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Abstract 

Flooding is a natural global phenomenon but in many cases is exacerbated by human 

activity. Although flooding generally affects humans in a negative way, bringing death, 

suffering, and economic impacts, it also has potentially beneficial effects. Early flood 

warning and forecasting systems, as well as the development of real-time monitoring 

systems, are recognised measures to reduce the number of flood victims and to support 

flood disaster responses. Importantly, they may buy time to take appropriate mitigation 

measures to reduce flood peaks, thus reducing the associated negative impacts. 

One of the main constraints for global hydrological modelling is the limited availability 

of observational data for calibration and model verification. This is an even larger issue 

for real-time flood monitoring and forecasting. This lack of data could potentially be 

overcome if satellite-retrieved surface water changes signal or streamflow estimates 

were sufficiently accurate to serve as a surrogate for ground-based measurements. 

In the first part of the study, the potentials and constraints of river streamflow estimates 

based on the remote sensing signal of the Global Flood Detection System (GFDS)  are 

evaluated. We used the merged product from GFDS that uses both AMSR-E (Advance 

Microwave Scanning Radiometer – Earth Observing System) and TRMM (Tropical 

Rainfall Measuring Mission) to derive surface water extent during the study period. The 

influence of the local physiographic factors which might influence the retrieval of the 

satellite signal was also studied. Validation is done based on ground-based streamflow 

observations. In the second part of the study, it was tested if the GFDS derived 

streamflow proxy improved the model calibration of the distributed rainfall-runoff 

routing model LISFLOOD, used by the Global Flood Awareness System (GloFAS). Finally, 

the GFDS surface water extent data were assimilated into the large-scale hydrological 

model LISFLOOD using an Ensemble Kalman filter (EnKF). It was evaluated if flood 

forecasting skill would improve, as well as the timing of the flood peak, as compared to 

baseline initial conditions (without data assimilation). 

Furthermore, two additional studies looked at the use of globally near real-time 

available products for flood forecasting, monitoring, and assessment to support decision 

makers and humanitarian organisations such as Red Cross Red Crescent and the World 

Food Programme. 
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1. Introduction 

1.1. Background  

1.1.1. Flooding  

Flooding is a natural phenomenon but in many cases is exacerbated by human impacts. 

Several factors can cause can result in flooding. Riverine floods normally occurs as a 

result of heavy rainfall in the upstream areas of a catchment causing an inundation of a 

normally dry area due to high water volumes (levels) in river; flash floods are caused by 

heavy rainfall in a short period of time or a sudden release of dams; coastal floods are 

caused by storm surges, sea level rise or tsunami waves; and more flood inundation 

could occur due to lake overflow or groundwater level rise (Holden, 2012). In addition, 

prolonged moderate rainfalls or a combination with snowmelt, can also cause flooding. 

Different modelling and measurement approaches are needed to forecast or detect each 

of the various flood types. For instance, hydrological models used for flood forecasting 

typically focus on riverine flooding (streamflow volume and hazard maps) while most 

satellite sensors detect flood inundated areas that could be the results of riverine floods, 

flash floods, lake expansion, or other changes in water surface area. Throughout this 

thesis the term floods refers to riverine floods, however when using satellite sensors it is 

acknowledge that they will not strictly capture this phenomenon as explained above. 

 

Figure 1. 1 Percentage of occurrences of natural disasters by disaster type (1995-2015) 
(after UNISDR and CRED, 2015). 
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Floods are among the most catastrophic natural disasters globally in terms of impact on 

human life and the economy (Centre for Research on the Epidemiology of Disasters 

(CRED), 2015). In the last two decades, floods alone represented 43% of all weather-

related events recorded (Figure 1. 1), they affected 2.3 billion people, and killed 156.000 

people. Furthermore, registered cost from floods events were US$ 662 billion (CRED, 

2015; UNISDR and CRED, 2015). Some of the main drivers behind the increased impact 

of floods on human life and activities are not related to the hydrology, but to a sharp 

increase in the global population, economic growth in an inter-connected globalising 

world, and the locations of many settlements and livelihoods in flood-prone areas –river 

flood plains and delta regions (Young, 2012). Even though, flooding is a global 

phenomenon, Asia and Africa were hit by floods in the last decades more than any other 

continents (CRED, 2015) and the consequences were large due to the exposed and 

vulnerable communities and infrastructures, and the lack of coping capacity of the 

institutions in these continents (UNISDR, 2015a). 

1.1.2. In situ streamflow measurements 

To accurately model known floods or predict upcoming flood events it is important to 

have sufficient observations of the streamflow to ensure valid predictions. These 

streamflow measurements are directly related to the amount of water running off the 

watershed into the stream channel. Typically water levels are measured in situ at 

specific locations of a river, and transformed into discharge values using a known 

relation between the stage of the river, flow velocity, and the cross-sectional area of the 

river, i.e. a rating curve. Streamflow data is commonly used for a large variety of 

applications in operational and research projects within the hydrological community 

and beyond, such as water resources management (Chiew et al., 2003), flood warnings 

(Bogner and Kalas, 2008), and monitoring of impacts of environmental changes (Milly et 

al., 2005). These applications all rely on discharge measurements, which makes it in turn 

important to maintain gauge networks along rivers in order to provide us with extended 

and high quality time series of data traditionally and essentially used for calibration and 

validation of flood model simulations. 

However, since the 1980s there has been a decline on the active gauging stations within 

the Global Runoff Data Centre (GRDC, 2015) database. The GRDC has the mandate of the 

World Meteorological Organisation (WMO) to collect, store, and quality-check the river 

streamflow data worldwide. Concurrently, there are many areas of the world where 

there is lack of ground streamflow measurements (GRDC, 2015; Hannah et al., 2011). 

From the 2692 stations around the globe with some daily data available between 2011 

and 2015 currently provided by the GRDC (27/05/2015 update, Figure 1. 2), only 0.2% 

of these stations are located outside Europe, North America, South Africa and Australia, 

leaving the vast majority of the globe without recent updates of this database. Some 

countries, such as Brazil and Somalia, freely publish their own datasets on their national 

hydrologic services websites, and many other countries hold their own databases which 

can be requested for operational and research purposes. For example Peru, by using 
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data directly from independent data providers. However it must be noted that some of 

the country held databases lack essential metadata; the exact station coordinates, 

measurement units and aggregation interval might be missing or incomplete or 

historical time series might have not passed minimum quality checks. The limitation in 

the spatial coverage of the data is more pronounced for the validation of real-time flood 

forecasts. An important reason for the decline in the number of gauging stations is the 

cost and time needed to maintain extensive networks. The growing interest and 

development of satellite sensors which can provide estimations of different variables 

covering large spatial scales and in near-real time (Thiemig, 2014), can help to overcome 

the decline in available discharge data. However, these remotely sensed data can never 

completely replace the ground-truth that is provided by river gauges. 

 
Figure 1. 2 River gauging stations within the Global Runoff Data Centre database 
providing monthly daily data (27/05/2015) (after http://www.bafg.de/GRDC). 

1.1.3. Hydrological modelling and models used 

Hydrological models are needed due to the limitations of hydrological measurement 

techniques, and therefore data to study hydrological systems (Beven, 2012). These 

models aim at extrapolating information from available measurements in both space 

and time, including to ungauged catchments, and can be also be used to predict future 

states (Beven, 2012). Their main applications are on the field of real-time forecasting, 

water resources; and land-use and climate changes. Their are considered an important 

and necessary tool to help in decision making. In 1986, (Eagleson, 1986)reminded us 

that hydrology is a global phenomenon, however it is only in recent years (Bierkens, 

2015; Bierkens et al., 2015; Sood and Smakhtin, 2015) that the global research and 

modelling focus has increased rapidly. This is partly due to the availability of global scale 

static maps and derived gridded products with a global coverage such as precipitation, 

topography, soil properties, land use, and water demand (Andreadis et al., 2013; 

Balsamo et al., 2015, 2013; Bontemps et al., 2010; Lehner and Grill, 2013; NASA/JPL, 
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2005; Weedon et al., 2014a, 2011; Wu et al., 2012; Yamazaki et al., 2014), that are used 

to run hydrological models, and partly by the rapid increase in available computation 

power for hydrology that allows hydrologist to perform global simulations.  

Here we will focus on the application of the distributed rainfall-runoff model LISFLOOD 

(Bates and De Roo, 2000; Burek et al., 2013; Van Der Knijff et al., 2010), to simulate 

streamflow, to assess the impact of calibration and data assimilation of satellite-based 

observation instead of ground measurements; and embedded within a flood forecasting 

system, the Global Flood Awareness System (GloFAS) the forecasting floods skill. Within 

this thesis, two different versions of the rainfall-runoff model LISFLOOD have been used 

to accommodate the different analysis performed. The first one is a simplified version of 

LISFLOOD set up for the GloFAS system, which exclusively accounts for river routing and 

groundwater processes, and is used for flood forecasting (Chapters 4), and this models 

calibrated at selected basins (Chapters 5). The second one is the new Global LISFLOOD 

version that allows for data assimilation of remote sensing data (Chapter 6). 

The GloFAS system (Alfieri et al., 2013; http://globalfloods.eu/) is a state-of-the-art 

coupled weather forecast and hydrological model, pre-operational since mid-2011, that 

provides downstream countries with information on upstream river conditions as well 

as continental and global overviews, therefore being independent of administrative and 

political boundaries. It is developed and maintained by the European Commission Joint 

Research Centre (JRC), the European Centre for Medium-Range Weather Forecast 

(ECMWF) and the University of Reading. Current users subscribed to the real-time 

GloFAS daily forecasts are international organizations (e.g. WMO, Red Cross/Red 

Crescent, UNITAR/UNOSAT, OGC), research institutes and universities (e.g. USGS, CEH, 

Universidad Nacional de Colombia, University of Texas, Brigham Young University, CIMA 

Foundation, South African National Space Agency, VU Amsterdam, Deltares, UNESCO-

IHE, Universita di Ferrara, NCAR, CIRMAG), national hydro-meteorological services (e.g. 

Columbia, Argentina, Brazil, Peru, Pakistan, Ethiopia, Malawi, Costa Rica, and Morocco) 

and private sector stakeholders (e.g. KISTERS, ESRI, Guy Carpenter, AON Benfield). 

1.1.4. Satellite-based surface water changes monitoring and data used 

Data retrieved from satellite sensors for variables of the atmosphere, vegetation, snow, 

soil, surface water, and groundwater have demonstrated their complementarity to in 

situ measurements (van Dijk and Renzullo, 2011). Specifically, in hydrology, satellite-

derived surface water changes have successfully been used as a proxy for streamflow 

(Birkinshaw et al., 2014; Brakenridge et al., 2007; Gleason et al., 2014; Tarpanelli et al., 

2013a; see Chapter 2), for calibration and/or validation of hydrological and 

hydrodynamic models (Di Baldassarre et al., 2009; Domeneghetti et al., 2014; Hostache 

et al., 2009; Montanari et al., 2009; see Chapter 5) and used for data assimilation 

(Giustarini et al., 2011; Hirpa et al., 2014; Hostache et al., 2010; Wanders et al., 2014b) in 

order to improve the skill of the hydrological simulations. Also, remote sensing 

observations have been used to detect flooded areas (Di Baldassarre et al., 2009; 
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Domeneghetti et al., 2014; Dung et al., 2011; Sun et al., 2010) and to estimate water 

surface elevation by altimeter sensors (Birkett et al., 2002; García-Pintado et al., 2013; 

Getirana, 2010; Sun et al., 2012a). Other applications based on satellite-derived data, 

and beneficial for flood models, are related to the enhancement of topographic elements 

such as river channel width (Allen and Pavelsky, 2015) and depth (Durand et al., 2008). 

Meanwhile, all these satellite derived observations require validation, for example 

against ground measurements, areal observations, reanalysis datasets, or other satellite 

derived products. Pre-modelling data analysis is also important to identify dataset 

inconsistencies in any large-scale study (Kauffeldt et al., 2013). This is needed to ensure 

that the hydrological community is aware of the product errors and uncertainties, 

especially if these observations are designed to provide support on floods events with 

potential humanitarian consequences. 

The Global Flood Detection System (GFDS, http://www.gdacs.org/flooddetection/) is an 

experimental system set up to detect and map in near-real time major river floods based 

on daily passive microwave satellite observations (Figure 1. 3) since 1998. It is 

developed and maintained by a collaboration of the European Commission Joint 

Research Centre (JRC) with the Dartmouth Flood Observatory (DFO). The data provided 

by GFDS will be tested in different areas and methods throughout this manuscript.  

 
Figure 1. 3 Data retrieval mechanism of the sensors used by the Global Flood Detection 
System (GFDS). 

When a large flood is being forecasted or already happening some of the habitual users 

that monitor the detected flood signal from GFDS are the European Commission 

Emergency Response and Coordination Centre (ERCC), World Food Programme (WFP) 

and hydro-meteorological services such as CEMADEN and ANA (Brazil), GeoSUR (Latin 

America and Caribe), and INAMEH (Venezuela). However, concerns have been raised 

regarding the reliability and applicability of GFDS for these real-time applications. For 

example, in coastal areas it is recommended not to use for flood monitoring due to 

interference of the salt-water and large water bodies. Furthermore, the temporal and 

spatial resolution of GFDS does not allow for the detection of short, small and flash 

floods. In addition, areas with agriculture fields based on irrigation could be detected as 

“flooded”(Brakenridge et al., 2015). These are some of the known limitations of the 
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GFDS system; however, in other regions it has shown to be a promising tool for flood 

monitoring (Chapter 2, 3) . In the near future, Sentinel-3 satellite will provide data to 

GFDS. 

1.2. Objectives and approach 

One of the main challenges for global hydrological modelling is the limited availability of 

observational data for calibration and model verification. This is an even larger issue for 

real-time flood monitoring and forecasting. Current availability of crisis management 

tools such as satellite-derived floods detection products open new possibilities to 

enhance flood preparedness through the use of early warning flood forecasting models 

(Figure 1. 4). Therefore, if satellite data were sufficiently accurate to serve as a surrogate 

for ground-based measurements, they could be complementary or an alternative of in 

situ measurements for hydrological applications. 

The overall objective of the study presented in this thesis is to: 

“To explore, demonstrate, and evaluate the different uses of satellite-derived surface water 

changes data in continental hydrological models, and their potential complementary role 

with flood forecasting systems to validate and support end-users before and during flood 

events.” 

To pursue this objective, the research presented in this thesis aims at answering the 

following research questions: 

 

a) What are the possibilities and limitations of the satellite-based surface water 

extent signal data to estimate river discharge measurements? 

 

b) What is the relationship between the accuracy of the ‘satellite-derived surface 

water extent’ and the local surface characteristics such as flood plain size and 

land cover?  

 

c) What is the added value of satellite-based flood detection for humanitarian 

organizations to provide near real-time information after and during a flood 

event? 

 

d) How can global scale detection and forecasting systems be used for operational 

flood monitoring? 

 

e) Does a calibration solely based on ‘satellite-derived surface water changes’ 

improve the skill of the simulated streamflow? And how does this relate to a 

calibration using in situ and satellite derived streamflow time series? 

 

f) What is the impact of assimilating satellite-derived surface water changes within 

a rainfall-runoff model? 
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1.3. Structure 

This thesis comprises five main chapters following the focal areas of research described 

in the objectives. Five publications were developed during this research project, each of 

which is presented as a separate chapter. The papers corresponding to the first four 

chapters are already published, and hence available in the scientific domain, whereas 

the paper corresponding to the sixth chapter is under preparation. The sequence of the 

chapters does not follow a chronological order. Instead, the publications are arranged 

according to the topic and following a line of increasing complexity and added novelty of 

the approaches. 

Chapter 2 presents an evaluation of the potential and constraints of the remote sensed 

surface water changes signal from the Global Flood Detection System (GFDS) for 

converting that information into river discharge values. Moreover, the relationship 

between ground and satellite datasets of discharge measurements and the local surface 

characteristics is examined in order to provide guidelines for the selection of 

observation sites. For this purpose, river catchments located in a range of different 

climatic and land cover types were selected and evaluated in Africa, Asia, Europe, North 

America and South America.  

The use of satellite information and social media data for disaster response is gaining an 

increasing amount of attention. However, the ways in which these data can be used best, 

how the different methods compare to one another and how they could complement 

current best practice in humanitarian organizations remains largely unstudied and 

undiscussed. Chapter 3 provide a first comparison of these two channels of early 

detection information, in terms of the timing of the signal, as well as the type and value 

of the information, and compared them with data recorded in the ground by Red 

Cross/Red Crescent for case studies in the Philippines and Pakistan. 

Chapter 4 presents comparative evaluations of several operational global flood 

forecasting and flood detection systems, using 10 major flood events recorded. 

Specifically, we evaluated the spatial extent and temporal characteristics of flood 

detections from the Global Flood Detection System (GFDS) and the Global Flood 

Awareness System (GloFAS). Furthermore, we compared the GFDS flood maps with 

those from NASA’s two Moderate Resolution Imaging Spectroradiometer (MODIS) 

sensors. 

Chapter 5 presents an assessment on the use of remotely-sensed surface water extent 

from the Global Flood Detection System (GFDS) as a proxy for streamflow, and where 

the value of this remotely-sensed data for calibration was tested on the distributed 

rainfall-runoff routing model LISFLOOD on different basins and continents. The 

calibration using satellite data is compared with a traditional calibration set up that used 

in situ river streamflow measurements. 
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Chapter 6 presents the impact of assimilating remotely sensed surface water extent 

from the Global Flood Detection System (GFDS) into the global hydrological LISFLOOD 

model using a data assimilation scheme in this case the ensemble Kalman filter (EnKF). 

The potential of this approach to improve the timing of the simulated flood peak is 

evaluated. This satellite-derived water extent signal is assimilated into LISFLOOD for the 

full African and South American continents and results are compared to baseline initial 

conditions without data assimilation. We found out that the largest gains after 

assimilation of GFDS data were for those stations with initially poorest performance. 

The effect of the local conditions on the quality of the data-retrieved data was also 

reflected on the performance of the simulated streamflow after Data Assimilation at 

some locations, especially in large rivers systems such as the Amazon. 

The last chapter (Chapter 7) of this thesis presents the synthesis, including the main 

contributions, the potential implications of the results for flood management, and 

outlines some ideas for future studies.  

 

 
 

Figure 1. 4 Schematic display of the Disaster Risk Management Cycle. The work shown in 
this thesis aim at exploring the benefits of combining elements of both preparedness and 
crisis response to enhance preparedness of floods events. 
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2. Evaluation of the satellite-based Global 

Flood Detection System for measuring 

river discharge: influence of local factors 
 

This chapter is based on:  

Revilla-Romero, B., Thielen, J., Salamon, P., De Groeve, T., Brakenridge, G.R., 2014. 

Evaluation of the satellite-based Global Flood Detection System for measuring river 

discharge: influence of local factors. Hydrol Earth Syst Sci 18, 4467–4484. 

Doi:10.5194/hess-18-4467-2014 

 

Abstract. One of the main challenges for global hydrological modelling is the limited 

availability of observational data for calibration and model verification. This is 

particularly the case for real-time applications. This problem could potentially be 

overcome if discharge measurements based on satellite data were sufficiently accurate 

to substitute for ground-based measurements. The aim of this study is to test the 

potentials and constraints of the remote sensing signal of the Global Flood Detection 

System for converting the flood detection signal into river discharge values. The study 

uses data for 322 river measurement locations in Africa, Asia, Europe, North America 

and South America. Satellite discharge measurements were calibrated for these sites and 

a validation analysis with in situ discharge was performed. The locations with very good 

performance will be used in a future project where satellite discharge measurements are 

obtained on a daily basis to fill the gaps where real-time ground observations are not 

available. These include several international river locations in Africa: the Niger, Volta 

and Zambezi rivers. Analysis of the potential factors affecting the satellite signal was 

based on a classification decision tree (random forest) and showed that mean discharge, 

climatic region, land cover and upstream catchment area are the dominant variables 

which determine good or poor performance of the measurement sites. In general terms, 

higher skill scores were obtained for locations with one or more of the following 

characteristics: a river width higher than 1 km; a large floodplain area and in flooded 

forest, a potential flooded area greater than 40 %; sparse vegetation, croplands or 

grasslands and closed to open and open forest; leaf area index >2; tropical climatic area; 

and without hydraulic infrastructures. Also, locations where river ice cover is seasonally 

present obtained higher skill scores. This work provides guidance on the best locations 

and limitations for estimating discharge values from these daily satellite signals. 
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2.1. Introduction  

Flooding is the most prevalent natural hazard at the global scale, often with dire 

humanitarian and economic effects. According to the International Disaster Database 

EM-DAT (2015) an average of 175 flood events per year occurred globally between 

2002 and 2011, affecting an average of 116.5 million people, and causing economic 

losses of USD25.5 billion. Munich Re (2014) stated that the costliest natural catastrophe 

worldwide in terms of overall economic losses in 2013 was the flooding in southern and 

eastern Germany and neighbouring states in May and June, with estimated damages of 

USD 15.2 billion. In June of the same year, flooding in India claimed 5000 lives, with a 

further 2 million affected (EM-DAT, 2015; Munich Re, 2014).  

The Global Assessment Report (UNISDR, 2011) states that the proportion of world 

population living in flood-prone river basins increased by 114% over four decades from 

1970 to 2010. Additionally, while economic losses due to river floods have increased 

over the last 50 years, the number of casualties has decreased. The reduction in loss of 

life has been associated with the integration of early warning systems with emergency 

preparedness and planning at local and national levels (Golnaraghi et al., 2009; 

Kundzewicz, 2012). 

Global early warning systems are needed to improve international disaster 

management. These systems can be used for both early forecasting (for better 

preparedness) and early detection, as well as for an effective response and crisis 

management. Their necessity was emphasised in 2005, and since then it has been a key 

element of international initiatives such as the “Sendai Framework for Disaster Risk 

Reduction 2015 - 2030” and, on a continental level, the European Commission Flood 

Action Programme. After the 2002 flooding of the Elbe and Danube rivers, the European 

Commission supported the development of the European Flood Awareness System 

(EFAS) (Bartholmes et al., 2009; Thielen et al., 2009) by the Joint Research Centre to 

increase preparedness for riverine floods across Europe. Currently, a number of 

organisations are involved in rapid mapping activities after major (flood) disasters, such 

as (UNOSAT, 2015), the Global Disaster Alert and Coordination System (GDACS, 2015), 

the “Space and Major Disasters” (Disaster Charter, 2015), the (Committee on Earth 

Observation Satellites (CEOS), 2015) and the online Dartmouth Flood Observatory 

(DFO). In Europe, Copernicus is the Earth observation programme which actively 

supports the use of satellite technology in disaster management and early warning 

systems for improved emergency management.  

Flood warning systems typically rely on forecasts from national meteorological services 

and in situ observations from hydrological gauging stations. However, this capacity is 

not equally developed across the globe, and is highly limited in flood-prone, developing 

countries. Ground-based hydrometeorological observations are often either scarce or, in 

cases of transboundary rivers, data sharing among the riparian nations can be limited or 

absent. Therefore, satellite monitoring systems and global flood forecasting systems are 
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a needed alternative source of information for national flood authorities not in the 

position to build up an adequate measuring network and early warning system. In 

recent years, there has been a notable development in the monitoring of floods using 

satellite remote sensing and meteorological and hydrological modelling (Schumann et 

al., 2009). 

A variety of satellite-based monitoring systems measure characteristics of the Earth’s 

surface, including terrestrial surface water, over large areas on a regular basis (Van 

Westen, 2013). Such remote sensing is based on surface electromagnetic reflectance or 

radiance in the optical, infrared and microwave bands. Some key advantages of 

microwave sensors is that they provide near-daily basis global coverage and, at selected 

frequencies, relatively little interference from cloud cover. Two presently operating 

microwave remote sensors with near-global coverage are the Tropical Rainfall 

Measuring Mission1 (TRMM), operational from 1998 to present, and the Advanced 

Microwave Scanning Radiometer for Earth Observation System22 (AMSR-E) which was 

active from June 2002 to October 2011, succeeded by AMSR2, which was launched in 

May 2012 and is onboard the Japanese satellite GCOM-W3, and from which brightness 

temperature data are being distributed from January 2013 onwards. For future work, 

the European Space Agency (ESA) and NASA have other missions to put similar 

instruments in orbit, capturing passive microwave energy at 36.5 GHz, such as ESA’s 

Sentinel-3 satellites (launched in February 2016) and NASA’s Global Precipitation 

Mission (GPM) (launched in February 2014) to replace TRMM.  

Using AMSR-E data initially, De Groeve and Riva (2009) implemented a method for 

detecting major floods on a global scale, based on the surface water extent measured 

using passive microwave sensing. Also, Brakenridge et al. (2007, 2005) demonstrated 

that orbital remote sensing can be used to monitor river discharge changes. However, as 

underlined by Brakenridge et al. (2015, 2012), extracting the microwave signal and 

converting it into discharge measurements is not straightforward and depends on 

factors such as sensor calibration characteristics and perturbation of the signal by land 

surface changes. These changes can be found, for example, in irrigated agricultural zones 

and in areas where rivers flow along forested floodplains (Brakenridge et al., 2015). As 

river discharge increases, river level (stage), river width, and river flow velocity all 

increase as well, and the challenge is to measure one or more of these accurately enough 

to provide a reliable discharge estimator, and compare against a background of other 

surface changes that may affect what is measured from orbit.  

There also remains the need to convert such discharge estimators to actual discharge 

units. Using ground discharge data or climate-driven runoff models for calibration and 

validation, methods to convert the remote sensing signal to river streamflow have been 

previously tested at particular stations with output from the Global Flood Detection 

                                                           
1
 http://trmm.gsfc.nasa.gov. 

2
 http://aqua.nasa.gov/about/instrument_amsr.php. 

3 http://suzaku.eorc.jaxa.jp/GCOM_W/w_amsr2/whats_amsr2.html. 
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System (GFDS, http://www.gdacs.org/flooddetection/) and by different investigators 

(Brakenridge et al., 2007, 2012; Hirpa et al., 2014; Khan et al., 2012; Kugler and De 

Groeve, 2007; Moffitt et al., 2011; Zhang et al., 2013). Yet the results are from different 

approaches and not easily comparable, making an assessment of the potential 

performance on a global scale difficult. Furthermore, definite conclusions about the 

influence of various environmental factors on the signal performance have not been 

reached. Therefore, in this study, a rigorous broad assessment of the method is 

undertaken with a systematic evaluation of the relationship between skills obtained 

between ground- and satellite-based streamflow and the local characteristics of the 

stations. Specifically, this study addresses mean observed discharges, river widths, land 

cover types, leaf area indices, climatic regions and flood hazard maps, as well as the 

presence or absence of large floodplains, wetlands, river ice and hydraulic control 

infrastructure.  

Our goal is to assess the potentials and limitations of the satellite-based surface water 

extent signal data for river discharge measurements with a large number of stations. 

Moreover, the relationship between ground and satellite sets of discharge 

measurements and the local surface characteristics is examined in order to provide 

guidelines for selection of observation sites. For this purpose, river catchments located 

in a range of different climatic and land cover types were selected in Africa, Asia, Europe, 

North America and South America. The remainder of the chapter is structured as 

follows: Section 2.2 presents the study regions and data, section 2.3 describes the 

analysis methodologies, and the results are discussed in section 2.4. 

2.2. Study regions and data  

2.2.1. Study regions and in situ discharge data  

Figure 2. 1 shows the study basins and in situ discharge locations. The selected stations 

are all located near major rivers of the world from the Global Runoff Data Centre (GRDC, 

2015). The continental distribution and the upstream catchment area of the stations are 

summarised in Table 2. 1.We selected the locations to be representative of a broad 

variety of local conditions: they belong to nine different main land cover classes 

aggregated from GlobCover (Bontemps et al., 2010) and five main types of climate (Peel 

et al., 2007). The characteristics are listed in Table 2. 2. 

For Africa, Asia, Europe, North America and South America, daily in situ discharge values 

were used from the GRDC database. In addition, for the South African stations, the 

discharge data were provided by the South African Water Affairs (DWA). The selected 

stations for all these continents include daily data between 1998 and 2010; however not 

all stations have continuous data during this time period. From 1998, the length of the 

time series was required to be above 6 years. The longest time series available was of 13 

years, with a median value of 8.5 years. In situ discharge information may itself be 

affected by large and variable uncertainty, mostly on the measurement of the cross-
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sectional area of the channel and mean flow velocity at the gauge or control site 

(Pelletier, 1988). Although generally unknown, these values are typically between 5 and 

20% at the 95% confidence level as highlighted in studies such as Hirsch and Costa, 

(2004), Di Baldassarre and Montanari (2009), Le Coz et al. (2014), and Tomkins (2014) 

However, the uncertainty in river discharge is even higher during floods events when 

the stage–discharge relationship, the so-called rating curve, is used. As evaluated by 

Pappenberger et al. (2006), the analysis of rating curve uncertainties leads to an 

uncertainty of the input of 18–25% at peak discharge. Di Baldassarre and Montanari 

(2009) showed that the total rating curve errors increase when the river discharge 

increases and varies from 1.8 to 38.4% with a mean value of 21.2 %. For the purposes 

here, these data are, however, regarded as “ground truth”. We acknowledge the possible 

errors, however, and note that, for some river reaches, satellite-based methods may 

actually track discharge changes more accurately than ground-based measurements 

using stage; however, the extent to which this is true needs to be fully investigated. 

 
Figure 2. 1 . Location of selected stations (398) and corresponding river basins (109). 
TRMM and AMSR-E brightness temperature product extents are also provided. 

 

Table 2. 1. Number of catchments by continent and range of upstream areas for the 
located stations.1Stations used for calibration and validation.2 South African upstream 
catchment areas are not available. 

Continent Number of satellite 
locations for 

extraction (n=398) 

Number of stations 
for calibration 

(n=322) 

Number of 
Catchment1 

Upstream catchment 
areas (km2) Approx. 

range 
Africa 75 51 21 46990 – 8505002 
Asia 23 3 4 7150 - 11000 
Europe 13 7 3 9000 - 132000 
North 
America 

207 183 86 5300 - 1850000 

South 
America 

80 78 38 1400 - 4680000 
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Table 2. 2. Climate and land cover type of the 322 sites selected for the calibration and 
validation, aggregated by continent, climate, and land cover. 1Vegetation means a 
combination of grassland, shrubland and forest. 2Types of land cover and climate where 
the number of locations in each type was very low (e.g. 3) were excluded for their 
respective variables analysis as they will not be representative on a global scale. 

Climate Africa Asia Europe North America South America Total 
Arid 30   25  55 
Tropical 10    75 85 
Temperate 11  3 51 3 68 
Cold  3 4 104  111 
Polar2    3  3 
Total 51 3 7 183 78 322 
Land cover Africa Asia Europe North America South America Total 

Open Forest 4   23  27 

Closed to Open Forest 16 1 1 16 41 75 

Closed Forest    33  33 

Mosaic Vegetation 
predominant 1 

19 2  47 24 92 

Mosaic cropland or 
grassland predominant 

5  1 26 9 41 

Rainfed crop   4 5 4 13 

Sparse vegetation 2   14  16 

Sparse vegetation 
+crops 

5   8  13 

Urban   1 10  11 

Bare areas2    1  1 

Total 51 3 7 183 78 322 

 

2.2.2. Satellite-derived data  

The Global Flood Detection System (GFDS) produces near real- time maps and alerts for 

major floods using satellite-based passive microwave observations of surface water 

extent and floodplains. It was developed and is maintained at the European Commission 

Joint Research Centre (JRC) in collaboration with the Dartmouth Flood Observatory 

(DFO). The surface water extent detection methodology using satellite-based microwave 

data is explained in Brakenridge et al. (2007) and Kugler and De Groeve (2007). Here, 

only the basic principles are recalled.  

At each pixel, the method uses the difference in brightness temperature, at a frequency 

of 36.5 GHz, between water and land surface to detect the proportion of within-pixel 

water and land. The retrieved brightness temperature data are first gridded into a 

product with a pixel size of (near the Equator) 10 km x 10 km (0.09˚ x 0.09˚), and the 

system provides a daily output. For our work, the merged TRMM/AMRSE product was 

used (http://www.gdacs.org/flooddetection/ download.aspx); the gridded data are 

provided in the GCS WGS 1984 projection. For our period of study, 1998–2010, the 

merged data product was employed for the time period of its availability (June 2002–
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2010), whereas standalone TRMM data was used for the remaining time period (1998 to 

June 2002) and available latitudes. Note that from 2013 the system has been providing 

the merged product TRMM/AMSR2 (see Figure 2. 2); and from 2015 GPM/AMSR2, 

however, this period is out of our scope of this study. 

 
Figure 2. 2 Time line of the passive microwave sensors used operationally by the Global 
Flood Detection System (GFDS) for the single and multi-sensor detection product. 

