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Preface 

The work presented in this PhD thesis was conducted at the Department of 

Environmental Engineering of the Technical University of Denmark (DTU) 

under the supervision of Professor Peter Bauer-Gottwein and Christian Tøttrup 

from DHI-GRAS. The work was conducted from February 2017 to April 2020, 

including a stay at the School of Geography, University of Bristol from Octo-

ber 2018 to February 2019. This PhD project was supported by the European 

Space Agency (ESA) through the GlobWetland Africa (contract number 

4000117094/16/I-NB) and Earth Observations for Sustainable Development 

(EO4SD, contract number 4000115941/15/I-BG) projects. 

The thesis is organized in two parts: the first part puts into context the findings 

of the PhD in an introductive review; the second part consists of the papers 

listed below. These will be referred to in the text by their paper number written 

with the Roman numerals I-IV. 

I Kittel, C.M.M.; Nielsen, K; Tøttrup, C.; Bauer-Gottwein, P. Informing a 

hydrological model of the Ogooué with multi-mission remote sensing data. 

Hydrological Earth System Sciences (2018), 22, 1453-1477 

II Kittel, C.M.M., Arildsen, A.L., Dybkjær, S., Hansen, E.R., Linde, I., Slott, 

E., Tøttrup, C., Bauer-Gottwein, P. Informing hydrological models of 

poorly gauged river catchments – a parameter regionalization and 

calibration approach. Journal of Hydrology (2020), 

doi:10.1016/j.hydrol.2020.124999 

III Kittel, C.M.M., Jiang, L., Tøttrup, C., Bauer-Gottwein, P. Sentinel-3 radar 

altimetry for river monitoring - a catchment-scale evaluation of satellite 

water surface elevation from Sentinel-3A and Sentinel-3B. In review 

IV Kittel, C.M.M., Hatchard, S., Neal, J.C., Nielsen, K., Bates P.D., Bauer-

Gottwein, P. Hydrologic-hydrodynamic calibration using CryoSat-2 

observations in the Zambezi catchment. Manuscript 

 

In this online version of the thesis, Papers I-IV are not included but can be 

obtained from electronic article databases e.g. via www.orbit.dtu.dk or on re-

quest from DTU Environment, Technical University of Denmark, Bygningstor-

vet, Bygning 115, 2800 Kgs. Lyngby, Denmark, info@env.dtu.dk.  
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“Informing a hydrological model of the Ogooué with multi-mission 

remote sensing data”. EGU General Assembly 2017, 24-28 April 

2017, Vienna. (Oral Presentation) 

VI Kittel, C.M.M., Bauer-Gottwein, P., “A review of the potential to 

establish a global, operational river monitoring based on Sentinel-3 

water surface elevation observations”. MOXXI, 4-5 December 2017, 

Geneva. (Oral Presentation) 

VII Kittel, C.M.M., Jiang, L., Tøttrup, C., Nielsen, K., Bauer-Gottwein, 

P., “Monitoring of surface water resources in East Africa using 

CryoSat-2 radar altimetry and Sentinel-1 SAR imagery”. EGU 

General Assembly 2018, 9-13 April 2017, Vienna. (Oral Presentation) 
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(Keynote Presentation) 
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Assembly 2019, 9-13 December 2019, San Francisco. (Poster 

Presentation) 

 

 

May 2020 

Cécile Marie Margaretha Kittel  



v 

Acknowledgements 

I would like to express my gratitude to my supervisor Professor Peter Bauer-

Gottwein. You have inspired me, pushed me, and believed in me throughout 

this project, and the ones before it. It has been a six-year long ride since my 

BSc thesis and your support has been invaluable – particularly during the last 

three years. Thank you.  

I also wish to thank my co-supervisor, Christian Tøttrup from DHI-GRAS for 

the opportunity to work on a wide range of interesting projects and study cases 

and for his guidance.  

I am grateful for the help from Senior Researcher Karina Nielsen and Professor 

Ole Baltazar Andersen from DTU Space for their help in accessing and using 

altimetry data from CryoSat-2. Thank you also to Jens Kristian Lørup from 

DHI for facilitating data access from ZRA. 

Thank you to Professor Paul Bates and Dr Jeffrey Neal from the University of 

Bristol for welcoming me during my external stay. It was an inspiring, informa-

tive and very valuable stay. Thank you also to Simbi, Lina, Sebastian, Charlie, 

Jake, Levke, Melinda, Gwyn, and everyone at Browns for making the stay so 

enjoyable. 

I wish to thank my colleagues at DTU Environment, particularly Liguang 

Jiang, my office mate for all three years for the great discussions, as well as 

past and present members of the Water Resources Engineering and Air Land 

and Water section for your friendship and company. Thank you to my BSc and 

MSc students Stine and Emilie, Ida and Emma, Anne, Joanna, and Marie, Bjørn 

and Magnus for being so dedicated. 

Thank you to Felix Onses for your love and for making me laugh every day. 

Finally, a big thank you to my friends and to my family: my parents, my broth-

ers and Janet. Without all of you, none of this would have been possible.  

 

 

This thesis is dedicated to my grandfather and greatest hero, Niels Sørensen, 

who inspired me to look at the stars and be curious about everything.    



vi 

Summary 

As the availability and global coverage of in-situ observations of surface water 

dynamics is decreasing, remote sensing is playing an increasingly important 

role in hydrological monitoring. Satellite observations are often used to bridge 

the gap between data requirements and availability for water resources man-

agement tools, including hydrological-hydrodynamic models. In recent years, 

new radar missions have offered a myriad of new possibilities, as vast amounts 

of new data have become publicly available. Combining these remote observa-

tion technologies with reliable computational simulations can serve as valuable 

support for decision-making and management particularly in regions with 

weak in-situ monitoring networks. The aim of this PhD project was to explore 

the value of new radar missions for hydrologic monitoring and modelling. The 

research was centred on developing a full workflow, from rainfall-runoff 

model to hydrodynamic simulations of channel water level, for poorly instru-

mented catchments, using satellite radar observations to inform the models at 

different stages.  

The main contributions of the research were: 1) creating a robust and flexible 

hydrologic modelling framework with a calibration and parametrization strat-

egy for nested, poorly gauged catchments, 2) developing basin-scale extraction 

of all water surface elevation observations from the operational Sentinel-3 sat-

ellites and CryoSat-2 and 3) a new hydraulic model parameter calibration ap-

proach using CryoSat-2 WSE.  

In data scarce regions, modelling is constrained by data availability; therefore, 

methods to fully exploit any available records are highly valuable. By inform-

ing the rainfall-runoff parameter regionalization with catchment characteristics 

from publicly available data sources (digital elevation model and land cover 

maps), it was possible to include valuable observations otherwise unsuitable 

for direct integration in the rainfall-runoff model. Furthermore, a better repre-

sentation of the runoff-generation processes within the catchments was ob-

tained by transferring information from gauged to ungauged sub-catchments. 

In poorly instrumented rivers, satellite observations are often a key source of 

information about hydrological variables. Recently, progress in instrumenta-

tion and public availability has created unique opportunities, particularly in 

these regions. Valuable information can be extracted from radar observations, 
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e.g. dynamic water masks from Sentinel-1 SAR imagery, dense WSE monitor-

ing networks at catchment scale from the Sentinel-3 SAR altimeters and spa-

tially distributed characterization of river elevation from CryoSat-2.  

Sentinel-3 is the first altimetry mission to operate in SAR mode and open-loop 

tracking mode globally. The two-satellite configuration creates a uniquely 

dense WSE (Water Surface Elevation) monitoring network of 175 virtual sta-

tions in the Zambezi alone. In the Zambezi, Sentinel-3 outperformed past al-

timetry missions at in-situ stations with root mean square deviations as low as 

3 cm and consistently lower than 32 cm. CryoSat-2 was originally designed for 

monitoring the cryosphere and was the first mission to operate in the high res-

olution modes SAR/SARIn over selected areas of interest. The geodetic orbit 

has interesting implications in hydrology as well, particularly to calibrate hy-

draulic parameters, although the high spatial resolution is challenging to inte-

grate with traditional hydrological tools designed for time series at point loca-

tions. By using simulations of runoff to select valid observations of WSE, out-

lier filtering was possible even in ungauged catchments. 

Adequate hydraulic representation of rivers is necessary to produce useful 

flood simulations to informing water management decisions, and flood fore-

casting. In data-scarce regions, satellite WSE have very high value. Using a 

steady-state solver of the Saint-Venant equations and CryoSat-2 WSE obser-

vations, the channel roughness and bed elevation can be calibrated and used to 

parametrize a Lisflood-FP model for several reaches of the Zambezi River, 

while greatly reducing the resource requirements for the calibration. The model 

performance is comparable to, or better than, past calibration attempts, with 

RMSD down to 0.53 m when validated against Sentinel-3 WSE. A challenge 

remains in fully integrating the calibration with a 2D hydrodynamic model to 

benefit flood forecasting and water management efforts. 

The results from this study highlight the value of radar observations in hydro-

logical monitoring and modelling applications, particularly in poorly gauged 

catchments where altimetry might provide the only water level information. 

By developing tools specifically adapted to the varying sampling patterns of 

altimetry missions, predictions of hydrological states can be improved. Cur-

rently operational missions and future missions all create new possibilities, 

which will require flexible approaches to improve the uptake of remote sens-

ing data in the hydrologic community.  
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Dansk sammenfatning 

I takt med at tilgængeligheden af in-situ målinger af overfladevand er faldet, 

spiller satellitmålinger en stadig vigtigere rolle i hydrologisk overvågning. Sa-

tellitmålinger bruges ofte til at bygge bro mellem vandresourceforvaltnings-

værktøjers databehov og den reelle tilgængeligheden af målinger, som f.eks. 

ved opsætning af hydrologiske og hydrodynamiske modeller. I de seneste år, 

har nye satellitmissioner skabt et utal af nye muligheder, og store mængder 

data er blevet offentligt tilgængelige. Kombinationen af disse fjernmålinger 

med pålidelige simuleringer kan støtte beslutningstagere og forvaltere med 

værdifuld information, i særdeleshed i områder med svage overvågningsnet-

værk. Formålet med dette Ph.d. projekt har været at udforske værdien af nye 

radar missioner i hydrologiske overvågning og modellering. Forskningen har 

været centreret omkring udviklingen af et fuldt workflow fra en nedbør-af-

strømningsmodel til hydrodynamiske simuleringer af vandstand i dårligt in-

strumenterede opland, og omkring anvendelsen af satellit radarmålinger i for-

skellige stadier.  

De vigtigste bidrag var 1) at skabe en robust og fleksibel hydrologisk model 

med en kalibrerings- og parameterregionaliseringsstrategi tilpasset flodopland 

med manglende overvågning af ferskvandsressourcer, 2) udvikle metoder til at 

udvinde alle vandhøjdemålinger fra Sentinel-3 og CryoSat-2 satellitter for et 

helt flodopland og 3) en ny parameterkalibreringsmetode til hydrauliske mo-

deller ved hjælp af CryoSat-2 vandhøjdemålinger.  

