest, which
equals more available storage in the unsaturated zone and a longer percolation path [50,58].
In addition, extending the rainfall duration leads to greater infiltration of precipitation
water into the deeper soils, and therefore, while surface runoff generation tends to lessen
in longer rainfall events, the interflow and deep percolation processes showed growing
patterns. As a result, an overall tendency of the runoff generation patterns simulated by
the model could be discerned, which was the increase in surface runoff generation while
deep percolation and interflow declined.

To reflect the antecedent soil moisture, we considered the condition after a persistent
period of rainfall through December 2014 that corresponded to some moisture storage
availability for the event water (i.e., soil water deficit), allowing for the infiltration of the
rainfall into soil [50]. For example, even for the highest rainfall intensities, there may still
be about 30–35% of deep percolation generated in areas on the alluvial plains in the vicinity
of the river network, which still showed a slight infiltration capacity, and even 60% of deep
percolation generated in some parts of the uplands during intensive rainfalls. Production
of these patterns may be due to the high permeability of the soil, which still exists in these
spots of the catchment.

By reclassifying the regionalized data-mining-based digital DRP map (reference map),
the corresponding DRPs could be translated into numerical classes that were commensurate
to the model’s definition of DRPs. This allowed for a spatial comparison of the simulated
DRPs and the reference map (i.e., as a benchmark for our perceived reality) for which a
measure of spatial similarity was applied. The spatial efficiency metric (SPAEF) quantified
the overall similarities (i.e., that encompasses both the amount and distribution of the
processes in the spatial domain) between the simulated patterns and discerned the DRP
patterns by the reference map. Regarding a defined system moisture precondition, a runoff
process was identified to be dominant for a given rainfall event type and specific soil and
topographic characteristics at a certain location, and subsequently by using different PTFs
into modeling. Accordingly, the results showed that only the simulations for the rainfall
event of 100 mm/7 h embraced the most pronounced visual similarity to the reference
map. In contrast, shorter rainfall events with higher intensities (e.g., 3 and 4 h rainfall
events) produced the lowest spatial contrast and the smallest similarities to the reference
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map. Surface runoff was the dominant runoff process in the catchment. The application of
synthetic precipitation events to modeling makes the spatial evaluation of the DRPs more
feasible as it excludes certain influencing factors such as evapotranspiration.

Using this methodology, we could, in general, examine the effects of different PTFs
showing a decisive role on dominant runoff production on a specific location and under the
given rainfall characteristics. Paschalis et al. (2022) explained that the complex topography
(e.g., in small catchments) particularly amplifies the importance of PTF uncertainties, where
the choice of PTF indicates a significant effect on the hydrological fluxes within the drainage
basin [59]. Furthermore, through a sensitivity analysis, Weihermüller et al. (2021) [60]
also emphasized that choosing different PTFs in hydrological models causes a substantial
variability in the simulated fluxes and soil water capacity distribution across the land. In
our results, as far as the overall similarity is concerned, PTF combination 5 (Table 1) most
closely corresponded to the pattern of DRPs in the existing reference map (i.e., in terms
of producing the reasonable patterns for all three processes of surface runoff, interflow as
well as deep percolation across the catchment area). However, when looking at individual
DRPs separately, we could see, for instance, no similarity between PTF combination 5 and
the reference map regarding the patterns of interflow whereas PTFs of 10 and 11 could
represent the spatial patterns of interflow with higher similarities to the reference map. A
possible explanation for why PTF combination 5 showed the greatest overall similarity
might be that the soil database used to develop the PTF was extracted from the forest and
agricultural soil in Germany [42]. This is perhaps one of the reasons why the soil samples
used in Teepe et al. (2003) [42] corresponded more closely to the soil types in our study
area, with 66% forests and about 33% agricultural land, whereas the rest of the PTFs used
soil samples from around the world, and not just from Germany.

This study demonstrates that a local reference map of DRPs provides a useful tool for
model evaluation. The availability of good quality datasets would ultimately allow for the
examination of fitness-for-purpose models across a wide range of conditions [25,61–63].
For example, performing the spatial pattern-oriented evaluation, Gaur et al. (2022) [10]
estimated the uncertainty associated with the spatial pattern-based evaluation of the MIKE
SHE model for the Subarnarekha Basin. In another study, Dembélé et al. (2020) introduced a
new bias-insensitive metric based on pixel-by-pixel locational matching that could be used
to improve the calibration of a hydrological model on the spatial patterns of hydrological
processes derived from a data-mining-based digital soil map [64]. While our study was in
essence a sensitivity analysis, it did not include model verification using measured fluxes
and it only employed one model.

6. Conclusions

The overall goal of the current work was to focus on improving the spatial representa-
tion of dominant runoff processes in a hydrological model using spatial pattern information
from a regional soil hydrological map. Evaluating the plausibility of reproduced dynamics
of the hydrological system, a bias-insensitive and multicomponent metric was applied
for spatial pattern matching. Dealing with the issues of inadequate spatial observations
for rigorous spatial model evaluation, we made use of a reference soil hydrologic map
available for the study area to discern the expected dominant runoff processes across a wide
range of hydrological conditions. Considering the spatial structure of the catchment, we
analyzed the model’s reaction to various synthetic rainfall events in terms of reproducing
the spatial patterns of DRPs. Moreover, multiple PTFs were incorporated in the model
parameterization scheme as the test cases translating the information on soil properties into
model parameters. In general, the information on the soil hydraulic properties, together
with the given rainfall data, were considered to determine the runoff process dynamics.
As a result, the different models’ reactions to reproduce the patterns of DRPs could be
distinguished. This spatial information would ultimately reflect the distribution of hetero-
geneities that are important in rapid runoff generation under wet conditions or retention
under dry conditions. Such improvements will be an asset for spatial hydrology and large-
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domain water management applications (e.g., flood forecast, drought monitoring, and
water accounting). This, in fact, will contribute to solving some of the issues (e.g., spatial
variability and modeling methods) identified as the 23 unsolved problems in hydrology
in the 21st century [65]. However, to the best of our knowledge, only a few studies have
applied the spatial observation of DRP by regional soil maps into the spatial evaluation
of models. The present study, nevertheless, will progress toward a comprehensive model
calibration procedure considering multiple data sources simultaneously, with the specificity
of incorporating the spatial patterns of satellite remote sensing data as well as reference
DRP maps in the parameter estimation method to reproduce the plausible dynamics of the
various hydrological processes (e.g., evapotranspiration, soil water storage, and runoff).
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