In the GFDS system, the microwave signal (s) is defined as the ratio between the 

measurement over wet pixel (M) and the measurement over a 7 pixel7 pixel array of 

background calibration (C) pixel, known as the M =C ratio (Brakenridge et al., 2012; De 

Groeve, 2010). Better discharge signal values may be achieved when the measurement 

pixel is centred over a river reach and no hydraulic structures are present (Moffitt et al., 

2011). However, this is sometimes difficult to achieve due to the desired co-location 

with gauging stations (Brakenridge et al., 2012) or because the potential measurement 

pixels within the raster are fixed geographically. 

2.2.3. Other important data sets and maps  

The quality of the microwave signal detected by the satellite sensors can be influenced 

by local ground conditions, including extreme rainfall, snow/ice, land cover/use and 

topography (Brakenridge et al., 2012). For example, forest is a type of land cover which 

influences the microwave emission properties due to the biometric features of 

vegetation such as crown water content and the shape and size of leaves (Chukhlantsev, 

2006). In this study, the effects of the local ground conditions on the performance of the 

satellite signal were analysed as a function of the following factors: 

1. River width: channel width from Yamazaki et al. (2014), estimation based on 

SRTM Water Body Database and the HydroSHEDS flow direction map and for which 

the map was upscaled from 0.025 to 0.1, taking the mean of the river grid values in 

the 4 x 4 area. 
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2. Mean observed discharge: for each station, a mean discharge value for the study 

period was calculated from daily ground data (mainly from the GRDC data set). 

3. Upstream catchment area (GRDC, 2015) data: the GRDC river network was used 

to visually select those stations located close to the “main rivers” classified by GRDC, 

and to use the values of the upstream catchment area for each station. Note that 

upstream catchment area values are missing from all South African stations from 

DWA data provider. 

4. Presence of floodplains, flooded forest and wetlands: this was obtained from 

the Global Lakes and Wetlands Database level 3, a global raster map at 30 s 

resolution which comprises lakes, reservoirs, rivers and different wetland types 

(Lehner and Döll, 2004). 

5. Flood extent: we used the fractional coverage of potential flooding of 25 km by 

25 km cells for a 100-year return period from the Global Flood Hazard Map derived 

using a model grid (HTESSEL CaMa-Flood; Pappenberger et al., 2012). 

6. Land cover: we used land cover data from the Global Land Cover 2009 

(Bontemps et al., 2010). The 19 labels were aggregated into 8 types of land cover 

depending on the vegetation type and density to synthesise the outputs (see 

Appendix B). Further visual category checking was performed using Google Maps 

display for the sites, and, where necessary, land cover classes changed accordingly. 

An additional category was added for sparse vegetation areas where crops are 

grown along or near the river channels. 

7. Leaf area index: a global reprocessed (LAI) from SPOT-VGT is available for a 

period of 1999–2007 (Zhu et al., 2013). This LAI product is a global data set of 36 

ten-day composites at a spatial resolution of the CYCLOPES products (1 km). For our 

analysis, a modified version of this product was used, which was upscaled to a 

spatial resolution of 10 km. 

8. Climatic areas: we used the Köppen–Geiger climate map of the world (Peel et al., 

2007) to distinguish the main climate areas: tropical, arid, temperate, cold and polar 

(see Table 2. 2). 

9. Presence of river ice: through the signal, the presence of river ice cover can also 

be detected in cold land regions. The Circum-Arctic map of permafrost and ground-

ice conditions (Brown et al., 2002) map was used here. Examples of these rivers are 

the Yukon and Mackenzie rivers in North America and the Lena River in Russia. As is 

the case on the ground, discharge under ice cover is left largely unmeasured as both 

water area and stage no longer are responsive to discharge variation. 

10. Dam location: hydraulic structures can disrupt the natural flow of water, and 

therefore may alter the expected performance of the satellite signal on that location. 
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For this analysis the Global Reservoir and Dam (GRanD; Lehner et al., 2008) data set 

was used. 

2.3. Methodology 

2.3.1. Satellite signal extraction 

In total, 398 locations for satellite-based measurement were selected which overlap 

spatially and temporally with available in situ stations providing daily measurements. 

Since satellites never pass directly over the same track at exactly the same time, the 

operational GFDS applies a 4-day forward-running mean to systematically calculate the 

signal; this also commonly fills between any missing days (Kugler and De Groeve, 2007). 

Furthermore, for each observation site, the signal on the GFDS system is calculated as 

the average signal of all measurement pixels under observation for each location (which 

can be one or more pixels) (GDACS, 2015). Thus, in some cases, even a 10 km pixel is not 

large enough as a measurement site, and would entirely saturate with water during 

flooding. An array of measurement pixels is instead used. In this analysis, we used the 

signal values from the single pixels which contain the ground station, as well as a 

multiple pixels selection. This includes, for each location, the pixel itself and also the 

three nearest neighbours of the 10 km10 km grid. In the case of multiple pixels, the 

signal value was calculated for the spatial median, average and maxima. Similar results 

were obtained globally when comparing the extracted signals (single or multiple pixels) 

with the in situ discharge observations. Therefore, we used the temporal and spatial 

averaging on the multiple pixel arrays as in the operational GFDS. For each site, a visual 

check with Google Maps was carried out to assure that the largest river section was 

included within the finalised measurement sites (see Figure 2. 3). 

2.3.2. Satellite signal calibration and validation  

For those co-located ground stations and satellite measurement sites where both sets of 

data (signal and in situ discharge) were above 6 years in length, calibration and 

validation was performed using the ground information as reference. Several stations, 

mainly in North America, located close to man-made infrastructures such as weirs and 

generating stations were excluded from this analysis due to the rapidly changing 

behaviour of the in situ-observed discharge. Also, in a satellite-based approach to 

measure river discharge, the local river characteristics and floodplain channel geometry 

control the accuracy of rating curves, as is the case for gauging stations on the ground 

(Brakenridge et al., 2012; Khan et al., 2012; Moffitt et al., 2011). Thus we expect some 

measurement sites to exhibit a more robust response to discharge changes, and a higher 

signal-to-noise ratio, than others. 
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Figure 2. 3 Example of a measurement site: Caracarai station (Rio Branco catchment, 
Brazil). The blue rectangles outline the measurement pixels and the background image 
is from 2014 (Google; Landsat, DigitalGlobe). 

It has been acknowledged that, for large rivers, using the daily GFDS signal as a 

floodplain flow surface area indicator of discharge might result in a few days of lag when 

comparing with ground-based discharge (Brakenridge et al., 2015). Thus, stage may 

immediately rise at a gauging station as a flood wave approaches, but flow expansion out 

into the floodplain requires some increment of time. This time lag may introduce error 

into the scatterplots used to calculate the rating equations and therefore lower skill 

scores obtained when analysing both data sets. In addition, in previous studies (Khan et 

al., 2012; Zhang et al., 2013), it was observed that, in some cases, an overestimation of 

satellite-measured discharge existed during low-flow periods when using a single rating 

equation for the full period to calibrate signal into discharge units. For this reason, we 

decided to use a rating equation for each month individually. In this case the time series 

data for a fixed month can be treated as stationary and the derived daily discharge 

values also adjusted better during low-flow periods. 

To calibrate satellite signal into discharge measurements, the first 5 years of data were 

used for both satellite signal and ground discharge for each location. Regression 

equations were obtained using monthly means from daily values and GFDS-measured 

discharge was derived from this. 

QGFDSmeasured of X month= amonth + bmonth * signal   (1) 

For the sake of simplicity, for this chapter, the equations were restricted to linear 

equations. However, as the relation is purely empirical, we leave further research into a 
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flexible way to fit these relations as follow-on work. Note that fitting straight lines to 

curves will reduce goodness of fit and predictive accuracy. Power law fitting was also 

tested to calibrate the signal into discharge units, yielding similar results (results were 

shown on the open discussion during the peer-review process of the manuscript). 

The validation of the satellite-derived daily discharge data was carried out with daily in 

situ data on a 2-year period, and skills scores were calculated to quantify the agreement 

between both satellite- and ground-measured discharge. We are aware of the limited 

number of years (data) with available time series for both variables, which might 

influence the robustness of the calibration. In some cases there were longer time series 

available, but, in order to standardise the analysis for all the stations, we used 5 years 

(1998–2002 or 2003–2008 for northern stations with AMSR-E signal) and the following 

2 years for validation purposes (2003–2004 and 2009–2010, respectively). Note that, 

for 36 out of the 322 stations available, data length was between 6 years and 3 months 

to almost 7 years. Validation was still carried out for the same period, but the data used 

for calibration were slightly reduced. As an example, Figure 2. 4a presents the 

scatterplot for the month of March for the Senanga station (long 23.25 degree, lat -

16.116 degree) in the Zambezi River (Africa) with mean values derived from the period 

1998 to 2002. For the same location, Figure 2. 4b shows the in situ observed and the 

GFDS-measured discharge derived from the GFDS signal for the period 2003–2004. 

2.3.3. Skill scores 

The initial analysis of the correlation of the remote sensing signal to in situ discharge 

was assessed for each station and site pair through the Pearson correlation coefficient 

(R). For the validation, the performance of the satellite-measured discharge was also 

assessed using the Nash–Sutcliffe efficiency (NSE) statistic in addition to the R skill 

score. Spearman’s rank correlation coefficient was also calculated to assess the 

validation performance. One of the advantages of the R coefficient is that it is 

independent of the units of measurement, which permits the comparison of 

dimensionless GFDS signal data. A small value indicates a weak or non-linear 

relationship between the satellite signal and discharge. For this study, we grouped the 

computed R values into three ranges as follows: <0.3, [0.3–0.7], and >0.7. While Pearson 

benchmarks linear relationship, Spearman benchmarks monotonic relationship. 

Spearman’s validation scores just obtained a mean value 6% higher than Pearson mean 

score (was shown on the online open discussion during the peer-review process). In this 

manuscript, results are analysed based on the scores obtained using Pearson correlation 

coefficient.  

Nash–Sutcliffe efficiency (Nash and Sutcliffe, 1970) is typically used to assess the 

predictive power of hydrological models and was calculated here to describe the 

accuracy of satellite-derived discharge in comparison to gauge-observed discharge 

values. Higher values of the Nash–Sutcliffe statistic should indicate more correlated 

results, without other factors taken into account, such as autocorrelation (Brakenridge 
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et al., 2012). However, the degree of correlation of these variables does not verify the 

discharge magnitudes (Brakenridge et al., 2015). An NSE value of 1 corresponds to a 

perfect match of modelled to observed data, whereas NSE=0 indicates that the model 

predictions are as accurate as the mean of the observed data. The resulting scores will 

be classified as in Zajac et al. (2013): <0, [0.2–0.5], [0.5–0.75], and >0.75. 

 

Figure 2. 4 (a) Scatterplot for the Senanga station (long 23.25 degree, lat -16.116 degree) 
in the Zambezi River (Africa). Monthly mean for March from 1998 up to 2002. (b) 
Validation hydrograph for 2003–2004 and skill scores for Senanga. The (monthly) rating 
equations were used to calibrate the signal into discharge units. Different rating 
equations were used for different months. 

2.3.4. Factors affecting the satellite signal  

Understanding the influence of local factors on the accuracy of the satellite flood 

detection is critical for practical use of the remotely sensed signal. We analysed the 

accuracy effects of river width, mean daily discharge, upstream catchment area, 

presence of large floodplain, flooded forest and wetlands, potential flood extent, land 

cover type, LAI, climatic areas, presence of river ice and hydraulic structures. To assess 

their influence, the fractional coverage over the measurement site was retrieved for 

variables with spatial coverage. 

First, we use the skill scores (R and NSE) obtained from a simple analysis for each 

individual factor or variable. Second, we seek to understand which of the surface 

variables have the greatest importance in determining sites with a good or poor 

performance. For this purpose, we use a decision tree technique called random forest 

(RF). Among other features, this allows for ranking of the relative importance of each 

variable. The technique is described by Breiman (2001) and implemented in R by Liaw 

and Wiener (2002), where the reader is referred for a more detailed explanation. As a 

summary of the RF algorithm, ntree bootstrap samples are randomly selected from the 
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data set; a different subset is used for each bootstrap; and for each sample a tree is 

grown, obtaining ntree trees. RF is called an ensemble method because it applies the 

method for a number of decision trees, in this case 500, in order to improve the 

classification rate. Some stations are left out of the sample (out of bag – oob) and used to 

gain an internal unbiased estimate of the generalisation error (oob errors) and to obtain 

estimates of the importance of the variables (Breiman, 2001). These values are averaged 

over the ntree trees. For the variables classification, the node impurity is measured by 

the Gini index. Gini’s mean difference was first introduced by Corrado Gini in 1912 as an 

alternative measure of variability. One of the parameters derived from it, the Gini index, 

is also referred to as the concentration ratio (Yitzhaki and Schechtman, 2013). The Gini 

index is mostly popular in economics; however it is also used in other areas, such as 

building decision trees in statistics to measure the purity of possible child nodes, and it 

has been compared with other equality measures (González Abril et al., 2010). The 

variables with larger decreases in Gini values (lower Gini) are those with higher 

importance in the classification analysis. 

Although the information is hidden inside the model structure for “black-box models” 

such as RF, the prediction power is high (Palczewska et al., 2014). This method is 

relatively robust given outliers and noise because it uses randomly chosen subsets of 

variables at each split of each tree (Breiman, 2001; Chan and Paelinckx, 2008). To 

further increase robustness, (Strobl et al., 2009) state that results from the RF and 

conditional variable importance should always be tested by doing multiple RF runs 

using different seeds and sufficiently large ntree values to obtain robust and stable 

results. The quality index chosen to rank variable importance and classify good or poor 

locations, in the RF analysis, was the NSE score. A threshold of NSED0 splits the data into 

two groups, obtaining about 50% of the data above (true or good predictive) and below 

(false or poor predictive) that value of NSE. The results presented here are the average 

of 200 runs. Furthermore, four different training sets were used by a random 

70%/75%/80%/90% of the stations and were validated with the remaining 

30%/25%/20%/10% of stations, respectively. 

2.4. Results and discussion 

As a first step we analysed the relationship between the satellite signal and the in situ-

observed discharge to have an initial understanding of the performance between the 

two data sets (Sect. 2.4.1). Then we calibrated the satellite signal with in situ discharge 

data. With the regression equations obtained, we calculated satellite discharge 

measurements. A 2-year validation period was carried out for each station using the skill 

scores as described in Sect. 2.4.2. This was followed by an assessment of how different 

variables contribute in a positive or negative way to the overall skill (Sect. 2.4.3.1). 

Variables included in the analysis are daily mean river discharge, river width, upstream 

catchment area, potential flood hazard area, land cover, LAI, climatic zones, presence of 

large floodplains, flooded forest and wetlands, river ice and hydrologic structure. Finally, 
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the relative importance of all variables in comparison to each other has been assessed 

(Sect. 2.4.4). 

Before analysing the validation results, it is important to highlight two possible different 

sources of error which might influence the outputs. Firstly, the signal-to-noise ratio 

might be low for a site or have intermittent instrument noise occasionally producing 

positive spikes in discharge. Secondly, the rating curve may be offset, which will result in 

a consistent bias on the discharge values for that location even though the time series 

are strongly correlated. 

2.4.1. Correlation of raw satellite data vs. gauge observations  

The first step was to look at the “raw” correlation between daily ground-station-

measured water discharge and the satellite signal and to calculate the empirical linear 

relation between these two variables for each site. The full time series, including low 

discharge levels, were used for the calculation and executed for 398 stations. Figure 2. 5 

shows the R skills obtained. Of a total of 398 sites, 169 have an R > 0.3 and 42 of them 

have R > 0.5. Correlations might have perhaps been higher if regression had not been 

restricted to linear equations (Brakenridge et al., 2007, 2012). 

 
Figure 2. 5. Location of stations and R skill score between in situ observed discharge and 
satellite signal (4 days and 4 pixels average). Globally, 169 sites have R > 0.3, of which 42 
have R > 0.5. 

2.4.2. Satellite signal calibration, validation and evaluation through skill 

scores  

For the stations with over 6 years of contemporary data for both in situ discharge and 

satellite signal, we obtained regression equations for each month of the year and station 

using the first 5 years of data. Next, using these equations, we carry out a calibration of 

the daily signal into discharge units. Afterwards, the validation of the GFDS-measured 

discharge was implemented for the following 2 years. In some regions, such as northern 

Asia, the lack of available recent long time series (after 2002) meant that the number of 
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stations available for calibrating the satellite into discharge measurements was reduced. 

Stations where the number of years matching observed discharge and satellite signal 

was shorter than 6 years were excluded from the validation exercise despite performing 

well. Finally, out of 398, a total of 332 stations remained for calibration and validation. 

For NSE score, Figure 2. 6 shows that 154 out of 332 stations are larger than 0.13 

located in Africa, 77 in North America, 62 in South America, 1 in Asia and 1 in Europe. 

Nevertheless, it needs to be noted that, in arid regions, results calculated with the skill 

scores such as NSE are penalised by low average discharge compared to high-flow 

conditions. If, instead of using all the available time series, a “dry stream” threshold had 

been applied, the scores obtained for these sites could have been higher when analysing 

the remaining data set period where flow is present. 

 

Figure 2. 6. Nash–Sutcliffe efficiency of the validation (n = 332 stations). Globally, 154 
stations have NSE>0, of which 80 stations have NSE>0.50. 

2.4.3. Analysis of the factors affecting the satellite signal  

2.4.3.1. River width and presence of floodplain and wetlands  

As a first step to analyse the potential relationship between the individual local 

characteristics and the performance of the locations in global terms, we study the R 

score of the validation for the 322 stations in relation with the maximum river width 

value at each location (Figure 2. 7a). Results indicate that locations with a river width 

higher than 1 km are more likely to score an R larger than 0.3. In fact, the mean R score 

is 0.60 and 26 out of 64 (41 %) have R > 0.75. However, there are a number of stations 

with lower river width that also obtained high scores. As the retrieval of the satellite 

signal also depends on the floodplain geometry. As soon as the river floods and water 

goes over-bank, the proportion of water in the wet pixel greatly increases. Thus the 

score should also be high for small rivers with a proportionally large floodplain. Figure 

2. 7b shows the R scores by location, where the majority of the area belongs to 

floodplain, flooded forest and wetlands category, or their absence. In our study, higher 
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median scores were obtained for those located in large freshwater marsh and 

floodplains, followed by those on swamps and flooded forest. These results give a first 

indication on the characteristics of the locations with better performance. 

 
Figure 2. 7 (a) Relationship between R obtained from the validation of satellite-
measured discharge and the maximum river width for each location. (b) Relationship 
between the same R score and the presence of significant floodplains, flooded forest and 
wetlands. The horizontal dotted line shows the R> 0.3 and R > 0.7 threshold, and the 
vertical line is the river width equal to 1 km. 

2.4.3.2. River discharge and potential flooding  

Flooding is determined by the discharge as well as the potential flood hazard. Figure 2. 

8a shows that 84 out of 95 stations with R < 0.3 also have mean discharge values lower 

than 500m3 s-1 (Log10 (500) ≈2.7), of which 55 stations had a mean discharge lower 

than 200m3 s-1. These stations are mainly located in South Africa, and in some areas of 

North America. Therefore, it can be concluded that the mean discharge can be 

considered a key variable that determines the appropriateness of locations for which 

satellite discharges can be derived: as 77% of the stations with Q < 500m3 s-1 have R < 

0.3, while 91.5% of the stations with Q > 500m3 s-1 have R > 0.3, locations with discharge 

of less than 500m3 s-1 might not provide reliable results for a global satellite-based 

monitoring system. Alternatively, non-permanent rivers and streams exhibiting only 

seasonal or ephemeral flow (typical for dry regions) may require a different monitoring 

approach, wherein a “dry” threshold is established for the signal data. 

After excluding the global stations with low skill score due to low discharge levels and 

studying the remaining stations, we can better understand the performance of the 
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system in relation to other local characteristics. Figure 2. 8b shows for each location the 

relationship between the validation R and the percentage of area in each pixel covered 

by potential flooding during a 100-year return period flood event, obtained with the 

model grid (HTESSEL CaMa-Flood) (downscaled from a 25 km25 km pixel; 

Pappenberger et al., 2012). A value of 100 means completely flooded across its area, 50 

means 50% of the area within the cells is flooded, and 0 means that the area is not 

flooded. Although there is no clear trend for all the points, results indicate that locations 

with a percentage of potential flooding larger than 40% are expected to score an R 

larger than 0.3. 

 

Figure 2. 8 (a) Relationship between R obtained from the validation of satellite-
measured discharge and the mean in situ-observed discharge (log10 displayed) for each 
station. (b) Relationship between the same R score and the potential percentage of 
flooded area per pixel for a 100-year return period flood event (Pappenberger et al., 
2012). The horizontal dotted line shows the R D 0.3 threshold, and the vertical line is the 
40% potential flooding threshold. 

2.4.3.3. Land cover types and climatic areas  

Figure 2. 9 presents a global evaluation of the R score obtained during the validation and 

its classification by the land cover type of the stations. The bare land cover category was 

excluded from this study as only one of the selected locations belongs to that class. 

Looking at the median of the box plot (see Figure 2. 9), we found that some of the 

locations with higher density of vegetation such as those located on “closed forest” and 

“mosaic with predominant vegetation” (including forest, scrublands and grasslands) 

obtained lower median scores values. In contrast, the locations with lower vegetation 
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density such as “sparse vegetation”, “mosaics with predominant cropland/grasslands”, 

“open forest” and “closed to open forest” land cover types obtained larger median R 

scores, around 0.6–0.8. Similar results can be observed when looking at the interquartile 

range or spread of the box plots: “closed to open forest” and “mosaics with predominant 

cropland/ grasslands” obtained better results. At the same time, “closed forest” and 

“mosaic with predominant vegetation” had lowers scores. In addition, those sites with a 

combination of sparse vegetation and crops growing near the river channel had a lower 

median value when comparing with those on sparse or mosaic crop land cover. Note 

that the sites denoted “sparse with crops” are located in arid climatic areas, whereas 

most of the “sparse” sites are in cold or polar regions and are therefore run by different 

processes. In addition, sites with a majority of artificial/urban land cover (not shown) 

obtained a low median value of 0.267. 

The relationship between locations by main Köppen– Geiger climatic areas (Peel et al., 

2007) and R score obtained is shown in Figure 2. 10. Globally the tropical regions (Africa 

and South America) obtained the highest median scores (R ≈ 0.8), followed by cold 

regions (R ≈0.6). Lower median score values (R ≈ 0.3) were obtained for arid and 

temperate regions. It is important to clarify that these results are not only due to direct 

climate characteristics but also, for example, due to the characteristics of the rivers in 

those areas. In the case of the arid regions, it is mainly related to reduce daily average 

discharges, a characteristic of many of these stations. Note that polar climate was 

excluded from this evaluation as only three locations belong to that class. 

 
Figure 2. 9 Global evaluation of the R score obtained during the validation and its 
classification by the land cover type of the stations. Land cover types were aggregated 
from the GlobCover (2009) and modified by means of a visual check with Google Maps. 
Note that artificial and bare land covers were excluded in this figure. 
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Figure 2. 10 Global evaluation of the R score obtained during the validation and its 
classification -2 only main types by the Köppen– Geiger climate area (Peel et al., 2007). 
Note that polar climate was excluded from this analysis as only three stations fell into 
this category. 

2.4.3.4. Leaf area index (LAI) 

LAI values typically range from 0 for bare ground to 6 or above for a dense forest; 

however CYCLOPES underestimates over dense vegetation (forest) (Zhu et al., 2013). 

Therefore, for this product LAI range is limited to [0–4], as seen in our analysis. Despite 

this, CYCLOPES is the most similar product to LAI references map (ibid.). According to 

the study carry out by Zhu et al. (2013) monthly CYCLOPES LAI values for the period 

1999 to 2007 by four main groups of vegetation are predominantly as follows: bare 

ground [0], forest [0–3.5], other woody vegetation [0–1.5], herbaceous vegetation [0–2], 

and cropland/natural vegetation mosaics [0–3].The highest annual mean LAI values are 

obtained by evergreen broadleaf forest (3.16), included in our “closed to open forest” 

class. 

We decided to study the relationship between the mean LAI and the skill obtained in the 

validation for each location, also looking at complementary variables such as the land 

cover and the geographical region which the stations belong to. Figure 2. 11 shows that 

locations with a mean [LAI>2] predominantly have a “closed to open forest” type in 

South America (31 stations), of which 29 have an R score higher than 0.6. For [LAI>2], 

there are also 12 North American locations with “closed forest” land cover, but in 

general scores are poorer for those locations. Additionally, 18 stations with mosaic 

vegetation from North and South America obtained [LAI>2], and 16 of those obtained [R 
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>0.6]. For [LAI<2], both the land cover and geographical locations are distributed along 

the scatterplots, from poor to high correlations. 

 

 
Figure 2. 11 Evaluation of the R score obtained during the validation and its 
classification by LAI according to factors of (a) land cover and (b) geographical regions 
(continent). 

2.4.3.5. River ice  

Figure 2. 12a shows the scores obtained for the locations with presence or absence of 

river ice, including a range from continuous to sporadic (Brown et al., 2002). It can be 

seen that stations located in areas with river ice tend to have a good correlation between 

in situ- and satellite-measured discharge (based on 33 stations), as the system tends to 

capture the annual spring ice break-up and freezing well, as indicated in the studies by 

(Brakenridge et al., 2007; Kugler, 2012). At these locations, once ice-covered, the system 

has no sensing capability and the retrieved signal may seem analogous to low-flow 

conditions. However, there is an important difference when analysing time series of 

signal between ice-covered high-latitude river and all-year-round low-flow rivers. When 

an ice-melting process takes place, an increase in river runoff occurs, and for many 

places this is translated into a strong change on the signal values. For the other types of 

rivers, low discharge levels are generally a characteristic for most of the year, and if the 

signal-to-noise ratio is low, the signal retrieved is very noisy, which is one motivation for 

setting a “dry” threshold for such sites. 

2.4.3.6. Hydraulic structures  

The correlation between satellite and discharge data depends on both variables. 

Typically it is assumed that observed discharges are “ground truth”; however, when 

influenced by structures and dams, the ground discharge may not be well monitored 

with regard to flow area/flow width variation. For example, when there is a major 
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increase in river discharge but a flood is avoided by artificial levees, we cannot expect 

the satellite signal to accurately capture the flood hydrograph; moreover, downstream 

flooding may be attenuated by an upstream flood control dam and reservoir, and thus 

the gauge location is critical. Figure 2. 12b shows the influence of the presence or 

absence of a nearby dam using the Global Reservoir and Dam (GRanD) database (Lehner 

and Döll, 2004) or visually identified hydraulic control infrastructure. Locations where 

the dam or other element was present (48 stations) obtained lower median R scores. 

Therefore, ideally, observation sites should be located in areas without hydraulic control 

infrastructures. 

 

Figure 2. 12 Evaluation of the R score obtained during the validation and its 
classification by (a) presence or absence of a river ice (Brown et al., 2002), and (b) 
presence or absence of a nearby dam or hydraulic control infrastructure using the 
Global Reservoir and Dam (GRanD) database (Lehner and Döll, 2004) and a visual check 
with Google Maps. For the validated locations, it is worth nothing that all stations with 
river ice (33) and most of them with dams (34 out of 48) are located in North America. 

2.4.4. Variable importance  

Based on the individual analysis of the signal potential influence factors, we found that, 

in order to understand site performances, on some occasions multiple variables need to 

be analysed in a simultaneous way. For example, the generally low scores obtained at 

the eastern USA stations might be due to a number of factors: 64% of these stations have 

a mean discharge value lower than 500m3 s-1 and 88% of the stations are located at river 

width lower than 1 km. In addition, 59% of the stations are located in wetland areas. 
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Another example of the importance of analysing several factors can be seen with the 

locations (11 stations) which obtained low R but their mean observed discharge is 

higher than 500m3 s-1. All of them have a potential probability of flooding lower than 21 

%, the land cover for 10 out of 11 is forest, 5 of them are located in wetlands, and 2 of 

them have a nearby hydraulic structure. Despite exhibiting a mean discharge greater 

than 500m3s-1, these other local characteristics may be the cause of the poor 

performance. Therefore, we decided to use a classification decision tree technique (RF), 

which split the data set at each node according to the value of one variable at a time (the 

best split) from a selected set of variables so as to understand the importance of each 

variable. RF is called an ensemble method because it is performed for a number of 

decision trees, in this case 500 trees, in order to improve the classification rate. 

The result presented here is the rank of the importance of variables to classify a location 

with a good or poor performance. These values are obtained as an output of the RF 

analysis and are, in addition, the average of 200 independent runs. As explained in Sect. 

3.4 the variable importance based on the mean decrease in Gini index was calculated for 

the NSE score obtained from the validation. We used NSED0 to distinguish between the 

sites with a good (above 0) from poor performance (below 0), and we also tested it with 

a threshold NSE of 0.50. 

Figure 2. 13 presents the variable importance for the four test groups. Features which 

produced large values of the “mean decrease in Gini” are ranked as more important than 

features which produced small values. For our locations and data available, the mean 

daily observed discharge has the highest importance, followed by the climatic region, 

land cover/mean LAI and upstream catchment area. At the same time, the presence of 

hydraulic structures (mainly dams) and of river ice has the lowest importance to classify 

a location as good or poor performance. However, this does not mean that it has no 

influence. Although discharge is correlated with upstream catchment area and to some 

degree also LAI with land cover type, both were included in this case to understand 

which variable might help us most to classify the sites. Although the effect of the 

correlations on these measures has been studied recently (Archer and Kimes, 2008; 

Auret and Aldrich, 2011; Gregorutti et al., 2013; Grömping, 2009; Nicodemus, 2011; 

Nicodemus et al., 2010; Strobl et al., 2009; Toloşi and Lengauer, 2011), there is not yet a 

consensus on the interpretation of the importance measures when the predictors are 

correlated and on what the effect of this correlation is on the importance measure. In 

order to test the effect on the results when correlated variables were included in our 

analysis, an independent RF analysis was carried out (not shown in this chapter) for the 

same variables but excluding the river width and the presence of floodplains and 

wetlands variables. Results also showed that the mean daily observed discharge had the 

highest importance and that the presence of hydraulic structures (mainly dams) and 

river ice had the lowest importance for classifying a location as good or poor 

performance. 
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Figure 2. 13 Average variable importance of 200 runs using the RF methodology. The 
Nash–Sutcliffe score was chosen as a quality index for categorising the stations as true 
(good predictive) or false (poor predictive). With a threshold of NSE=0, we have about 
50% of the stations above and 50% below that value. Results are shown for the different 
training and test groups. For all the test groups and runs, the average highest variable 
importance was obtained for mean observed discharge, climatic region, land 
cover/mean LAI and upstream catchment area, and the lowest for dam/hydraulic 
structure presence and river ice. 

2.5. Conclusions and future research  

In this article we presented an evaluation of the skill of the Global Flood Detection 

System to measure river discharge from remote sensing signal. From the 322 stations 

validated, the average continental R skills are as follows: Africa 0.382, Asia 0.358, 

Europe 0.508, North America 0.451 and South America 0.694. Approximately 48% of 

these stations have an NSE score higher than zero: 13 located in Africa, 77 in North 

America, 62 in South America, 1 in Asia and 1 in Europe. Results showed that the low 

skills scores received by stations were, for the majority of cases, due to low-flow 

conditions. For example, 84 out of 95 stations with R < 0.3 have mean discharge values 

lower than 500m3s-1. These are located mainly in South Africa (25 cases) and North 

America (53 cases), which penalised their average continental skills. Note that our focus 

was on factors affecting the method globally, and that these skill values do not directly 

indicate measurement accuracy at a site (which could be improved, for example, by use 

of non-linear rating equations and/or accommodation of any phase shift or timing 

differences in flow area- versus state-based discharge monitoring). 

In order to better understand the impact of the local conditions on the performance of 

the sites, we first looked at specific factors individually. In general terms, higher skill 

scores were obtained for locations with one, or more than one, of the following 

characteristics: a river width higher than 1 km; a large floodplain area; in flooded forest; 

a potential flooded area per pixel greater than 40% during a 100-year return period 
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flood event; a land cover type of sparse vegetation, croplands or grasslands and closed 

to open and open forest; LAI above 2; location in a tropical climatic area; and a location 

where no dams or hydraulic infrastructures are present. Also, out of our locations, high-

latitude rivers with seasonal ice cover tend to exhibit good performance. 

Secondly, we performed a classification decision tree analysis, based on RF, to obtain the 

variable importance when classifying a site as good or poor. The output of this analysis 

showed that mean observed discharge, climatic region, land cover, mean LAI, and 

upstream catchment area were the variables with higher importance, whereas river ice 

and dam obtained the lowest importance. Both the individual and the combined 

classification analysis of these local characteristics give us critical evidence of the 

relationship between the ground and satellite discharge measurements and when it is 

expected to perform well. Furthermore, it provides a guideline for future selection of 

measuring sites. 