I områder med få eller ingen målinger, er modelleringsmuligheder begrænset. 

Derfor er metoder til at indhente og udnytte alle tilgængelige observationer, 

meget værdifulde. Ved at informere parameterregionaliseringen af nedbør-af-

strømningsmodellen med data fra offentlig tilgængelige datakilder (digitale 

højdemodeler og arealanvendelsesskort) var det muligt at inkludere værdifuld 

information, der ellers ikke var egnet til direkte integration i den hydrologiske 

model. Desuden var det muligt at forbedre modellernes gengivelse af de hy-

drologiske processer i flodoplandet ved at overføre information fra kendte til 

ukendte områder. 

I dårligt instrumenteret floder er satellitobservationer ofte en nøglekilde til in-

formation omkring hydrologiske variabler. For nylig har fremskridt inden for 

instrumentering og offentlig tilgængelighed skabt unikke muligheder, især 

hvor satellitmålinger udgør størstedelen af alle målinger. Værdifulde oplysnin-
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ger kan udvindes fra radarobservationer, f.eks. dynamiske vandmasker fra Sen-

tinel-1 SAR-billeder (engelsk: Synthetic Aperture Radar), tætte vandhøjde-

overvågningsnetværk fra Sentinel-3s SAR altimetri og rumlig karakterisering 

af vandhøjden langs flodløb fra CryoSat-2 altimetri. 

Sentinel-3 er den første altimetri-mission, der anvender SAR-teknologi globalt 

og som bruger ”open-loop tracking”. Konstellationen af to satellitter skaber et 

unikt tæt netværk bestående af 175 virtuelle stationer i Zambezifloden alene. 

Sammenlignet med in-situ målinger, overgår Sentinel-3 tidligere missioner 

med afvigelser helt ned til 3 cm og konsekvent lavere end 32 cm. CryoSat-2 

blev oprindeligt designet til at overvåge cryosfæren og var den første mission, 

som i særligt udvalgte områder anvendte SAR/SARIn (SAR Interferometri) 

teknologi. Den geodætiske bane har også interessante anvendelsesmuligheder 

i hydrologiske studier, især i forhold til at kalibrere hydrauliske parametre, på 

trods af udfordringer ved at kombinere den høje rumlige opløsning med tradi-

tionelle hydrologiske værktøjer. Ved at bruge simuleringer af vandføring, ud-

vælges gyldige observationer af vandoverfladehøjder. 

Tilstrækkelig hydraulisk karakterisering af flodløbet er nødvendig for at pro-

ducere nyttige oversvømmelsessimuleringer og dermed brugbar information til 

vandressourceforvaltning og oversvømmelsesprognose. I områder med spar-

som data, har satellitvandhøjdemålinger meget høj værdi. Ved hjælp af en 

steady-state løsning af Saint-Venant-ligningerne og CryoSat-2 vandhøjde må-

linger kan flodens ruhed og sengehøjde kalibreres og bruges til at opsætte en 

Lisflood-FP hydrodynamisk model af flere forgreninger af Zambezi-floden, 

samtidig med at ressourcebehovene til kalibrering reduceres kraftigt. Model-

ydelsen er sammenlignelig med, eller bedre end, tidligere kalibreringsforsøg 

med afvigelser ned til 0.53 m sammenlignet med Sentinel-3 højdemålinger. 

Den fulde integration af kalibreringen med en 2D hydrodynamisk model er 

stadig en udfordring, men vil udgøre en meget stor fordel for oversvømmelses-

prognoser og vandforvaltningsindsats. 

Resultaterne fra dette studie fremhæver værdien af radarmålinger i hydrologisk 

overvågning og modellering, i særdeleshed i tilfælde af manglende in-situ må-

linger, hvor satellitaltimetri er den eneste kilde til information om vandhøjder. 

Ved at udvikle værktøjer, som er specifikt tilpasset de forskellige altimetrimis-

sioner, kan forudsigelser af hydrologiske tilstande forbedres. Både aktuelle 

operationelle missioner og fremtidige missioner skaber nye muligheder, som 

kræver fleksible metoder til at forbedre optagelsen af fjernmålinger i det hy-

drologiske samfund. 
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1 Introduction 

Water resources are intrinsic to environmental and societal services and pros-

perity. Therefore, informed decision-making is necessary to ensure sustainable 

use of inland water resources. Numerical models are useful tools to increase 

our understanding of land-surface water processes and their vulnerability to 

change (Beven, 2012). Observations of hydrological state variables are re-

quired to ensure proper characterization of basin-scale conditions. Tradition-

ally, observations of river discharge are used for parameter and state charac-

terization. However, two phenomena are challenging this paradigm:  

 The number of publically available gauging station records is declining 

globally, particularly in developing countries, which face the largest man-

agement challenges. This decline is largely due to increasing reticence to 

share data between riparian countries (e.g. due to conflicts of interest), but 

also to the logistical challenges in maintaining monitoring networks 

(Vörösmarty et al., 2001). Thus, discharge observations are insufficient in 

many basins (Hannah et al., 2011). This calls for robust approaches to make 

full use of the limited observations available. 

 Studies are increasingly using novel observation techniques to gather more 

diverse observation types – for instance total water storage, soil moisture or 

river level (Abelen and Seitz, 2013; Awange et al., 2014; Michailovsky et 

al., 2012; Milzow et al., 2011; Schneider et al., 2017). The amount of pub-

licly available earth-observations is steadily increasing; creating new moni-

toring possibilities and offering answers to important questions concerning 

surface water dynamics especially in remote or ungauged areas. Remote 

sensing observations are not always directly equivalent to in-situ observa-

tions and the spatio-temporal sampling is typically very different. Efforts 

are needed to integrate these new observations into hydrological studies.  

Combining new observation technologies and reliable computational simula-

tions can serve as valuable support for decision-making and management, in 

particular in regions where data scarcity constrains modelling possibilities. 

Spaceborne observations of terrestrial water bodies can provide answers to im-

portant questions concerning the spatio-temporal variability and distribution of 

surface water, particularly in remote or ungauged areas. In the last decades, 

there has been significant progress in the development of satellite radar mis-

sions, both in terms of synthetic aperture radar (SAR) imagery missions and 
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satellite altimetry, with SAR altimeters now becoming the norm on new satel-

lite missions. SAR altimeters have a smaller along-track footprint, which re-

duces land contamination (Dinardo et al., 2018; Nielsen et al., 2017; Wingham 

et al., 2006).  

However, the observations are based on re-analysis of indirect measurements, 

often involving multiple sensors, instruments, corrections and processing tech-

niques (Tang et al., 2009). Therefore, sound validation methods combined with 

direct measurements of the variables remain necessary. In data-scarce regions, 

thorough evaluation of the satellite observations against in-situ observations is 

impractical. Creative approaches to outlier filtering with limited data require-

ments are necessary. 

1.1 Research objectives 

This PhD research has focused on integrating cutting-edge radar satellite mis-

sions into hydrological and hydrodynamic modelling. The outcome is a full  

framework from river delineation and runoff simulation to hydraulic model 

calibration. The research has focused on using publically available and open 

source data and processing tools, to ensure the methods are relevant in the tar-

geted application areas. 

The motivation and objectives of the research were: 

 Reliable simulations of water level and discharge strongly depend on the 

quality of the model forcing and parameters. The first objective for the PhD 

research was developing a flexible and robust modelling and calibration 

framework for data-scarce river basins to provide reliable simulations of key 

hydrological variables (Paper I and II) 

 Satellite observations are often provided in formats targeted towards expert 

users or in global databases with an emphasis on the well-studied or clear 

water targets. Therefore, the second objective of this PhD research was to 

develop tools to automatically extract and process altimetry WSE (Water 

Surface Elevation) observations at catchment-scale both for all available vir-

tual stations within a river basin (Paper III) and for all observations along a 

river profile (Paper IV).  

 Hydraulic models are essential to simulate water levels and discharge for 

flood and drought forecasting as well as water management efforts. How-
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ever, calibrating hydrodynamic models is a time consuming and computa-

tionally heavy task. The final objective of the PhD research was to calibrate 

hydraulic models using satellite altimetry WSE and a steady-state simulator 

(Paper IV). 

Chapter 2 of this synopsis introduces the river basins used as case studies and 

Chapter 3 details the hydrologic modelling framework from model setup to 

performance through calibration and parameter regionalization. Chapter 4 pre-

sents the radar data used in this study and processing steps to apply the data 

for hydrological monitoring. Chapter 5 illustrates how altimetry observations 

and hydrological modelling simulations can be combined to inform and cali-

brate hydraulic models. Chapters 6 and 7 conclude the study and outline future 

research perspectives.  
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2 Study areas 

The rainfall-runoff component of this PhD research has been largely motivated 

to provide useful simulations of river hydrology in poorly gauged African 

catchments with links to significant wetland resources. Four basins formed the 

case studies for the parameter regionalization and calibration approach (Figure 

1): The Ogooué, the Upper Niger, the Tana and the Semliki (Papers I and II). 

The final study area was the Zambezi river basin (Papers III and IV). 

 

 

Figure 1. African river basins used as study areas during the PhD research 

 

The basins were chosen based on their regional importance: The Ogooué is the 

fourth largest river by volume of discharge in Africa, the Tana is one of two 

perennial rivers in Kenya, supporting irrigation and hydropower production, 

the Semliki and Upper Niger are both part of significant river basins; the Nile 
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and Niger respectively. With the exception of the Upper Niger, none of the 

basins have been studied extensively and a common characteristic is the limited 

amount of current in-situ observations combined with ambitious catchment wa-

ter management plans (Bastawesy et al., 2013; Leauthaud et al., 2013; Liersch 

et al., 2019; Mezui and Boumono Moukoumi, 2013; World Bank, 2012). All 

four catchments are intrinsically linked to Ramsar sites, (wetlands of interna-

tional importance), including the Chutes and Rapids of the Ivindo and the 

Doumé rapids in the Ogooué, the Inner Niger Delta in the Upper Niger, the 

Tana delta in the Tana catchment and the Lake George system wetlands in the 

Semliki. In order to reconcile management and conservation efforts, hydrolog-

ical modelling is an important tool in data-scarce catchments. 

The Zambezi River is the fourth largest river basin in Africa and drains a 1.4 

million km2 basin, crossing eight countries: Angola, Botswana, Malawi, 

Mozambique, Namibia, Tanzania, Zambia and Zimbabwe. Most rainfall occurs 

between the months of October and March during the rainy season, with most 

precipitation falling on the Northern regions (1400 mm/year against 500 

mm/year in the Southern regions), resulting in a strong seasonal signal in the 

flow in the basin. Additionally, flow seasonality is driven by the large flood-

plains and swamps the river traverses and by retention in artificial reservoirs. 

Riparian countries strongly rely on hydropower production in the basin, includ-

ing at Kariba, Kafue, Itezhi-Tezhi, and Cahora Bassa, as well as at small run-

of-the-river power plants. Kariba is the world’s largest artificial reservoir in 

terms of storage capacity (Kling et al., 2014).  

The Zambezi has been widely studied (Cohen Liechti et al., 2014; Hamududu 

and Killingtveit, 2016; Meier et al., 2011; Michailovsky and Bauer-Gottwein, 

2014). Of particular interest is the study by Michailovsky et al., (2012), which 

estimated discharge in the Zambezi using in-situ cross-sections and rating 

curves, and Envisat radar altimetry. 
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3 Discharge predictions in ungauged   
basins 

Hydrological models are essential tools to improve understanding of the hy-

drological regime and its vulnerability to change (Beven, 2012), and for oper-

ational forecasting (Bauer-Gottwein et al., 2015). A major challenge in hydro-

logical studies is data scarcity and quality. Satellite observations of precipita-

tion and temperature can be used to force the models instead of in-situ gauge 

observations (e.g. Stisen et al., 2008). Reliable simulations also require appro-

priate parametrization. Although parameters are often correlated with catch-

ment characteristics, calibration is generally required (Hughes, 2013; Madsen, 

2000). Calibration is a data and time demanding task, particularly in heteroge-

neous catchments (Beven, 2012).  

Discharge is a central component of hydrological sciences and the most typi-

cally used observation in hydrological modelling studies (Knoche et al., 2014). 

Discharge cannot be measured directly from space, thus local discharge obser-

vations cannot be directly replaced by satellite observations in model calibra-

tion. Instead, studies have proposed that discharge be derived from multi-mis-

sion satellite observations (Tarpanelli et al., 2017), or that rating curves be 

inferred from general, empirical estimates of hydraulic parameters (Gleason 

and Smith, 2014). Geographically close gauging stations have been used to 

create rating curves for altimetry measurements (Birkinshaw et al., 2010; 

Getirana and Peters-Lidard, 2013). Michailovsky et al., (2012) established rat-

ing curves for Envisat radar altimetry stations in the Zambezi catchment by 

conducting local campaigns synchronously with the satellite orbit. Bjerklie et 

al., (2003) proposed to develop globally applicable multi-variate rating equa-

tions with parameters observable from satellite sensors based on power-law 

correlations. However, the need remains for sound estimates of average depth 

in rivers and their surface-velocity from space. The future SWOT (Surface Wa-

ter and Ocean Topography) mission is expected to provide observations of 

WSE, water extent and slope. Studies have investigated how discharge can be 

estimated directly from SWOT measurements, however it is difficult to predict 

the range of applicability of the methods or the quality of the SWOT observa-

tions without real data (Biancamaria et al., 2016).  

Therefore, in-situ observations of discharge remain a key source of information 

for hydrological models, which, in turn, are key to obtain continuous and long 
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discharge time series where gauging is limited or impractical (Beven, 2012).  

River catchments are often complex networks of tributaries draining highly 

diverse sub-catchments, creating impractically large parameter spaces. Model 

complexity should align with its intended application and reflect the uncertain-

ties of the data used to develop it (Johnston and Smakhtin, 2014). A key re-

search objective was the development of a flexible, open-source, rainfall-run-

off model, which could integrate available remote sensing observations and 

produce estimates of key hydrological state variables in poorly gauged catch-

ments. In Paper I and Paper II, a flexible rainfall-runoff model structure was 

forced and calibrated using remote sensing observations and hydrological sig-

natures in poorly gauged basins.  

3.1 Hydrologic model 

The hydrologic model used in this study is based on the work of Zhang et al. 

(2008) to extend the Budyko framework to monthly and daily time-steps. In 

the Budyko framework, the partitioning of precipitation into evapotranspira-

tion and runoff is driven by water availability, precipitation P, and atmospheric 

demand, potential evapotranspiration, E0, and is largely controlled by climatic 

and catchment characteristics (Zhang et al., 2008). By applying a limit’s con-

cept, e.g. using Fu’s curve  

𝐸𝑇

𝑃
= 1 +

𝐸0

𝑃
− (1 + (

𝐸0

𝑃
)

𝑤

)

1
𝑤

− 𝐸0 (1) 

The parameter w depends on catchment and climate characteristics and varies 

between 0 and ∞. To better constrain the parameter definition, it is expressed 

as α 

𝛼 = 1 −
1

𝑤
(2) 

The daily rainfall-runoff model is based on a top-down approach to represent 

runoff, as the degree of control of catchment and climate characteristics varies 

with the spatio-temporal scale. Model complexity gradually increases from the 

Budyko framework at the annual scale, to the inclusion of root-zone storage 

and aquifer storage as significant components of the daily water balance.   
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Figure 2. Schematic representation of the rainfall-runoff model and its parameters (from 

Paper II) 

 

The model proposed by Zhang et al. (2008) is based on demand and supply and 

has four parameters: α1, which partitions precipitation into catchment retention 

and runoff, α2, which represents evapotranspiration efficiency and partitions 

the catchment retention into groundwater recharge, and evapotranspiration op-

portunity, and further into evapotranspiration and root-zone storage. Smax is the 

maximum root-zone storage, which combined with the potential evapotranspi-

ration represents the demand limit for the evapotranspiration opportunity. 

Groundwater storage is released back into the stream as baseflow with a con-

stant recession coefficient d. Kittel (2016) coupled the water balance model to 

a Muskingum routing scheme to compute discharge throughout the channel 

network (Chow et al., 1988). All parameters are defined at sub-catchment 

scale. The model structure and parameters are illustrated in Figure 2. 

In Paper I, a deep aquifer was added with a longer retention period represented 

by a smaller recession coefficient, ddeep, and using a constant partitioning co-

efficient between the two aquifers, XGW. Baseflow and direct runoff are routed 

through a Nash Cascade of 𝑁𝑁𝑎𝑠ℎ linear reservoirs with time constants 𝐾𝑁𝑎𝑠ℎ 

to represent tributary processes before reaching the main channel. Baseflow 

from the deep aquifer discharges directly into the main channel. The basic 

model structure is parsimonious and can be extended as needed to include key 

hydraulic infrastructure (e.g. to simulate planned or existing dams and reser-

voirs) or hydrologic features such as lakes (e.g. Lakes Edward and George in 
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the Semliki catchment, Paper II). By perturbing the climate input, it is possible 

to assess the impact of change at key points in the catchment. Seepage and 

evaporative losses can also be included by introducing a loss parameter pro-

portional to the reach length in the routing module (Paper II). Kittel (2016) 

showed that the model could be calibrated against GRACE TWS (Gravity Re-

covery and Climate Experiment Total Water Storage) and altimetry WSE. 

3.2 Parameter regionalization 

A key step to reduce complexity in poorly gauged catchments is the aggrega-

tion of parameters through regionalization strategies to obtain the most parsi-

monious solution possible. Parameter regionalization transfers parameters 

from gauged catchments to ungauged sub-catchments. Transferring parameters 

based on catchment similarity improves simulations at several scales (Beck et 

al., 2016; Garambois et al., 2015; Oudin et al., 2008). Beck et al., (2016) im-

proved model performance even when attributing parameters to receptor catch-

ments distant from their donor catchments. Examples of thorough reviews on 

regionalization approaches and rainfall-runoff simulations in ungauged catch-

ments include Hrachowitz et al. (2013), Parajka et al. (2013), and Razavi and 

Coulibaly (2013). In these studies, regionalization generally transfers cali-

brated parameters from gauged catchments to ungauged catchments.  

Alternatively, regionalized hydrological signatures can be used as a model in-

dependent approach (Kapangaziwiri et al., 2012; Westerberg et al., 2011; 

Westerberg and McMillan, 2015). Model outputs can be constrained by choos-

ing signatures based on the functional behaviour that the model must be able 

to reproduce. The underlying principle is that similar catchments have similar 

hydrological signatures, which can be used to predict catchment response in 

ungauged catchments (Blöschl, 2013). However, sufficient quantity and qual-

ity of observations is crucial to obtain clear regional signature patterns 

(Westerberg and McMillan, 2015).  

Regionalization is constrained by data availability (Ali et al., 2012; Oudin et 

al., 2008) and catchment characteristics. It is difficult to establish a universal 

framework. Remote sensing datasets, such as the ESA CCI (Climate change 

Initiative) Land Cover map (ESA, 2017), are available publicly and globally 

which may help drive catchment-scale regionalization by equalizing the data 

availability across catchments. 
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In Paper II, a regionalization approach for poorly gauged nested catchments 

was evaluated based on the concept of hydrological response units. The prin-

ciple is that catchments with similar properties are likely to respond similarly 

to the forcing data. Parameter sets were assigned to similar catchments prior to 

calibration, so-called Hydrological Response Units (HRU). All sub-catchments 

within a given HRU were assigned identical parametrization. The HRU ap-

proach indirectly informs the model with datasets such as land cover, which 

cannot be directly integrated into the model parametrization.  

3.3 Calibration 

A number of considerations drive a successful calibration; in particular, the 

data record must be representative of the modelled states and of adequate 

length and quality. Seibert and Beven (2009) explored the data requirements to 

successfully retrieve parameters and found that enough information could be 

obtained from as few as 16 randomly picked days within a hydrological year. 

The most valuable observations were obtained by sampling the bimonthly max-

ima or using the annual maximum combined with observations of the recession. 

Several studies have since shown that all observations are not equally valuable 

in terms of constraining model outputs (Juston et al., 2009; McIntyre and 

Wheater, 2004; Seibert and McDonnell, 2015). Pool et al. (2017) explored 

whether a universal sampling strategy could be developed for ungauged catch-

ments, in order to quickly achieve a satisfactory gauging record. They found 

that samples representative of the full range of runoff were needed to constrain 

the simulation of the hydrograph and flow-duration curve. As opposed to the 

hydrograph, the flow duration curves were best constrained by sampling the 

low and mean flows rather than the high flows.  

The calibration is intrinsically linked to the selected goodness-of-fit measure. 

Traditionally, hydrological studies use the Nash-Sutcliffe Efficiency (NSE) co-

efficient, based on the mean squared error (MSE). However, decomposing the 

NSE and MSE reveal inherent ambiguity between the coefficient of determi-

nation and the relative variability between the observed and simulated values 

(Gupta et al., 2009). Gupta et al. (2009) proposed the Kling-Gupta efficiency 

(KGE) as a multi-objective approach, where the correlation, bias and variabil-

ity are combined into a single performance measure. Pool et al., (2018) identi-

fied that the implicit assumptions of data linearity and normality are violated 

when applied to discharge time series. They proposed a non-parametric form 
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(RNP) of the KGE, using the flow-duration curve as an alternative to the stand-

ard deviation and the Spearman rank coefficient instead of the Pearson corre-

lation coefficient to reduce sensitivity to very large observations. The robust-

ness was demonstrated for 100 catchments with long discharge records. How-

ever, only overlapping records can be used.   

These results lead to the choice of the calibration objective to calibrate the 

parameters of the hydrological model. In this study, a combination of the FDC 

and discharge climatology is proposed, which allows the extension of the ob-

servation period beyond the simulation period, provided hydro-meteorological 

stationarity can be assumed between the two periods. This allows the use of 

historical records, where there are no current observations (Paper I) or where 

the overlap is sparse (Paper II). This is particularly important if the overlap 

between climate forcing and observations is limited as remote sensing precip-

itation are only available for the last two decades. Furthermore, using hydro-

logical signatures rather than the hydrograph, reduces the sensitivity of the 

goodness-of-fit measure to uncertainties in the forcing data. This avoids over-

fitting the model to accommodate timing errors in the satellite product, while 

still ensuring that the model replicates catchment behaviour. 