The locations with a very good performance will be selected for a potential future 

project where satellite-measured discharge could be calculated for longer periods and 

on a daily basis from the remote sensing signal, analogous to the Dartmouth Flood 

Observatory method. This will represent a major step forward in developing continental 

and global hydrological monitoring systems as these data can fill the gaps where real-

time ground discharge measurements are not available (the case at many locations 

globally). We found that some of the sites with good performance are located within 

international river basins such as the Niger, Volta and Zambezi in Africa. In addition, for 

the studied locations with good signal performance but rather short contemporary time 

series with in situ-observed discharge (such as the Siberian stations), the calibration of 

the signal to obtain discharge measurements could be executed at any point when 

additional ground data are available. This will also be beneficial for all stations, including 

those with time series longer than 7 years. 

Zhang et al., (2013) recently demonstrated the potential of integrating satellite signal 

provided by the Global Flood Detection System in improving flood forecasting. This first 

attempt at data assimilation was carried out for a single station (Rundu, northern 

Namibia – included in this study) with the conceptually simple Hydrological MODel 

(HyMOD). Hence, a prospective study with the inclusion of all these stations for post-

processing through data assimilation and error correction of the stream-flow forecast in 

hydrological models could be done. For instance, for the pre-operational Global Flood 

Awareness System (GloFAS) (Alfieri et al., 2013) and the African Flood Forecasting 

System (AFFS; Thiemig et al., 2014) in an analogous way as it is already being done with 

in situ observed streamflow on the European Flood Awareness System (Bartholmes et 

al., 2009; Thielen et al., 2009). Hence, work towards the integration of global flood 

detection and forecasting systems such as GFDS and GloFAS, respectively, can provide 

more comprehensive information for decision makers. 
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3. Early Flood Detection for Rapid 

Humanitarian Response: Harnessing Near 

Real-Time Satellite and Twitter Signals 
 

This chapter is based on:  

Jongman, B., Wagemaker, J., Revilla-Romero, B., Coughlan de Perez, E., 2015. Early Flood 

Detection for Rapid Humanitarian Response: Harnessing Near Real-Time Satellite and 

Twitter Signals. ISPRS Int. J. Geo-Inf. 4, 2246–2266. Doi:10.3390/ijgi4042246 

Jongman, B., Wagemaker, J., Revilla-Romero, B., Coughlan de Perez, E., 2015. Early Flood 

Detection for Rapid Humanitarian Response: Harnessing Near Real-Time Satellite and 

Twitter Signals. Science for Humanitarian Emergencies and Resilience (SHEAR) scoping 

exercise report: “Big Data for Resilience: realising the benefits for developing countries”. 

Abstract. Humanitarian organisations have a crucial role in response and relief efforts 

after floods. The effectiveness of disaster response is contingent on accurate and timely 

information regarding the location, timing, and impacts of the event. Here we show how 

two near real-time data sources, satellite observations of water coverage; and flood-

related social media activity from Twitter, can be used to support rapid disaster 

response, using case-studies in the Philippines and Pakistan. For these countries we 

analyse information from disaster response organisations; the Global Flood Detection 

System (GFDS) satellite flood signal; and flood-related Twitter activity analysis. The 

results demonstrate that these sources of near-real time information can be used to gain 

a quicker understanding of the location; the timing; as well as the causes and impacts of 

floods. In terms of location, we produce daily impact maps based on both satellite 

information and social media, which can dynamically and rapidly outline the affected 

area during a disaster. In terms of timing, the results show that GFDS and/or Twitter 

signals flagging ongoing or upcoming flooding are regularly available one to several days 

before the event was reported to humanitarian organisations. In terms of event 

understanding, we show that both GFDS and social media can be used to detect and 

understand unexpected or controversial flood events, for example due to the sudden 

opening of hydropower dams or the breaching of flood protection. The performance of 

the GFDS and Twitter data for early detection and location mapping is mixed, depending 

on specific hydrological circumstances (GFDS) and social media penetration (Twitter). 

Further research is needed to improve the interpretation of the GFDS signal in different 

situations, and to improve the pre-processing of social media data for operational use. 
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3.1. Introduction  

Flooding of river systems caused over US$1 trillion in damages and 220,000 fatalities 

globally since 1980 (Munich Re, 2014). Many low-income countries are especially 

vulnerable to floods, given the generally low standards of flood protection and the 

limited capacity of disaster response, social protection and healthcare facilities 

(Jongman et al., 2015; UNISDR, 2015b). National and international humanitarian 

organisations therefore have an important role in supporting both ex-ante disaster risk 

reduction and ex-post disaster response of these countries. The need for disaster 

response was exemplified recently during the recent 2015 Malawi floods, when the Red 

Cross/Red Crescent Movement alone launched an emergency appeal of over CHF 2 

million within days of the event to assist over 40,000 affected people (IFRC, 2015). 

Humanitarian aid is offered daily on a smaller scale for the hundreds of flood events that 

happen around the world each year (Kellett and Caravani, 2013). 

The effectiveness of these disaster response efforts is contingent on accurate and timely 

information regarding the geographical location and impacts of the ongoing flood event. 

Decisions on the deployment of emergency aid and the distribution of supplies should 

be based on insights in where impacts are faced and what the nature of these impacts is 

(Coughlan de Perez et al., 2014). 

Here, we consider three questions that are of interest to humanitarian organisations in 

the immediate aftermath of a flood: 

1. Where is the flood? 

2. When can we know about the flooding? 

3. What do we know about the impacts? 

Traditionally, such information reaches humanitarian organisations through a network 

of field stations, employees and volunteers, as well as through common news outlets 

such as radio and television (Asplund et al., 2009; Zhang et al., 2002). However, the 

intelligence that is received through these channels often reaches the right people only 

with a delay of many hours or even several days; and cannot always fully capture the 

three key parameters: timing, location and impacts of the event. Innovative systems for 

early flood detection are recently being developed to provide additional spatial and 

intensity information that could be used in disaster response (Meijer, 2015). In this 

chapter, we focus on two such innovative systems, the first based on near-real time 

satellite data and the other on near-real time Twitter data, and analyse how these 

systems sources may support effective humanitarian response. We perform the analysis 

based on case-studies in Pakistan and the Philippines.  

Global satellite-based early detection systems are often able to identify riverine flood-

induced water coverage from space within 24 hours. Examples of such systems are the 

flood maps based on MODIS (Brakenridge and Anderson, 2006a; NASA, 2014) and, the 

Global Flood Detection System (hereinafter refer as GFDS) (De Groeve and Riva, 2009). 

MODIS uses an optical signal to estimated inundated areas, which was used successfully 
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for near real time inundation mapping in the 2012 Pakistan floods (Memon et al., 

2015a). GFDS uses daily passive microwave satellite observations for rapidly identifying 

inundated areas, and has been applied for this purpose in recent floods for example in 

Bolivia 2014 and in India 2014. During these events, GFDS was proven useful in disaster 

response by providing flood extent, and time series of satellite observations for the 

current and the three previous years, in order to provide information about the 

importance of the flood event in relationship to potential previous events. Examples of 

disaster response assistance maps produced using daily GFDS data can be found at the 

Emergency Response Coordination Centre (ERCC) Portal (European Commission 

Humanitarian Aid & Civil Protection, 2015). 

Separate from the developments in satellite observation, past years have seen a spur of 

development in the use of near real time data streams from (social) media platforms 

such as Twitter, Facebook, Instagram and news websites during and after disasters. 

Whereas satellite information has a typical delay of 24 hours or more, social media 

messages can already be accessed within minutes of publication. Recent advances have 

made it possible to attribute social media information to geographic locations by 

extracting the body text (e.g. ‘New York City’) and linking this to the location on a map 

(Abdelhaq and Gertz, 2014; Ao et al., 2014; Leetaru, 2012). One of the first times that 

social media was used on large scale for disaster monitoring was after the earthquake in 

Haiti in 2010 (Muralidharan et al., 2011). A team lead by Patrick Meijer collected tweets 

of observers and placed them on a map using the Ushahidi platform, assisting rescue 

operations (Meijer, 2015). Since then, social monitoring tools have been used regularly 

during or after disasters, including wildfires (Goodchild and Glennon, 2010), 

earthquakes (Earle et al., 2010), floods (Vieweg et al., 2010), winter storms (Muller et al., 

2015), heavy snowfall (C. L. Muller, 2013) and typhoons (Takahashi et al., 2015). Several 

platforms have been designed to support these efforts, such as Twitter Alerts and 

GeoFeedia. The Operations Centre of the Philippine Red Cross, for example, uses Twitter 

for disaster tracking. They both pay close attention to the messages in which they are 

called upon (“@philredcross”) and search for keywords and hashtags to track known 

incidents (e.g. #flood, #insurgency, #earthquake, etc.). In addition, the Operations 

Centre use Twitter to follow agencies such as PAGASA (Philippines Atmospheric, 

Geophysical and Astronomical Services Administration), USGS and others, to monitor 

typhoons and earthquakes. 

The main uses of social media in disaster situations have been improving situational 

awareness throughout the post-event response phase; two-way communication with 

affected people; psychological analysis (Neubaum et al., 2014); and relief coordination 

(Takahashi et al., 2015). Earle et al. (2010) show that Twitter can also be used for the 

rapid mapping of disasters. Their results demonstrate that Twitter messages can be 

used to delineate earthquake-affected areas within several minutes, before official 

earthquake observations are available. 

Whereas the use of satellite information and social media data for disaster response is 

gaining an increasing amount of attention, the ways in which these methods compare to 
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one another and how they could complement current best practice in humanitarian 

organisations, remains largely undiscussed. For floods specifically, the usability and 

accuracy of these distinct types of information sources has furthermore never been 

assessed comparatively. The aim of this chapter is to provide a first comparison of these 

three channels of early detection information, in terms of the timing of the signal as well 

as the type and value of the information. For this purpose, we analysed data for a range 

of major and smaller flood events in Pakistan and the Philippines, all of which occurred 

in 2014. For all of these events we have had access to disaster response information 

from the local Red Cross National Societies; data from the near-real time satellite flood 

detection system GFDS; and social media reporting through Twitter. 

This chapter continues as follows. Section 3.2 describes the methodologies and data 

sources used for the analysis. Section 3.3 presents the results and discussion of the flood 

mapping, early detection and event understanding. Section 3.4 states the conclusions. 

3.2.  Data and Methodology 

 We assess the effectiveness and usability of the near-real time satellite and (social) 

media data for disaster response, by analysing a range of flood events reported in 

Pakistan and the Philippines. For Pakistan, we focus on one single major flood event in 

September 2014, whereas for the Philippines we analyse 80 smaller flood events. For 

each of the events, we combine information on flood detection from three data sources: 

disaster response organisations (Section 3.2.1); the GFDS satellite signal (Section 3.2.2); 

and Twitter (Section 3.2.3). We analyse the potential added value of the remote sensing 

and Twitter data for each of the humanitarian questions regarding flood response 

(Section 3.2.4): location; timing; and impacts. 

3.2.1. Disaster reporting and response information 

As a baseline, we consider the reported flood impact information that existed at the time 

of the flooding events in Pakistan and the Philippines, from January 2014 onwards. For 

Pakistan, we focused on the major September 2014 floods. These floods were caused by 

monsoon rains in the catchment areas of the eastern rivers of Jhelum, Sutlej, Ravi and 

Chenab. The floods affected over 2.5 million people, causing 367 fatalities and 

destructing over 100,000 houses. We considered a range of documents that detailed the 

information available post-flood, including (1) Daily Emergency and Response 

Situational Reports, produced by USAID and iMMAP (2nd to 4th September); (2) 

Weather Report and Flood Advisory documents produced by the NDMA (NDMA, 2014a); 

(3) Internal communications kindly made available by the International Federation of 

the Red Cross/Red Crescent office in Islamabad; and (5) post-event analysis documents 

of flood extent and impacts dated late September or early October 2014, including the 

official NDMA Recovery and Needs Assessment (NDMA, 2014b). 

For the Philippines, we analysed flood events as reported to the Philippines Red Cross 

Society (PRC) between January 2014 and January 2015. This database contains 80 
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individual events, which can be attributed to 21 individual hydro-meteorological 

extremes (intense rainfall events, tropical typhoons, dam bursts, etc). For each of the 80 

events, the database contains information on the event cause; geographical location; 

date of the event; date of event reporting to the PRC; date and type of intervention by 

the PRC. See Table 3. 1 for an example entry from this dataset. The dataset clearly 

outlines the timeline in event occurrence, reporting and action, and is therefore ideally 

suited for the range of analytics pursued in this study. 

Table 3. 1 Extract from event occurrence and response dataset provided by the PRC. 

WHAT Kind of flood 
(floods, flash floods, 
and flooding caused 
by the opening or 
failure of dams) 

WHERE did 
the event 
happen 
(village/ 
region) 

WHEN did 
the event 
happen? 

WHEN was the 
event 
reported/known 
to the PRC (and 
by what media, 
if possible)? 

WHEN was action 
undertaken by PRC in 
response to the 
event? 

Event 
Type 

Overflowing of 
rivers due to TD 
Lingling (Local 
name: Agaton) 

Compostela 
Valley 

11-Jan-14 

1/11/2014 
(Online news 
and local PRC 
Chapter report) 

Jan. 11 - Deployed 
volunteer for 
assessment 
Jan. 13 - Served Hot 
meals to 530 persons 

Tropical 
Depression 

Overflowing of river 
due to Typhoon 
Rammasun (Local 
name: Glenda) 

Northern 
Samar 

15-Jul-14 

7/15/2014 
(Chapter Report/ 
Volunteers on 
the ground) 

Alerted volunteers to 
the area and mobilised 
35 volunteers and 
staff. 
Jul 16- Served hot 
meals to 620 
individuals, Distributed 
Non Food Items to 202 
Families, and Food 
Items to 788 Families. 

Typhoon 

3.2.2. Near-real time satellite data 

Near-real time information from satellite observation is recently becoming available to 

disaster response organisations during ongoing floods. The Global Flood Detection 

System (GFDS) is one of the main systems used for this purpose. GFDS is an 

experimental system set up to detect and map in near-real time major river floods based 

on daily passive microwave satellite observations. The purpose of this system is to 

identify and measure floods with potential humanitarian consequences after they occur. 

In order to quantify the magnitude of the flood event, GFDS calculates the “flood 

magnitude” product as the number of standard deviations (sd) from the mean (avg): M = 

(signal – avg) / sd. Floods appear typically for anomalies of 2 (small and regular flood) 

or above 4 (large and unusual flood). All data are available as global raster maps at a 

spatial resolution of 0.09° x 0.09° (~10 Km in the equator). 

In this project, we retrieved the geospatially explicit GFDS signal for 7 days before until 

7 days after the reported date of the event. We then used these data to analyse the 

development of the signal over time for the impact locations as specified by the disaster 

response data (Section 3.2.1), as well as for national-level analytics (see Section 3.2.4). 
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The reasoning behind using GFDS for this analysis, is because: (1) the GFDS data are 

published openly through a user-friendly web interface; (2) the raw pre-processed 

images can be freely accessed; (3) the system provides consistent outputs with short 

intervals of one day; (4) in addition to flood location and extent (which is also possible 

using MODIS imagery), GFDS allows for the analysis of time series; (5) the system it is 

based on observations rather than hydrological model outputs (a flood detection 

methodology used for example by the Global Flood Monitoring System (Huan Wu et al., 

2014)). A disadvantage of the GFDS system is its relatively coarse resolution. Data from 

MODIS-based flood detection products such as produced by the Dartmouth Flood 

Observatory (DFO) provide flood extent at a higher resolution, but these do not allow for 

time series analysis, nor can they provide a signal under cloud-covered conditions. 

3.2.3. Near-real time Twitter data 

The biggest challenge in effectively using social media information for disaster response 

is the systematic and rapid analysis of often vast amounts of data. In this study, we use 

the automated social media analytics platform Floodtags (FloodTags, 2015), which 

enables the filtering, visualisation and mapping of social media content based on 

location and key-words. We retrieve Twitter content for the September 2014 flood event 

in Pakistan and a selection of 9 out of the 80 reported flood incidents in the Philippines. 

These 9 incidents are linked to 5 individual flood events, and were selected to cover a 

range of different types of flooding (small, large, rain-induced, dam failure, etc). 

We retrieved the data for Philippines and Pakistan from the streaming API from Twitter. 

We searched for the words ‘baha’, ‘bumabaha’, ‘apaw’, ‘pagbaha’, ‘pag-apaw’, ‘guho’, 

الب‘ ی س ’, ‘flood’, ‘floods’, ‘flooding’, ‘inundation’, ‘inundations’. Next, we enriched the 

tweets with Open Street Map data in order to get more location-specific detail, we 

filtered out place names with four or less characters and we excluded ambiguous 

English words (e.g. college, villa, etc). This analysis of message body text is the 

methodology used for assigning a location to each Twitter message where possible. 

Whereas the metadata that comes with Twitter messages posted by a mobile device also 

include information on the geographical location of that device at the time of posting, 

this information is not used in this study. The first reason for this choice is the fact that 

the majority of tweets report second-hand information, i.e. they discuss events that do 

not happen at the location of the person publishing the tweet (Takahashi et al., 2015). 

Second, even when a tweet refers to a first-hand observation, it is not obvious that this 

observation has happened at the same time and place of the sending of the tweet 

(Hahmann et al., 2014). If a flood happens in a remote area of the country without 

internet access, it can be expected that observations are only tweeted as soon as the 

person reaches an area with internet access, e.g. a larger town, causing more noise in the 

location data coming directly from Twitter. Uncertainty in the location detection 

remains, however, for example because certain place names may be featured multiple 

times in the same country (Leetaru et al., 2013). See Discussion and Conclusions for a 

more extensive discussion of these challenges. 
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Wherever a specific tweet referred to a web page (URL), we also downloaded that web 

page as additional information. See Table 3. 2 for the number of tweets for Pakistan and 

Philippines in the selected timeframes (September 2014 for Pakistan and the entire year 

2014 for Philippines). Note that the temporal coverage and number of tweets vary 

strongly between the two case-study countries. We do not aim to conduct a comparative 

assessment, but rather use the data for different purposes throughout this chapter. 

The penetration rate of social media is relatively low in Pakistan at 4% of the 

population; in the Philippines the penetration is higher at 29% (Tribune, 2013). A 

relatively large share of the Twitter users in both countries can be expected to reside in 

larger towns and cities. Therefore, the spatial variation displayed by a Twitter based 

heat map (i.e. a map of absolute Twitter activity on a specific subject) will have a bias to 

showing floods in densely populated places (Guan and Chen, 2014). Further research 

efforts are needed to develop methods for normalising the data for population or social 

media penetration. 

Table 3. 2 Filtered flood-related tweets between 1 September 2014 and 31 January 
2015.  

Language Flood tweets containing 
Pakistan places (September 
2014; one event) 

Flood tweets containing Philippine places 
(July 2014-January 2015; multiple events) 

English 197,651 458,689 
Urdu 74,141 0 
Filipino 0 36,055 

3.2.4. Analytics and outputs 

In this chapter, we bring the information from disaster response organisations; the 

GFDS satellite signal; and Twitter activity together in an analytical framework, to 

produce three types of analyses: location mapping (i.e. ‘where is the flood?’); early 

detection (i.e. ‘when can we know about the flooding?’); and event understanding (i.e. 

‘what do we know about the causes and effects?’). These specific analyses are chosen to 

assess the diverse potential of the near-real time data for disaster response activities. 

We conduct the three analyses using a selection of the satellite and Twitter datasets for 

Pakistan and the Philippines, without aiming to analyse all three questions for both 

countries and for both data types. 

3.2.4.1. Location mapping 

Accurate information about the spatial extent of the ongoing flood at a given point in 

time is essential for effective disaster response. We assess the use of GFDS and online 

media information for near-real time flood mapping, using the extracted data for 

Pakistan. By analysing the GFDS signal, we can produce an estimated significance of the 

flood at each gridded pixel of about 10 by 10 km. In this study, in order to show the 

detected spatial flood extent and for clarity, we selected those pixels with a magnitude 

value above four as threshold of a flood occurrence in an analogous way as the 

experimental global flood maps uses the GFDS data. 
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Similarly, the real-time analysis of online (social) media content can be used to produce 

‘heat maps’ of online activity surrounding a specific topic (Gove et al., 2011; Schreck and 

Keim, 2013), such as flooding. Such maps show the spatial intensity of tweets in a colour 

scheme, at a given time interval (minutes, hours, days, months). For consistency with the 

GFDS data, which is available on a daily basis, we also derived daily heat maps in this 

study. 

3.2.4.2. Early detection 

We assessed the effectiveness of GFDS and Twitter signals to be used for the early 

detection of floods, using the datasets extracted for the Philippines. For both data types 

we studied the temporal trend in the signal strength (i.e. flood magnitude for GFDS, and 

tweet count for Floodtags data). These signals were then compared to the timing of the 

reporting of the flood event by the PRC. The results of this exercise are displayed as a 

graphical overlay of the timing graphs of GFDS and Floodtags data. For Floodtags data, 

this method is illustrated in Figure 3. 1. In addition, we analysed the GFDS signal across 

all events, to draw a statistical distribution of the signal strength across all cases. The 

main purpose of this analysis is to assess the performance of the GFDS signal in the case 

of the Philippines events versus the Pakistan flood. 

 

Figure 3. 1 Schematic display of a typical Twitter count pattern leading up to a flood 
event (graph is illustrative; tweets are actual messages derived from flood events in the 
Philippines in 2014). 

3.2.4.3. Event understanding 

Twitter information provides almost unlimited scope for qualitative situational analysis 

right before, during and after disasters (Meijer, 2015). This may include sentiment 

analysis, photograph analysis as well as impact assessment. In this study, we argue that 
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information from social media may be especially useful to improve the understanding of, 

and response to, unexpected or controversial flood occurrences. Within the flood 

episode in Pakistan, we handpicked a number of such occurrences for which we 

retrieved and analysed qualitative Twitter information. These occurrences include an 

intentional breaching of flood defences to protect selected areas; and the downstream 

flooding following the opening of hydropower dams. For both these types of events we 

analyse the timeline as well as the content of Twitter data, to evaluate its use in disaster 

response. For hydropower dam openings, we also analyse the GFDS signal to analyse the 

potential of the satellite system to detect such events. These are selected to provide 

insights in the timeline, cause and effects of such controversial events, using information 

that is available in near-real time. 

3.3. Results and discussion 

3.3.1. Rapid flood mapping 

Figure 3. 2 shows the estimated daily flood affected areas in Pakistan for 6th, 9th and 

12th September, as estimated from the GFDS satellite signal (panel A) and the Twitter 

activity (panel B). Panel C shows the flood affected areas as published by UN-OCHA two 

weeks after the end of the flooding episode (UN-OCHA, 2014). 

The results demonstrate that the daily flood extents identified in near-real time by the 

GFDS signal (panel A) agree well with the detailed assessment that was produced weeks 

after the ending of the flooding. Furthermore, these maps highlight that detail on the 

spatial development of the flooding, i.e. the gradual change in inundated areas across the 

region, can be tracked with a delay of less than a day. 

The spatial mapping of the twitter activity using the Floodtags platform (panel B) shows 

a substantially different patterns from the GFDS data, highlighting that spatial 

information derived from social media is more complex to assess than satellite-based 

data. First of all, in contrast to the satellite-based inundation identification, flood-related 

tweets are not necessarily an indication of an ongoing flood at the same time and place 

as where the tweet was posted. Research has shown that less than 5% of the disaster 

related tweets during Typhoon Haiyan dealt with personal observations, whereas 40% 

reflected second-hand information (i.e. re-tweets, or tweets about news reports) 

(Takahashi et al., 2015). Second, the heat maps are strongly biased towards urban areas, 

both those affected from floods and those outside of the flood plain. This bias is caused 

by a higher penetration of internet and social media in urban areas. The result from both 

of these effects is clear from the heat maps, which show a large concentration of tweets 

in urban centres such as Islamabad (in the north of the country), Hyderabad and Karachi 

(in the south of the country). These centres of Twitter activity are not directly affected 

by major flooding, highlighting a clear mismatch between the event location and signal 

location in this case. 
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Figure 3. 2 Affected flood areas as derived from different sources: flood signal from GFDS for September 6th, 9th and 12th (panel A); heat 
map based on flood related Twitter activity for September 6th, 9th and 12th (panel B); and inundation map published by UN-OCHA in 
October 2014, outlining all areas that were inundated at some point in September 2014 (panel C). 
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3.3.2. Rapid flood detection 

We assessed the capabilities of the GFDS and Twitter data to rapidly detect flood events, 

by comparing the timing of those signals to the moment on which the flood events were 

reported by the disaster management organisations (PNDA in Pakistan; and PRC in the 

Philippines). Figure 3. 3 shows the results of this analysis for three selected flood events, 

numbered 63 (panel A); 33 (panel B) and 32 (panel C). These three examples highlight 

the mixed performance of both the Twitter and satellite signal for flagging the reported 

flood events. 

Event #63 (panel A) was a local flood event in Pambujan, in Northern Samar region, 

caused by the landfall of Typhoon Ruby. Disaster management organisations in the 

Philippines, including the PRC, were well prepared for the landfall of this typhoon. For 

this specific location, flooding due to overflowing of a dam was reported to the national 

PRC on December 8th and acted upon shortly after, according to the information 

available to the authors (red vertical line). On Twitter, however, over 200 tweets and 

photos testifying and discussing the start of the flooding were already posted starting 

two days earlier (6th December). Small-scale evacuations shown in these tweets 

emphasised that local disaster response organisations (including the Municipal Disaster 

Risk Reduction Management Office) were aware of the ongoing event between the 6th 

and the 8th December. A high GFDS satellite signal was also recorded between the 4th 

and the 6th December, suggesting that high rainfall and flooding may have taken place in 

that period. In the case of this event, therefore, monitoring of the Twitter and GFDS 

signals may therefore have had potential for earlier detection and more rapid disaster 

response of national level humanitarian organisations. 

A consistent early signal based on the analysis of both Twitter and satellite data like this, 

however, is not found for most of the events under analysis. Since the PRC already uses 

Twitter and other (social) media sources to some extent for disaster detection and 

monitoring, the peak in the Twitter signal can often be found on the same day the 

disaster was known to the PRC (Figure 3. 3, panel B). In the case of event #32 (panel C), 

the information received from the PRC indicated that the event was reported (dashed 

red line) 1 day after it occurred (solid red line). Again, a small signal in the Twitter count 

data (black lines) and GFDS data (blue lines) was recorded 1 to 2 days earlier. However, 

the biggest peak in the Twitter signal is recorded on the day of reporting (i.e. 1 day after 

the event occurred). This emphasises that the majority of flood-related tweets are 

generally reporting second-hand information, by retweeting eye witness reports or 

news items (Takahashi et al., 2015). 

The performance of the GFDS signal in these three flood events visualised in Figure 3. 3 

is mixed. In the case of event #63 (panel A), the system seemed to have performed well, 

and there was a strong (>4 magnitude) signal several days before the event was 

reported. In the other two events (panel B and C), however, there was no clear peak 

before the event and the magnitude remained low (<3) between 7 days before and 7 

days after the event. 
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Figure 3. 3 Flood signal from GFDS (blue line) and Twitter analysis (black lines for tweets in English language (fine dash); Filipino language 
(coarse dash); and both languages (solid line)). The red lines indicate when the event occurred (solid) and was reported (dashed). If only 
one red line is shown, the dates of occurrence and reporting are the same. Flood types refer to dam break (‘Dam’) and typhoon (‘TY’). 
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We analysed the statistical distribution of the GFDS signal for this 15 day period 

surrounding each of the 80 flood events in the Philippines; and for 17 different locations 

during the September 2014 Pakistan floods. For comparability across events, we 

analysed the deviation of the GFDS signal compared to the average value for each pixel, 

rather than the absolute GFDS magnitude values. The results of this analysis are 

displayed in Figure 3. 4, for the Philippines (panel A) and Pakistan (panel B). Note that a 

single event date of September 4th is assumed for Pakistan (which is the first date on 

which flooding was reported), whereas the 21 individual event dates are used for the 

Philippines events. In places where GFDS performs well, we would expect a relatively 

high magnitude signal (compared to average) on the days right before and after a 

reported flood (‘day 0’ in Figure 3. 4). 

 

Figure 3. 4 Box plots showing the distribution of signal deviation from the mean, for all 
80 flood events (i.e. 80 locations) reported throughout 2014 in the Philippines (Panel A); 
and the September 2014 floods in Pakistan at 17 locations (panel B). For the event date 
(‘day 0’ on x-axis), we used the specific reported event date for each individual event for 
the Philippines; and 4th September 2014 for Pakistan. 

The results in Figure 3. 4a show that, across all reported flood events in the Philippines, 

the GFDS signal fluctuates without a clear pattern. In general, there is no strong signal of 

higher magnitudes directly before or after reported flood events, although for few 

locations the relative magnitude values are high. There does seem to be a trend in the 

outliers prior to events in the Philippines, perhaps indicating that some events were 

well-captured, whereas many were not. In contrast, the results for Pakistan show a clear 

pattern of increasing signal for all locations right before the date of first flooding (4th 

September), which continues to rise and then slowly decreases. This shows that for most 

locations in the Pakistan analysis, the GFDS signal performs well in showing relative 

changes in flood magnitude. These findings emphasise that the performance of the GFDS 

system depends on the hydrological situation as well as the land-use. The microwave 

satellite signal is generally better able to detect changes in water cover in dry areas (e.g. 

Pakistan) than in the irrigated agricultural lands, wetlands and coastal areas that 
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characterise most of the Philippines. Obviously, the Pakistan floods were also a more 

extreme event than the Philippines event, and therefore easier to detect by satellite 

observation. A full comparison of a wide range of similar-sized events in both countries 

would be needed to assess the effectiveness in early detection in different 

circumstances. 

3.3.3. Improving event understanding 

Satellite early detection signals provide a quantitative indication of the location and 

possible magnitude of an ongoing event. In addition to providing insights in these 

aspects, near-real time data from social media platforms can also provide qualitative 

insights in the situation on the ground (Meijer, 2015). These insights may include public 

discussions about risk prevention and evacuation measures (either pre-emptive, forced 

or voluntary evacuation); picture evidence of ongoing floods; and requests for 

emergency aid.  

In order to assess the use of such data for disaster response, we analysed tweets 

surrounding the flooding near the town of Athara Hazari, in north-eastern Pakistan. This 

specific case was noticed due to the particular and long-lasting pattern of flood-related 

Twitter messages over the period 4th and 29th September, with a number of activity 

peaks. By analysing the content of these messages, a reconstruction of the events during 

this period can be made (Figure 3. 5). This reconstruction shows a following timeline of 

events: starting on September 4th, people are increasingly worried about rising water 

levels; on September 8th, public discussions start about potential management 

strategies of the government, which include intentionally undermining flood protection 

around Athara Hazari in order to protect the headworks at Trimmu and the city Jhang; 

on September 10th, a range of tweets indicate that these dykes are actually blown 

without warning to the local population, inundating at least 100 villages; in the period 

after September 10th, these decisions and their implications were heavily discussed 

within the affected region and beyond. The discussions largely considered questions of 

why this had happened, including speculation that flood protection was jeopardised in 

order to protect the sugar mills owned by the family of the Prime Minister. 

The sudden flooding of lands by blowing of levees and opening or breaking of dams can 

also be identified using the GFDS satellite signal. Figure 3. 6 shows the GFDS signal for 

two locations right downstream (panel A) and upstream (panel B) of the Tarbella dam in 

Pakistan, for 7 days before and 7 days after the 4th September. Panel A shows a very 

strong peak (>8) in the flood magnitude signal downstream of the Tarbella dam on the 

1st September, indicating a sudden opening of this dam. Panel B indicates that the water 

cover upstream of the dam did not see a similar peak, and indeed dropped steeply 2 – 3 

days later. 
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Figure 3. 5 Twitter activity in Pakistan surrounding the blowing of flood defences 
around Athara Hazari for the protection of the Sugar Mills at Trimmu and the city Jhang. 

 

Figure 3. 6 GFDS signal for locations directly downstream (panel A) and upstream (panel 
B) of the Tarbella Dam, in North-Eastern Pakistan. 

Pakistan has more than 20 major dams and barrages, which have an important role in 

the occurrence and management of floods. Twitter is an important platform for the 

population to discuss issues surrounding these dams, such as full reservoirs; sudden 

dam openings; and barrage overtopping. We analysed the twitter signal about a range of 

dams in the affected areas in Pakistan, as well as a range of dams located further 

upstream in India (districts Jammu, Kashmir, Himachal Pradesh and Punjab) and 

immediately downstream in Pakistan (districts Jhelum and Mandi Bahaudin) (Figure 3. 
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7). The peaks in the Twitter activity follow the flow of the river. Tweet counts in Indian 

districts peak around mid-August; the Mangla dam in North-Eastern Pakistan shows a 

small peak on 5 September; four days later, a peak is recorded in the Jhelum district 

further downstream; and another few days after, the Mandi Bahauddin district peaks. As 

noted previously, only part of the Twitter messages can be attributed to direct 

observations, whereas a majority of tweets are reflecting upon these observations. 