In large river catchments with several tributaries, gauged sub-catchments are 

often part of the same network and interlinked. This poses a significant chal-

lenge during calibration due to parameter correlations affecting performance at 

downstream stations. In a traditional, stepwise calibration (e.g. Bauer-

Gottwein et al., 2015), upstream parameters are fixed when calibrating down-

stream parameters, which may in turn compensate for uncertainties in the cal-

ibrated parameters. A holistic or multi-objective calibration approach cali-

brates all parameters at once, allowing trade-offs between parameters to 

achieve the best compromise for all objectives (Madsen, 2003). For the region-

alization approach, this meant that the calibration was forced to converge to-

wards a coherent spatial representation of the discharge generation from each 

sub-catchment. 
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3.4 Results 

Model results from the five study areas (Paper I, II and IV) are summarized in 

Figure 3. 

  

 

Figure 3. Summary of performance statistics of all the models of the five study areas at 

calibration (C) and validation (V) stations. The green areas indicate the range of perfor-

mance statistics for behavioural models. In the Ogooué and Zambezi, only the HRU ap-

proach was evaluated. 

 

Paper I assessed the global sensitivity of the individual objectives used to cal-

ibrate the hydrological model of the Ogooué to all model parameters using the 

extended Fourier Amplitude Sensitivity Test (FAST) (Saltelli et al., 1999). The 

holistic calibration approach means that spatially distributed performance ob-

jectives will be sensitive to upstream parameters. The hydrological signatures 

were useful in constraining the most sensitive parameters of the rainfall-runoff 

model (𝛼1 and 𝛼2). The analysis also revealed that the additional information 

included in the calibration, i.e. altimetry river stage or GRACE total water stor-

age, constrained different parameters than calibration against discharge only. 

The calibration robustness is visible at the calibration and validation stations 

in the Ogooué basin: with the exception of a single station, the model is behav-

ioural throughout the catchment.  

Parameter interactions play a key role in regionalization results for nested 

catchments. In Paper II, the HRU regionalization improved performance as the 

spatial distribution of hydrological processes was solved by the model. Unin-
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formed regionalization forces the model to apply the same parameters to fun-

damentally different sub-catchments. Although the calibration may converge 

to similar goodness-of-fit measures, the parameters and thus the underlying 

mechanisms may be wrong. Such behaviour is problematic, when using the 

model to predict new situations. It is difficult to identify in poorly gauged 

catchments, but Paper II showed that reserving some stations for the validation 

provided useful insight into the model performance. For instance, incoherence 

was found in the Semliki catchment by assessing the lake water balance and 

performance at the Semliki station downstream of Lake Edward. The incon-

sistencies were caused both by the nearest-neighbour regionalization results 

and by uncertainties in the precipitation input.  

Finally, model performance is closely linked to the quality of the forcing data. 

In Paper I and Paper II, two different precipitation products were evaluated as 

forcing to the model: TRMM and FEWS-RFE. Runoff predictions are highly 

sensitive to correct precipitation estimates. In all four catchments, there were 

differences in the precipitation patterns depending on the selected precipitation 

product. These are partly absorbed by the model parameters, but also appear in 

the model performance. Figure 3 illustrates that the best-performing precipi-

tation product is catchment specific with TRMM performing most consistently 

in the Ogooué, whilst FEWS-RFE yields superior performances in the Tana 

and Upper Niger. These results underline that the choice of forcing data is a 

crucial and catchment-specific step in hydrological modelling. 

The TRMM dataset is no longer updated; therefore, the newly extended GPM 

(Global Precipitation Model) precipitation product was used as a forcing input  

to the Zambezi model. GPM’s historical record consists of a re-analysis of the 

TRMM record and, therefore, the products are expected to be very similar. In 

fact, Jiang and Bauer-Gottwein (2019) showed that GPM performed better than 

TRMM in Chinese catchments. At sub-catchment scale, small differences be-

tween the products are observed in the monthly and annual precipitation (e.g. 

in 2017-2018 and in February, where the inter-annual variation is larger with 

GPM, Figure 4). Although the three products are very similar, FEWS-RFE 

predicts 8% less precipitation than GPM over the simulation period. The con-

tinuity between satellite missions is key to hydrological applications, where 

long time-series provide essential information on processes and changes. In 

several basins, there is a lag between data recording and publication or even 

discontinuities in the operation of gauging stations. By reprocessing past da-

tasets, the loss of usable calibration and validation observations is reduced.    



14 

Figure 4 shows the range of monthly and annual precipitation at sub-catchment 

scale throughout the Zambezi and clearly illustrates the spatial variability of 

precipitation in the Zambezi. Uncertainty in the spatio-temporal patterns will 

propagate throughout the rainfall-runoff model (Knoche et al., 2014); thus, 

model parameters are bound to be specific to the forcing product, particularly 

where no validation is possible. However, global studies on precipitation sat-

ellite estimates can help inform the choice of forcing product. Satellite rainfall 

estimates integrating in-situ observations in the final product, such as the three 

products used in this study, usually perform well (e.g. Awange et al., 2016; 

Beck et al., 2017; Cohen Liechti et al., 2012). 

 

 

Figure 4. Comparison of GPM to previously used precipitation products TRMM and 

FEWS-RFE in the Zambezi basin. From top to bottom: monthly (top) and annual (bottom) 

precipitation in all 145 sub-catchments 
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4 Satellite radar observations 

4.1 Radar altimetry  

On-site data acquisition is often constrained by financial resources, time and 

logistics, and highly dependent on accessibility (Hrachowitz et al., 2013). Sat-

ellite observations transcend country borders and allow monitoring of inacces-

sible regions (Hostache et al., 2009), providing a highly valuable tool for trans-

boundary or regional studies on a large scale and at low cost. 

Altimeters measure the travel time of an electromagnetic pulse to the water 

surface and back to the antenna, and convert it to distance between the satellite 

and the nadir point along the track – the so-called range. Using the satellite 

altitude and applying geophysical and atmospheric corrections, the surface el-

evation above a reference height (ellipsoid or geoid) can be extracted. Unlike 

satellite imagery, spatio-temporal coverage depends strictly on the ground 

track configuration, which drives the trade-off between spatial and temporal 

resolution. The most common is a short-repeat orbit, with a 10-35 days tem-

poral resolution and a corresponding 80-315 km ground track spacing. Senti-

nel-3 has been operating in a two-satellite configuration in near-polar orbits 

since November 2018, which reduces ground track spacing from 104 to 52 km 

while maintaining the 27-day return period.  

Geodetic missions, such as CryoSat-2, follow a geodetic orbit to improve cov-

erage at the poles. The long-repeat sampling pattern (369 days) of CryoSat-2 

is interesting but challenges traditional processing methods for radar altimetry 

over inland water bodies and the way observations are integrated in hydrolog-

ical and hydrodynamic models. On one hand, the denser ground tracks (7 km 

spacing at the equator) increase the likelihood of observing even small water 

bodies; on the other hand, it is impractical to extract a water level time series 

for a specific location. Instead, the very high spatial sampling density offers 

new possibilities, assuming that the processing tools are adapted to it.  

Although originally designed for ocean applications, the handling and exploi-

tation of altimetry observations for continental water bodies has developed in 

parallel ever since the launch of the first mission of its kind; TOPEX Poseidon 

in 1992. Several studies have demonstrated the benefits of altimetry observa-

tions of surface water elevations (including Roux et al. 2010; Maillard et al., 

2015; Santos da Silva et al. 2010; Birkett and Beckley 2010). CryoSat-2 was 
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originally designed for cryosphere studies (Wingham et al., 2006), but has also 

been used with success in several hydrological studies (Bercher et al., 2013; 

Boergens et al., 2017b; Göttl et al., 2016; Kleinherenbrink et al., 2014; Nielsen 

et al., 2017, 2015). Typically, water bodies down to 100 m wide can be sensed 

by satellite altimetry. However, with the advancement of instrument precision, 

the accuracy and sensing limits have been continuously increased (Villadsen 

et al., 2016). The proliferation of altimetry data in hydrological studies is 

clearly demonstrated as several databases now offer publicly available WSE 

time series derived from satellite altimetry observations for inland water bodies 

worldwide (Berry et al., 2005; Crétaux et al., 2011; Schwatke et al., 2015).  

4.2 WSE from radar altimetry 

The most common type of integration of radar altimetry into hydrological stud-

ies is based on virtual station time series. A virtual station is the crossing point 

between the satellite ground track and the surface water body. This approach 

is similar to using in-situ gauging stations, except for its typically lower tem-

poral resolution, and the observations are suitable for traditional modelling ap-

proaches. Hydroweb and DAHITI are examples of databases providing WSE 

time series at virtual stations created from short repeat missions, including En-

visat and the current missions, Sentinel-3 and Jason-2/3 (Rosmorduc, 2016; 

Schwatke et al., 2015).  

CryoSat-2 is often left out of these databases, as the geodetic orbit is unsuitable 

for virtual station time series without prior interpolation. Different approaches 

have been proposed to handle this, which can be categorized in two groups:  

1. Statistical interpolation to obtain time series, similar to the virtual stations 

approach at the cost of reducing the spatial resolution and  

2. Adaptation of modelling tools at the cost of higher complexity and compu-

ting power requirements 

These methods vary in complexity, and have advantages and disadvantages. 

Interpolation methods are typically used to densify time series at existing vir-

tual stations (Tourian et al., 2016) or to compare different data sets. Villadsen 

et al. (2015) propose a simple slope-correction approach to transfer CryoSat-2 

data to nearby Envisat virtual stations. However, this method overly simplifies 

river dynamics and may introduce errors. Tourian et al. (2016) used estimated 

time lags to transfer relative water level quantiles from virtual stations to de-

fined stations along the river network and included CryoSat-2 observations. 
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For the latter, they had to use the sub-cycle to infer the quantiles due to the 

long-repeat period. Due to this approach and the assumption of linearity, the 

inclusion of CryoSat-2 slightly worsened performance in their study. However, 

the dense spatial sampling of CryoSat-2 did improve the representation of the 

river profile and reduced the bias, because of a more refined estimate of river 

slope.  

Finally, Boergens et al., (2017a) produced continuous water surface elevation 

observations from altimetry using spatio-temporal interpolation methods. The 

proposed method used virtual stations and thus could not integrate CryoSat-2 

data into it. Very simplified spatio-temporal interpolation based on day-of-ob-

servation and river chainage have been applied for the Yangtze (Jiang et al., 

2017), the Madeira (Bercher et al., 2013) and the Ogooué (Kittel, 2016). The 

surfaces provide useful information on river dynamics since the seasonal 

changes can be seen very clearly, and the wave propagation through the river 

is visible, however they rely on proper outlier filtering and a sufficiently high 

observation density. 

In all cases, adequate outlier filtering is necessary. There are a few but efficient 

strategies:  

 A water mask ensures that the observations are really of water. Water masks 

are particularly useful for spatially dense datasets, where the definition of 

virtual stations does not make sense. However, too conservative or inaccu-

rate water masks may remove valid observations. 

 A large deviation from a sufficiently accurate Digital Elevation Model 

(DEM) can indicate that the radar receiving-window was incorrectly posi-

tioned at the time of sampling.  

 Waveform statistics can indicate whether the return signal is coherent with 

a water target. However, it is challenging to set a universal threshold of ac-

ceptance for these statistics, as they depend on on-board satellite conditions 

and further ground processing. 

Additionally, time series statistics at virtual stations can be used to remove 

outliers at a given location. Finally, Jiang et al. (2020) evaluated whether the 

retracking algorithm could be used to mitigate retracking errors of contami-

nated waveforms to increase the amount of correctly processed Sentinel-3 ob-

servations in China. By retracking the persistent peak of adjacent waveforms, 

they were able to improve the retrieval of WSE over various Chinese rivers, 

especially the Yangtze River. 
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4.3 Data selection 

In this study, two missions were selected: Sentinel-3 and CryoSat-2. Sentinel-

3 is the first altimetry mission to operate in Synthetic Aperture Radar (SAR) 

mode globally and to use an open-loop tracking mode. CryoSat-2 was the first 

mission to carry InSAR altimeters with three operating modes: SARIn (SAR 

Interferometric mode), SAR and LRM (Low Resolution Mode), however, it 

does not cover many important inland water bodies in its two high-resolution 

operating modes (SAR/SARIn). Even though the altimeter is operated in LRM 

over the Zambezi, its dense spatial coverage offers a unique monitoring oppor-

tunity if the performance is sufficient in LRM mode.  

The datasets used were: 

 CryoSat-2 Level-2 observations produced at the National Space Institute, 

Technical University of Denmark (DTU Space) from ESA’s Level 1b 20Hz 

product. The retracker is an empirical sub-waveform threshold retracker: the 

so-called Narrow Primary Peak Retracker (NPPR) (Jain et al., 2015) 

 Sentinel-3 observations from two processing platforms: 1) the ESA Grid 

Processing on Demand (GPOD) SARvatore (SAR Versatile Altimetric 

Toolkit for Ocean Research and Exploitation) service and 2) the Copernicus 

data hub, SciHub at processing levels 1b and 2. 

The following sections detail how valid WSE observations over the studied 

water bodies were extracted from the datasets.  

4.3.1 Dynamic versus static water masks 

Water masks based on optical satellite imagery have been widely used to ex-

tract altimetry observations over rivers: e.g. combining Landsat imagery with 

Envisat altimetry in the Zambezi (Michailovsky et al., 2012) or multi-mission 

altimetry over the Mekong (Liu et al., 2016). Maillard et al. (2015) used the 

SRTM Water Body Data (SWBD) to select Envisat and SARAL (Satellite with 

Argos and AltiKa) observations over the São Francisco River in the Amazon 

catchment. Typically indices such as the Normalized Difference Vegetation 

Index (NDVI) or the similar Normalized Difference Water Index (NDWI) are 

used to classify water and non-water surfaces (Michailovsky et al., 2012; 

O’Loughlin et al., 2013; Schneider et al., 2018a). 
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However, a static water mask may not be appropriate for dynamic and braided 

rivers, which change their course significantly between wet seasons. An alter-

native to static water masks is the use of dynamic water masks or time-series 

of water masks. Optical sensors such as Landsat or Sentinel-2 are not ground 

penetrating and sensitive to cloud coverage, particularly during the wet season. 

Schneider et al. (2017) used NDVI and NDWI masks derived from Landsat 7 

and 8 optical imagery, but were only able to extract a single annual mask due 

to cloud cover over the Brahmaputra. The masks were conservative as they 

were representative of low flow conditions, where cloud cover was low.  

An alternative to optical imagery is the use of Synthetic Aperture Radar (SAR) 

imagery, which has become accessible with the launch of Sentinel-1. The ad-

vantages of SAR are two-fold: the images are high resolution and publically 

available with a short time lag, and the technology is cloud penetrating with a 

high contrast in the return signal from water and land. Water mapping with 

SAR is widely used in flood studies (Clement et al., 2017; Greifeneder et al., 

2014; Hostache et al., 2012; Schlaffer et al., 2015; Twele et al., 2016).  

Calm, open water surfaces act as specular reflectors, reflecting the incoming 

radiation away from the radar sensor. Therefore backscatter coefficients over 

water are generally very low (Schlaffer et al., 2015). Ideally, water and land 

backscatter values will be sufficiently different to produce two peaks in the 

backscatter histogram. Typically, algorithms such as the Otsu method (Otsu, 

1979) are used to automatically identify the local minima between the two 

peaks and separate the land and water class (Hardy et al., 2019). However, 

several artefacts can cause false positives and negatives and impede classifica-

tion. Surface waves may increase the surface roughness. Reversely, dry bare 

sand and alluvial sediment have been reported as easily confused with flooded 

areas (O’Grady et al., 2013). The side-looking geometry of SAR imagery com-

bined with topographic relief can create shadow effects and reduce backscatter. 

Emerging structures such as vegetation or infrastructure can cause so-called 

“double-bounce” effects, where the return signal from bright surfaces is scat-

tered off landscape features, allowing it to return to the satellite, e.g. in a 

flooded marshland. This particular feature has enabled the development of wa-

ter level change detection using SAR Interferometry (Alsdorf et al., 2007; 

Wdowinski and Hong, 2015).  

Water masks were produced over small reservoirs in Zimbabwe using the ded-

icated ESA tool, SNAP (Sentinel Application Platform) to evaluate whether 

SAR images could be used to identify small, local reservoirs and monitor 
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changes in surface extent. A key challenge in terms of classification was en-

suring that image contrast is sufficient to identify the two backscatter-peaks, 

particularly in large scenes, where water only occurs in a fraction of the image. 

Therefore, the approach was most successful in scenes with relatively even 

water/land coverage. Once the masks are produced, false positives are removed 

by filtering out high-slope regions based on a DEM. Sentinel-1 operates in two 

polarizations: Vertical-Vertical and Vertical-Horizontal (VV and VH). VH has 

more false-positives but is less sensitive to surface waves, whereas VV is more 

sensitive to water and thus better at discriminating between water and very 

smooth surfaces (e.g. landing fields of airports). 

SAR water masks were produced for several small lakes and reservoirs in Zim-

babwe, and the Kafue Flats. Water occurrence in SAR images from 2016-2018 

is compared to Pekel et al. (2016)’s Global Surface Water Explorer (GSWE) 

water occurrence map (Figure 5). The GSWE dataset contains global seasonal 

and annual changes in surface water occurrence based on 3 million Landsat 

satellite images from 1984 to 2015 at 30-meter resolution. The occurrence map 

indicates the percentage occurrence of water over time.  

 

 

Figure 5. Difference between dynamic water masks from Sentinel-1 SAR in VV (left) and 

VH (centre) polarization and the long-term water occurrence map from Pekel et al. (2016) 

(right) of Lake Mazvikadei (top row), Lake Manyame (left in the bottom row images) and 

Lake Chivero (right in the bottom row images).  
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The largest difference is between the two polarizations: the VH polarization is 

more successful at identifying the water bodies, whereas the VV mask is less 

consistent across images. Provided additional information is available (e.g. 

slope and the location of potential bright targets), SAR technology successfully 

identified several small water bodies in the region. 

The bottleneck in fully integrating SAR water masking with the extraction of 

satellite altimetry observations lies in the computational requirements. A single 

water mask of the Zambezi requires over 300 GB of data to be processed. With 

the proliferation of cloud services, such as Google Earth Engine, the possibil-

ities of exploiting Sentinel-1 SAR images will greatly increase. 

In this study, the water/land masks from Pekel et al., (2016) were used. A low 

threshold of 10% water occurrence was selected to retrieve all seasonal waters 

and account for data gaps due to high cloud cover in tropical regions (e.g. the 

Upper Zambezi). There were some gaps in the occurrence water mask in the 

upstream regions of the Zambezi, where cloud cover is too significant to record 

any water occurrence at all. Valid observations may therefore be discarded due 

to these gaps. Instead, river delineation was used to identify potential Sentinel-

3 virtual stations (Paper III). If the observations were not classified as water 

but were consistent with water targets (i.e. high backscatter coefficient and 

range integrated power, where this information is available), they were retained 

for evaluation in the next steps. 

4.3.2 Outlier filtering 

There are several potential sources of error in an altimetry dataset. A large 

deviation can indicate wrongful positioning of the altimeter’s reception w in-

dow, suggesting that the altimeter did not record the return signal from the 

actual surface. There is also a risk that the return signal did not come from the 

nadir surface but from bright targets within the altimeter footprint (nearby 

small lakes, for instance, as shown in Jiang et al. 2020). This is a particular 

problem where topography changes rapidly. This so-called “hooking effect” 

occurs when the satellite locks on to an off-nadir bright target, causing the 

altimeter to measure the slant distance to a target (Frappart et al., 2006). For 

large water bodies with several observations within a given track, the hooking 

effect can cause parabolic track-height profiles (Maillard et al., 2015). Obser-

vations deviating from the DEM by more than 30 m were removed, smaller 

errors are harder to identify for narrow water bodies (Paper III and IV). 
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To assess whether the selected observations are actually of water, two ap-

proaches were developed. If the waveforms (Level-1b data) were available, 

waveform statistics were used to evaluate the quality of the selected observa-

tions. In Paper III, the number of peaks in the waveform was used to select 

valid virtual stations. Multi-peak waveforms are a typical consequence of high 

contamination from bright targets.  

In Paper IV an outlier filtering approach was presented for CryoSat-2 based on 

the approach by Schneider et al. (2018b). They fit a mean water level along the 

river and selected a threshold deviation based on local observations. However, 

the observed deviations are highly dependent on the definition of the mean 

level. Therefore, several univariate spline functions with varying smoothness 

coefficients are evaluated to establish a confidence interval for the observed 

level deviation from the mean.  

The expected deviation was calculated using Manning’s equation based on dis-

charge simulations and the discharge deviation from the mean discharge. Esti-

mates of slope were obtained from the spline functions, width from global 

width databases and a mean roughness of 0.035 s/m1/3 is selected. A confidence 

interval for the expected deviation was obtained through error propagation, 

which accounts for uncertainties in the discharge estimate, roughness coeffi-

cient, width and slope. Deviations from the spline curves, which do not overlap 

with the predicted deviation interval, were considered outliers. 

The method is strongly dependent on accurate discharge predictions. This is 

challenging, particularly in ungauged catchments, where parameters have been 

transferred from similar catchments without validation. However, the approach 

not only removes inconsistent WSE observations, it also removes incompatible 

level/discharge pairs, ensuring that the calibration is performed only where a 

fit is physically possible. A robust outlier filtering approach is paramount to 

increase the use of CryoSat-2 data in the hydrological community. The spatial 

sampling challenges traditional methods and manual filtering is tedious and 

subjective. 