Analysing the content of the tweets, we find that the small peak at Mangla Dam on the 

5th September includes Twitter users discussing their worry about the full capacity of 

Mangla Reservoir. Later in the months (20th September) Twitter users discuss the fact 

that the Meteorological Department in Pakistan advised Mangla Dam to release water as 

early as mid-August. According to Twitter users, this warning had not been followed up, 

leading to the Mangla Dam being full despite warnings. A full dam capacity is hazardous 

when high rainfall is expected in the upstream area, since it may force the dam operator 

to open the dam for the release of substantial amounts of water. Actively following these 

dam-related conversations on social media could give humanitarian organisations 

enhanced insights in the potential for a dam opening upon high rainfall upstream, and 

could therefore be useful in preparing for potential flood impacts. Twitter could also be 

used as a medium for two-way communication with people living downstream of the 

dam, to gain further intelligence and to advice these people on possible preparedness 

activities.

 

Figure 3. 7 Tweet count related to dams and barrages, along the Jhelum, Chenab and 
Ravi rivers. The locations are roughly ordered from upstream to downstream 
(numbered 1 to 6). 

3.4.  Conclusions and recommendations 

In this research we analysed the potential value of near real-time satellite and social 

media information for improving the understanding of the location; timing; causes and 

impacts of floods, in order to enhance the speed and effectiveness of disaster response. 

Both the GFDS satellite data and the Twitter data that we analysed in this chapter have 
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huge potential for enhancing disaster response, whereas both also have issues. In this 

section we will discuss some of these issues and propose further research directions. 

3.4.1. GFDS satellite information 

In general, GFDS is suited for monitoring and measuring large riverine floods and less so 

for small floods of short duration. In particular, GFDS provides unique information to 

assess the dynamic aspects of floods and for the quantitative measurement of flood 

impact. However, there are some known errors in the signal (Brakenridge et al., 2015), 

including: 1) in agricultural areas, irrigation fields can affect the signal, as was shown by 

the relatively weak performance of the signal in the Philippines compared to Pakistan 

(Section 3.3.2) intermittent instrument noise occasionally produces intermittent 

positive spikes in streamflow (there is ongoing work by the Dartmouth Flood 

Observatory to solve this issue); 3) snow gives a similar signal as water and is not 

filtered out in the current version; 4) due to the methodology applied to calculate the 

signal, GFDS may give erroneous results in coastal areas. The GFDS signal is therefore 

less suited for use in delta regions and islands. 

Furthermore, care should be taken when interpreting the absolute magnitude values 

from GFDS. For the flood maps shown is this study (Section 3.3.1), we used only those 

flood magnitude values above 4, because we wanted to spatially focus on the areas with 

more extreme flood anomaly detected by GFDS. However, values between 2 and 4 are 

typically associated a small and regular flood. From a humanitarian action point of view, 

these values could be combined with field knowledge of the vulnerability of specific 

areas. Values above 2 can then be used to set up monitoring and prepare for the 

potential development of a large flood. This can be complementary to analysis of 

forecasted extreme precipitation or flood forecasts from national meteorological 

services and global systems such as the Global Flood Awareness System. In addition, the 

GFDS offers the possibility to facilitate monitoring by displaying areas of interest in a 

(pre-) operational manner into the website, as is done for Bangladesh (European 

Commission Joint Research Centre, 2015). 

As research and technology progresses, additional satellite products should be 

considered as alternatives to GFDS. At this point, GFDS and MODIS (see Section 3.2.2) 

are the only sources of satellite water detection which are publicly available with daily 

time step. One separate development that may be a promising alternative is the progress 

in global flood forecasting models (Ward et al., 2015a), such as GloFAS (Global Flood 

Awareness System; Alfieri et al., 2013) and GFMS (Global Flood Monitoring System; 

Huan Wu et al., 2014). The performance of these systems for taking DRM actions prior to 

flood events is currently being tested by Uganda Red Cross, together with German Red 

Cross and Red Cross Red Crescent Climate Centre (Coughlan de Perez et al., 2015a). 

Currently, the uncertainty in the predictions is still large, and such forecast products 

cannot be considered as reliable as detection products such as GFDS. However, the lack 

of adequate ground truth for most of the flood events that occurs, makes the evaluation 
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of both (prototypes) flood forecasting and satellite monitoring systems challenging (see 

Chapter 4). Nevertheless, there are several studies that have tested the impact of using 

satellite-derived flood inundation products for calibration (Di Baldassarre et al., 2009; 

Milzow et al., 2011) or data assimilation (Giustarini et al., 2011; Zhang et al., 2013) 

within hydrological models to improve its skill, showing promising results. 

3.4.2. Twitter analysis  

In contrast to the GFDS signal, which is better suited for monitoring large floods, Twitter 

can be used to monitor floods of any size, as long as the observations and discussions are 

shared by people on social media. This analysis was shown to have several challenges. 

First, the consistent and accurate geographical allocation of the Twitter messages is 

complex (Dunkel, 2015; Takahashi et al., 2015; Van Laere et al., 2013). In assessing the 

geographical location, we are looking for the impact location, rather than the 

geographical location of reporting, by analysing place indications in the body of the 

tweet text. This is complex, since body texts may contain many ambiguous words, 

including place names, which may cause that a substantial share of the messages cannot 

be confidently georeferenced. In addition, there may be place names that are featured 

multiple times within the same country (Leetaru et al., 2013). Georeferencing messages 

outside of the affected area is a key priority, given that the majority of tweets is 

discussing second hand information rather than observations (Takahashi et al., 2015). 

A second challenge is analysing the spatial distribution of tweet intensity. For densely 

populated areas, results showed that we can easily find large numbers of tweets about 

(upcoming) floods. However, for rural areas, such as Northern Samar in the Philippines, 

we found only two eye witnesses tweeting. Such a small tweet intensity is unlikely to 

alarm observers from humanitarian organisations, unless these are specifically called 

upon in the tweet (e.g. by using ‘@philredcross’). In addition, such small numbers of eye-

witness reports raise questions about false-alarm rates. Given the costs associated with 

disaster response, one or two eye-witness reports are unlikely to trigger action on the 

side of the humanitarian organisation. However, they could trigger further investigation, 

for example by responding directly to the specific Twitter user.  

Third, there are challenges surrounding the selection of tweets that are relevant for the 

issues we need answers to. For this study, we conducted the assessment using a 

relatively simple query and using its statistics. Whereas the results are already 

promising, the accuracy could improve if we would improve the processing of data, for 

example by classify the data using clusters (Hürriyetoğlu, 2015). Clustering according to 

subjects may enable the user to distinguish the different types of observations and use 

them accordingly.  

Finally, when monitoring social media, it may be interesting to distinguish individual 

messages from the ‘wisdom of the crowds’ (Galton, 1949). While a single tweet may not 

say much (e.g., one person worries about a flood), the crowd may indicate that 

something will actually happen (e.g. many people worry about a flood and with it, 
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predict the flood). This effect could be nourished by making people aware that their 

messages are used effectively for disaster response, which may lead to more responsible 

and informative tweets. 

3.4.3. Recommendations for further research 

In this study we have identified a number of recommendations for further research on 

the use of near-real time satellite and Twitter data for disaster response. 

1) Post-processing and filtering: further research efforts are needed to develop a 

comprehensive near-real time post-processing and filtering methodologies for social 

media content. These methodologies, which may include more sophisticated textual, 

geographical and sentimental analyses, should aim for improving the accuracy of the 

location and impact analytics that are derived from these data, making the 

information more useful for humanitarian organisations. 

 

2) Near real-time action trigger analysis: this study has shown that many of the flood 

events can be traced in the GFDS and Twitter signal, as a relative increase in signal 

compared to the baseline. However, there is currently no link between a certain 

signal magnitude and the probability or intensity of a flood, and therefore with 

certain preparedness or response measures. Further research efforts are needed to 

analyse the signal magnitude during floods in various geographical settings; to link 

these magnitudes to relevant preparedness measures at the side of humanitarian 

organisations; and to establish the communication links between the data producers 

and humanitarian organisations to enable these actions to be taken. 

 

3) Linking signals with vulnerabilities: humanitarian organisations such as the PRC are 

conducting regular Vulnerability Capacity Assessments (VCAs) in order to 

understand the vulnerability of communities (van Aalst et al., 2008). There is a 

potential for linking the flood signals from satellite observation and social media to 

detailed knowledge of the vulnerabilities in the area, to make a more substantiated 

judgement about potential humanitarian actions in the region. 

 

4) Citizen reporters: there are currently initiatives ongoing in the Philippines to deploy 

‘citizen reporters’, which are civilians who are asked for real-time information of 

ongoing events which is then used publicly by TV news stations. The system of 

citizen reporters may be equally valuable for humanitarian organisations, who could 

follow and support their volunteers during ongoing events, using social media such 

as Twitter. Research is needed to assess how such an approach could be 

implemented in the work flow of humanitarian organisations, and how this could be 

used to improve disaster response. 

 

5) Partnerships: Easy access to information generated by social media and using it 

accordingly, can be a way forward towards new partnerships in disaster 
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preparedness and response, and towards evolving approaches of working together. 

Research is needed to establish which partners are currently involved in disaster 

reduction and response, and how harnessing social media could change their 

relationships. 
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Abstract. Early flood warning and real-time monitoring systems play a key role in flood risk 

reduction and disaster response decisions. Global-scale flood forecasting and satellite-based 

flood detection systems are currently operating, however their reliability for decision 

making applications needs to be assessed. In this study, we performed comparative 

evaluations of several operational global flood forecasting and flood detection systems, using 

10 major flood events recorded over 2012-2014. Specifically, we evaluated the spatial extent 

and temporal characteristics of flood detections from the Global Flood Detection System 

(GFDS) and the Global Flood Awareness System (GloFAS). Furthermore, we compared the 

GFDS flood maps with those from NASA’s two Moderate Resolution Imaging 

Spectroradiometer (MODIS) sensors. Results reveal that: 1) general agreement was found 

between the GFDS and MODIS flood detection systems, 2) large differences exist in the 

spatio-temporal characteristics of the GFDS detections and GloFAS forecasts, and 3) the 

quantitative validation of global flood disasters in data-sparse regions is highly challenging. 

Overall, the satellite remote sensing provides useful near real-time flood information that 

can be useful for risk management. We highlight the known limitations of global flood 

detection and forecasting systems, and propose ways forward to improve the reliability of 

large scale flood monitoring tools. 

4.1. Introduction  

Floods are among the most catastrophic natural disasters globally in terms of impact on 

human life and the economy. For example, in the last two decades, they accounted for 55% of 

people affected (Centre for Research on the Epidemiology of Disasters (CRED), 2015) and 

caused a major share of the economic damages. Even though flooding is a global phenomenon, 

Asia and Africa were worse hit by flood damages compared to other continents due not only 

to the higher frequency or magnitude of the flood events, but also due to the more exposed 

and vulnerable societies, and the lack of coping capacity of the institutions in these continents 

(UNISDR, 2015a). In light of mitigating the impacts, global scale flood risk reduction measures 

such as early warning systems (e.g., flood forecasting systems), and satellite-based real-time 

detection and monitoring tools have been developed in the last decade. In partnership (De 

Groeve et al., 2014b) with international flood disaster response organizations and end-users, 
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these measures (Alfieri et al., 2013; Van Beek and Bierkens, 2009; H. Wu et al., 2014; 

Yamazaki et al., 2011) are useful to increase awareness of upcoming and ongoing flooding and 

contribute to improved flood disaster management.  

To be used at their full potential, it is essential that end users can assess the reliability of these 

data services and processing systems in terms of whether they correctly represent the flood 

occurrence and characteristics on the ground. For example, humanitarian sectors need to 

know the skill of the forecasting or detection systems if they are to be used in decision-making 

for action (Coughlan de Perez et al., 2015b; Stephens et al., 2015). However, any global-scale 

validation of these systems is hampered by the lack or limited availability of in situ 

streamflow in many areas of the world (Global Runoff Data Centre (GRDC), 2015; Hannah et 

al., 2011). This constraint is even more acute for validation of real-time flood forecasts. For 

instance, from the 2692 global stations with some daily streamflow data available between 

2011 and 2015 currently provided by the Global Runoff Data Centre(Global Runoff Data 

Centre (GRDC), 2015), only ~0.2% of these stations are located outside Europe, North 

America, Australia and South Africa. This indicates that either the vast majority of the globe is 

without recent updates of streamflow data or that the data collected at the national level is 

not being shared publicly. 

To fill this gap, data from satellite remote sensing of surface water extent and levels have been 

considered either as a complementary, or an alternative to in situ measurements(Schumann 

et al., 2009; Smith, 1997). In several applications, they have successfully been used as a proxy 

for streamflow (Birkinshaw et al., 2014; Brakenridge et al., 2007; Gleason and Smith, 2014; 

Tarpanelli et al., 2013a; Chapter 2), for model calibration and/or validation (Di Baldassarre et 

al., 2009; Giustarini et al., 2011; Hirpa et al., 2014; Hostache et al., 2009; Wanders et al., 

2014b; Chapter 5), and hydrologic data assimilation (Giustarini et al., 2011; Hirpa et al., 2014; 

Hostache et al., 2009; Wanders et al., 2014b). For example, data from satellite passive 

microwave sensors have been used for detecting flooded areas (Di Baldassarre et al., 2009; 

Domeneghetti et al., 2014; Dung et al., 2011; Kundu et al., 2015; Schumann and Moller, n.d.; 

Sun et al., 2010), and satellite altimeters have been used to estimate water surface elevation 

(Birkett et al., 2002; Getirana, 2010; Sun et al., 2012a). Other applications based on satellite-

derived data, and beneficial for flood models, are related to better values for topographic 

elements such as river channel width (Allen and Pavelsky, 2015) and depth (Callow and 

Boggs, 2013; Durand et al., 2008). 

Flooding can occur due to various phenomena. Coastal flood is caused by storm surges, sea 

level rise or tsunami wave; riverine flood normally occurs as a result of heavy rainfall in the 

upstream areas of a catchment causing an inundation of a normally dry area due to high water 

volumes (levels) in river streams; flash flood is caused by heavy rainfall in short period of 

time or a sudden release of dams; and more flood inundation could occur due to lake overflow 

or groundwater level rise. Different modelling and measurement approaches are needed to 

forecast or detect each of the various flood types. For instance, hydrological models used for 

flood forecasting typically focus on riverine floods (streamflow volume and hazard maps) 

while most satellite sensors detect flood inundated areas which could be results of riverine 

floods, flash floods, lake expansion or other changes in water surface area. 
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At global scale, the most commonly used flood inundation maps are derived from passive 

microwave sensors (Brakenridge et al., 2007; Kugler and De Groeve, 2007) or from Moderate 

Resolution Imaging Spectroradiometer (MODIS) imagery (Tarpanelli et al., 2013a). The Global 

Flood Detection System (GFDS) is an experimental system set up to detect and map in near-

real time major river floods based on daily passive microwave satellite observations, on daily 

basis at a spatial resolution of 0.09° × 0.09°. The GFDS is being used to monitor ongoing floods 

by several international organizations. It has been previously used for a multi-satellite 

validation study (Khan et al., 2014) for the flood event in Pakistan in 2010 and compared to 

social media information for Pakistan and Philippines flood disasters in 2014 (Jongman et al., 

2015a). It was found that the GFDS flood signal is well correlated with the in situ streamflow 

for the 2010 Indus river flood in Pakistan (Khan et al., 2014). Another near real-time global 

flood mapping is based on optical imagery from MODIS (Nigro et al., 2014) produced at 250 m 

spatial resolution and at daily time steps. Although the GFDS and MODIS datasets are valuable 

sources of land surface hydrological information, especially due to their global coverage, open 

data policy and the advantage of being available at frequent temporal intervals and shortly 

after the satellite image retrieval, there is a need for evaluating their reliability for disaster 

management/response purposes. 

Previous evaluation studies are focused on smaller scales (e.g., basin scale), and have shown a 

fairly good agreement between remotely sensed flood extent and in situ streamflow, in cases 

where the latter is available (Brakenridge and Anderson, 2006b; Tarpanelli et al., 2013a). 

Moreover, it has been noted (Khan et al., 2014) that data from multispectral and microwave 

remote sensors is useful for supplementation of stream gauges in sparsely gauged basins. 

Other studies have used inundation extents derived from relatively higher resolution (30m) 

Landsat TM/ETM+ images as the “ground truth” to evaluate MODIS images (Huang et al., 

2014; Memon et al., 2015b; Sakamoto et al., 2007), and they found an agreement of 73%–97% 

between the two products for those case studies. However, it should be noted that the Landsat 

revisit time is 16 days, and therefore has a potential of missing shorter flood events. 

Furthermore, streamflow time series from model simulations have been used for improving 

the flood inundation maps from satellite-remote sensing (Brakenridge et al., 2012; Huang et 

al., 2014; Khan et al., 2011). Finally, it is evident that it is a challenging task to do a global scale 

validation of flood inundation extent because of the lack of reliable validation data during the 

time period of flood event (Chapman et al., 2015). 

In this study, we use probabilistic streamflow forecasts from the Global Flood Awareness 

System (GloFAS) (Alfieri et al., 2013) for comparatively evaluating the remotely sensed flood 

maps using 10 riverine flood cases obtained from global flood databases (Brakenridge, 2015; 

Guha-Sapir et al., 2015). The flood databases mainly contain information related to flood 

hazard (intensity, extent and duration), and standards for recording and sharing disaster loss 

and damage data (De Groeve et al., 2015) are under development. All the case studies are 

located in Africa, Asia, or South America, all of which are traditionally regions with limited up-

to-date in situ streamflow data (World Meteorological Organization, 2013). Our study focuses 

on major events since these are likely to be reported in media, and archived in the disaster 

databases. 
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The overarching objective of this study is to investigate the skills of the detection and 

forecasting systems in correctly characterizing the flood events (in terms of their extent, 

location, and duration). Specifically, we aim to evaluate the usability of the global scale 

detection and forecasting systems for operational flood monitoring, and outline the limitations 

of each system. In Section 4.2 we present the study regions, the flood case studies and the data 

used. Section 4.3 explains the methodologies related to the satellite data and the hydrologic 

model, as well as the assessment procedures. Results and discussion are presented in Sections 

4.4 and 4.5, respectively, and conclusions are summarized in Section 4.6. 

4.2. Study regions and data 

The evaluation study was carried out using major flood events selected from global flood 

archives. The details of the study regions and data used are described as follows. 

4.2.1. Flood Disaster Databases and Case Studies 

We selected ten major flood events that occurred in data-sparse regions during a three-year 

period, between 2012 and 2014 (Figure 4. 1, Table 4. 2). The selected riverine floods were 

caused by heavy or monsoonal rainfall and have a reported duration of at least 15 days. All 

events were recorded in the Dartmouth Flood Observatory (DFO) Archive (Brakenridge, 

2015) and the Emergency Database (EM-DAT) (Guha-Sapir et al., 2015). While DFO archive 

exclusively focuses on flood hazards and it is more comprehensive, the EM-DAT database 

records all kinds of disasters that fulfil at least one of their criteria: ten or more people killed; 

hundreds or more reported affects; declaration of a state of emergency; or a call for 

international assistance. 

The DFO archive maintains a historical list of major global flood events since 1985 based on 

various news, governmental, instrumental, and remote sensing sources. The archive includes 

information such as the start and end dates of a flood event, estimates of affected area, 

approximate centroid of the affected area, and the severity and damages caused by the flood 

disasters. The global map of flood affected areas (which may not be actual flooded areas) are 

produced by the DFO based upon information acquired from news sources (Brakenridge, 

2015). 

The EM-DAT flood database also provides a list of historical global flood disasters covering a 

longer time period (more than 100 years) that includes the duration of the flood, impacted 

area, and damages caused. For this study, the maps of impacted area for the selected flood 

disasters were provided by the Centre for Research on the Epidemiology of Disasters 

(CRED), which maintains the EM-DAT. The impacts of the flood disasters in the EM-DAT 

database is georeferenced based on the administrative units of the population and/or 

infrastructure impacted, which may not directly correspond to the footprint of the flood 

hazard. We use these impacted area maps produced for the 10 case studies, but it should be 

noted that the administrative units usually cover larger geographical area than the flood 

inundations, and should be carefully used. 
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Note that throughout this chapter, we define the affected area as the area affected by the flood 

hazard, in agreement with DFO definition when satellite mapping is used, and the impacted area 

as the area where the flood hazard provoked direct impact on the population and/or 

infrastructures, in agreement with EM-DAT definition. The inconsistency that sometimes exists 

between the databases with regards to representing the extent of the flood affected or impacted 

areas is identified as a limitation in this chapter. 

 
Figure 4. 1. Location of the 10 flood events as recorded in the Dartmouth Flood Observatory 
with DFO centroid and Id number indicated. The flood impacted regions from EM-DAT are 
shown as shaded polygons. Lines represent main GRDC Rivers (blue) and country borders 
(grey). Panels show a) South America, b) Africa, and c) Asia. 
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Table 4. 1 List of the 10 selected flood case studies from the Dartmouth Flood Observatory Archive (Brakenridge, 2015). The upstream areas of 
the DFO centroids were calculated from the local drainage map of GloFAS (Alfieri et al., 2013). 

Case study ID DFO ID # Country Detailed Locations Began Ended Cause DFO Centroid 
X 

DFO Centroid Y Upstream area 
[x1000 km2] 

1 3976 Nigeria, Cameroon Adamawa state, eastern Nigeria, Kogi 
state 

25/08/2012 26/09/2012 Heavy rain, 
Dam released 

12.1089 9.30166 170 

2 3987 India  Assam, north-eastern India 19/09/2012 15/10/2012 Monsoonal 
rain 

93.6379 26.8031 469 

3 4023 Mozambique, 
Namibia, Malawi, 
Zimbabwe 

Limpopo river basin in southern 
province of Gaza, Zimbabwe along 
border with South Africa, KwaZulu-
Natal in South Africa, northern 
Mozambique 

17/01/2013 4/3/2013 Heavy rain 32.6773 -24.8006 329 

4 4083 China, Russia NE China, including Fushun City, 
Liaoning Province 

7/8/2013 14/10/2013 Heavy rain 130.272 50.5323 914 

5 4082 Pakistan Punjab, Sindh, and Baluchistan 7/8/2013 21/08/2013 Monsoonal 
rain 

69.1065 28.7404 742 

6 4092 Thailand 26 of 77 provinces 30/09/2013 14/10/2013 Monsoonal 
rain 

101.694 13.0819 1.2 

7 4113 Brazil Southeast states of Minas Gerais, and 
Espirito Santo 

23/12/2013 04/01/2014 Heavy rain -41.9423 -18.9538 81 

8 4117 Bolivia La Paz, Beni, Santa Cruz & 
Cochabamba; north-eastern Bolivia 

10/1/2014 1/5/2014 Heavy rain -64.0135 -13.3888 161 

9 4123 Mozambique Johannesburg, Kliptown, Soweto, 
eastern South Africa, Zimbabwe, and 
SE Mozambique, Kruger, Incomati 
River 

24/02/2014 10/3/2014 Heavy rain 31.5459 -24.4459 54 

10 4131 South Africa, 
Namibia, Botswana, 
Zimbabwe 

SADC region, Zambezi River 
Limpopo, Mpumalanga, North West, 
Gauteng, KwaZulu Natal 

1/3/2014 30/03/2014 Heavy rain 25.6074 -21.5153 223 
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4.2.2. Satellite-derived Global Flood Monitoring 

4.2.2.1. GFDS Flood Magnitude 

The Global Flood Detection System (GFDS) (Kugler and De Groeve, 2007) estimates the 

change in surface water extent based on signal information from satellite-based passive 

microwave sensors. This system uses the difference in brightness temperature, at a 

frequency of 36.5 GHz, between water and land surface to estimate the proportion of 

water within-pixel over land. To minimize the influence of cloud and local ground 

factors, the signal from the “wet pixel” within the river reach is normalized using a signal 

from a nearby “dry pixel” (Brakenridge et al., 2007). The ratio of the wet to dry pixels is 

produced daily at 0.09° × 0.09° global grids. The GFDS also provides the anomaly of the 

flood signal estimated as the number of standard deviation from the long-term mean 

(Brakenridge et al., 2007). This anomaly, referred to as GFDS flood magnitude, has 

higher positive values (above the long-term mean) for large floods, and negative values 

(lower than long-term mean) for dry conditions. In this study, as in the currently 

operational GFDS, a four day forward-running mean of the GFDS flood magnitude is used 

in order to avoid any missing days (Kugler and De Groeve, 2007) in the satellite data. 

Depending on the termination and launch of different satellite missions, GFDS has used 

data from a combination of different passive microwave sensors since 1998, including 

the Tropical Rainfall Measuring Mission (TRMM; NASA), the Advanced Microwave 

Scanning Radiometer for Earth Observation System (AMSR-E; NASA),AMSR2 (JAXA), and 

the Global Precipitation Measurement (GPM; NASA). For all selected flood events in this 

study, the GFDS flood signal and magnitudes were estimated based on passive 

microwave signal from TRMM and AMSR2, since AMSR-E was no longer active and GPM 

was not yet included during the period of interest, from August 2012 until May 2014. 

4.2.3. MODIS Flood Maps 

Flood maps were also derived from the satellite-based MODIS Near Real-Time Global 

Flood Mapping Project (Nigro et al., 2014). Global daily surface and floodwater maps 

from MODIS are produced at 250 m resolution, in 10° × 10° global tiles. Onboard the 

National Aeronautic and Space Admiration (NASA)’s Terra and Aqua satellites, the 

MODIS instrument provides twice daily near-global coverage in two optical bands. The 

MODIS Water Product (MWP) is currently produced for each global land pixel with four 

assigned values ranging from 0 to 3, which correspond to an invalid data, a no water 

pixel, a reference pixel with water and a flood pixel respectively. Previous evaluation of 

the flood and permanent water detection of the MODIS Near Real-Time (NRT) Global 

Flood Mapping Product (Nigro et al., 2014) indicated that the extreme terrain, terrain 

shadows, volcanic surface materials (young and un-vegetated lava flows), and cloud 

shadows are the main source of errors in flood detection. In this study, to minimize the 
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effects of cloud and terrain shadows we use the MODIS Flood Map (pixels with a MWP 

value of 3) estimated based on composite of 2-day observation window (2D2OT, v.4.9) 

from both Aqua and Terra satellites. 

4.2.4. GloFAS Flood Forecasting 

Streamflow forecasts for the case studies were derived from the Global Flood Awareness 

System (GloFAS) (Alfieri et al., 2013), which is a scheme that generates medium-range 

daily ensemble streamflow forecasts and flood threshold exceedance probabilities for all 

rivers with upstream areas of more than 4000 km2 worldwide at a 0.1° grid resolution. 

The GloFAS uses a coupled land surface and distributed hydrologic model. The 

meteorological forcing are obtained from the Ensemble Prediction System (ENS) of the 

European Centre for Medium-range Weather Forecasting (ECMWF) (Buizza et al., 2007). 

The land surface energy and water balance calculations are performed by the 

Hydrologically modified Tiled ECMWF Scheme for Surface Exchanges over Land (H-

TESSEL) (Balsamo et al., 2009; Dutra et al., 2010). Then, the surface and subsurface 

runoffs are routed along river channels using a one-dimensional LISFLOOD channel 

routing module (Burek et al., 2013; Van Der Knijff et al., 2010) with a four-point implicit 

finite difference solution of the kinematic wave equation (Chow et al., 1988), accounting 

for flow routing and groundwater processes. For a full description of the model the 

reader is refer to (Alfieri et al., 2013; Burek et al., 2013; Hirpa et al., 2016). For the 

selected flood events, we extracted 1- to 10-day lead forecasts and flood threshold 

exceedance probabilities from real-time GloFAS forecasts for the duration of the 

reported flood period. The reference climatology for determination of critical flood 

thresholds was derived based on ECMWF reforecasts, which are routinely produced 

using the most recent weather model (Hirpa et al., 2016). 

4.3. Methodology 

We evaluated the skill of the satellite-based GFDS, the MODIS Flood Map, and the 

streamflow generated by the GloFAS model to monitor floods. This was done by 

investigating the spatial and temporal dynamics of all systems for the selected flood events. 

Due to the lack of publicly available in situ streamflow, or flood extent measurements for the 

case studies, simulated streamflow is the only viable option for obtaining an independent 

streamflow time series for the evaluation of the satellite-detected flood. The three data 

products we evaluate are, however, independent of each other, and the “ground truth” 

from the flood archives is also independent of any of the satellite systems. 

The evaluation method is based primarily on three statistics obtained from the flood 

archives: flood period, map of impacted area, and centroid of the affected area. As stated 

in Section 4.2.1, the flood period (i.e., the start and end date) and the centroid of the 
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flood affected area was provided by the DFO, and the map of the flood impacted area 

was obtained from CRED. For each selected flood event, the evaluation consists of the 

assessment of the spatial location of the flood event detected from satellite sensors and 

forecasted with the model simulation, and the temporal dynamics within the impacted 

area. 

4.3.1. Flood Maps 

For each flood event, we created daily flood maps from the GFDS flood magnitude, 

MODIS Flood Map (MFM), and GloFAS flood forecasts for all the days during the 

reported flood period. Firstly, for GFDS we produced Boolean maps (1 for a flood and 0 

for no flood) using the daily flood magnitude estimates for each 0.09° × 0.09° pixel over 

the impacted area and vicinity. The Boolean maps were produced based on whether the 

magnitude exceeds the recommended threshold value of four (GFDS magnitude > 4) 

(Kugler and De Groeve, 2007). This means that pixels with smaller GFDS flood 

magnitudes (including small floods) were classified as non-floods in this study, to focus 

on larger floods. For MODIS we also created Boolean flood maps based on whether the 

pixel indicated flood (MFM) or not. The Boolean flood maps were aggregated over all 

days during the reported flood to create the GFDS and MODIS maximum flood extent. 

Then, we compare the maximum flood extent detected by the GFDS and MFM over the 

case studies. 

For GloFAS forecasts, we calculated the daily flood probability for each 0.1° × 0.1° model 

pixel over the reported flood area. The flood probability (between 0% and 100%) for 

each pixel is calculated as the percentage of the 51-ensemble streamflow forecast 

exceeding a critical flood threshold, which has been estimated from long-term model 

runs using ECMWFs data. Then, for both GFDS and GloFAS, we determined the total 

number of flood days during the reported flood period based on the threshold 

exceedance of each pixel. Specifically, in case of GFDS the total number of flood days is a 

count of days for which the GFDS flood magnitude is greater than 4, and for GloFAS it is 

the days for which the ensemble median exceeds a given return level. In this study, we 

selected a 20-year return level as representative of large floods, but this exercise can be 

repeated for any other flood magnitude. 

4.3.2. Flood Detection Indicator 

In order to compare how the systems detected the temporal dynamics of the flood, we 

contrasted the detection rate time series of GFDS and GloFAS during the entire flood 

period. For this, we defined a flood detection indicator as follows. For GloFAS, the 

indicator for each day is defined as the percentage of river pixels with upstream area ≥ 

5000 km2 within the impacted area that indicated a threshold exceedance probability of 

at least 50% (i.e., corresponding to the ensemble median), where the flood threshold 
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was determined as 20-year return level. To estimate the flood detection indicator for the 

GFDS we used high resolution (1 km) global flood hazard maps (Dottori et al., under 

review) produced for different flood magnitudes using a combination of hydrologic and 

hydraulic models. The streamflow climatology was produced based on global 

atmospheric reanalysis dataset ERA-Interim (Dee et al., 2011) as input to the hydrologic 

model. Then the high magnitude streamflow (e.g., 10-year return flood) is mapped to 

flood inundation using the 2D hydraulic model CA2D (Dottori and Todini, 2011). The 

evaluation of the global flood hazard map shows a good agreement with satellite 

imagery (Dottori et al., under review). We used a global flood hazard map corresponding 

to a 14-year magnitude flood to determine flood plains at the GFDS resolution (0.09°), 

and then we estimated the flood detection indicator for the GFDS as the percentage of 

the flood plain pixels where the GFDS indicated large flood (GFDS magnitude > 4). 

4.3.3. Data Agreement at Specific Locations 

We also evaluated the GFDS flood detection and GloFAS forecast skills at selected 

locations within the impacted area. This helps understand how the temporal evolution 

of a flood event was captured by the detection and/or the forecasting systems, and how 

they compare. A pixel on main river channel (Table 4. 1) close to the reported centroid 

of the DFO impacted area was selected for each event and time series of the GFDS flood 

magnitude, and GloFAS ensemble streamflow forecast were extracted. Then, the time 

series of the two systems were compared during the flood period. The MODIS Flood Map 

was excluded in this analysis because it only classifies a given pixel as flood or no flood 

without providing the magnitude of the flood.  

In order to quantitatively measure the agreement between GFDS and GloFAS, we 

calculated the Pearson linear correlation coefficient (r) for each flood event as: 

  
                   

 
   

           
 
   

            
 
   

 

 
(1) 

where s is the GFDS magnitude for a given flood event, Q the mean of the GloFAS 

streamflow forecast,    is the mean of s, and    is the mean of Q and n is the duration 

(days) of a flood event. Since the GFDS data contains information only on variability and 

timing, but not on magnitude of the flows in volumetric streamflow units, other 

traditional metrics such as root mean square difference cannot be calculated. 