4.3.3 Validation against local observations 

Validating CryoSat-2 observations against in-situ observations is challenging 

due to the high spatial density. Time series observations were used over three 

lakes: Chivero, Manyame and Mazvikadei, to give an indication of the perfor-

mance of CryoSat-2 over water bodies in the Zambezi catchment (Figure 6 and 

Table 1).  
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Figure 6. CryoSat-2 for three reservoirs in the Zambezi catchment 

 

The lake WSE time series were constructed using the free R package, tsHydro 

(Nielsen et al., 2015). The RMSD is less than 20 cm and as low as 3 cm for the 

small reservoir, Chivero (22.8 km2). Chivero is around 7 km large at its widest 

part, and as narrow as 100 meters. Most CryoSat-2 observations from the dry 

season are from the Eastern, narrow part of the lake, suggesting CryoSat-2 suc-

cessfully picks up the observed water level fluctuations over river-like water 

bodies. 

 

Table 1. CryoSat-2 performance in LRM for small reservoirs in the Zambezi catchment 
 

RMSD [cm]  Area [km2] Number of tracks 

(Observations per track) 

Chivero 3  22.8 10 (5-14) 

Manyame 11 66.0 34 (5-22) 

Mazvikadei 19 21.1 16 (5-13) 

 

 

Sentinel-3 observations in the Zambezi were evaluated against in-situ observa-

tions in the Upper Zambezi catchment and by evaluating the annual WSE pat-

tern against historical observations throughout the catchment (Paper III). To 

avoid any vertical bias the mean WSE was subtracted from the in-situ and sat-

ellite time series respectively. If we only consider stations within 10 km of the 

virtual station, the RMSD from the GPOD dataset is consistently lower than 20 

cm (12 % of the in-situ stations’ standard deviation) and as low as 2.7 cm at 

Ngonye falls (Table 2).  
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Table 2. Sentinel-3 performance against in-situ observations (modified from Paper III) 

In-situ sta-
tion 

VS plat-
form 

Distance to VS 
[km] 

River width [m] RMSD 
[cm] 

Relative RMSD 
[%] 

 

Kalabo S3A 4.8 35-600  

(floodplain) 

S. 13.6 

O. 15.1 

9.4 

10.4 

 

Ngonye Falls S3B 1.7 1100 S. 2.7 

O. 7.2 

4.4 

12.0 

 

Chavuma S3B 7.6 210 S. 15.8 

O. 25.6 

11.9 

19.3 

 

Sesheke S3B 2.7 430 S. 10.5 

O. 14.7  

5.4 

7.5 

 

 

 

The amplitude predicted by Sentinel-3 VS is also consistent with the historical 

records as illustrated in Paper III (Table 3). The annual amplitude is higher at 

the local gauging stations than at Sentinel-3B virtual stations, which can be 

explained by the time of observation: Sentinel-3B was launched in 2018 and 

the altimetry records begin in November 2018. 2019 was a very dry year – 

which can clearly be seen in the Sentinel-3A records as well, thus the amplitude 

is, as expected, lower than the mean over the years of observation from the 

early 2000s. 
 

Table 3. Sentinel-3 mean annual WSE amplitude versus in-situ records. The in-situ records 

are from 2000-2010. 

 River VS Plat-
form 

Sentinel-3 amplitude 
[m] 

In-situ amplitude 
[m] 

Watopa Pontoon Kabompo S3B 

S3A 

2.5 

4.6 

3.0 

Nana’s farm Zambezi S3B 1.8 3.1 

Kangondi Lushiw-
shi 

S3B 2.4 4.8 

Chilenga Kafue S3A 6.1 5.7 

M’Swebi Kafue S3B 2.4 3.5 

Lubungu Kafue S3A 3.1 3.1 

Kafue Hook 
Bridge 

Kafue S3B 1.6 2.3 

Luangwa Boma Luangwa S3A 

S3B 

2.4 

3.4 

3.4 
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Although the uncertainty is larger than expected from conventional in-situ ob-

servations, studies have shown that there is much value in including altimetry 

observations in calibration and assimilation into hydrological and hydrody-

namic models, in gauged and ungauged catchments (Getirana et al., 2013; Jiang 

et al., 2019b; Liu et al., 2015; Michailovsky et al., 2013; Schneider et al., 

2018b, 2018a). 

4.4 Tracking mode 

The two satellite missions are configured to operate with different tracking 

modes. In an open-loop tracking mode, as used by Sentinel-3, the satellite re-

ception window is positioned based on a-priori information about the surface 

elevation. In closed-loop mode, the satellite repositions the reception window 

continuously based on past measurements. The advantage of the closed-loop 

tracking is that no information about elevation is needed, however examples 

have shown how CryoSat-2 fails to detect steep valley rivers and instead locks 

onto the valley top (e.g. Biancamaria et al., 2018).  

Jiang et al. (2020) demonstrated the strength of the open-loop tracking mode 

for Chinese rivers provided the on-board information, the so-called Open-Loop 

Tracking Command (OLTC) tables are correct. Clear improvement was seen at 

several VS in the Zambezi after the Sentinel-3A table was updated in March 

2019 (Paper III). An obvious challenge with the open-loop mode is the limited 

on-board capacity to store information. The OLTC thus consists of a pseudo-

DEM, where targets can be defined. For points between targets, the previous 

target from the given track is used, which can lead to significant errors where 

targets are far apart. 

In Paper III, another challenge was identified. When a new target is defined, 

the reception window position changes abruptly, creating the same transition 

pattern as seen in closed-loop mode for steep elevation changes (Dinardo et al., 

2018). GPOD processing options are tailored for inland water and generally 

produce better results than the SciHub dataset (Table 2); however, the algo-

rithm is also more sensitive to these changes. Assessing the tracker range 

clearly shows a smoother transition between two targets when using the GPOD 

processing platform and a sharp transition, when using the SciHub dataset (Fig-

ure 7). Interestingly, the closed-loop tracking mode accurately positions the 

reception window in the Zambezi during the transition period, particularly 

where there were no targets in the OLTC table. Thus, a combination of the two 



26 

modes may be interesting if elevation information is limited or is not up to 

date. 

 

 

Figure 7. Tracker range from SciHub and GPOD before, during and after the OLTC update 

illustrating the caveats of the GPOD receiving window extension (modified from Paper 

III). 

 

Although Sentinel-3 presents some clear strengths for hydrological applica-

tions, the on-ground processing options play a significant role in being able to 

fully utilize the dataset. In the Zambezi, changing the processing options or the 

processing platform increased the performance and the number of useful virtual 

stations from Sentinel-3A and Sentinel-3B (Paper III).   

4.5 River-floodplain interactions 

River-floodplain interactions are an important part of river studies, flood mon-

itoring, and forecasting and management efforts, and important hydrogeo-

morphic processes are governed by the seasonal alterations of the floodplain. 

Sentinel-3 crosses several important wetlands and floodplains in the Zambezi, 

including the Kafue Flats (Figure 8). Park (2020) showed that Jason-2 altime-

try could be used to characterize river-floodplain connectivity in the Amazon. 

They suggest exploring the potential of new altimetry platforms ICESat-2 and 

Jason-3. The Sentinel-3 data extracted in Paper III highlight Sentinel-3 as an 

interesting candidate as well for studying river-floodplain interactions. 
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Figure 8. Sentinel-3 river-floodplain dynamics in the Kafue flats as observed by Sentinel-

3A and Sentinel-3B (from Paper III). The cross-section along the satellite track is shown 

behind the WSE observations from each time of crossing. 

 

The water occurrence maps show that even as the water occurrence is seem-

ingly insignificant (light blue background), information from the Level-1B da-

taset (high backscatter or high range integrated power) support the assumption 

that the selected observations are over water. The seasonality is also consistent 

with the hydrological patterns in the catchment, as the highest water level in 

the floodplain is reached at the end of the wet season (February-April). On-site 
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sampling of water level during flood events is impractical but valuable infor-

mation to flood models, which can be acquired from remote sensing (Hostache 

et al., 2009). 

When extracting Sentinel-1 water masks, it was noted that very bright pixels 

often border the dark, water pixels. Comparing images from the dry season 

(August 2017) and the wet season (January 2018), we see evidence of the dou-

ble-bounce effect as bright pixels border the meandering river (Figure 9). 

Therefore, there is potential to extract useful information on flooded regions 

from this data, which can be used in synergy with altimetry observations. The 

histograms illustrate the challenge in separating the bright pixels from other 

bright targets and avoiding false positives. The histogram shape in Figure 9 is 

slightly more skewed towards high values in the wet season, which might be 

due to the higher fraction of very bright targets in the window compared to the 

dry season. 

 

 

Figure 9. SAR image of the Kafue Flats during the dry season (August 2017, left) and wet  

season (January 2018, right). The red lines indicate the masking thresholds. For VH im-

ages, there are two defined peaks, whereas the water/land separation is harder to determine 

in the VV images. Note that the colour-scales have been adjusted for improved visualiza-

tion. 

 

By combining Figure 8 and Figure 9, it is possible to assess the pattern be-

tween the flood season levels and the high backscatter values. Figure 10 shows 

close-ups of the Sentinel-3 WSE in the Kafue and the VH image from Figure 

9. Although SAR backscatter is highly spatially variable, double-bounce bands 

can be clearly identified around riverbanks, where the WSE is consistent with 

the expected flood patterns. It would be possible to use SARIn to monitor the 

wetland water levels in the Kafue Flats (Wdowinski and Hong, 2015). 
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Figure 10. SAR radar image in VH polarization from August 2018, and Sentinel-3A and 

Sentinel-3B radar altimetry WSE of the Kafue Flats. The WSE observations are shown 

above the cross-sections of the SAR image along the Sentinel-3 track. 

  



30 

5 Water level predictions 

5.1 Radar altimetry and hydrologic-hydrodynamic 

models  

Hydrodynamic modelling is a key tool in better understanding and managing 

flood events. Floods are common natural hazards, which can cause significant 

damage and loss of life. In many countries, rivers are at the source of most 

flooding records (Smith, 2013). Although more complex and resource demand-

ing than conceptual rainfall-runoff models, hydrodynamic models give the 

most accurate estimates of river water level. However, they must be well con-

strained and the full workflow, from model setup to prediction, must be cali-

brated and evaluated to produce reliable flood predictions (Hostache et al., 

2009). In ungauged basins, the combination of altimetry WSE and hydrody-

namic modelling can produce highly useful information for use in water man-

agement efforts. 

Reliable input data and hydraulic parameters are key to produce useful hydro-

dynamic predictions. Hydrodynamic models require detailed information about 

the river channel, including the channel geometry, bathymetry and channel 

roughness in order to simulate accurate water levels. Several of these parame-

ters cannot be measured remotely (Alsdorf et al., 2007) and must be inferred 

through calibration or assumptions made by the modeller. The river channel 

conveys a significant proportion of the flow even during flood events (Neal et 

al., 2015), therefore the water level dynamics in the channel are an important 

part of both one-dimensional and two-dimensional simulations. Local observa-

tions of representative water levels to calibrate hydraulic parameters are not 

always available at the necessary spatio-temporal resolution. In many cases, 

satellite observations offer a unique opportunity to obtain these observations 

(Hostache et al., 2009). Radar altimetry has been used in several studies to 

obtain information on river dynamics and to calibrate and update hydrody-

namic models (e.g. Getirana et al., 2013; Jiang et al., 2019b; Liu et al., 2015; 

Michailovsky et al., 2013; Schneider et al., 2018b, 2017; Yan et al., 2015).  
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5.2 Transient solution 

One-dimensional, unsteady, open channel flow can be described using the 

Saint-Venant equations. The conservation form of the mass balance and mo-

mentum balance equations are 

𝜕𝐴

𝑑𝑡
+

𝑑𝑄

𝑑𝑥
= 𝑞 (3) 

𝑑𝑄

𝑑𝑡
+

𝜕

𝜕𝑥
(

𝛽𝑄2

𝐴
) + 𝑔𝐴

𝜕𝑦

𝜕𝑥
− 𝑔𝐴(𝑆0 − 𝑆𝑓) = 0 (4) 

Where: 

 t is time [s] 

 x is the distance along the channel, or chainage [m] 

 A is the wetted area [m2] 

 Q is the channel discharge 

 q is the lateral inflow [both in m3/s] 

 β is the momentum coefficient (typically set to 1) 

 y is the channel depth [m] 

 g is the acceleration due to gravity [m2/s] 

 S0 is the bed slope [m/m] 

 Sf is the friction slope [m/m] 

The bed slope can be defined as the bed elevation slope.  

The full Saint-Venant equations cannot be solved analytically. Instead numer-

ous numeric solvers exist, including MIKE HYDRO (as used in e.g. Jiang et 

al., 2019b; Machineni et al., 2019; Oliver et al., 2019) or the 1D/2D model 

LISFLOOD-FP (Horritt and Bates, 2002). Numerical solvers typically solve 

for discharge and water level at alternating spatial steps. Empirical formulas 

(e.g. Manning’s equation), simplified cross-section geometries or, when avail-

able, look-up tables for the flow cross-section can be used to reduce the number 

of unknown parameters.  
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Even when using simple geometries, the channel bathymetry, roughness and 

bed elevation must still be provided. Schneider et al., (2017) proposed a cali-

bration scheme, where the river cross-section is represented as a triangle with 

two parameters: the datum and the opening angle. The parameters are cali-

brated iteratively using Envisat and CryoSat-2 observations. This method al-

lows direct integration of CryoSat-2 observations without the need for spatial 

or temporal interpolations. In Schneider et al. (2018b) the channel roughness 

in the highly gauged  Po River was calibrated at different spatial distributions 

with and without CryoSat-2 data. Increasing the spatial resolution of the chan-

nel roughness improved model performance at the cost of parameter uncer-

tainty. CryoSat-2 observations were sufficient to constrain the channel rough-

ness at high spatial resolution, in spite of the lower accuracy compared to in-

situ observations.  

The two studies show the possibility of and the value in using CryoSat-2 data 

with its original spatial resolution in ungauged and gauged catchments. Jiang 

et al. (2019b) evaluated the simultaneous calibration of several hydraulic pa-

rameters, including the roughness coefficient and bathymetry against different 

WSE sampling patterns. Their results confirmed the superiority of the high 

spatial resolution of geodetic missions compared to short-repeat missions in 

terms of parameter constraining. However, using simple cross-sections may 

introduce significant uncertainties, particularly for extreme events, suggesting 

cross-section geometry should probably be investigated as well. This raises the 

challenge of parameter correlations and model ambiguity as the inverse model 

is not well constrained for calibration. Several studies have shown that bed 

resistance and channel geometry cannot be calibrated simultaneously without 

ambiguity (Getirana et al., 2013; Jiang et al., 2019b; Liu et al., 2015). In order 

to calibrate exclusively against satellite altimetry, the inverse problem must be 

defined so that 1) model ambiguity is reduced and 2) data availability is taken 

into account. 

The Shuffled Complex Evolution (SCE) algorithm is a widely used global 

search algorithm with proven efficiency and effectiveness in hydrological ap-

plications (Duan et al., 1994, 1992; Madsen, 2000). The implementation of it 

used during this study is described in Houska et al. (2015). The advantage of 

using the SCE here is that it combines random searching with competitive evo-

lution. This optimized search reduces the number of iterations compared to a 

Latin-Hypercube sampling of the entire parameter space.  
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Hydrodynamic models are computationally expensive, which constrains the 

spatial resolution of the hydraulic parameters and the calibration framework 

itself. Global search algorithms require multiple model evaluations to be effi-

cient, which is impractical for complex models; however, they are less sensi-

tive to the calibration starting point then local search algorithms. This is an 

advantage in poorly gauged catchments, where defining a reasonable first 

guess may be impossible. It is an advantage to consider the most parsimonious 

representation of the problem, and then to transfer the parameters to the final, 

complex model afterwards.  

5.3 Model calibration 

The proposed solution is to use a steady-state solver. The model solves the full 

Saint-Venant equation at steady state using the exact same parametrization as 

an equivalent hydrodynamic model, but can solve the WSE along the river 

channel for selected discharge values directly. Thus, continuous simulations 

are not required and time steps can be reduced to only include the days with 

satellite overpass.  

The approach is constrained by the following assumptions: 

 Steady-state can be assumed if the discharge temporal gradient on the day 

of observation is less than 5%. 

 A representative CryoSat-2 WSE profile can be defined for each runoff class 

in the simulated runoff histogram, by classifying CryoSat-2 observations 

based on the runoff simulated on the day-of-observation. 

 Steady-state discharge can be approximated using the hydrological model 

output  

 The channel cross-sections are assumed rectangular and width information 

can be obtained from global hydrology databases. 

 The downstream boundary condition can be calculated using Manning’s 

equation. 

The steady-state solver is based on the steady-state full Saint-Venant equa-

tions: 

𝑑𝑄

𝑑𝑥
= 𝑞 (5) 
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𝜕𝑄

𝜕𝑡
+

𝜕

𝜕𝑥
(

𝛽𝑄2

𝐴
) + 𝑔𝐴

𝜕𝑤

𝜕𝑥
− 𝑔𝐴(𝑆0 − 𝑆𝑓) = 0 (6) 

Assuming rectangular channel cross-sections with varying widths and lateral 

inflow, the equation becomes: 

𝑑𝑤

𝑑𝑥
=

(
𝑄2

𝑔𝐴3 (𝑤𝑝2 (
𝑑𝑝1

𝑑𝑥
+ ln(𝑤)

𝑑𝑝2

𝑑𝑥
 )) + 𝑆0 −

𝑄2

𝐾2)

(1 −
𝑄2

𝑔𝐴3 𝑝1𝑝2𝑤𝑝2−1)
(7) 

Based on computational efficiency, we use an explicit solver of: 

𝑤𝑖−1 = 𝑤𝑖 − 𝑅𝐻𝑆(𝑥𝑖 , 𝑤𝑖) × Δ𝑥 (8) 

Details about the implementation of the solver for the Zambezi can be found 

in Paper IV. We tested the method for five sub-reaches of the Zambezi River: 

The Upper Zambezi, Lungwebungo, Kabompo, Kafue and Luangwa. The par-

ametrization and proposed calibration approach is illustrated in Figure 11. 

 

 

Figure 11. Illustration of the calibration setup for the steady-state model used in Paper IV 

 

Synthetic experiments highlighted the value of using spatially dense observa-

tions. Parameters near clusters of observations were more likely to be recov-

ered than parameters at intermediate cross-sections. The bed elevation offset 

parameters were also more sensitive than the channel roughness and the sensi-

tivity decreased moving upstream. The latter relates to the Saint-Venant equa-

tions and backwater effects. Altering the downstream conditions has repercus-

sions along the entire stream, and affects more of the simulated observations, 



35 

whereas upstream parameters have very little impact on the objective function. 

In assessing observational uncertainties, the RMSD between synthetic obser-

vations appeared to follow the observation standard deviation, suggesting there 

was no significant overfit (Paper IV). 

5.4 Hydrodynamic modelling 

Lisflood-FP is a raster-based, coupled 1D-2D flood inundation model solving 

the 1D full shallow water equations (Bates and De Roo, 2000). Different solv-

ers are available to couple channel and floodplain flow. This study uses the 

sub-grid channel solver, which includes the friction and water slopes and local 

acceleration, and assumes that convective acceleration is negligible (equivalent 

to solving the diffusive wave problem). The time step of the solver is adaptive 

to ensure numerical stability. The solver is described in Neal et al. (2012). It is 

computationally efficient and numerically stable (De Almeida et al., 2012) and 

well-adapted to large scale simulations flood predictions, including in poorly 

gauged catchments (O’Loughlin et al., 2020; Sosa et al., 2020). 

In Paper IV, Lisflood-FP sub-grid models were parameterized by burning the 

calibrated parameters into the DEM and following the delineated river line to 

define the river channel. By raising the bank elevations, the model can run as 

a pseudo-1D solver. It was confirmed that the performance when transitioning 

from a steady-state to a transient solution remained similar in most cases. The 

RMSD ranges from 0.79 m to 1.38 m, compared to 1.55 m against ICESat and 

discharge observations when using only the main channels in the Niger River 

(Neal et al., 2012). Jiang et al., (2019) obtained RMSD values of 1.28 m when 

using CryoSat-2 to calibrate hydraulic parameters of a hydrodynamic model of 

the Songhua River.  

When defining the calibration problem, there is a risk of absorbing uncertainty 

from boundary conditions, inflow, and estimated parameters, into the calibra-

tion parameters, resulting in spurious parameter values. Neal et al. (2015) sug-

gested calibrating the cross-section geometry rather than the roughness coeffi-

cient to maintain physically likely roughness coefficients. Since roughness 

cannot be inferred, no information will be added to compensate for the removal 

of information about geometry (e.g. width). One option, suggested by Neal et 

al. (2015), was to define width-discharge relationships to help constrain the 

geometry parameter and overcome model ambiguity. 
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The steady-state solver allows a far larger number of model evaluations to find 

the optimum parametrization, without unreasonable time consumption. In com-

parison, Neal et al. (2012) used only 588 simulations, with the optimal model 

taking 106 minutes to run their 7-year simulation period. In Paper IV, the 

global search algorithm required between 88,000 and 400,000 model runs to 

find the global optimum solution, which took up to three days to run. Even 

when accounting for parallel computing, the equivalent Lisflood models would 

have taken well over a year to calibrate. In spite of the simplifications, the 

results suggest the trade-off between model complexity and accuracy, and the 

necessary resources is a fair one.  

5.5 2D-hydrodynamic model 

As we calibrate the bed elevation along a one-dimensional river line, the bed 

elevation parameter does not account for the bed-bank relationship; therefore, 

the bed might be raised above the bank at some locations (Paper IV). In that 

case, the channel is allowed to overflow as it inevitably becomes very shallow 

at certain locations. Figure 12 illustrates the Lisflood-FP simulations in Paper 

IV without raising the bank elevations and the changes in WSE when transi-

tioning from a 1D to a 2D hydrodynamic model. 