Chapter 4. Global flood forecasts and satellite-derived inundation role in data-sparse regions 
 

65 
 

4.4. Results 

4.4.1. Comparison of the GFDS and MODIS Flood Maps 

Figure 4. 2 shows examples of the maximum flood extent maps estimated by aggregating 

the GFDS flood magnitude and MODIS Flood Map over the total duration of the floods as 

reported by the DFO. The maps show the satellite-based detection pixels that indicated 

flood on any given day (i.e., at least one day) over the duration of the flood event. For 

reference, we also show the overlay of the impacted area as provided by the EM-DAT for 

each event. In general, both remote sensing products detected flooding along parts of 

the major rivers, but the flood inundation patterns of the sensors are different.  

  

  

Figure 4. 2 Maximum flood extent aggregated over the duration of a flood event as 
detected by GFDS (GFDS > 4) and MODIS Flood Map (MWP = 3). The flood cases shown 
are for Nigeria (2012), China (2012), Pakistan (2013) and Bolivia (2014). 
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For example, the passive microwave-based GFDS detected flooding over larger areas for 

the 2012 Nigeria case (see also Table 4. 1), while the MODIS showed inundations only 

along the main river channels. Larger areas were identified as flood inundated by GFDS 

compared to MODIS for the 2014 Bolivia flood. Fairly similar detection patterns were 

observed for some other cases such as the 2013 flood in north-eastern China/Russia, 

and Pakistan. Conversely, MODIS detected flood over a larger area for the 2012 floods of 

Brahmaputra River in India (maps not shown are provided in the appendix C). 

For some of the cases (e.g., Brazil and southern Africa), both satellite-based products 

either detected flood in a small area or showed scattered floods across the area of 

interest. Clearly, this provides little flood indication to end users who rely on these 

products to draw the right conclusions for their aid management or decision-making. 

The different flood detection characteristics of the two products can be attributed to 

their different sensors and resolutions used for detecting the water surfaces. The GFDS 

flood product is based on passive microwave sensing of water surfaces, while the MODIS 

products use optical imagery that can potentially be affected by cloud cover leading to 

missed flood cases. However, the MODIS products have higher resolution (250 m) 

compared to the GFDS (0.90° grids, ~10 km at the equator), which, in the absence of 

clouds, enables it capture finer details of the surface water change. 

4.4.2. Comparison of the GFDS and GloFAS 

4.4.2.1. Flood Duration  

Next we compare the GFDS flood magnitude detection and the GloFAS flood forecasts in 

terms of flood duration for the case studies. Figure 4. 3 shows the percentage maps of 

days, from a total of the reported flood duration, when the detection or the forecasting 

systems indicated a flood event. Note that, on any given day and at a location, we 

determine that a flood has occurred for GFDS when the flood magnitude is greater than 

4, and for GloFAS when the median of the ensemble forecast exceeds the 20-year flood 

threshold. 

The flood map examples show the 2012 Nigeria flood (Case 1), the 2013 floods in China 

and Russia (Case 4) and in Pakistan (Case 5), and the 2014 flood in Bolivia (Case 8). The 

results indicate that the GFDS detected flooding over most parts of Benue River in the 

eastern Nigeria during the whole 33 days (100%) of the reported flood, while a long 

duration flood was also detected in parts of the lower reaches of the Niger River. The 

floods detected over Benue River correspond well with the causes of the devastating 

flood of 2012 in Nigeria, which are heavy rainfall and the emergency release of water 

from Lagdo dam in upstream country Cameroon (PDNA, 2013). 
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In contrast, the flood on the upper Benue River (in both Cameroon and Nigeria) was not 

captured by the GloFAS forecast. There may be several reasons for this, one being the 

fact that flooding was intensified by the dam operation, and therefore, GloFAS (which 

does not take dam operations into account), was not able to capture the sudden increase 

of water in the river channel. Such processes can only be included when dam operations 

or real time inflow and outflow information is known. In the absence of in situ 

measurements or an established communication between the dam operators and 

GloFAS, remote sensing data could play an important role in improving the forecasting 

performance of such systems. The floods in downstream reaches of Benue and Niger 

Rivers were, however, picked up by the GloFAS forecast. These flood were forecasted to 

last for as long as the entire reported duration. When other parts of the impacted area 

(from EM-DAT) were considered, the GloFAS forecast showed no major flood, while the 

GFDS detected some floods in the northern parts of the country. 

The 2013 heavy flood of the Amur River in north-eastern China and parts of Russia, 

which lasted for 69 days, was partly detected by the GFDS. Particularly, flooded areas in 

the downstream reaches of the river were consistently observed by the microwave 

sensors. The GloFAS forecast showed high flows for the whole flood period in almost all 

parts of the Amur River. For the 2013 Indus River flooding in Pakistan, the GFDS 

detected floods for all days during the reported duration along some parts of the Indus 

River, while GloFAS forecasts similarly indicated high flows for upper reaches of the 

Indus and Chenab Rivers corresponding with the 20-year return period. The GloFAS 

failed to detect flood for the lower reaches of the Indus River when the 20-year flood 

threshold was used. Conversely, when a five-year threshold was used, the GloFAS 

detected flood in wider areas of the river basin (see appendix), suggesting that a lower 

flood magnitude (less than 20-year) may have occurred. The detection and forecasting 

systems were effective in measuring the 2014 Bolivian flood. The GFDS showed a vast 

area in the northern lowlands of the country between Beni and Mamore Rivers covered 

with water for almost all days from January to the end of April. There were also high 

streamflow forecasts from GloFAS for most of the lowland channels river during the 

majority of the reported flood period. 

For the other case studies, varying characteristics of flood detection/forecasting were 

observed. The GFDS missed the 2012 flood in North Eastern India with detection only 

for a maximum of 40% of the reported days over parts of the Brahmaputra River, while 

GloFAS forecasted high streamflow for the majority of the days. Results for the 2013 

floods in Thailand also indicated intermittent flood detection by the GFDS but high flows 

by the GloFAS, mainly exceeding the five-year return period. The December 2013 

flooding in eastern Brazil was forecasted by GloFAS to only exceed the five-year return 

period, whereas the GFDS flood detection is highly scattered, probably due to low 

magnitude of the streamflow. The floods in Southern African Rivers were detected with 
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mixed results. GloFAS forecasts showed the Zambezi floods of 2013 and 2014, as well as 

Okavango and Limpopo floods in 2014, while GFDS detection was irregular over 

distributed parts of the region. 

  

  

Figure 4. 3 Total number of detected/forecasted (one-day lead for GloFAS) flood days 
expressed as the percentage of the total duration of flood. The flood cases shown are 
from Nigeria (2012), China and Russia (2013), Pakistan (2013), and Bolivia (2014).  

The results shown in Figure 4. 3 highlight the difficulties of using the output from 

anyone of the GloFAS and GFDS systems for decision-making. For example, in some 

cases floods are not captured during the entire duration of the flood over large parts of 

the impacted area, and can potentially make it difficult for humanitarian aid and civil 

protection organizations to act if decisions would be taken only based on these systems. 

A disagreement on a flood between the systems also could lead to a similar uncertain 

outcome. In addition, these systems provide information about flood hazard based on 
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the anomalies of river streamflow or flood inundation, but they do not yet include other 

components of risk, such as exposure, vulnerability, and coping capacity to a disaster. 

This poses an additional challenge to disaster response organizations with respect to 

planning and resource allocations. 

4.4.2.2. Flood Indicator Time Series  

Figure 4. 4 shows a time series of the flood detection indicator for the GFDS and GloFAS. 

This represents the total grids, as a percentage of the total grids that can potentially be 

flooded, where a flood is detected (or forecasted) on a given day. The potentially flooded 

grids were separately determined for both systems following the procedure described in 

Section 4.3.2. The results showed that the GFDS and the GloFAS have different flood 

extent time-variations for different flood cases. For instance, in the case of the 2012 

flood in Nigeria (see Figure 4. 4, Case 1), the GFDS percentages of grids within the flood 

plain increased from 3% at the beginning of the flood event (25 August 2012) to 22% at 

the end (26 September 2012). However, GloFAS indicated flooding for only about 5% of 

the major river pixels throughout the duration of the event. Similarly the GFDS flood 

detection ratio was higher than for GloFAS for 2013 flood in Pakistan (Case 5) where the 

latter consistently indicated low extent. 

Different dynamics was observed for the 2013 flood in the China-Russia border (Case 4): 

the GloFAS indicated increasing flood extent (up to 25% of the major river pixels) during 

the first 10 days, and recessing extent for the remaining. Meanwhile, GFDS also showed 

similar dynamics in terms of the flood extent rise at the beginning, and fall at the end of 

the event. However, the maximum flood extent in the latter case is significantly lower 

(15%). In a similar manner, GloFAS indicated a considerably larger flood extent than the 

GFDS for the 2014 Bolivian flood, and it was observed that the GFDS showed consistently 

lower flood extent for the 2012 flood in India (Case 2). In addition, for these three events, 

we can also see how there is a time lag between the GloFAS and the GFDS largest flooded 

areas. 

In the case of the 2014 flood in Southern Africa (Case 3), the GFDS flood detection ratio 

was higher than for GloFAS, whereas for the flood events in Thailand (Case 6), Brazil 

(Case 7), Mozambique (Case 9) and Southern Africa (Case 10) the detection rate for both 

systems are low. We note that if a lower flood threshold (e.g., five-year level) is used 

instead of the 20-year level presented here, the GloFAS flood extent would considerably 

increase. Similarly for the GFDS, a lower threshold for flood magnitude (e.g., 2) would 

result in higher flood extent detection. 
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Figure 4. 4 Time series comparison of the flood extent (% of grids indicating flood) for 
the GFDS detection (Magnitude > 4) and GloFAS 1-day lead forecast (median > 20-year 
flood). This represents the total observation (or model) grids, as a percentage of the 
total grids that can potentially be flooded (see Section 4.3.2). Note that the vertical axis 
is different for Bolivia (Case 8) due to the larger flooded areas and the horizontal axes 
are the days during the reported flood event. 

4.4.2.3. Onset and Evolution of the Flood Events 

Figure 4. 5 shows the time series of the GFDS flood magnitude and the 51-ensemble 

streamflow forecasts (five-day lead) from GloFAS, at selected locations (Table 4. 1) on a 

major river network within the flood impacted areas. For each of the selected location, 

there is a fairly good agreement between GFDS and GloFAS time series, especially for the 

onset of the flood event for Cases 2, 3, 4, 5, 8 and 9, although in some cases there is few 

days of time-lag. The time-lag was also reported in previous study (see Chapter 2), where 

they show that at many river locations there is a time-lag between the peak of the in situ 

streamflow and the peak of the inundation extent detected by GFDS. 
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For Case 1, in the upper Benue (Nigeria) the flood signal from GFDS is stronger, whereas 

GloFAS did not forecast extreme streamflow at that location, which may be explained by 

the human induced intensification of the flood wave provoked by the sudden release of 

the water from an upstream dam as explained in Section 4.2.1. For Cases 6 and 9, the 

simulated flows indicate low values (< 200 m3·s−1) for which is it expected that the 

performance of the GFDS or GloFAS could be not reliable. In most of the cases, both 

GloFAS and GFDS captured flood at least for a few days during the time frame obtained 

from the DFO. However, for other cases (e.g., Cases 1, 5, 6 and 9) extended time periods 

was needed to capture the full length of the onset or the end of flood at that location. For 

example when the time series for Case 5 is extended by one month after the end of the 

reported end of the flood, then the falling limb of the flood peak is fully captured. Finally, 

GloFAS forecasts considerably exceeded 20-year return levels for some cases, but in other 

cases only two- or five-year return levels were exceeded. Furthermore, Pearson skill score 

was calculated between the GFDS magnitude and the mean of the GloFAS ensemble forecast 

(see Table 4. 2). A high correlation was found for majority of the cases (> 0.50 for six and > 

0.75 for four of the cases), while the correlation is low (< 0.4) for four of the flood events: 

Cases 1, 7, 8 and 10. 

  

  

Figure 4. 5 Time series of the probabilistic ensemble GloFAS forecast at five day lead-
time [51] ensemble members (blue) and ensemble mean (dark blue), and the time series 
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of the detected GFDS magnitude (black) during the days that the reported flood period 
by DFO. For information, the GloFAS upstream area is displayed for each location as well 
as the two-, five-, and 20-year return period. 

4.5. Discussion 

Global remotely-sensed information such as flood magnitude, timing, and spatial extent 

can play a key role for decision makers when a flood disaster strikes, especially in areas 

with limited accessibility of in situ data. This information can be complemented with 

flood forecasting models or used for validation of independent international databases. 

Several studies have evaluated the quality of remote-sensing products from optical 

imagery (e.g., MODIS, ASTER and Landsat TM/ETM+), or passive microwave (AMSR-E) 

by comparing them with each other or with other datasets like streamflow time series, 

flood damage curves (Brakenridge and Anderson, 2006b; Huang et al., 2014; Khan et al., 

2014; Memon et al., 2015b; Sakamoto et al., 2007), or model simulated stream flows 

(Brakenridge et al., 2012; Khan et al., 2011). However, the quality of the operationally 

used flood maps from MODIS and GFDS, and the flood forecasts from GloFAS, as 

performed in this study, were not previously evaluated at a global scale. 

The overall summary of the performance of the detection and forecasting systems for 

the ten case studies are presented in Table 4. 2. The spatial and temporal characteristics 

of the flood detected by each system vary for different flood cases. The strengths of each 

of the individual systems and their independence make them complementary and useful 

tools for robust global flood disaster management. However, there are several 

limitations in each individual system that should be taken into consideration. 

4.5.1. Known Limitations 

We comparatively evaluated three global systems for correctly detecting flood events 

using 10 case studies. The case studies were selected from the global flood archives where 

only qualitative flood magnitude is provided. The DFO archives (a primary source of flood 

events in this study) were created primarily based on several news reports, which makes 

it difficult to verify the accuracy of the flood information. For example, the centroid of the 

affected area, and the start and end dates of the flood are among the key flood parameters 

used in the evaluation of the detection and forecasting systems. They are also used to 

evaluate the impacts post-event, and if not accurately estimated, that can lead to missing 

the location and timing of a flood event. The area impacted by flooding from EM-DAT is 

generally overestimated due to the use of full administrative units (e.g., GAUL Level 1), 

and a more detailed maps (e.g., GAUL Level 2) were not always available on the disaster 

reports provided by EM-DAT. 
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Table 4. 2 Summary of the results from analysis of the GFDS and MODIS flood detection, and GloFAS forecast for the 10 case studies. *Based 
on 5-day lead GloFAS exceedance of the 20-year return level (for case 5, a 5-year return level is indicated). 

Case 

Study 
Forecasted* 

GFDS 

Detected 

MODIS 

Detected 

Time 

Series. 

Captured 

Correlati

on Time 

Series 

Comments 

1 Partially Yes Yes Yes if 
extended 

0.33 GFDS capture flood in Benue river due to water released from dam in Cameroon, 
while GloFAS not fully forecasted the intensity of the event, aggravated by the release 
of the water from the dam. Longer reported date needed to fully capture the event. 
DFO centroid within the impacted area. 

2 Yes Partially Yes Yes  0.78 Flood extent match, but not very strong signal in GFDS along all the Brahmaputra. 
DFO centroid within the impacted area. 

3 Yes Yes Partially Yes 0.86 Agreement mainly on the Limpopo and Zambezi rivers. Larger floods were detected 
and forecasted further upstream. DFO centroid within the impacted area. . 

4 Yes Yes Yes Yes 0.54 Flood extent match in main Argun, Songhua Jiang and Amur river, but with 
disagreement in Zeya. DFO centroid within the impacted area, but it is far from main 
river. 

5 Partially (5 yr 
r.p.) 

Yes Yes Yes if 
extended 

0.61 Flood extent match in main Indus and Chenab rivers. Extended dates were needed to 
fully capture the event. DFO centroid outside impacted area, and far from main river. 

6 Yes Yes Yes Yes if 
extended 

0.82 Flood extent match, noise in GFDS signal due to proximity to coast. Extended dates 
needed to fully capture the event. DFO centroid within the impacted area 

7 Partially Scattered No No  -0.2 Scatter flooded area in GFDS and there was no MFM detection. DFO centroid within 
the impacted area. 

8 Yes Yes Yes Yes 0.35 Clear flooded extent was observed in Beni and Grande rivers. DFO centroid within 
the impacted area. 

9 No Scattered Scattered Yes if 
extended  

0.84 GloFAS forecasted for Limpopo, Zambezi and Shire rivers. Scattered GFDS flood 
extent was observed, and do not match impacted area. There was no MFP detection. 
Extended dates are needed to fully capture the event. DFO centroid outside the 
impacted area, and far from main river. 

10 Partially Scattered Scattered Yes 0.12 There is spatial disagreement, especially in Namibia and Botswana. Namibia flooded 
extent matched with the Great Escarpment area and is during the rainy season. There 
is noise in GFDS signal due to proximity to coast. No MWP detection. DFO centroid 
outside the impacted area, and far from main river. 
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The satellite-based flood detection systems also have their limitations. The MODIS 

Water Product is derived from optical imagery, which has known problems with cloud 

cover and terrain shadows. The effect of the terrain shadow is removed using a masking 

algorithm in the data used in this study (2D2OT, v4.9) but the problem of cloud cover 

results in some floods remaining undetected. The GFDS flood magnitude estimates are 

produced at higher spatial resolution (0.09° × 0.09°), which lumps larger area all 

together and is only suitable for large-scale floods. Moreover, passive-microwave signal 

detection varies mainly depending on the river profile (Hirpa et al., 2013), but also by 

local conditions at those locations affected by flooding (Brakenridge et al., 2015; Chapter 

2). Besides, the uniformly selected threshold of 4 for the GFDS flood magnitude in all 10 

case studies may be too high, and in some cases a magnitude of 2 could possibly mean a 

large flood.  

The GloFAS forecasts could be influenced by several factors such as uncertainties in 

meteorological forcing, hydrological model, and initial conditions, and man-made 

factors, which are not accounted for by the model. The hydrologic model used for 

producing the streamflow forecast is not calibrated, and lake (and reservoirs) modules 

are not included of the model setup evaluated in this study. Furthermore, we selected 

the 20-year flood threshold for determining the occurrence of large floods, which could 

potentially lead to low detection rates. Lower thresholds could be tested, and more 

analysis could be performed using different forecast lead-times (e.g., 1–10-day). It is also 

evident that the GloFAS forecasts are streamflow magnitudes, and do not indicate the 

flood inundated area which makes it difficult to directly compare with the satellite-

based flood maps. 

Moreover, small-scale floods (short duration and smaller spatial extent) are currently 

more difficult to capture by the satellite sensors and the hydrologic model mainly due to 

the coarse resolutions at which these systems operate. The GloFAS and GFDS systems 

have been designed to currently operate at ~0.10° spatial resolution and daily time 

steps. A better global-scale detection and forecasting of small scale floods, however, 

could be possible in the future with improved remote sensing datasets (e.g., more 

frequent revisit time) and using a modelling approach suitable for such floods. Within 

GloFAS, there are current efforts focusing on the development of a global flash flood 

indicator, based on previous research and experiences gained from the flash flood 

indexes currently operational within the European Flood Awareness System (EFAS), 

such as the European Precipitation Index based on Climatology (EPIC) (Alfieri and 

Thielen, 2015) and European Runoff Index based on Climatology (ERIC) (Raynaud et al., 

2015). Outside these systems, extensive international efforts are being put to set up a 

global operational flash flood warning system (Modrick et al., 2014). 
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4.5.2. Implications for Decision Makers  

The GloFAS, GFDS, and MODIS NRT systems are automated, presently pre-operated with 

reliable plans for continuity, and already being used by some decision makers or related 

entities (including International Red Cross/Red Crescent, World Food Program, the 

World Bank, the Latin American Development Bank, and others). While they represent 

novel and quite different capabilities than have been available in the past, much 

experience is still to be gained in their practical implementations. The flood forecasting 

and detection systems provide the flood hazard with regards to the intensity, location, 

and timing of a given flood disaster. Despite the uncertainties and their known 

limitations, these systems have already been used for humanitarian responders 

(Coughlan de Perez et al., 2015b; Jongman et al., 2015a; Stephens et al., 2015) especially 

in regions with limited flood forecasting and riverine monitoring systems. 

It should be emphasized, however, that the end-users must be aware of the skills, 

suitability and limitations of these systems before taking decisions based on the outputs 

of these systems. In some of the flood cases considered in this study, the forecasting 

system failed to capture at any or parts of a river reaches, while in other cases the 

satellite-based detection systems similarly missed. This suggest that the decision makers 

should utilize all available forecast and detection resources before taking any action, 

instead of relying solely on one system, for reaching an optimal decision. This is 

particularly important due to the fact that each system provides a unique and pivotal 

piece in flood monitoring apparatus. The forecasting systems help the decision maker 

oversee upcoming disaster before it occurs, while the real-time detection systems 

provide data about an ongoing disaster. Another important issue that may be of interest 

to the decision makers is the continuity of the flood forecasting and detection services. 

For instance, the remote sensing products (e.g., GFDS) rely on the launch and termination 

of satellite missions. Furthermore, some research products may provide no guarantee to 

continue providing flood services beyond the end of the research project. While the 

systems presented in this study are expected to continue providing the services for the 

foreseeable future, decision makers should be generally aware of the lifespan of any 

operational system and limit a complete dependency on a short-lived system. 

The forecast lead-time needed by the disaster response organizations to take 

preparedness actions varies. For example, a few days might be enough for civil 

protection, and for humanitarian organizations such as Red Cross/Red Crescent and 

World Food Program to deploy resources, while a farmer will need longer lead-times in 

order to secure its cattle or crops. In previous disasters, a posteriori analysis showed 

that if humanitarian responders start to act when the (flood) hazard is already 

happening, this will generally derive the costs higher and causes more damage to the 

communities than if they are aware and ready to act before the disaster strikes. 
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Although, standardized ground information on the location, timing and impacts (De 

Groeve et al., 2015) for each event is needed in order to fully be aware of where flooding 

really took place and where the biggest impacts. 

Evidently, the flood hazard forecast alone is not sufficient to fully understand the 

disaster impact and take actions. There are efforts to develop global flood risk models 

(Ward et al., 2015b) that takes into account all components of flood risk: hazard, 

exposure, and vulnerability. Additionally, an Index for Risk Management (INFORM), a 

humanitarian risk index (De Groeve et al., 2014a) designed to support decisions about 

disaster prevention, preparedness and response, incorporates the coping capability to 

disaster risk assessments. The global flood forecasting and detection systems evaluated 

in this study are important pillars for building the flood risk assessment models and 

services. 

4.6. Conclusions and Future Research Direction 

In this study, we evaluated satellite-based flood detection and model-based forecasting 

systems using 10 riverine flood case studies located in Asia, Africa, and South America. 

We assessed remote-sensing data from the Global Flood Detection System (GFDS) and 

MODIS Flood Map (MFM), and ensemble streamflow forecasts from the Global Flood 

Awareness System (GloFAS) using flood information obtained from global flood disaster 

databases such as the Dartmouth Flood Observatory (DFO) Archive and the EM-DAT 

database. The main conclusions of the study are as follows: 

1) Quantitative validation of the different global models in data sparse regions is difficult 

due to the vast difference in the characteristics of the reference datasets from remote 

sensing and the lack of ground-based streamflow measurements. However, we 

performed a series of objective tests, and have provided some numerical assessments 

of detection and measurement accuracy. 

2) General agreement was found between GFDS, MODIS and GloFAS for large floods. 

However, large differences exist in the spatio-temporal characteristics of the flood 

detections as recorded, simulated, or monitored by the different systems. All three 

automated flood prediction/detection/monitoring systems would provide early 

notice and useful independent characterization information for each major flood. 

3) Each system has its limitations, which should be understood before using them for 

operational flood monitoring. The spatial resolution that systems operate in must 

always be considered (e.g., the remote sensing methods are not useful for flash floods 

in narrow mountain valleys). Cloud cover obscuration from the MODIS system cannot 

be avoided. However, the microwave technology is not so affected, so may provide 
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early warning at low spatial resolution, with MODIS then providing more detailed 

mapping as cloud cover parts. Future improvements of the global models and satellite 

missions coming up (and improved retrieval algorithms) specifically designed, for 

example, to derive water levels or river widths (Pavelsky et al., 2014; Schumann et al., 

2012) may significantly address these limitations. 

However, more work is necessary until the flood forecasting and detection systems can 

be fully utilized for decision-making. Firstly, in order to ease the verification of the global 

remote sensing and hydrological/hydraulic model outputs, the solution would be to 

increase the station density network of gauging stations (Hannah et al., 2011). However, as 

this is unlikely to happen, the scientific community has been exploring other possible 

solutions, and a large part of this effort is focusing on the use of remote sensing data (Bates 

et al., 2014). Recent and future satellite missions have been specifically designed for 

measuring water levels or river widths from satellite imagery (Pavelsky et al., 2014; 

Schumann et al., 2012; Westerhoff et al., 2013), which can be used to derived river flows. 

The Surface Water & Ocean Topography (SWOT) mission with its wide-swath altimetry 

technology will contribute further to the understanding of role of surface water in the global 

water cycle. Further, there has been improvements in radar and optical imagery for flood 

extent mapping such as COPERNICUS rapid mapping using the European Space Agency 

SENTINEL-1 SAR mission, at a resolution of 10 meters, and other satellites such as Landsat-

8 with a resample pixel size of 30 meters that is used in this context to map pre-flood water 

extent. For an example, see Pakistan Floods (July 2015) (UNITAR/UNOSAT, 2015). 

Other ways forward within the GFDS data could be the use of higher resolution data for 

this product, “cleanup” of GFDS flood signal using the global flood hazard map (Dottori 

et al., under review) derived from GloFAS in order to focus on large riverine floods, to 

study how the effect of the four different sensors (TRRM, AMSR-E, AMSR2, GPM) used 

during the life time of the GFDS product since 1998 affected the long-term data quality 

and derivation of the Flood Magnitude product, and further validation research to 

establish the reason behind false flood signal. Furthermore, to improve global flood 

forecasting models, there is a need among other features to enhance the representation 

of hydrological processes, advance on the communication of uncertainty of the model 

outputs to the users, carry out model calibration, and test the effects of data assimilation 

such as remote-sensed soil moisture (e.g., Dunne et al., 2007; Hirpa et al., 2014; Posner 

et al., 2014; Wanders et al., 2014b) and surface water extent, or levels (e.g., Giustarini et 

al., 2011) within hydrological models. 

Additionally, in order to help to validate the output from global flood monitoring and 

forecasting systems, it will be useful from the Dartmouth Flood Observatory database if 

the flood centroid or the coordinates of an additional position is provided that is located 

within a river, in the case of riverine floods, rather than a flood centroid in occasions far 



Chapter 4. Global flood forecasts and satellite-derived inundation role in data-sparse regions 
 

 
78 
 

from streams. More work could be done by the Flood Observatory of the Global Flood 

Partnership (De Groeve et al., 2014b) to enhance the flood records and include more 

information such as flood disaster exposure, and vulnerability and coping capacity. 

Additionally, the post disaster impacted areas could be created based on a more detailed 

spatial scale (e.g., GAUL Level 2) to improve the accuracy of the affected areas. 
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5. Filling the gaps: Calibrating a rainfall-runoff 

model using satellite-derived surface water 

extent  
 

This chapter is based on:  

Revilla-Romero, B., Beck, H.E., Burek, P., Salamon, P., de Roo, A., Thielen, J., 2015. Filling the 

gaps: Calibrating a rainfall-runoff model using satellite-derived surface water extent. Remote 

Sens. Environ. 171, 118–131. doi:10.1016/j.rse.2015.10.022 

 

Abstract: Calibration is a crucial step in the application of hydrological models and is typically 

performed using in situ streamflow data. However, many rivers on the globe are ungauged or 

poorly gauged, or the gauged data are not readily available. In this study, we used remotely-

sensed surface water extent from the Global Flood Detection System (GFDS) as a proxy for 

streamflow, and tested its value for calibration of the distributed rainfall-runoff routing model 

LISFLOOD. In a first step, we identified 30 streamflow gauging sites with a high likelihood of 

reliable GFDS data. Next, for each of these 30 sites, the model parameters related to 

groundwater and routing were independently calibrated against in situ and GFDS-derived 

streamflow time series, and against the raw GFDS surface water extent time series. We 

compared the performance of the three calibrated and the uncalibrated model simulations in 

terms of reproducing the in situ streamflow time series. Furthermore, we calculated the gain 

achieved by each scenario that used satellite-derived information relative to the reference 

uncalibrated scenario and the one that used in situ data. 

Results show that using the raw GFDS data as a proxy for streamflow for calibration improved 

the skill of the simulated streamflow (in particular the high flows) for 21 of the 30 sites using 

correlation as a metric. Furthermore, we discuss a calibration strategy using a combination of 

in situ and satellite data for global hydrological models. 

 

5.1. Introduction 

Hydrological models are indispensable tools for increasing our understanding of the 

hydrological cycle, for assessing the hydrological implications of climate and land-use change, 

and for flood and drought forecasting. Model calibration and validation are essential 

prerequisites to obtain reliable streamflow estimates from hydrological models (Minville et 
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al., 2014; Werner et al., 2005a) and are typically performed using in situ streamflow data. 

However, in situ streamflow data are unavailable for the majority of the land surface, 

particularly for the most flood vulnerable countries, and the number of operational stations is 

rapidly decreasing (Hannah et al., 2011; Sivapalan, 2003; Wohl et al., 2012). 

Satellite remote sensing has the ability to provide information on hydrological fluxes and state 

variables at (near-)global coverage and (near-)real time, and at frequent temporal intervals, 

and as such provides unique opportunities for enhancing model simulations in remote areas 

(van Dijk and Renzullo, 2011). In recent decades, there have been increasing efforts to 

improve models by incorporating remotely-sensed data on hydrologic variables such as 

evaporation (Zhang et al., 2009), surface soil moisture (Beck et al., 2009; Dunne et al., 2007; 

Hirpa et al., 2014; Wanders et al., 2014a), total water storage (Jiang et al., 2014; Ramillien et 

al., 2008; Tangdamrongsub et al., 2015), and snow and ice cover (Bergeron et al., 2014; Dietz 

et al., 2012), as well as vegetation-related variables such as leaf area index (Zhang et al., 2011) 

and normalized difference vegetation index (Beck et al., 2011; Donohue et al., 2007). In 

addition, various studies have examined the value of remotely-sensed variables related to 

surface water, including inundation extent, river width, and water levels (see overview in 

Table 5. 1). Some of these studies used satellite-derived information to calibrate model 

parameters or to derive empirical rating curves, while others focused on the direct use of 

changes in water level or width for calibration, using a variety of hydrodynamic or 

hydrological models. Although these studies reported promising results, a major drawback 

from the point of view of global hydrological modeling is that they often focused on a small 

region. Most studies focused on single river reaches and the validation was performed using a 

relatively small number of gauges (n<6) (Di Baldassarre et al., 2009; Domeneghetti et al., 

2014; Hostache et al., 2009; Mason et al., 2009; Milzow et al., 2011; Montanari et al., 2009; Sun 

et al., 2012a, 2012b, 2010; Tarpanelli et al., 2013b), while others applied the calibration to 

more locations (n<12) but all within the same catchment (Getirana, 2010; Getirana et al., 

2013). In addition, the calibration periods used in these studies are not long enough, if the aim 

is to improve rainfall-runoff simulations of models at multi-decadal time scales, since in many 

cases the focus has been on specific flood events of short duration. In these studies, the 

satellite data were derived from multiple sensors, and ranges of the electromagnetic 

spectrum, and at different spatial and temporal resolutions. The limitations described are in 

most cases due to the infrequent overpass cycle of satellites and / or the high cost of 

purchasing data at a sufficiently high resolution. 

In this research, we used data products derived from the Global Flood Detection System 

(Kugler and De Groeve, 2007) due to its capability for detecting and mapping major river 

floods worldwide in near-real time. GFDS uses a range of passive microwaves sensors to 

retrieve surface water extent changes. Such data products have the potential to be linked to a  
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flood forecasting system like the Global Flood Awareness System (GloFAS; Alfieri et al., 

2013). The mission of both systems is to be a supporting tool in the context of large flood 

events for decision makers, including national and regional water authorities, water 

resource managers, civil protection and first line responders, and international 

humanitarian aid organisations. Furthermore, both GFDS and GloFAS have the same daily 

temporal resolution and approximately the same spatial resolution (0.09° and 0.1°, 

respectively). GloFAS has been pre-operational since 2011, delivering global probabilistic 

streamflow forecasts. After running the system for three years, and acquiring sufficient 

data to compare against observations, the model has proven its value in forecasting large-

scale floods events around the world. However, like the majority of global hydrological 

models, GloFAS has not been calibrated yet, and a calibration can potentially further 

improve its forecast skill. 

The aim of this study is to assess the potential of using remotely-sensed GFDS surface 

water extent to improve hydrological model simulations through calibration of large-scale 

catchments having a broad range of morphologic, river, climatic, physical, and vegetation 

characteristics located in Africa, Europe, North America, and South America. The specific 

objectives of this study are: (1) To assess whether calibration using only satellite-derived 

passive microwave data improves the skill of the simulated streamflow; (2) To quantify the 

gain in skill using various calibration scenarios; and (3) To summarize the benefits and 

limitations of calibration using satellite-derived data. 