The model used here corrects bed elevations exceeding the bank elevation, ren-

dering the calibration superfluous, as seen for the Lungwebungo River in Fig-

ure 12. The largest differences are seen where the bank elevation is below the 

maximum WSE simulated by the 1D model – as would be expected. The next 

step in qualitatively assessing the 2D-model performance is to visualize the 

water extent across the floodplain. The maximum flow in the 2018-2019 wet 

season was reached at the end of March 2019. Figure 13 shows the 2D-simu-

lations of flow in all five reaches on the 30 th of March 2019.  
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Figure 12. Channel WSE difference for 1D and 2D hydrodynamic model 

 

The effect is mainly visible in the lower part of the Kabompo and Lungwe-

bungo Rivers, right before their confluence with the Upper Zambezi. In the 

Kafue, Figure 12 and Figure 13 confirm that the bed elevation is below the 

DEM bank elevation even without correction. Sharp changes in the DEM of 

the Luangwa sub-catchment indicate some inconsistencies in the river deline-

ation or uncertainties in the DEM, and results in a widening of the downstream 

channel.  
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Figure 13. 2D-simulation and the effect of including the floodplain hydrodynamics during 

peak flow in March 2019. 

 

These results clearly highlight the importance of 2D representation of the river 

channel, with all the challenges this entails. Indeed, the transition from 1D to 

2D modelling increases the number of parameters necessary, and in the future 

additional observations will be necessary to successfully calibrate the more 

complex models. In the Zambezi, Sentinel-1 and Sentinel-3 offer interesting 

sensing opportunities for important wetlands and may be able to inform the 

next steps in flood modelling. 

  



39 

6 Conclusions  

Rivers are intrinsically linked to important ecological resources and anthropo-

genic activities. They are also the cause of environmental hazards and extreme 

events, such as droughts and floods. Paradoxically, in-situ observations are 

currently decreasing, and several large rivers are poorly instrumented. Satellite 

observations are playing an increasing role in hydrological studies, with par-

ticularly high value in regions where gauge data is limited. Satellite observa-

tions can be useful at different stages of hydrological studies. This research 

focused on the applications for scarcely gauged rivers, with an emphasis on 

exploiting publicly available datasets in hydrologic-hydrodynamic modelling 

applications. Three radar missions were selected and evaluated based on their 

novelty and unique features: Sentinel-1 SAR imagery, and Sentinel-3 and Cry-

oSat-2 radar altimetry.  

The first step consisted of producing reliable river hydrology simulations. For 

this aim, a flexible and robust modelling and calibration framework was devel-

oped for data-scarce river basins. Parameter regionalization allowed a transfer 

of information from gauged to ungauged sub-catchments to produce reliable 

simulations at catchment level. The calibration was based on hydrological sig-

natures, which enabled a full exploitation of the available records. The frame-

work was tested in five African river catchments with varying climate, geog-

raphy, and land cover characteristics. The results showed that informed region-

alization improved hydrological patterns across the catchments and increased 

performance robustness.  

The integration of radar observations with hydrodynamic models used the 

Zambezi basin as a case study. CryoSat-2 and Sentinel-3 observations were 

extracted over the entire basin and validated for small reservoirs and at gauging 

stations respectively. A catchment-scale evaluation of Sentinel-3 observations 

from publicly available processing platforms was conducted, to evaluate the 

benefits and pitfalls of the different options and of the open-loop tracking 

mode. The aim was to bridge the gap between expert remote sensing users and 

the hydrology community. The dataset was used for validation of a hydrody-

namic model of ungauged river reaches. River-floodplain interactions were ex-

plored at several stages: Sentinel-3 was shown to observe the river-floodplain 

interactions in the Kafue Flats, and the Barotse and Chobe floodplains. Double-
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bounce effects indicated the potential of using Sentinel-1 SAR imagery to eval-

uate floodplain water levels even for water bodies covered by submerged veg-

etation.  

Adequate hydraulic representation is key to produce reliable flood simulations. 

In data-scarce regions, the challenge lies in correctly parametrizing hydraulic 

models. CryoSat-2 is a geodetic altimetry mission and the high spatial resolu-

tion poses a challenge in terms of outlier filtering and integration into hydraulic 

modelling. However, there is also valuable information for calibration of spa-

tially distributed hydraulic parameters. Outlier filtering based on simulations 

from the rainfall-runoff model ensured that only reliable water level to dis-

charge pairs were used to calibrate channel roughness and bed elevation. Using 

a steady-state solver greatly reduced the computation requirements of the cal-

ibration, as the water level only needed to be computed for selected discharge 

values. The calibration informed the parametrization of an unsteady pseudo-

1D hydrodynamic model. The performance was comparable to previous stud-

ies, with RMSD ranging from 0.59 to 1.38 m against the calibration dataset, 

0.79 to 1.34 m against Sentinel-3 WSE and 0.49 to 0.71 m against local gauge 

records. The approach was superior in terms of computational efficiency and 

available search algorithms. 2D hydrodynamic modelling is necessary to fully 

represent the channel flow at high flow events, where the floodplain is active. 

However to transition from 1D to 2D, information about the bed elevation rel-

ative to the bank elevation is necessary.  

Hydrologic-hydrodynamic modelling is an essential tool for water resource 

managers; however, the data and methods must be adapted to ensure they are 

available to end-users. As more observation types become available and cut-

ting-edge instruments challenge traditional frameworks, the need for consistent 

modelling and data processing tools adapted to user needs is ever increasing.  
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7 Future perspectives 

Hydrological modelling in poorly gauged catchments 

In this study, a single conceptual rainfall-runoff model was used. The choice 

of model was driven by the wish for an open-source and flexible modelling 

structure with the possibility to gradually increase complexity, respecting the 

principle of parsimony. However, the choice of model along with the uncer-

tainties of model predictions inevitably affects the conclusions of this study 

and further analysis. A natural step moving forward could be to integrate the 

model and methods developed into a Modular Modelling Framework (MMF) 

to better separate uncertainties due to model structure from uncertainties re-

lated to parameter calibration, observations etc. (Addor and Melsen, 2019). 

However, observation paucity limits model complexity and therefore, a bal-

ance must be accepted between data availability and model complexity.  

In the regionalization strategy, land cover and slope were used to characterize 

the river sub-catchments into HRUs. The method is not limited to the data types 

used in this research, but the complexity of the characterization and the amount 

of observations must match to avoid over-parametrization at catchment scale.  

Altimetry data selection and validation 

Two specific missions were selected: CryoSat-2 due to its long geodetic record 

and InSAR instrument and Sentinel-3 as it is the first global SAR mission. 

Although CryoSat-2 operates in LRM, the geographical mode mask has been 

updated continuously over the mission lifetime as new applications have de-

veloped. In this research, the efforts of confirm the usefulness of the data even 

in LRM for hydrological applications were continued.  

The number of operational altimetry missions is increasing. Notable missions 

include SARAL/AltiKa as it operates in the high-frequency Ka-band and has 

followed a drifting orbit as it nears end-of-life and ICESat-2, which carries a 

laser altimeter. The benefit from including additional missions would be two-

fold: densifying altimetry records spatially and temporally would increase the 

operational applicability of the records (Tourian et al., 2016) and the data quan-

tity, which would improve model calibration (Getirana et al., 2013; Jiang et al., 

2019b). 
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Hydrodynamic model parametrization 

The rectangular cross-sections are a simplification of the natural cross-section 

geometry. However, increasing the complexity also increases the need for ob-

servations or introduces new calibration parameters (e.g. opening angle for 

trapezoidal or triangular cross-sections). An alternative is the power channel, 

which would allow more flexibility in the spatial variation of the geometry 

(Neal et al., 2015). 

Christensen (2020) explored calibrating parameters relating the conveyance 

and cross-sectional flow area to the water depth. The approach is promising, as 

it eliminates the need to define a cross-section geometry. However, the cali-

bration parameters are strongly co-related and in-situ observations of area-

depth curves are needed to help constrain the parameter range and reduce cor-

relation. In this research, removing the width observations increased the model 

ambiguity and the inverse problem became poorly defined. Exploring con-

strains based on width-discharge curves as proposed by Neal et al. (2015) 

might solve this problem. 

Flood extent and 2D hydrodynamic modelling 

Water extent is a valuable addition to WSE. If correctly estimated, it can be 

used to extract storage and support 2D hydrodynamic modelling. Using SAR 

and optical imagery from Sentinel-1 and Sentinel-2 respectively in synergy 

might help improve classification whilst mitigating the gaps from cloud cover. 

Furthermore, although outside the scope of this PhD thesis, Interferometric 

SAR can be used to extract water level changes in wetlands where there is a 

double-bounce effect (Wdowinski and Hong, 2015).  

Another interesting application of SAR imagery would be in the calibration 

and validation of the hydrodynamic model, for instance by using SAR imagery 

to calibrate the bed elevation and friction parameters while including the flood 

extent, as demonstrated by Wood et al. (2016). Their method takes into account 

the level difference between bank and bed, which is not available from altim-

etry observations alone. 

There is still a challenge in terms of computing power to fully exploit Sentinel-

1 data, but cloud-based services such as Sentinel Hub’s EO Browser 

(https://www.sentinel-hub.com/explore/eobrowser), Google Earth Engine and 

Amazon Web Services can greatly improve accessibility to Earth Observations. 

There are also some very interesting possibilities in the synergistic application 

https://www.sentinel-hub.com/explore/eobrowser
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of the Sentinel missions since the processing bottleneck is being eased by 

cloud-based services. 

Machine learning 

Machine learning is a fast developing tool in several fields, including hydrol-

ogy. Unlike traditional models, machine learning creates a black box model, to 

fit recognized patterns found in training material. Thus, there is no need to 

formulate explicit mathematical formulas to express the relationship between 

variables. Machine learning has also been used to relate model parameters to 

catchment similarities, and thus, inform parameter regionalization (Chaney et 

al., 2016). Machine learning techniques can also drive classification, for in-

stance of SAR images (Hardy et al., 2019), where machine learning can be used 

to recognize patterns of water bodies in images. In a complex field such as 

hydrology, there is great potential in using computational resources to derive 

patterns otherwise unrecognizable or unnoticed by modellers. 

Upcoming missions 

Satellite observations for hydrological applications – particularly water level 

and extent – inevitably link to the preparation efforts for the SWOT mission. 

Sentinel-3 SAR altimetry already provides spatial characterization of flood-

plain water levels, and can be used as a surrogate until the start of the mission. 

However, the proliferation of new data resolutions and formats, e.g. CryoSat-

2’s spatial resolution, Sentinel-3 floodplain observations, and the upcoming 

SWOT water height swaths, challenge traditional hydrological modelling ap-

proaches. Spatial and temporal scales are inherently different from those of 

ground observations and not necessarily compatible with existing model 

frameworks. It is therefore key that flexibility become part of model develop-

ment and that model structures are adapted to integrate both new and older data 

sources. 
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