5.2. Data and Study Regions 

5.2.1. Satellite-derived data:  

The GFDS system (http://www.gdacs.org/flooddetection/) measures daily water surface 

extent changes using a range of satellite-based passive microwave sensors. The method 

uses the difference in brightness temperature at a frequency of 36.5 GHz between water 

and land surface to detect the proportion of within-pixel water and land (Kugler and De 

Groeve, 2007). The retrieved changes in brightness temperature are first gridded into a 

product with a pixel size of 0.09° x 0.09°, and the system then provides a daily output. 

Satellites never pass over the same track at exactly the same time and therefore the 

operational GFDS applies a four-day forward-running mean to compute the final value, 

which also fills any gaps present in the record (Kugler and De Groeve, 2007). The GFDS 

flood-merged product currently (i.e. since January 2015) uses data from both the Advanced 

Microwave Scanning Radiometer 2 (AMSR-2) and the Global Precipitation Mission (GPM) 

sensors. However, GFDS used data from the Tropical Rainfall Measuring Mission (TRMM) 

for the period 1998 - 2014 and from the AMSR - Earth Observing System (AMSR-E) for the 

period June 2002 - October 2011. GFDS data outputs are available since 1998 for latitudes 

38°S - 38°N. From June 2002 after the inclusion of AMSR-E data the coverage was expanded 

to latitudes 90°S - 90°N. 
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Table 5. 1 Summary of relevant studies where satellite-derived inundation extent, river width, and/or water levels were used to calibrate a 
hydrodynamic and/or hydrological model. Studies are listed in alphabetical order of author. 

 Study Satellite and 
sensor/ 

Acquisition 
frequency 

Model Study area and 
no. of in situ 
river gauges 

used 

Study 
period 

Objective/Approach Key findings 

1 Di 
Baldassarr

e et al., 
(2009) 

ENVISAT ASAR 
and ERS-2 SAR 
(1 image each 

used) 

LISFLOOD-
FP 

10-km of the Dee 
and 8-km of the 
Alyn River (UK) 

(3 gauges) 

Dec. 2006 
flood 
event  

Use inundation map derived from 
satellite imagery  

Need to move from deterministic 
binary wet/dry maps to probabilistic 

fractional flood extent maps 

2 Domeneg
hetti et al., 

(2014) 

ENVISAT and 
ERS-2 / 35-day  

HEC-RAS ~140 km reach 
of the Po River 

(northern Italy)  
(2 gauges) 

16 years  Identification of Manning's 
roughness coefficient 

Combine satellite time series with 
hydrometric data to increase the 
reliability of the hydraulic model 

3 Getirana, 
(2010) 

ENVISAT 
altimetric data 

/ 35 days  

MGB-IPH 
model 

Branco River 
(northern 

Amazon basin, 
Brazil)  

(11 gauges) 

10 years  Use empirical equations to 
estimate river depth from modeled 

streamflow 

Pioneering use of spatial altimetry 
data in the automatic calibration of 

hydrological models 

4 Getirana 
et al., 

(2013) 

ENVISAT 
altimetric data 

/ 35 days  

 HyMAP 
(based on 

CaMa-Flood 
+ ISBA) 

Amazon basin 
(Brazil)  

(4 gauges) 

10 years  Use of altimetric data to calibrate 
four parameters: the subsurface 

runoff time delay, Manning’s 
roughness coefficient, river width, 

and bankfull height 

Demonstrated use of altimetric data in 
the automatic calibration of model 

parameters 

5 Hostache 
et al., 

(2009) 

ENVISAT SAR / 
A few days to 

30 days (1 
image used) 

HEC-RAS 18-km reach of 
the Alzette River 

(Luxembourg) 
(6 gauges) 

Jan 2003 
flood 
event 

Estimation of spatially distributed 
water levels from remote-sensing 

observations and integration of 
satellite-data information in a 

hydraulic model in order to reduce 
model uncertainties 

It provides distributed water levels 
with a high spatial density and 

provides more reliable hydraulic 
models thanks to these water levels 

that allow a spatial evaluation of 
model performances 

6 Mason et 
al., (2009) 

ERS-1 SAR  
(1 image used) 

LISFLOOD-
FP 

12 km of the 
Thames River 

(UK) (No gauges, 
comparison with 

LiDAR) 

1992 flood 
event 

Comparison of water level 
probabilities based on flood 

waterline estimates derived from 
both SAR and LiDAR data to that 

derived from only SAR data 

The use of water levels unable to 
restrict the parameter range of 

acceptable model runs and hence 
reduce the number of runs necessary 

to generate a flood inundation 
uncertainty map 
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7 Milzow et 
al., (2011) 

ERS-2, and 
ENVISAT SAR 
altimetric data 

/ 35 days  

SWAT Okavango 
catchment 
(Southern 

Africa)  
(3 gauges) 

11 years Satellite altimetry was used to 
derive water level fluctuations at 
three locations in the catchment 

for channels approximately 150 m 
wide 

The combination of multiple 
independent observational datasets 
improves the parametrization of the 

hydrological model 

8 Montanari 
et al., 

(2009) 

ERS-2 and 
ENVISAT SAR 
altimetric data 

/ 35 days  
(1 image each 

used) 

Nash IUH + 
HEC-RAS  

Alzette River 
basin 

(Luxembourg) (2 
gauges) 

Jan. 2003 
flood 
event 

Assessment of the value of remote-
sensed water levels in an 

aggregated modelling system 

A first step toward a systematic 
remote sensing-based surface water 
monitoring system that may quasi-

continuously provide valuable 
information for sequentially updating 

coupled H-H models 
9 Sun et al., 

(2012a) 
JERS-1 SAR 

images  
(1 image used) 

HYdrologica
l MODel 

(HYMOD) 

Mekong River 
(Asia) at Pakse 

(1 gauge) 

4 years Develop a conceptual framework 
for rainfall-runoff models in 

ungauged basins using satellite-
derived river width or water 

surface elevation 

Illustrates that under both the average 
and low designed satellite 

observational frequencies, the 
simulated streamflow had an 
acceptable degree of accuracy 

10 Sun et al., 
(2012b) 

TOPEX/ 
Poseidon (T/P) 

/ ~10 days 

HYMOD Upper 
Mississippi Basin 

at Clinton (US) 
(1 gauge) 

5 years Attempt to use water surface 
elevation data obtained from 

satellite radar altimeters 

Comparison using streamflow data 
shows for the new calibration method, 

shows that the uncertainty in the 
modeling process is higher, and the 
parameter space is less constrained 

11 Sun et al., 
(2010) 

JERS-1 SAR  
(16 images 

used) 

HYMOD Mekong River 
(Asia) at Pakse 

(1 gauge) 

4 years Minimize the difference between 
river widths observed from space 
and simulated widths by tuning 

parameters of rainfall-runoff 
model and at-a-station hydraulic 

geometry relation simultaneously 

Wide applicability for reproducing 
river streamflow time series on the 

daily scale in ungauged basin if 
satellite data is available 

12 Tarpanelli 
et al., 

(2013b) 

ENVISAT ASAR 
 (1 image used) 

Modello 
Idrologico 

Semi-
Distribuito 

(MISD) 

20-km reach of 
Genna stream 

(Italy) (1 gauge) 

6 flood 
studies (1 
day long 

each) 

Calibration of Manning’s 
roughness coefficient by 

comparing the flooded areas 
derived from ASAR imagery and 
hydrologic- hydraulic modelling.  

The assessment of the Manning’s 
roughness for the main channel and 

the floodplain is obtained from 
hydraulic simulations and satellite 

data for a flood event on a small basin 
(90km2). 

14 This study Passive 
microwave 
(AMSR-E, 

TRMM) / daily 

LISFLOOD 
(GloFAS 
System) 

Africa, Europe, 
North America, 

and South 
America (30 

gauges) 

13 years Assess the value of satellite-
derived surface water extent for 

calibration of a hydrological model 

Improvement in the timing of the 
simulated flow peak, and of the model 
skill in term of volume accuracy using 

satellite-derived river streamflow, 
when available 
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Brakenridge et al. (2007b, 2005) and Revilla-Romero et al., (Chapter 2)demonstrated that 

the GFDS data can be used to monitor streamflow, for multiple catchments around the globe. 

For this study, we employed both the daily raw GFDS signal and GFDS estimated streamflow 

time series. To obtain GFDS estimated streamflow, we used in situ streamflow data to 

translate the dimensionless signal into volumetric streamflow units for each studied site. 

Regression equations were obtained using monthly means from daily values, and GFDS-

measured streamflow was derived as follows: 

QGFDS measured of X month = amonth + bmonth · signal.    (1) 

A full description of the methodology can be found in Chapter 2. Data from in situ gauges are 

needed for this and therefore this approach cannot be used at locations that are completely 

ungauged. However, these datasets can fill data gaps or extend the records of discontinued 

gauges. 

5.2.2. In situ streamflow data:  

Daily in situ streamflow time series were obtained from the Global Runoff Data Centre 

(GRDC, 2015) for gauging stations fulfilling the criteria presented in Section 5.3.1. 

5.2.3. Reference climatology and input runoff forcing: 

To apply the rainfall-runoff model we used offline simulations from ERA-Interim/Land 

(Balsamo et al., 2013), a global reanalysis of land-surface meteorological variables from 

1980-2013 at a spatial resolution of 80-km. ERA-Interim/Land is the result of a land-surface 

model simulation using the HTESSEL land surface scheme (Balsamo et al., 2009), with 

meteorological forcing from ERA-Interim and precipitation adjustments based on the Global 

Precipitation Climatology Project (GPCP) v2.2. (Adler et al., 2003; Huffman et al., 2009). 

HTESSEL is the land-surface scheme of the operational ECMWF weather model Integrated 

Forecast System (IFS). Output datasets from HTESSEL are used within the current GloFAS 

model setup (further details in section 5.3.2.1). 

5.3. Methodology 

5.3.1. Selection of testing sites  

We selected test sites based on the study done in Chapter 2, which examined how site 

morphologic, hydrologic, climatic, physical, and vegetation characteristics influence the 

quality of the GFDS signal which can be influenced by ground conditions such as presence of 

snow/ice, land cover type, and topography (Brakenridge et al., 2012). For example, the 

canopy and crown water content from closed forests type can influence the microwave 

emission properties (Chukhlantsev, 2006). Furthermore, the capacity of the GFDS to detect 

changes in streamflow volume also depends on local characteristics of the river such as the 

mean daily streamflow, floodplain size, and channel cross-section (see Chapter 2). 

Additionally, the presence of hydraulic control measures such as regulated dams can cause a 
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disagreement between the simulated streamflow that measured in situ, if the impacts of the 

dams are not accounted for by the hydrological model. In such cases, further research is 

needed to quantify the added value of GFDS since the flow regimes are influenced by the 

non-natural factors. 

From our initial set of 322 gauging stations, we used the following criteria for the GFDS grid 

cell containing the gauging station, in order to exclude or include sites with features that can 

affect the quality of the GFDS signal or complicate the simulation of the streamflow: 

1. Exclude sites that have, closely upstream dams/hydraulic control measures (GRanD 

Database; Lehner et al., 2008), land cover classified as “artificial” or “closed forest” 

(Globcover; Bontemps et al., 2010), or “Intermediate wetland/lakes” wetland type 

(Global Lakes and Wetlands Database; (Lehner and Döll, 2004). This reduced the dataset 

from 322 to 240 stations. 

2. Include all sites that are located within grid cells classified as inundated area by the 

Global Inundation Extent from Multi-Satellites (Prigent et al., 2012), which has a 

resolution of 0.25° x 0.25°, based on the calculated maximum extent from 1998 to 2007, 

and that meet either of the following two criteria: 

2.1. At least 50% of the GFDS grid cell is classified as “floodplain and freshwater marsh” 

or “swamp forest and flooded forest” wetland cover type by the Global Lakes and 

Wetlands Database (Lehner and Döll, 2004). Out of the 240 remaining stations, 30 

fulfilled this criterion. 

2.2. A mean daily streamflow greater than 500m3s-1. In Chapter 2 it was showed that 

during normal flow conditions (i.e., not floods) the quality of the GFDS signal was 

lower (i.e., higher noise) on those rivers with mean daily streamflow less than 

500m3s-1. However, during flood conditions, the GFDS signal is expected to perform 

well at those locations. The mean flow was calculated from in situ observation time 

series. However, if ungauged, this can be obtained from datasets such as the global 

composite of mean annual surface runoff (Fekete et al., 2002; Müller Schmied et al., 

2014) or from hydrological modelling simulations. Out of the 240 remaining stations, 

61 fulfilled this criterion, of which 21 stations also fulfil criterion 2.1. 

Thus, 21 stations out the 240 locations fulfilled both criteria 2.1 and 2.2, a further 9 stations 

fulfil criterion 2.1 only, and a further 40 stations fulfil criterion 2.2 only, yielding 70 eligible 

sites in total. We randomly selected 30 out of 70 eligible sites in different climatic regions to 

test the usefulness of the GFDS signal for model calibration. Only 30 sites were considered as 

a proof of concept study, to optimise computational time. The 30 stations are distributed 

throughout South America (18), North America (5), Europe (4) and Africa (3) (Figure 5. 1). 

See Appendix D for additional details for each site. 

Additionally, we calculated the Topographic Index (Beven and Kirkby, 1979) within our 

study sites using the global high-resolution (15 arc seconds) map of (Marthews et al., 2015)), 

which is based on the HydroSHEDS dataset (Lehner et al., 2008). TI is a measure of the 

relative propensity for the soil, at a given point, to become saturated at the surface, given the 
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area that drains into it and its local outflow slope (Beven and Kirkby, 1979). Its values range 

from about 0 to 25, and are low at ridge tops and high in valleys along drainage paths and in 

zones of water concentration on the landscape(Wilson and Gallant, 2000). In (Marthews et 

al., 2015), TI mean values were spatially calculated by wetlands type (Lehner and Döll, 

2004). “Floodplains and freshwater marsh” mean value is 7.38 and for river pixels is 8.81. 

For this study, we carried out a spatial analysis based on both the performance of the GFDS 

obtained for the locations from (Chapter 2) and the mean TI value within each location. We 

found that those sites with higher performance in terms of r have at least 16% of each 

satellite grid location covered by a TI value around 8 or higher. 

The high resolution global inundation map (GIEMS-D15, Fluet-Chouinard et al., 2015) could 

also be used as a guidance for the selection of locations according to the GFDS signal quality. 

However, it was not available for distribution at the moment this study was carried out. 

 

Figure 5. 1. Gauging stations used for testing the value of the GFDS signal for hydrological 

model calibration including their associated catchments in (a) North America, (b) Europe, 

(c) South America, and (d) Africa. Shaded polygons represent the drainage areas at the 

outlets of the studied river basins. 

5.3.2. Hydrological model 

5.3.2.1. LISFLOOD 

LISFLOOD is a GIS-based spatially distributed hydrological model, which includes a one-

dimensional channel routing model (Van Der Knijff et al., 2010). The LISFLOOD model has 

been used for flood forecasting (Forzieri et al., 2014; Thielen et al., 2009; Thiemig et al., 

2014), flood inundation modelling (Bates and De Roo, 2000), climate change impact 
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assessments (Alfieri et al., 2015; Rodrigo Rojas, 2013), land use change impact assessments 

(De Roo et al., 2003, 2001), and parameter uncertainty assessments (Feyen et al., 2007), 

among many other purposes. For example, LISFLOOD is currently running within the 

European Flood Awareness System (EFAS) on an operational basis (Pappenberger et al., 

2011; Thielen et al., 2009) for the entire Europe on a grid of 5 x 5 km spatial resolution. 

LISFLOOD is also used for the African Flood Forecasting System (AFFS; Thiemig et al., 2015) 

at 0.1° spatial resolution. Within GloFAS, a combination of HTESSEL and a simplified setup of 

LISFLOOD is used at the global scale at a resolution of 0.1° (Figure 5. 2). This means that 

LISFLOOD uses surface runoff and sub-surface runoff fluxes from HTESSEL as model input, 

instead of using the basic meteorological data (precipitation, temperature, etc.) to force the 

model. LISFLOOD subsequently simulates groundwater storage, lakes and reservoirs, and 

the river routing processes. For this study, a 34-year (1980-2013) daily streamflow time 

series has been calculated using ERA-Interim/Land surface runoff. 

 

Figure 5. 2. a) Overview of the GloFAS setup. The blue-contoured polygon indicates the input 
and output datasets and model used within this study (adapted from Alfieri et al., 2013); b) 
Schematic of the LISFLOOD model used in this study (adapted from Burek, et al.2013). 
LISFLOOD uses the surface and sub-surface runoff outputs from HTESSEL as input. Light 
blue arrows in panel b) represent water fluxes. The parameter names are explained in table 
5.2. 

To run the model, we used the improved river network obtained from (Wu et al., 2012) and 

new global river width estimates from the Global River Width Database for Large Rivers 

(GRWD-LR, (Yamazaki et al., 2014). As a result of this update of river widths, the “bank full” 

channel depth was recalculated using the same method as in the LISFLOOD setup used in 

Burek et al. (2013), while the Manning’s roughness coefficient and channel slope remained 

the same. Other efforts such as the inclusion of lakes and reservoirs (Revilla-Romero et al., 

2015a), and tests on the effect of reference climatology on the skill of the flood forecast 
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(Hirpa et al., 2016) are underway. Further details of the LISFLOOD model and the 

description of the equations can be found in Burek et al. (2013). 

5.3.2.2. Calibration parameters, simulation scenarios and studied period 

Similar to the calibration of LISFLOOD for Europe (Feyen et al., 2007; Zajac et al., 2013), the 

global setup needs calibration of the parameters to control percolation to the lower 

groundwater zone, the residence time of the upper and lower groundwater zone, and the 

routing parameters. The calibrated parameters are listed in Table 5. 2. The parameter space 

was defined by physically reasonable lower and upper limits for each parameter. Initially, 

when the LISFLOOD model was setup for GloFAS in 2011 for the pre-operational launch, 

these parameters were carefully selected using our previous experience with developing and 

calibrating the model. In this study, however, we carried out parameter value estimation 

through model calibration for a selection of test sites. Note that this setup of LISFLOOD uses 

the surface and sub-surface runoff dataset from HTESSEL. Therefore, the input fluxes into 

the system remain equal, and the parameters that control the infiltration capacity, 

preferential bypass flow, and snow-melt coefficient will not be calibrated. We recognize that 

this is a drawback and a potential limitation of the calibration methodology. There are three 

different calibration scenarios (Table 5. 3). The uncalibrated scenario is Qsim0, and all 

calibrated scenarios that use different calibrated data such as in situ observed streamflow, 

GFDS satellite-derived streamflow, and the raw GFDS surface extent signal are named 

Qsim1, Qsim2, and Qsim3, respectively. The performance of the calibration runs were 

compared with the uncalibrated (Qsim0) simulated streamflow of the LISFLOOD model 

embedded within GloFAS. 

Table 5. 2 LISFLOOD calibration parameters, including upper and lower bound, and default 
value for the uncalibrated simulation setup. *Note that GwLoss and TransSub are not 
calibrated when using the raw GFDS signal (scenario Qsim3). 

 

Parameter 

Name 

Description Unit Min Max Default 

Tuz Time constant for water in upper zone  D 3 40 20 

Tlz Time constant for water in lower zone d 50 2500 1000 

GwPerc 
Maximum rate of percolation going from 

the Upper to the Lower response box  
mm d-1 0.01 2 0.5 

GwLoss* 
Maximum loss rate out of the Lower 

response box 
mm 0 0.35 0 

TransSub* 
Linear transmission loss parameter (Rao 

and Maurer, 1996) 
- 0 0.6 

Estimated based on 

relationship with mean 

annual potential 

evaporation 

CalChanMan 
Multiplier applied to Channel Manning's 

n (bankfull routing) 
- 0.1 15 4.0 



Chapter 5. Calibrating a rainfall-runoff model using satellite-derived surface water extent 

89 
 

Note that due to the dimensionless character of the raw GFDS signal, and to avoid substantial 

changes in water volume while optimising the flow peak, when using scenario Qsim3 the 

parameters that control the quantity of loss rate out of the lower zone (GwLoss) and the 

transmission loss, including simulation of evaporation, water extraction, and leaching 

(TransSub), are not calibrated, but instead these are set to the default values. For this 

scenario Qsim3, the inclusion of the two aforementioned parameters provides too many 

degrees of freedom because there is not enough information in the GFDS signal alone to 

constrain them. As a consequence, it might take very high values in order to optimise the 

linear correlation between simulated and in situ streamflow and result in an important loss 

of flow volume. During our initial tests, this error was observed and was substantial, giving 

unrealistic streamflow simulations for some catchments such as the Amazon and Mississippi. 

Table 5. 3 Summary of simulation scenarios.  

Scenario 
Description 

Objective function 

Qsim0 Uncalibrated - 

Qsim1 Calibrated using Qground KGE’ 

Qsim2 Calibrated using QGFDS KGE’ 

Qsim3 Calibrated using GFDSraw  linear correlation (r) 

To define the calibration and validation periods for each catchment, we used the split-

sample procedure (Refsgaard and Storm, 1990) for the period of simultaneous in situ and 

satellite-derived data, where the first half was used for validation and the second half for 

calibration. The first year of the calibration period was used as warm-up, and thus 

disregarded in computing the performance statistics. This means that for stations located 

below 38°N with sufficient in situ data, the calibration period is 2004-2010 with 2004 used 

as a warm-up, and the validation period is 1998-2003. For stations located above 38°N with 

sufficient in situ data, the calibration period was 2006-2010 with 2006 used as a warm-up, 

while the validation period is mid-2002-2005. The aforementioned period was modified 

when a particular site had less than 10 years in total of in situ data available during these 

periods, as was the case for the Zambezi River at Senanga, the Niger River at Lokoja, and the 

Parnaiba River at Luzilandia. 

To initialise the groundwater storage of the model, we performed a pre-run for each 

simulation and parameter set in order to calculate the average recharge. Even though 

computational time increased, this was done because the time needed to initialise any 

storage component of the model is dependent on the average residence time of the water 

contained in it, and the warm-up period might not be sufficiently long for a correct 

initialisation of the storage. 

5.3.3. Calibration Procedure 

The aim of model calibration is to obtain a set of parameters for which the model simulation 

outputs are as close as possible to the ground measurements. We test the use of both the raw 

remotely-sensed surface water extent signal (GFDSraw) and the re-scaled signal (QGFDS) as a 
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proxy for in situ measured streamflow. For all scenarios, we calibrated the model using an 

automatic process with the same model setup, input dataset (section 5.2), range of 

parameter values, and calibration / validation periods (section 5.3.2.2). We performed a 

single-objective calibration for the in situ observed streamflow (Qsim1) and GFDS estimated 

streamflow (Qsim2) to assess the skill of the model simulations using this optimisation 

method. In this case, we used the modified Kling-Gupta Efficiency (Kling et al., 2012) as an 

objective function. 

KGE’ is a performance indicator based on the equal weighting of linear correlation (r), bias 

ratio (β) and variability (γ), between simulated (s) and observed (o) streamflow values: 

                                    (2.a) 

  
  

  
        (2.b) 

  
   

   
  

     

     
       (2.c) 

where CV is the coefficient of variation, μ is the mean streamflow [m3 s−1], and σ is the 

standard deviation of the streamflow [m3 s−1]. For KGE’ r, β, and γ have their optimum at 

unity. The KGE’ measures the Euclidean distance from the ideal point (unity) of the Pareto 

front, and is therefore able to provide an optimal solution which is simultaneously good for 

bias, flow variability, and correlation.  

Our purpose was to implement the best calibration framework for the setup used for the 

LISFLOOD model as the intrinsic characteristics of the data permitted. Since the GFDSraw data 

contain only information on variability and timing, but not on magnitude of the flows in 

volumetric streamflow units, for Qsim3 we carried out a calibration using the Pearson linear 

correlation coefficient (r): 

   
                   

 
   

           
 
   

            
 
   

 
      (3) 

where s is the simulated and o the observed streamflow values, which range from -1 to 1, 

with 1 being the optimum value. 

Numerous studies have successfully applied evolutionary algorithms for calibrating 

hydrological models (Duan et al., 1992; Maier et al., 2014; Nicklow et al., 2010). For the 

calibration of LISFLOOD we used the evolutionary algorithm implemented using the 

Distributed Evolutionary Algorithm in Python (DEAP) module (Fortin et al., 2012) using a 

population size of 12, a recombination pool size of 24, and crossover and mutation 

probabilities set to 0.9 and 0.1, respectively. The number of generations was set by trial-and-

error to 30, which we found was sufficient to achieve convergence for all testing sites. 
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5.3.4. Performance comparison and skill quantification 

The calibrated streamflow time series of each calibration scenario was compared with the 

uncalibrated streamflow. In addition, an evaluation against the in situ streamflow 

observations was also done. For this, the r, KGE’, Nash-Sutcliffe efficiency (Nash and Sutcliffe, 

1970), and percentage of bias (PBIAS) were used. A description of the two latter validation 

metrics can be found in the Appendix at the end of this thesis. In addition, hydrographs, 

scatterplots, and obtained skill scores by the calibrated simulated time series were carefully 

analysed and compared with the uncalibrated simulated time series (Qsim0) for the period 

1998-2010, and also with the in situ streamflow time series. A better performance in terms 

of reproducing in situ streamflow observations for Qsim3 than Qsim0 for the validation 

period would mean that the GFDS signal has value for that particular catchment. 

Furthermore, to understand the added value of using the satellite-derived data (QGFDS and 

GFDS) for model calibration, we calculated the gain as follows: 

                     (4) 

                   (5) 

                  (6) 

                                                (7) 

where A, B, C, and D represents the skill scores obtained when comparing the scenario 

Qsim0, Qsim1, Qsim2, and Qsim3, respectively, to in situ measurements. This was carried out 

for the r and KGE’ score. At each location, a positive value means that either Qim1 (eq. 4), 

Qsim2 (eq. 5), or Qsim3 (eq. 6) scenario obtained a higher skill score than Qsim0, whereas a 

negative value means that the score decreased after calibration. Furthermore, we calculated 

the overall difference in gain between the scenarios that use QGFDS and Qground (eq. 7). 

5.4. Results  

5.4.1. Assessing the use of satellite derived surface water data for calibration  

For each scenario, including the uncalibrated model, simulated streamflow time series were 

compared with the in situ measurements. Furthermore, skill scores (r, KGE, NSE, and PBIAS) 

obtained for each calibrated run (Qsim1, Qsim2, and Qsim3) were compared with the 

uncalibrated run (Qsim0). An example of the calibration optimisation technique that use the 

GFDS signal as input, compared with in situ measurement (Qground), and the simulated 

uncalibrated time series is presented in Figure 5. 3, for station G1156 (Amazonas River at 

Obidos-Linigrafo). We decided to illustrate the evaluation through this station for the 

richness of information that it provides. However, the appendix D includes tables with all the 

skill scores obtained for each station, for the uncalibrated and calibrated runs, during both 

the calibration and validation periods. 
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Figure 5. 3. Results of LISFLOOD calibration using GFDS signal for the Qsim3 optimization (r) 
method for the Obidos-Linigrafo station (Amazonas River, Brazil). Skill scores show the 
results of comparing the model simulations (calibrated and uncalibrated) with the in situ 
observed streamflow. In the time series panel, the dashed line marks the end of the 
validation period, and beginning of the calibration period. 

Looking at the figure, the time series for this location (G1156) reveal that the model exhibits 

a too-early bias in the streamflow seasonality, in particular for the uncalibrated scenario. 

After calibration, the timing of the streamflow at the peak improves whereas the timing at 

the low discharge levels worsens. This response can be partially explained by the fact that, in 

this study we used the full time series of the GFDS signal, and therefore we also included the 

signal in low-flow periods. During the periods with lesser streamflow volume, the signal-to-

noise ratio is lower, and therefore the signal might not be as accurate as during high flows or 

flood conditions. We also tested the possibility of applying a cut-off value of the signal at 

each site for calibration, in other words, to use only the signal above a certain threshold 

where the noise is minimal. However, for the current studied locations we could not find an 

optimal solution between the cut-off value and the remaining length of data available for 

calibration. In order to implement this, further research is needed. Therefore, as our main 

interest is on the performance at the peak flows, we opted to include the full time series 

from the GFDS signal. Furthermore, r is influenced by few large values, and the low flow 

might have changed as a side effect of the calibration. In addition, it is possible that when the 
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streamflow volume starts to decrease, the signal retrieved from the satellite is still capturing 

some areas that remain wet for a longer time within the pixel under observation. This might 

occur when the flow has exceeded the bank-full channel capacity, but is also common in 

meandering and braided rivers. Additionally, this delay could be further influenced partly by 

the operational 4-day mean applied to the GFDS signal. 

Due to the dimensionless character of the GFDS signal in this calibration scenario (Qsim3) 

we only use linear correlation as an optimisation function, but measurements of the 

goodness-of-fit such as KGE’ and NSE might also improve consequently. Meanwhile, the 

percentage of the bias (PBIAS) may keep the same value. This is because the parameters that 

control the quantity of loss rate out of the lower zone (GwLoss) and the transmission loss 

(TransSub), including simulation of evaporation, water extraction, and leaching, were not 

calibrated for scenario Qsim3, and therefore have the same values as Qsim0. However, for 

scenarios Qsim1 and Qsim2, the inclusion of the GwLoss and TransSub parameters in the 

calibration resulted in reductions in the bias for stations where the uncalibrated simulated 

streamflow was either substantially underestimated (e.g., G0729), or overestimated (e.g., 

G1090, G1177, G1197). As a consequence, if we also aim to improve the skill of the simulated 

volumes, and there is availability of historical in situ measurements, we could calibrate the 

model using the satellite-derived streamflow measurements (QGFDS) to extent the calibration 

period. An example of this can be found in the appendix, for station G1177 (River Mearim at 

Bacabal). Both scenarios Qsim0 and Qsim3 obtained poor KGE, NSE, and PBIAS scores, 

whereas the skill of the simulated streamflow improved on the calibration for Qsim1 and 

Qsim2. 

In order to determine how well the simulated streamflow that uses GFDS estimated 

streamflow (Qsim2) and GFDS raw signal (Qsim3) correspond with the simulation that uses 

in situ observed streamflow (Qsim1) and the uncalibrated simulation (Qsim0), we used box-

plots (Figure 5. 4). Here the results of the correlation coefficient (r), the KGE’, and the NSE 

obtained by comparing all simulated time series against in situ streamflow time series, are 

presented. All the obtained individual values, also for PBIAS, are displayed in the appendix. 

Looking at the linear correlation (r) scores (Figure 5. 4, panel a), similar distributions were 

obtained. Furthermore, for scenario Qsim1, Qsim2, and Qsim3 the inter-quartile range got 

smaller in absolute terms and their correlation values improved. Among these, however, 

scenario Qsim3 obtained a higher score for certain stations probably because this scenario 

specifically used linear correlation as the metric to be optimised during the calibration 

procedure. Looking at the KGE (Figure 5. 4, panel b) similar distributions were also obtained, 

although a clear overall improvement of the simulations in Qsim1 and Qsim2 is shown in 

comparison with Qsim0. This was expected because these two scenarios used KGE for 

calibration, providing an optimal solution which is equally good for bias, flow variability, and 

correlation. As a consequence of improving the correlation score on scenario Qsim3 during 

the calibration period, it resulted in higher inter-quartile KGE’ values in comparison with 

Qsim0, although this is not valid for the validation period, even though the median value 

increased. Finally, the NSE values (Figure 5. 4, panel c), show a similar pattern as observed 

with KGE’ scores. Qsim1 and Qsim2 obtained higher values than Qsim0, with Qsim1 the best 
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scenario. Moreover, Qsim3 shows some improvement for the calibration period in 

comparison with Qsim0, but not very relevant for the validation period. For clarity, in the 

KGE’ and NSE’ graphs the station G1177 is not shown but its KGE´ values are: calibration [-

3.63, -0.60, -0.60, -1.50] and validation [-2.55, -1.11, -1.11, -3.40], and NSE: calibration [-

23.91, -7.90, -7.91, -31.50] and validation [-43.37, -15.82, -15.84, -56.81] for Qsim0, Qsim1, 

Qsim2 and Qsim3, respectively. 

 

Figure 5. 4. Boxplots of the (a) correlation coefficient (r), (b) Kling-Gupta efficiency (KGE’), 
and (c) Nash-Sutcliffe (NSE) for each of the simulations (Qsim0-Qsim4), obtained for the 
calibration and validation periods versus in situ observation time series. 

5.4.2. Quantifying the gain in skill for each calibration scenario 

We calculated the improvement or deterioration of the skill score obtained during the 

calibration and validation of the calibration scenarios (Qsim1, Qsim2, and Qsim3), in relation 

to the uncalibrated scenario (Qsim0), and the differences in gain between Qsim1 and Qsim2. 

This was done firstly by comparing the simulated streamflow of each scenario against in situ 

measurements, as previously shown, and secondly, by calculating the gain based on the r and 

KGE’ score of scenarios for Qsim1 (eq. 4), Qsim2 (eq. 5), and Qsim3 (eq. 6) with respect to 

the uncalibrated scenario (Qsim0), and comparing the results of equations 4 and 5 (eq.7). 
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Figure 5. 5 shows in panel a) that for the calibration period, Qsim3 obtained overall the 

highest r gain, and in this respect the gain in scenarios Qsim1 and Qsim3 are very similar. On 

the other hand, for the validation period there are no important differences between the 

different scenarios. Note that during calibration of Qsim2, the skill (KGE') is calculated based 

on the QGFDS, so the skill always improved compared with Qsim0. For calibration of Qsim3, 

the skill (r) is calculated based on the GFDS, so the r skill always improved in comparison 

with Qsim0. However, in this figure and analysis, the comparison is made of Qsim2 or Qsim3 

against in situ streamflow measurements. So although these data are regarded as "ground 

truth", previous research showed that the analysis of rating curve uncertainty leads to errors 

from 1.8 to 38.4% of the total volume studied (Di Baldassarre and Montanari, 2009; 

Pappenberger et al., 2006). Note that in the cases where the gain in Qsim3 is negative, this is 

because although there was an improvement in the r score during the calibration in 

comparison with the raw GFDS signal, when comparing the simulated streamflow with in 

situ observations, it is possible that that score slightly decreased. In panel b) of the same 

figure, we see how the KGE gains on the Qsim1 and Qsim2 are both positive in comparison to 

the uncalibrated run, and very similar during the calibration and validation periods, whereas 

Qsim3 obtained overall smaller gains and the median gain value in KGE is close to 0 as 

expected because its calibration was not optimised in this score. 

 

 Figure 5. 5. Summary of the gains for each scenario (Qsim1, Qsim2, and Qsim3) compared 
with Qsim0, and between the calibrated scenarios with streamflow time series (Qsim1 and 
Qsim2). 

Furthermore, Figure 5. 6 shows for scenario Qsim2 (panel a) and Qsim3 (panel b) the KGE 

gain values geographically distributed. For scenario Qsim2 and for most of the stations, 
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there was an important improvement of the KGE values in both the calibration and 

validation period. However, for the stations located in Missouri (G0729) river in North 

America, the simulated streamflow did not substantially improve, looking at the validation 

period, whereas for the other stations with negative KGE Gain values, G1083, G1121, G1129, 

and G1286, their values was less than -0.03. Therefore, there was no improvement after 

calibration in the skill to reproduce in situ observations. For example, for the Yukon River, 

the uncalibrated model already underestimates flow using the lowest value of the TranSub 

parameter, and therefore calibration was unsuccessful in reducing the flow underestimation. 

 

 Figure 5. 6. Spatial distribution of the gain or loss of the Kling-Gupta Efficiency (KGE’) 
coefficient obtained by each of the simulation scenarios calibrated with satellite-derived 
information (Qsim2 and Qsim3) in comparison with the uncalibrated scenario (Qsim0), a) 
during calibration and, b) validation periods. Skill scores are obtained by comparing each 
simulated streamflow set with in situ observed streamflow. 

For scenario Qsim3, the overall gain is smaller, as expected, because KGE’ was not used as an 

optimisation objective during calibration. For the calibration period, four locations obtained 

lower gain with the range [-0.02 to -0.69], and 11 locations on the validation [-0.02 to -0.99]. 

However, the increase of the r score leads to an improvement of KGE’ for most of the 

stations, whereas for others, the KGE’ is smaller than before calibration. For this scenario, 

the decrease is especially notable also for Missouri river (G0729) in North America, and for 

Uraricoera River (G1121) in South America in the calibration. On the other hand for the 
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validation period there are more stations with lower scores. This is the case for example for 

the Parnaiba (G1168) and Mearim (G1177) Rivers, where the model highly overestimates 

the streamflow both before and after calibration. Therefore, these results, indicate that once 

the locations are selected based on the GFDS criteria for a reliable quality signal, the 

performance of the streamflow simulations for scenario Qsim3, in terms of volumetric 

accuracy, is more dependent on the a priori performance of the hydrological model rather 

than on the geographical dependences on the quality of the GFDS signal. 

5.4.3. Assessing the variability of the calibrated model parameters 

Figure 5. 7 shows that the median values and spread for each of the parameters (as 

described in Table 5. 3) are similar between calibration scenarios that used in situ 

streamflow time series (Qsim1 and Qsim2). However, using GFDS signal (Qsim3) we 

obtained different median and inter-quartile parameter values for the time constant for 

water in the upper zone (Tuz), the groundwater percolation rate (GwPerc), and the 

multiplier of the Manning’s roughness maps of the channel system (CalChanMan). The 

GwPerc parameter determines the amount of water that percolates from the upper to the 

lower zone. In scenario Qsim3, we found that a median lower percolate rate was applied, 

therefore a larger amount of water is either stored, or added to the channel. In line with this, 

for this calibration scenario, the time constant Tuz is smaller, which means that there is an 

increase in volume and velocity of inflow to the river channel. As a result, the CalChanMan 

parameter that is used to fine-tune the timing of the channel routing on open channels, 

obtained higher values. This means that the higher the Manning’s roughness, the slower the 

velocity of the streamflow through the channel. Therefore, these three parameters were 

found to be more dependent on the calibration methodologies and/or the input dataset 

used. 

However, for the scenarios that used streamflow for calibration (Qsim1 and Qsim2), we also 

calibrated the amounts of inflow to the deeper groundwater systems (GwLoss) and losses 

due to evaporation, leaching or water use (TransSub). In order to optimise the simulated 

streamflow, this resulted for both scenarios in a higher median amount of percolation from 

the upper to the lower zone, and also a slighter higher median value of loss to groundwater 

compared with both the uncalibrated and Qsim3 scenarios. Again, it should be noted that the 

raw GFDS signal is dimensionless and does not contain information about the quantity of 

streamflow unless a (linear) relation between the satellite signal and historical in situ 

streamflow measurements is established (as has been done using QGFDS in Qsim2). 

We also tested the exclusion of the groundwater percolation (GwPerc) parameter for 

calibration of the scenario Qsim3, and calibrated for the remaining Tuz, Tlz, and 

CalChanMan. In comparison to the results from Qsim3 illustrated in Figure 5. 7, we obtained 

a similar median value for Tuz, but lower median values for Tlz and CalChanMan. This means 

that for this calibration method applied to the LISFLOOD model, in order to optimise the 

streamflow simulation, the movement of the flow from the lower zone to the river channel is 

faster than previously, but the streamflow moves through the channel more slowly. 
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Figure 5. 7. The six calibrated parameters distribution for the three calibration scenarios. 
Refer to Table 5. 3 for the description of the scenarios. The default parameter values used for 
the uncalibrated run (Qsim0) are marked with the dashed line, except for the TransSub 
parameter, where an input global map was used for the uncalibrated run with values [0- 
0.45]. GwLoss and TransSub were not calibrated for Qsim3 scenario. 

5.5. Discussion 

5.5.1. Assessing the use of satellite derived surface water data for calibration 

In this study, the use of satellite-derived passive microwave data from GFDS has been tested 

for calibration of the rainfall-runoff LISFLOOD setup within the GloFAS flood forecasting 

system, in order to enhance the skill of the simulated streamflow. As in previous studies, use 

of satellite-derived data does not aim at replacing in situ measurements for model 

calibration, but rather to use them as an alternative for ungauged locations. Another 

possibility, as demonstrated here, is to use the satellite data as an extension of historical 

time series at locations where the gauges are no longer active, or for periods when in situ 

data are not available. The results of our study correspond with other research carried out in 

the area of calibrating hydrological or hydraulic models using satellite-derived data, such as 

inundation extent, river width, and water levels from several satellite platforms (see Table 5. 

1). In these studies, the usefulness of satellite-derived information to increase the 

performance and reliability of the models was highlighted. Some of these studies focus on 

the model calibration for specific flood events, others (like this study) focus on longer 

periods, greater than 10 years (Domeneghetti et al., 2014; Getirana, 2010; Getirana et al., 

2013; Milzow et al., 2011). However, these studies use, for example, altimetric data from ERS 



Chapter 5. Calibrating a rainfall-runoff model using satellite-derived surface water extent 

99 
 

and/or ENVISAT missions, with an image acquisition frequency of 35 days, while the data 

used in our study are obtained from several passive microwave sensors in the GFDS system, 

which have a daily visit frequency. Furthermore, this study is the first to test the use of 

surface water changes data from GFDS for calibration of the LISFLOOD-GloFAS model setup. 

5.5.2. Outlying the overall benefits and limitations of using GFDS satellite-

derived data for calibration 

The results have shown the overall benefits of using raw GFDS data for calibration in 

(virtually) ungauged basins. Therefore, even though the gain in the calibration when using 

raw satellite data can be limited, mainly to the timing of the peaks, it is nonetheless an 

attractive option for calibration due to its complete independence from in situ 

measurements and, consequently, its suitability for completely ungauged catchments. 

Furthermore, the gain in the correlation using the GFDS signal is in line with the amount of 

improvement in that same metric by using Qground, dataset which marks, within the 

presented calibration framework, the limits of how well the simulated streamflow can be 

calibrated at those locations. 

It is expected that the application of this calibration concept to a global flood forecasting 

system such as GloFAS, should also improve the forecast performance. However, quantifying 

the improvement in forecast skill is beyond the scope of this study. Furthermore, the results 

also show that for a global hydrologic model calibration, the use of all three types of data - 

namely in situ streamflow, GFDS-derived streamflow, and raw GFDS signal - would be likely 

to result in the best possible calibrated model setup. Nevertheless, use of the GFDS signal as 

a proxy for measured streamflow is not possible for every site with an in situ gauge (see 

Chapter 2), due to the influence on the satellite signal of local factors such as river geometry, 

the amount of average daily streamflow, and the floodplain dimension. Therefore, one 

limitation of an approach using all three datasets is confidence in the quality or signal/noise 

ratio of the GFDS satellite signal at locations where its validation is challenging due to the 

lack of in situ observations. Furthermore, uncertainties in both the raw GFDS signal to 

capture surface water changes and GFDS-derived streamflow to reproduce in situ 

streamflow, have not yet been quantified. 

5.5.3. Future Research Direction 

An additional potential value of using the GFDS signal within a hydrological model would be 

to include the signal at specific sites for post-processing (Bogner and Kalas, 2008) through 

data assimilation and error correction of the streamflow forecast for the GloFAS model, or 

spatial data assimilation analogous to the use of remotely sensed soil moisture in the 

LISFLOOD model (see Chapter 6; Wanders et al., 2014b), thereby providing more reliable 

information of the model simulations. 

Furthermore, we acknowledge that a calibration scheme where the input fluxes remain 

equal for the surface and sub-surface runoff fractions has some limitations. Therefore, 

including this element will also be considered for calibration of the full global hydrological 
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model. This could be done either by calibrating the HTESSEL land surface model, or by using 

the full LISFLOOD global setup to test the calibration. It is also planned to use this full 

version of LISFLOOD for a multi-model framework setup of GloFAS. Once the full calibration 

of the model is carried out, the optimal set of parameters defined for each catchment, will be 

applied within the pre-operational GloFAS flood forecasting system. However, further 

research is required on the effect of setting a single parameter value for large catchments, 

and how to increase the parameter variability within a single catchment. 

5.6. Conclusion 

This study has evaluated the potential of remotely-sensed estimates of surface water extent, 

from the Global Flood Detection System (GFDS), to improve hydro-meteorological model 

simulations of the LISFLOOD model for large-scale catchments. Main conclusions of the 

study, based on the 30 sites located in Africa, Europe, North America, and South America, 

and the different calibration scenarios, are summarized as follows: 

1) Using satellite-derived surface water extent as a proxy for streamflow (scenario 

Qsim3) for calibration generally leads to a more skilled streamflow simulation than 

an uncalibrated streamflow simulation, based on a comparison of the simulated time 

series with the in situ streamflow data. The calibration framework used linear 

correlation (r) for optimisation, due to the dimensionless of the raw GFDS signal. 

However, the independence of GFDS from in situ measurement is a key strength of 

this dataset, in terms of its application for completely ungauged catchments. 

2) Using observed streamflow gauge data to calibrate the model produced marginally 

better results than using satellite-derived streamflow estimated data. This is 

especially relevant for the KGE metric, which, also takes into account flow variability 

and bias, compared with linear correlation. However, at multiple sites, we needed to 

use shorter potential evaluation periods due to the lack of (recent) in situ data, 

whereas satellite-derived data are available almost continuously on a daily basis 

since 1998 or 2002 (depending of the latitudes) until present. 

The continuous availability of the Global Flood Detection System data is a key strength, in 

terms of their use as a proxy for streamflow, and this is especially useful for large scale 

hydrological models where the data can be used to extend of historical observations from a 

discontinued gauge, or for periods when in situ data are not available.  
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6.  Integrating remotely sensed surface 

water extent into continental scale hydrology 
 

This chapter is based on:  

Revilla-Romero, B., Wanders, N., Burek, P., Salamon, P., De Roo, A., Integrating remotely 
sensed surface water extent into continental scale hydrology. Submitted to: Journal of 
Hydrology. 
 

Abstract: 

In hydrological forecasting, data assimilation techniques are employed to improve 

estimates of initial conditions to update incorrect model states with observational data. 

However, the limited availability of continuous and up-to-date ground observational data is 

one of the main constraints for real-time applications such as global flood forecasting 

models. Remote sensing has been recognised as a valuable alternative source of 

observations for large-scale flood forecasting due to its large spatial coverage, open data 

policy, and the advantage of being available at frequent temporal intervals and shortly after 

the satellite image retrieval. 

In this study, we present the impact of assimilating remotely sensed surface water extent 

into the global hydrological LISFLOOD model using the Ensemble Kalman Filter (EnKF), 

and its potential to improve the timing of the flood peak. For the time period studied, we 

use the merged product from the Global Flood Detection System (GFDS) that employed 

both AMSR-E (Advance Microwave Scanning Radiometer – Earth Observing System) and 

TRMM (Tropical Rainfall Measuring Mission) to derive surface water extent as used in the 

GFDS. This satellite-derived water extent signal is assimilated into LISFLOOD for the full 

African and South American continents and results are compared to baseline initial 

conditions (without data assimilation). Validation is done based on ground-based 

streamflow observations over a one year period. Results show that largest gains on 

reproducing in situ streamflow were obtained by locations with poorest skill scores on the 

deterministic runs. Furthermore, results suggest that the application of these data within a 

data assimilation technique might not be beneficial for all locations. In addition, we confirm 

that the covariance error within the EnKF filter methodology has an important role on the 

outputs from the assimilation framework. 



Chapter 6. Integrating remotely sensed surface water extent into continental scale hydrology 
 

 
104 
 

6.1. Introduction  

Flood forecasting systems are based on rainfall-runoff, channel flow routing, or snow-melt 

models, at times coupled with land surface models. These models or systems aim at 

simulating streamflow as close as possible to reality, and in situ streamflow time series 

typically used as a reference ground “truth”. However, the use of in situ observational data 

in near real-time flood forecasting systems is constrained due to its public unavailability at 

near real-time in many regions of the globe. In addition, for many large rivers, even if gauge 

data are available, the network might be very sparse (e.g., at Niger River). As 

complementary data, remotely-sensed products have been recognised as very valuable 

(van Dijk and Renzullo, 2011), having particular potential for use within sparsely equipped 

and ungauged regions. Further, remote sensing data are very useful as they provide 

routinely collected data with a wide spatial extent and available for scientific research and 

applications. Both in situ and satellite-derived data are used for calibration and validation 

of hydrological models (e.g., Di Baldassarre et al., 2009; Gupta et al., 1998; Madsen, 2000; 

Wanders et al., 2014a). Other methodologies used to enhance the skill of the simulated 

streamflow are a) data assimilation of observations into a model (e.g., Clark et al., 2008; Seo 

et al., 2009), and b) post-processing of the hydrological ensemble predictions (e.g., Bogner 

and Kalas, 2008; van Andel et al., 2013). Both methodologies have diverse strengths and, 

up to a certain point, are complementary. Therefore, the use of both is highly 

recommended (Bourgin et al., 2014), if we aim to improve forecast reliability and accuracy. 

Data assimilation schemes are expected to reduce hydrological uncertainty of hydrological 

models (Bates, 2012; Bourgin et al., 2014), especially at shorter lead times. Assimilation of 

state variables such as remotely-sensed soil moisture data is progressively been tested in 

recent years (see Kornelsen and Coulibaly, 2013; Ni-Meister, 2008 for a review), whereas 

not so many studies have evaluated the impact of assimilating surface water extent or level 

retrieved data. Some studies (see Table 6. 1) used water levels observations derived from 

Synthetic-Aperture Radar (SAR) [1-7]. Other studies have also explored the possibilities of 

using the surface water height and inundation extent data from the future Surface Water 

and Ocean Topography (SWOT, https://swot.jpl.nasa.gov/) [8-9] satellite mission, showing 

promising applications. However, most of these studies focus solely on a single river reach 

or catchments, and often on specific flood events due to limited temporal availability and 

cost of high resolution satellite imagery. 

Even though, previous studies have used the passive-microwave surface water extent 

changes derived from the Global Flood Detection System (GFDS) for a range of applications 

such as estimating streamflow (Brakenridge et al., 2007; Chapter 2), river discharge 

nowcasting and forecasting (Hirpa et al., 2013), model calibration (see Chapter 5), 

validation of floods events (Jongman et al., 2015; Khan et al., 2014; see Chapter 3), and river 
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water level prediction (Vittucci et al., 2014) to name a few, to the authors’ knowledge only 

one study has attempted to assimilate this type of data within a rainfall-runoff model 

(Zhang et al., 2013) [10]. In that study, satellite estimate streamflow was employed as a 

proxy for in situ streamflow at a specific point location, instead of using the satellite-

retrieved raw spatial signal as is the objective in this study. 

We implement a data assimilation scheme using a climatology forcing as a first step, 

instead of a probabilistic meteorological forecast. Further, we examine the feasibility of 

using surface water changes from the Global Flood Detection System (GFDS) for data 

assimilation using the ensemble Kalman filter (EnKF) within a rainfall-runoff model for the 

African and South American basins. The aim of this proof-of-concept study is to test 

whether assimilation of exclusively satellite-derived surface water changes will positively 

impact the skill of the simulated streamflow to reproduce the hydrograph, especially 

during flood peaks on large basins (>10.000 km2). The reason that drove this decision is 

that there are large regions of the world ungauged, and those gauged with publicly 

provided real-time data are also scarce, and we wanted to design a framework also valid 

from those areas. Therefore, assimilating satellite-derived information into the 

hydrological model have an important added value for those regions where in situ 

measurements are not available; and it can be implemented independently of these 

datasets. 

The rainfall-runoff model employed in this study is the recently upgraded LISFLOOD global 

version. It runs at a daily time step using the Watch WFDEI dataset as the meteorological 

forcing (Weedon et al., 2011). LISFLOOD Global currently incorporates a module for data 

assimilation which has been successfully applied using soil moisture (Wanders et al., 

2014b) within the European Upper Danube catchment for the European Flood Awareness 

System (EFAS). However, the new set up of LISFLOOD Global used here is currently not yet 

incorporated within a continental or global flood forecasting system such as the Global 

Flood Awareness System (GloFAS). 

In section 6.2 we present the data used and study regions. Section 6.3 describes the 

methodologies including the model, data assimilation framework, and assessment 

procedures. Results and discussion are presented in section 6.4, and finally conclusions are 

summarised in section 6.5. 

6.2. Data and Study Region 

6.2.1. Study Region 

The rainfall-runoff model used, LISFLOOD, is a global model at a resolution of 0.1° x 0.1°. 

However, for testing the effects of assimilating satellite-derived surface water extent on the 

simulation of the streamflow, we focus on African and South American catchments due to 
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the potential benefits that an improvement of the streamflow simulations can bring to 

those regions, as many of their water authorities lack of a catchment-wide hydrological 

model. Figure 6. 1 shows the studied river basins, main rivers from the Global Runoff Data 

Centre (GRDC), and the ground river gauges. 

 

Figure 6. 1. Study region. Gauging stations used for validation are represented with black 
dots, black dotted lines represent river basin boundaries, and blue lines represent major 
rivers. The background is the 10 km resolution Digital Elevation Model (DEM) used for the 
model. Inlet map shows the area mask of the African and South American continents used 
for Data Assimilation. 

6.2.2. Ground streamflow data: 

Daily ground streamflow time series were obtained from the Global Runoff Data Centre 

(GRDC, 2015). For this proof-of-concept study, only one year of data was used, although the 

GFDS signal is available for most of the globe since 1998. We choose 2003 in order to have 

the largest number of in situ gauges data for validation, especially within the African 

continent. Many of these cease to either record or provide data to GRDC after 2004 due to 

an smaller gauging network coverage and more restricted access to national scale 

information (Hannah et al., 2011). 
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Table 6. 1. Summary of relevant studies where satellite-derived inundation extent data was assimilated within a hydrodynamic and/or 
hydrological model. Studies are listed in alphabetical order author. 

 Study Satellite and 
sensor/ Acquisition 

frequency 

Model DA method Study area and 
no. of in situ river 

gauges used 

Study period Objective/Approach Key findings 

1 Andreadi
s et al., 
(2007) 

Synthetic Water 
Surface Level/ 8 

days 

LISFLOOD-FP Ensemble 
Kalman Filter 

(EnKF) 

50-km reach, Ohio 
River (USA) 

01 April to 23 
June 1995 

Synthetic surface water elevation profiles 
produced to assimilate within a 
hydrodynamic model. 

The filter successfully recover water depth and 
discharge from a corrupted LISFLOOD-FP simulation. 

2 García-
Pintado et 
al., (2015) 

Synthetic Aperture 
Radar (SAR) 

LISFLOOD-FP Ensemble 
Transform 

Kalman Filter 
(ETKF) 

Lower Severn and 
Avon rivers (UK) 

19 July to 01 
August 2007 

Propose a novel along-network metric for 
filter localization in the river network. 

Joint inflow bias correction, for local filters, leads to 
improved forecast skills. 

3 García-
Pintado et 
al.,( 2013) 

SAR LISFLOOD-FP ETKF Lower Severn and 
Avon rivers (UK) 

19 July to 01 
August 2007 

Evaluate the forecast sensitivity to 
satellite first visit and revisit time. 

Online correction of imposed bias clearly improves 
the 2D flood model /DA forecast. Revisit interval is 
most influential for early observations. 

4 Giustarini 
et al., 

(2011) 

ERS-2 SAR and 
ENVISAT ASAR 

HEC-RAS Particle Filter 19 km reach of the 
Alzette River 
(Luxembourg)  

January 2003 Integration of water level data into a one-
dimensional (1-D) hydraulic model 

The updating of hydraulic models through the 
proposed scheme improves model predictions over 
several time steps. 

5 Hostache 
et al., 

(2010) 

SAR (RADARSAT-1) Shallow water 
equations 

(2D-SWEs) 

Variational data 
assimilation  

(4D-var) 

28 km reach of the 
Mosel River 
(France/Germany) 
(3 gauges) 

28 February 
1997 

Assimilation of satellite-derived water 
levels in a 2D shallow water model. 

DA enhances model calibration, optimal to identify 
Manning friction coefficients in the river channel. 

6 Mason et 
al., (2012) 

SAR (TerraSAR-X) Hydrodynami
c model (not 

specified) 

Not specified Lower Severn and 
Avon rivers (UK)  
(2 gauges) 

19 July to 01 
August 2007 

Development of a methodology to employ 
waterline assimilation to correct the 
model state. 

Waterline levels from SAR images may be assimilated. 
The levels extracted from a SAR image of flooding 
agreed with nearby gauge readings. 

7 Matgen et 
al., (2010) 

SAR Coupled 
Hydrologic-
Hydraulic 

(H-H) 

Particle Filter 19 km reach of the 
Alzette River 
(Luxembourg) 

01 to 07 
January 2003 

Development of a new concept for 
sequential assimilation of SAR-derived 
water stages into coupled H-H models. 

Significant uncertainty reduction of water level and 
discharge at the time step of assimilation. 

8 Munier et 
al., (2015) 

SWOT/21 days 
(Virtual data) 

VIC + 
LISFLOOD-FP 

EnKF Upper Niger River 
Basin (Africa) 
(4 gauges) 

July 1989 to 
June 1990 

EnKF is used to assimilate SWOT data 
into a coupled hydrodynamic reservoir 
model 

The persistence of the assimilation 
greatly increases with the use of a 
smoother. 

9 Pedinotti 
et al., 

(2014) 

SWOT/1 or 3-day 
subcycle 

(Virtual data) 

ISBA 
-TRIP  

Extended 
Kalman Filter 

(EKF) 

Niger River Basin 
(8 gauges) 

June 2002 to 
2003 

Study the impact of assimilating SWOT 
observations to optimise Manning´s 
roughness coefficient. 

Demonstration SWOT’s promising potential for global 
hydrology issues. 

10 Zhang et 
al., (2013) 

GFDS (AMSR-E) + 
TRMM 

precipitation/ Daily 

HyMOD Ensemble Square 
Root Filter 

(EnSRF) 

Cubango River 
Basin (1 gauge) 

2003 to 2005 investigate the utility of satellite data 
estimates in improving flood prediction. 

Shows opportunities in integrating satellite data in 
improving flood forecasting by careful fusion of 
remote sensing and in-situ observations 

11 This 
study 

GFDS (AMSR-E + 
TRMM) / Daily 

LISFLOOD EnKF African Continent 
(6 gauges) and 
South America (95 
gauges) 

2003 Test the impact of satellite-derived daily 
surface water extent in continental 
hydrological modelling. 

Assess the potential of assimilation of GFDS data into 
large scale hydrological model. Largest were obtained 
by the locations with poorest skill scores on the 
deterministic runs. However, it might not be 
beneficial for all locations.  
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Furthermore, based on previous research of GFDS (see Chapter 2) and LISFLOOD global 

model recommendations (Alfieri et al., 2013), our criteria was to selected only stations 

with a daily mean average discharge larger than 500 m3s-1and an upstream area larger 

than 10.000 km2. The remaining stations for validation are six for Africa and 95 for 

South America. 

6.2.3. Satellite data 

Remotely sensed surface water extent provided by the Global Flood Detection System 

(GFDS, http://www.gdacs.org/flooddetection/) was used for this study. This method 

uses a range of passive microwave sensors to calculate the difference in brightness 

temperature, at a frequency of 36.5 GHz, between water and land surface to detect the 

proportion of within-pixel water and land (Kugler and De Groeve, 2007). This dataset is 

available from 1998 until present, and during its life time, it has made use of different 

passive microwave sensors. 

For our work and period of study, the merged Tropical Rainfall Measuring Mission 

(TRMM) and Advanced Microwave Scanning Radiometer for Earth Observation System 

(AMSR-E) product was used. However, GFDS is currently delivering a merged product of 

AMSR2 (http://suzaku.eorc.jaxa.jp/GCOM_W/w_amsr2/whats_amsr2.html) and the 

Global Precipitation Measurement (GPM, http://pmm.nasa.gov/GPM). The retrieved 

changes in brightness temperature are first gridded into a product with a pixel size of 

0.09° x 0.09°, and then the system provides a daily output. In order to have a uniform 

grid size to match the hydrological model spatial resolution, we rescaled the GFDS data 

from 0.09° x 0.09° to 0.1° x 0.1°. We used the four day running mean provided by the 

GFDS operational product to avoid any missing days and occasional data errors which 

might provoke jumps in data typically lasting one to three days (Kugler and De Groeve, 

2007). 

6.2.4. Reference climatology forcing 

The rainfall-runoff model was run using the WATCH Forcing Data methodology applied 

to the ERA-Interim data (WFDEI) meteorological dataset (Weedon et al., 2014b), 

available from 1979 to 2013 at 0.5° by 0.5° spatial and daily temporal resolution. The 

WFDEI precipitation data were corrected using the gauge-based GPCPv2.2 dataset 

(Adler et al., 2003; Huffman et al., 2012, 2009), provided by the eartH2Observe project 

(www.earth2observe.eu/). For surface albedo we used a monthly climatology based on 

the European Space Agency (ESA) GlobAlbedo product (Muller, 2013). 

6.3. Methodology 

This study integrates hydrological simulations of the LISFLOOD rainfall-runoff model 

(section 6.3.1) for different scenarios (section 6.3.2) with satellite-derived surface water 

extent through a data assimilation framework using the Ensemble Kalman Filter (section 
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6.3.3) method. Validation of the simulated streamflow time series with, and without data 

assimilation is performed against ground streamflow measurements (section 6.3.3.3). 

6.3.1. Hydrological model: Global LISFLOOD 

The LISFLOOD model is a distributed hydrological rainfall-runoff model that is capable 

of simulating the hydrological processes that occur in a catchment (Van Der Knijff et al., 

2010). Originally developed for operational flood forecasting at European scale at a 

resolution of 5 by 5 km (Thielen et al., 2009), LISFLOOD has also been applied to assess 

the impact of climate change on floods (Alfieri et al., 2015; Rodrigo Rojas, 2013) and 

droughts (Forzieri et al., 2014) for Europe. For global ensemble streamflow forecasting 

and flood early warning (GloFAS) the model was set up on a global coverage with 

horizontal grid resolution of 0.1° (about 11 km in mid-latitude regions) and daily time 

step for input and output data (Alfieri et al., 2013). 

In this study, we used the version released in 2015 of the LISFLOOD Global model set up. 

Some of its updates are: a) it is reprogrammed as a fully modular, object-oriented 

python code, using the PCRaster (Karssenberg et al., 2010) python library for 

hydrological calculations (e.g., routing), b) incorporates the possibility of using netcdf 

files as input and output maps, instead of exclusively using PCRaster format maps, 

enhancing operability and saving disk memory space, c) in order to select the studied 

area and outlets, this can be provided with a mask map or by writing the coordinates, 

facilitating the test on smaller areas using global scale input maps, d) integrates a 

number of new features such as the data assimilation module used within this study. 

The model consists of a vegetation layer, two layers to simulate the unsaturated zone, 

two linear reservoirs to represent the fast and slow responding groundwater systems, 

and a channel network for streamflow routing. The processes simulated by the setup of 

the model (Figure 6. 2) include snowmelt, infiltration, interception of rainfall, leaf 

drainage, evaporation and water uptake by vegetation, surface runoff, preferential flow, 

and exchange of soil moisture between the soil layers (three topsoil and one subsoil 

layers). Wanders et al., (2014a, 2014b) replaced the original soil layer representation of 

the unsaturated zone by a new unsaturated zone model component of four layers, in 

order to use a first soil layer of 5cm to compare with satellite derived soil moisture for 

data assimilation. To address subgrid variability, the snow module is calculated for three 

elevation zones. In each grid cell separately and from the infiltration up to groundwater 

module, the flows are calculated for five different land cover groups separately (forest, 

irrigated, non irrigated, sealed and water covered area), and summed up depending on 

the percentage of each land cover group. LISFLOOD includes drainage from the soil 

zones to two groundwater layers, sub-surface and groundwater flow, and routing to and 

through the river channels. Additional elements such as modelling of lakes and 

reservoirs behaviour, irrigation and water use were not included for this analysis, but 

they are currently available within LISFLOOD. Further information on the background of 

the LISFLOOD Global model and the description of the equations can be found in Burek, 
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et al. (2013). This new set up of the LISFLOOD model is currently uncalibrated, although 

it uses parameter values based on expert knowledge from previous runs of the 

LISFLOOD model. 

 

Figure 6. 2. LISFLOOD Global model set up. Black arrows represent water fluxes; 
precipitation (P), evaporation (E), recharge from the unsaturated zone to the 
groundwater (Rch). The calibration parameters of the model are: snowmelt coefficient 
(SnCoef), Xinanjiang shape parameter (bxin), saturated conductivity of the topsoil 
(KSat2), empirical shape parameter preferential macro-pore flow (cpref), maximum 
percolation rate from upper to lower groundwater (Tlz), surface runoff roughness 
coefficient (ChanN2), and channel Mannings roughness coefficient (CalMan). 

6.3.2. Scenarios 

To cope with the long memory of the groundwater storage component and to avoid 

unrealistic trends in the simulation it is necessary to calculate the average recharge rate 

into the lower groundwater zone based on a long term initialisation run (1979-2010). 

To initialise all the other storage components (e.g., snow cover, moisture content of the 

soil, upper groundwater zone storage, etc.) a relatively short warm up period (1 year) is 

sufficient in comparison to the long run needed due to the residence time in the system 

of the lower groundwater. This warm up run uses the average recharge rate into the 
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lower groundwater zone. Result of this initial state run are store as state maps for every 

single day. These are the condition/state of all the internal 36 storage components and 

other conditions of LISFLOOD (e.g., soil moisture content of the first soil zone for forest 

land cover or frost index value). 

Thereafter, three scenarios can be defined:  

a. Deterministic run: using the daily state maps, run LISFLOOD to obtain the daily 

discharge maps and time series. 

b. Open-loop deterministic: using the daily state maps, run LISFLOOD using the 

Monte Carlo approach, without data assimilation. 

c. Data assimilation run: using the daily state maps, run LISFLOOD using the Monte-

Carlo approach and the Ensemble Kalman filter (EnKF), to obtain the ensemble 

discharge maps and time series with assimilation of the satellite-derived surface 

water extent. 

We perturbed the precipitation variable to account for uncertainty in the input data as 

precipitation is the main variable driven the simulation of the streamflow in tropical 

climate. 

6.3.3. Data Assimilation 

6.3.3.1. Ensemble Kalman filter (EnKF) theory 

The Kalman Filter (Kalman, 1960) is a sequential data assimilation method widely used 

in hydrological sciences. At each time step, new observations are combined with the 

model outputs derived from the simulated state (forecast) to compute an update state 

(analysis). This state is obtained by optimally taken into account observation and model 

errors. The original Kalman filter was extended for different schemes. Here, we used the 

Ensemble Kalman filter (EnKF) (Evensen, 2003, 1994), a Monte-Carlo implementation of 

data assimilation using nonlinear models to propagate the ensemble states. The 

ensemble of model states is designed to represent model uncertainties, including those 

on the meteorological forcing, the model structure, and the parameters. To generate the 

ensembles, the precipitation forcing was scaled between 0-100 and perturbed with a 

white noise of mean of 1 and standard deviation of 0.15, to prevent ensemble 

deterioration. These values were chosen after testing as produced satisfactory 

perturbation results. 

The general form of the EnKF (Evensen, 2003) is given as 

                                 (1) 

where Ψa is the model analysis and Ψf is the model forecast, Pf is the state error 

covariance matrix of the model, R is the error covariance measurements, and H is a 

measurement operator that relates the true model state Ψt to the (satellite) 

observations d, allowing for measurement error є. 
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       є       (2) 

The error covariance matrix for the forecast estimate Pf is define in the Kalman filter in 

terms of the true state as: 

                                                   (3) 

where the overline denotes an expectation value, Ψ is the model state vector at a 

particular time and the superscript f and t represent forecast and true state, 

respectively. However, the true stated is not known, and we therefore define the 

ensemble covariance matrix around the ensemble mean,   : 

     
 
                                                        

    (4) 

6.3.3.2. Ensemble Kalman filter (EnKF) within LISFLOOD 

In this study, the system state is simulated streamflow from LISFLOOD, while 

observations are given by satellite-derived surface water extent from GFDS. Data 

assimilation within the EnKF is performed at a daily time step which is identical to the 

temporal scale of the meteorological forcing, satellite observations, and the ground 

streamflow time series for a posterior validation. At each time step, the data assimilation 

scheme corrects the model according to the differences between simulated and 

observed streamflow volumes. The model is corrected by using state augmentation to 

allow the groundwater levels in the catchment to be updated instead of the actual 

streamflow levels. The effect of updating the groundwater levels has a higher impact 

than adjusting just streamflow levels and it ensures a more stable streamflow signal. In 

order to reduce noise by potential erroneous measurements and computational 

demand, a threshold was applied to assimilate values: a) between the 90th and 95th 

percentile of streamflow values for the entire continent and, b) when the groundwater 

states in the upstream area were larger than zero (those avoiding assimilate if equal to 

zero). The 90th to 95th percentile was based on values obtained on Chapter 2, to provide 

the most stable and realistic observations for large-scale rivers and is therefore applied 

in this study. In order to limit computation cost, we use 24 ensemble members and 

obtain stable results. Afterwards, the simulated streamflow with EnKF was compared to 

a simulated run without data assimilation (baseline), the deterministic, and open-loop 

run. 

The error covariance between the streamflow observations is set to zero while the 

standard error for the streamflow observation is assumed to be 30% of the actual 

discharge (Di Baldassarre and Montanari, 2009). Further, the covariance between the 

satellite surface water extent and discharge observations was set up to zero. As the 

measurement error variance (R) is needed within the EnKF assimilation method, we 

assumed that the spatial standard error of the satellite observations or average standard 

error is 1030.40 m3s-1 . The error was calculated using all stations from Chapter 2. This 
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is the best estimate of the GFDS signal currently available and has therefore been used in 

this study. Tests made during this study suggested that a variable error depending on 

the river volume at each location (percentile error) might be more appropriate and 

needs further research. 

In addition, the GFDS observations are bias-corrected, using a linear bias correction 

method that is constrained between the minimum and maximum values of the 

historically simulated discharge values. A linear bias correction was implemented to 

ensure that the satellite derived data keep their original distribution and the 

distribution is not biased by erroneous discharge simulations. Moreover, the linear 

interpolation, ensure that the distribution remains identical to raw observations and 

does not require observations to estimate the empirical distribution. Finally this bias 

correction method also ensures that the implemented EnKF can be used in other 

locations without the need for ground observations. 

6.3.3.3. Assessing the value of GFDS though data assimilation 

We carried out a comparison of the streamflow time series with and without 

assimilation of satellite-derived surface water extent observations. In addition, we also 

evaluated the model performance against the ground streamflow observations. For this, 

we used some of the more commonly used metrics in hydrology: the coefficient of 

determination (R2), Kling-Gupta Efficiency (KGE’), root-mean-square error (RMSE), 

volumetric efficiency (VE), the Nash-Sutcliffe Efficiency (NSE) and percentage of bias 

(PBIAS%). 

First, the coefficient (R2) was calculated, which values ranges from -1 to 1, with 1 being 

the optimum value. Second, we used the modified Kling-Gupta Efficiency (KGE’; Kling et 

al., 2012) as a performance indicator based on the equal weighting of linear correlation 

(r), bias ratio (β) and variability (γ), between simulated (s) and observed (o) streamflow 

values: 

                                    (5.a) 

  
  

  
        (5.b) 

  
   

   
  

     

     
       (5.c) 

where CV is the coefficient of variation, μ is the mean streamflow [m3 s−1] and σ is the 

standard deviation of the streamflow [m3 s−1]. KGE’, r, β and γ have their optimum at 

unity. The KGE’ measures the Euclidean distance from the ideal point (unity) of the 

Pareto front and is therefore able to provide an optimal solution which is 

simultaneously good for bias, flow variability, and correlation. 

The root-mean-square error (RMSE) also measures the differences between values 

predicted by a model and the values actually observed: 
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       (6) 

where Zmod is the modelled ensemble mean streamflow, Zobs is the observed streamflow, 

T is the total number of time steps, and n is the total number of observation. In order to 

compare streamflow time series of different gauge stations, the RMSE was standardised 

on the average streamflow of each station, Qobs: 

         
    

           
      (7) 

The volumetric efficiency was proposed in order to circumvent some problems 

associated to the Nash-Sutcliffe Efficiency. It ranges from 0 to 1, and represents the 

fraction of water delivered at the proper time; its compliment represents the fractional 

volumetric mismatch (Criss and Winston, 2008). 

     
             

       
     (8) 

For the Nash-Sutcliffe and percentage of bias metrics, please refer to the Appendix. 

6.4. Results and Discussion 

Figure 6. 3 shows the comparison between simulated (Deterministic, Open Loop, and 

Data Assimilation) and in situ observed hydrographs for six selected locations for the 

year 2003. A distinct spatial pattern was found for the improvements in the LISFLOOD 

simulations after data assimilation (DA). This pattern is most likely caused by the 

differences in the signal-to-noise ratio of the GFDS signal, leading to a lower quality. At 

some locations, the improvement in streamflow simulations after DA is significant in 

both the timing and volume of the flow peaks (e.g., station G1129, G1134, G1242), at 

other locations, such as on the Amazon River, the DA resulted in a major 

underestimation of the simulated streamflow time series. An additional factor affecting 

the potential for improvement after DA with GFDS observations, is the AMSR-E signal 

which is hampered over densely vegetated areas (Jeu et al., 2008; Njoku et al., 2003; 

Parinussa et al., 2011; Wanders et al., 2012). This could have a significant impact on the 

GFDS signal, leading to lower signal-to-noise ratios and hence a lower overall quality of 

the GFDS signal. For example, for the station Obidos Linigrafo (G1156, see Figure 6. 3) 

on the Amazon River, we argue that the deterioration of the simulated streamflow after 

Data Assimilation is potentially driven by these two problems. On one side, even though 

the GFDS is able to capture well the timing of the highs and lows on the Amazon River, 

the day to day raw signal-to-noise ratio is rather low, resulting in a “noisy” signal and a 

low variability of the signal. This is corroborated by a previous calibration study (see 

Chapter 5, Figure 5. 3) where the raw GFDS signal was used to enhance the timing of the 

simulated streamflow. Note that a different meteorological forcing and set up of the 

LISFLOOD model was used in that study, and it was only calibrated using the correlation 

and not explicitly in terms of volume. 
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Figure 6. 3. Comparison of daily LISFLOOD simulated [Deterministic, Open Loop and 
Data Assimilation] runs and in situ observed hydrograph during 2003, for a) Branco 
River at Caracarai [G1129], b) Araguari River at Porto Platon [G1134], c) Araguaia River 
at Conceicao do Araguaia [G1242], d) Amazon River at Obidos-Linigrafo [G1156, e) Rio 
Mamore at Guajara-Mirim [G1275], and f) Niger River at Niamey [G1007]. 

On the other side, due to the large volume of rivers such as the Amazon, we found out 

that the error covariance measurement approach used might not have been appropriate 

at these locations deriving on a high streamflow underestimation. The best available 

measurements to calculate the error covariance was based on the mean RMSE error 

calculated from all the studied stations in Chapter 2, which as seen here is not 
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representative for all locations. In the current approach, the cross covariance between 

GFDS observations is not accounted for due to absence of reliable data hampering the 

estimation of the spatial error structure. 

 

Figure 6. 4. Differences obtained by the mean ensemble of the Open Loop and of the Data 
Assimilation (DA) run on six scores for all South American and African river gauge 
stations. 

We carried out a comparison of the mean of the 24 ensemble members of simulated 

streamflow with Data Assimilation of daily satellite-derived surface water extent 

observations and with perturbations of the deterministic run (Open Loop). The scores 

are based on the skill of each simulated run to represent the characteristics of the in situ 

observation time series at each location. The hydrological performance on the studied 

period is illustrated in Figure 6. 4. Results are evaluated based on six metrics: R2, KGE’, 

NSE, NRMSE%, PBIAS% and VE. In terms of the R2 there are a mix of results, therefore 

the data assimilation framework employed does not show a big potential in this case. We 
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found that when measuring the KGE, NSE, NRMSE%, PBIAS%, and VE, the largest 

improvement is achieved at those locations where the Open Loop simulation is poorer. 

For example, looking at the KGE and NSE skill scores, an improvement was obtained 

after DA for 55 and 61 out of 101 stations. 

 

Figure 6. 5. Differences obtained by the mean ensemble of the Open Loop and of the Data 
Assimilation (DA) run on six scores for South American river gauge stations. Green dots 
represent the stations where the DA run enhanced the simulation of the streamflow, 
whereas the brown dots show where the skill decreased. Dot size represents the percent 
difference after DA. 

Figure 6. 5 and Figure 6. 6 show the differences obtained by the mean ensemble of the 

Open Loop and the Data Assimilation runs for the South American and African stations. 

We found out that there is a clear spatial pattern on the performance using the satellite 

signal for data assimilation. Overall, for all metrics, data assimilation leads to a decline in 

performance for most of the stations in the lowland jungle of the Amazon basin; 

whereas, at stations in other (sub)basins DA leads to an improvement. As seen in 

Chapter 1, there are a number of factors which affect the skill of the satellite signal in 
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retrieving surface water changes. For example, closed forest, such as the tropical 

rainforest, has an effect on the quality of the data retrieved for the satellite (as discussed 

before, and in Figure 2. 9) and this tends to influence the signal-to-noise retrieved from 

the stations located on the main Amazon river. 

 
Figure 6. 6. Differences obtained by the mean ensemble of the Open Loop and of the Data 
Assimilation (DA) run on six scores for African river gauge stations. Green dots 
represent the stations where the DA run enhanced the simulation of the streamflow, 
whereas the brown dots show where the skill decreased. Dot size represents the percent 
difference after DA. 

Ultimately, this framework could be applied and tested within an ensemble hindcasting 

procedure to evaluate the potential of the satellite-derived surface water changes within 

a forecasting system. However, before that a number of steps need to be implemented. 

The covariance error should be further investigate to reach an optimum value for each 

location. This could be done by calculating a relative error depending on the simulated 

streamflow volume at each location instead of applying a single value for all . By doing 
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so, we will expect a better prediction skill of the DA scenario. Furthermore, it could be 

investigated an alternative method to avoid the worsening of the simulated discharge 

by, for example applying a more stricter quality criteria for assimilating GFDS signal. 

Next, it is important to remark that the validation was carried out at gauge points of the 

catchments whereas the assimilation was done using the data available for the full 

continent, as the GFDS product is available at the (near-) global scale on a daily basis. 

This could be another reason of the poor results at some locations. It could be tested to 

assimilate the GFDS on the pixels along river reaches, excluding those that purely 

contain land features. Another approach that we could have taken is to assimilate either 

the raw GFDS signal only at the locations where we have gauges for validation, or to 

assimilate GFDS estimated streamflow (see Chapter 1) as done by Zhang et al. (2013) at 

one location. However, previous historical streamflow measurements are needed to 

derived these streamflow estimations. All these tests could be done independently of the 

rainfall-runoff model used for data assimilation of the GFDS signal, as long as using the 

EnKF methodology. In fact, it will be recommendable to test this data assimilation 

framework for other model different than LISFLOOD to better understand the potential 

with different base or deterministic prediction skills. 

In addition, as both the satellite and the meteorological forcing time series are available 

for a longer period (e.g., the GFDS data from 1998), it would be beneficial to apply the 

data assimilation framework over an extended period of time. Even though the 

assimilation of ground streamflow data may improve the simulation outputs (e.g., Clark 

et al., 2008; Lee et al., 2011; Moradkhani et al., 2005; Wanders et al., 2014a), in this 

study we did not incorporate these observations as the aim was to solely assess the 

impact of assimilating surface water extent from the GFDS system.  

6.5. Conclusion 

This work was designed to assess the value of using satellite retrieved surface water 

extent changes from the Global Flood Detection System (GFDS) to improve hydrological 

modelling simulations. The gain from assimilation of GFDS signal is compared to the 

current simulation of the LISFLOOD model with a Monte Carlo (Open Loop) approach to 

derived ensemble members, for a one-year period, in station in South America and 

Africa. The main conclusions of the study are summarized as follows: 

1) As a proof-of-concept study, the results presented here show the possibility of 

using surface water extent changes from GFDS within an EnKF data assimilation 

framework for the rainfall-runoff LISFLOOD model. This framework was validated 

in over 100 in situ gauges. Largest gain on reproducing in situ streamflow was 

obtained by the locations with poorest skill scores on the deterministic runs, as in 

Branco River at Caracarai [G1129]. For example, NSE score improved on 61 out of 

101 stations. 

2) Due to the low signal-to-noise ratio present at some locations (see Chapter 2), for 

example, located in an area where the predominant land cover is closed forest 
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(lowland jungle), the application of these data within a data assimilation technique 

might not be beneficial for all locations, such as at stations located on the main 

Amazon river. However, benefits were found on other locations situated in non-

closed forest. 

3) In order to make the most out of the information provided on a daily basis by the 

GFDS satellite signal, within a data assimilation framework, the calculation of the 

covariance error should be further investigate to reach the optimum at the largest 

amount of studied location. We confirm that the covariance error has an important 

role on the outputs from the assimilation framework. 
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7. Synthesis 

7.1. Introduction 

Flooding is a natural global phenomenon but in many cases is exacerbated by human 

impacts. It can occur in various forms such as coastal and riverine floods, flash-floods, 

rain-induced floods, and flood inundation due to lake overflow or groundwater level 

rise. Although, flooding is generally a detrimental event to humans, and can bring death, 

suffering, and large economic damage, there can also be favourable effects. These 

include the fertilisation of flood plains, the flushing of channels and re-furnishing of 

river plains creating habitats. The negative impacts are particularly pronounced when 

vulnerable communities are affected and many such communities live in flood-prone 

areas (Young, 2012). Tools such as early warning systems can help to improve 

preparedness and response to flooding events (Amarnath et al., 2014; Golnaraghi et al., 

2009; Pagano et al., 2014; Pappenberger et al., 2015; Thielen et al., 2015) and in some 

cases to reduce the impact of flood events by pre-releasing reservoirs based on forecasts 

as with the Vltava reservoir above Prague on the Elbe River floods in 2006. However, 

early warning systems are not yet present or fully operational in many regions of the 

world. The need for global coverage of effective early warning systems has been 

recognised by the international community and documented in the recently adopted 

Sendai Framework 2015-2030 where in fact the development of global early warning 

systems has been specifically stated as one of the seven targets: “(g) Substantially 

increase the availability of and access to multi-hazard early warning systems and 

disaster risk information and assessments to people by 2030.”4 

Continental and global scale flood forecasting can complement regional and national 

capabilities by providing hydrological forecasting independent of political borders 

(Alfieri et al., 2015; Emerton et al., 2016; Lindström et al., 2010; Pagano et al., 2014; 

Thielen et al., 2015, 2009; Werner et al., 2005b). One of the main constraints of global 

hydrology is the limited availability of observational data for the validation and 

improvement of model streamflow simulations that could potentially enable more 

accurate real-time flood forecasts. There are initiatives that aim to increase the 

availability such as the Program for European Terrestrial Network for River Discharge 

(ETN-R, http://etn-r.bafg.de/) which provides real-time river discharge and water levels 

to the European Flood Alert System (EFAS), and the Global Terrestrial Network for 

Rivers (GTN-R) launched by the Global Runoff Data Centre (GRDC; www.bafg.de/GRDC) 

which aims at improving access to harmonized near real-time river discharge data that 

captures the freshwater influx into the world’s oceans, but they have limitations such as 

the spatial coverage and the dependence on the willingness of the National Hydrological 

services. Because of this lack of up-to-date and near-real time availability of in situ 

measurements for many rivers, satellite products are evaluated aiming at increasing the 

                                                           
4
 http://www.preventionweb.net/files/43291_sendaiframeworkfordrren.pdf 
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accuracy of hydrological models. However, the potential and quality of these remotely 

sensed observations needs to be assessed before they can be implemented in 

operational flood forecasting. 

This research gap in the current status of global hydrological forecasts leads to the main 

objective of this thesis: To explore, demonstrate, and evaluate the different uses of 

satellite-derived surface water changes data in continental hydrological models, and their 

potential complementary role with flood forecasting systems to validate and support end-

users before and during flood events. In view of the dimension and complexity of this 

goal, this research focuses on applying techniques that can potentially be implemented 

at a global scale, if the data accuracy is sufficient for such applications. 

In exploring the use of the satellite-derived surface water changes for the different 

applications, the following research questions were defined in this study, and are briefly 

discussed in the following sections: 

1) What is the quality of the satellite-based surface water extent data to estimate 

streamflow measurements? And what are the local factors affecting these data? 

2) What is the added value of satellite-based flood detection for decision markers? 

And what is the complementary role with flood forecasting? 

3) What is the impact of performing calibration and data assimilation frameworks 

using satellite-derived data within a continental-scale rainfall-runoff model? 

This final chapter summarizes the main findings regarding these research questions, 

discusses their implications for flood disaster management, and provides a number of 

recommendations for future research. 

7.2.  Main contributions  

The present thesis has contributed considerable to improving global flood risk 

management by a) assessing the potentials and constraints of the Global Flood Detection 

System, b) exploring the added value of global flood forecasting and satellite-based flood 

detection for end-users to provide near real-time information before and during events, 

and c) assessing the impact of satellite-based surface water extent signal for calibration 

and data assimilation of a rainfall-runoff model. 

Potentials and constraints of the Global Flood Detection System (GFDS) 

With the increased availability of satellite observations, an exciting opportunity has 

recently arisen to evaluate and assess the suitability of integrating state-of-the-art flood 

monitoring and forecasting products such as those from the Global Flood Detection 

System (GFDS) and the Global Flood Awareness System (GloFAS). Both systems have 

limitations such as the uncertainty on the data provided and the constraints in validating 

their outputs with in situ measurements. For this reason, the combination of both 
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systems to enhance flood risk management at a global scale is a novel and useful 

approach as presented in this thesis. 

Prior pre-operational outputs from GFDS showed that the retrieved signal can be 

valuable for detecting large-scale floods, and the relatively long term continuous data 

record of the GFDS system since 1998 for most of the world is a key strength. The design 

algorithm behind the GFDS system makes use of the changes in brightness temperature 

of the land surface depending on water content as a proxy for flood detection. Therefore, 

the first aim of this study was to estimate streamflow measurements from the satellite-

based GFDS in a similar way as previously done at other locations, mainly in the USA 

(Brakenridge et al., 2015, 2005). This study (Chapter 2) attempts for the first time a 

quasi-global assessment using GFDS data as a proxy for streamflow. These data could 

later be used to enhance the global rainfall-runoff model LISFLOOD (Burek et al., 2013; 

Van Der Knijff et al., 2010), which is used in this study. 

Nonetheless, during the preliminary research phase (Chapter 2) we found that the use of 

continuous GFDS time series to estimate streamflow, also during low discharge levels 

and at a great variety of non-flooded locations, in several cases produced useful data, but 

in other cases could lead to noisy, unreliable data. Therefore, for reliable GFDS surface 

water extent change data to be used, for example as a proxy for streamflow, a 

preliminary selection of sites is needed. Previous applications of the GFDS signal for this 

aim had mainly focused on locations with predictable performance, but had not 

attempted to broadly understand the poor performance of some sites. The main factors 

that were found that impact the GFDS data were the type of river, floodplain size, mean 

daily discharge, presence of dams/hydraulic control measures, and the land cover of the 

location such as urban areas and closed forest (Chapter 2 and 5). These factors that 

influence the GFDS signal have been identified in other applications that reply on remote 

sensing observations in the passive-microwave frequency. 

The GFDS was unable to provide reliable estimates of streamflow measurements at each 

river reach, however, GFDS data is accurate at locations where river flow measurements 

have not been publicly distributed or are not at all available, for example in the last ten 

years. Furthermore, some of the sites with good GFDS performances are located within 

international river basins such as the Niger, Volta, and Zambezi in Africa. The outcomes 

from the evaluation of the GFDS system at >300 locations (Chapter 2) were critical for 

understanding the power and limitations of these data, for defining the subsequent 

objectives, as well as to provide a guideline for future selection of sites. Based on these 

findings, it is recommended to exclude sites that have upstream dams/hydraulic control 

measures, with land cover that is classified as artificial and closed forest, and have 

wetlands and lakes. Further, it is recommended to include all sites with a mean daily 

streamflow greater than 500m3s-1 that are located within grid cells classified as 

inundated area, floodplain , freshwater marsh, swamp forest, and flooded forest. 
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Exploring the added value of flood forecasting and satellite-based flood detection 

for end-users to provide near real-time information before and during events. 

The Sendai Framework for Disaster Risk Reduction 2015–2030 agreement ratified that 

enhancing preparedness for flood response, including early warning systems, remains of 

primary importance. In fact, one of the seven global targets is to “substantially increase 

the availability of and access to multi-hazard early warning systems and disaster risk 

information and assessments to people by 2030”. In addition, a better coordination of 

actions along the disaster management phases on local, national, and international level 

will contribute to a reduction of negative impacts of flood events. With these objectives, 

the work presented here combines tools and data from the forecasting system GloFAS, 

and the satellite-based MODIS and GFDS Flood Maps (Chapter 3 and 4). Currently, all are 

used for preparedness and crisis response to floods disasters, and are key elements of 

initiatives such as the Global Flood Partnership (De Groeve et al., 2014b). This study also 

made used of key disaster databases such as EM-DAT, the Dartmouth Flood Observatory 

record, and data recorded on the ground by the Red Cross/Red Crescent societies and 

various social media. 

The GloFAS, GFDS, and MODIS Near Real-Time systems are automated, and although 

they have reliable plans for continuity, and are already used by some decision makers or 

related entities, including the European Commission Emergency Response Centre, the 

International Red Cross/Red Crescent, the World Food Program, the World Bank, and 

others. While these monitoring systems provide novel and relevant information, and 

have quite different capabilities to the systems available in the past, experience and 

applicability is still at an early stage. A detailed quality assessment, such as that 

performed in this study, has not been provided before. Using both global detection and 

global forecasting systems has allowed us the better characterisation of the studied 

cases that than which would have been possible otherwise using a single tool. The 

challenge was to fairly assess the data from these different products: GloFAS produces 

streamflow forecasts at points on the river reach, whereas satellite detection products 

retrieve data from a potentially much larger flood inundation area. In those studies 

(Chapter 3 and 4), we concluded that even though there is a general agreement about 

the location of large floods between GFDS, MODIS, GloFAS, and ground observations and 

reports (humanitarian reports and social media), there are also large differences in the 

spatio-temporal characteristics of the flood detections by the different systems. 

Although the systems do not agree in flood detection, it should be noted that all 

automated flood prediction, detection, monitoring, and recording systems provide 

useful independent characterization information for each major flood. On major, large 

scale flood events where the time to plan and to react can be more challenging, all these 

systems can provided seamless information for better flood disaster management. 
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The aim of these studies was first to provide the (potential) users of these systems with 

an overview of data that can be obtained from each of these flood decision support 

systems such as the flood hazard with regards to the severity, location, and timing of a 

given flood disaster. The second aim is to determine the limitations and inconsistencies 

of the systems and to investigate where future improvements and developments of the 

systems is feasible. 

More work is required before an integrated global flood forecasting and detection 

system can provide added value for a variety of decision makers on international, 

national, and local levels along the different phases of the disaster risk management 

cycle. Satellite and forecasting products are generally accessible within a few hours from 

retrieval and generation respectively. However, the temporal and spatial resolution 

might not be as frequent and fine to capture all types of floods, and therefore be useful 

for decision-makers under all flooding conditions. Moreover, further research is needed 

to assess the accuracy of data from these early warning systems. Meanwhile, the most 

important recommendation for end-users of these systems is that they must be aware 

that each system has its limitations and uncertainties putting constraints on using them 

for operational flood monitoring. The spatial resolution of the systems must always be 

considered e.g., the remote sensing methods are not useful for monitoring flash floods in 

narrow mountain valleys. For example, cloud cover observation from the MODIS system 

cannot be avoided, hampering remote sensing image availability usually at the flood 

onset. On the other hand microwave remote sensing images can observe the flood 

events through poor weather conditions (clouds, haze, rain) but provide information at 

low spatial resolution. Combining information from both systems for decision making 

would be a way forward, where microwave observations can provide a first assessment, 

which is later improved by detailed mapping derived from MODIS. Another issue is that 

the operational hydrological model behind GloFAS, LISFLOOD, is limited by the fact that 

it is not calibrated for this study. However, a partial calibration is currently being 

undertaken and an improvement on the simulated streamflow is expected in the near 

future at multiple basins, although with constraints given streamflow data availability 

and local knowledge at global scale. The research presented in this thesis has contribute 

to overcoming this challenged and knowledge gap by using remotely-sensed global 

detection data.  Furthermore, a multi-model approach will be also beneficial to combine 

the use of multiple models for producing forecast to provide a more complete 

representation of the forecast uncertainty and also a potential reduction in the 

predictive errors (Krishnamurti et al., 1999; Palmer et al., 2004). 

Impact of satellite-based surface water extent signal for calibration and Data 

Assimilation of a rainfall-runoff model 

The fact that the GFDS dataset does not rely on ground correction or merging of ground 

observations and the satellite signal (which is the case for many satellite rainfall 

estimates) is a key strength of this dataset, and it enables its application for flood 

monitoring and forecasting in completely ungauged catchments. The impact of using 
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GFDS data for hydrological modelling has been tested in a number of applications such 

as the estimation of streamflow volumes (Chapter 2), calibration of the hydrological 

model within the GloFAS model (Chapter 5), and data assimilation to update simulated 

streamflow values based on the detected satellite signal (Chapter 6). The calibration was 

implemented at gauged locations using both raw GFDS signal and GFDS estimated 

streamflow, and these two simulation scenarios were compared with the calibration 

using in situ streamflow measurements. On the data assimilation study, we used the full 

spatial extent of Africa and South America from the GFDS signal, but also validated at 

gauged locations using in situ streamflow measurements. 

The calibration focused on optimising the temporal dynamics between the simulated 

and observed streamflow time series. The raw GFDS signal is dimensionless, therefore it 

is not feasible to implement a typical calibration framework where bias and variability 

are optimised. We concluded that using satellite-derived surface water extent as a proxy 

for streamflow and using the remotely sensed data for calibration generally leads to an 

improved performance, compared to an uncalibrated streamflow simulation. Note that 

the studied locations were selected based on the guidelines obtained in Chapter 2, and 

have certain local attributes where the GFDS signal is expected to be of good quality for 

this application. For a broad overview of calibration impacts at the global scale, this 

calibration framework should be tested at a larger number of locations. In addition, 

there are multiple locations with strong GFDS signals which unfortunately have a limited 

overlap in time with in situ streamflow measurements (i.e. two years), and therefore had 

to be excluded from the calibration. The calibration framework here presented using 

GFDS data allow us, for the first time, to implement a quasi global calibration of a 

hydrological model. 

Another technique that was used to optimally benefit from the observations of GFDS 

was data assimilation of the flood signal into the rainfall-runoff LISFLOOD model. The 

framework presented here showed the possibility of using surface water extent changes 

from GFDS as observations in an EnKF data assimilation framework for the rainfall-

runoff LISFLOOD model. However, the applied methodology could be implemented for 

many other hydrological models with a data assimilation module built-in. This 

framework makes use of daily GFDS data on the full South America and Africa 

continental scale, and was validated at more than a 100 locations on relatively large 

rivers. Sites were selected based on three criteria, presence of in situ gauge, a daily mean 

average discharge larger than 500 m3s-1, and an upstream area larger than 10.000 km2. 

Results show that the performance of the simulated streamflow after DA improved in 

over 60% of the studied locations, based on the NSE score. These locations are along 

main rivers with large flood-plains but in lowland forested areas. The study concludes 

that due to the quality of the data and the poor signal-to-noise ratio present at some 

locations, such as areas where the predominant land cover is closed forest, the 

application of these data within a data assimilation technique might not be beneficial. 
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However, the improvements on other sites are very valuable, and they could be used for 

GFDS data assimilation to improve real-time flood forecasts .These findings are in line 

with previous studies that used the GFDS signal and other microwave derived products. 

Besides the sparsely available measured near real-time streamflow data, data from the 

GFDS system is very valuable and is the most suitable remotely-sensed surface water 

detection product to use for flood risk management at the large scale due to its relatively 

long record (~18 years), almost global coverage, and daily data available in near real-

time. Data from future satellite missions can be used in an analogous way as to the 

techniques presented here to improve flood forecasting even further. 

7.3. Future perspectives 

Further improvements of the GFDS products and their applications 

Based on the outcomes of this research, we have identified a number of weaknesses in 

the GFDS and GloFAS systems. If improvements on some of these areas are carried out in 

the near future, this will represent a step forward on the use of these systems for flood 

management. Further research is needed to establish a stronger relationship between 

the GFDS signal and the probability and intensity of flood events, in order to be able to 

have a reliable signal that could help to increase preparedness and take response 

measures. The focus could be to analyse the signal magnitude during floods in various 

geographical settings; to link these magnitudes to relevant preparedness measures at 

the side of humanitarian organisations; and to establish the communication process 

between the data producers and humanitarian organisations. Based on the findings from 

research using GFDS data, it will be beneficial to create a map of the GFDS performances 

at global scale, to ensure that the signal is only used when a good performance is found 

for that region. In addition, the impact of the different sensors in the GFDS product 

(TRRM, AMSR-E, AMSR2, GPM), used since 1998, have affected the long-term data 

quality, and derivation of the Flood Magnitude product. 

Other ways forward within the GFDS data could be the use of higher resolution data for 

this product, or the “cleanup” of GFDS flood signal using global flood hazard maps (e.g., 

Dottori et al., under review; Pappenberger et al., 2012; Sampson et al., 2015; Van Beek 

and Bierkens, 2009) in order to focus on large riverine floods at certain return periods. 

Further, the post-processing of the streamflow forecast (Bogner and Kalas, 2008) using 

GFDS signal remains to be tested, in an analogous way as it is already being done with in 

situ observed streamflow on the European Flood Awareness System (Bartholmes et al., 

2009; Thielen et al., 2009a). In coming years, the GFDS locations with a very good 

performance could be integrated into flood forecasting systems such as the GloFAS and 

the African Flood Forecasting System (AFFS; Thiemig et al., 2014). 

The further development of GloFAS such as the recent incorporation of the major global 

lakes and reservoirs, the improvement of the open water surface evaporation in the 

hydrologic model, and the calibration that it is currently being undertaken, will increase 
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the skill of the GLOFAS forecasts. The additional incorporations into its interface of 

elements (see http://globalfloods.eu/) such as the global flood hazard map (Dottori et 

al., under review), around 1800 fixed reporting points where in situ gauges exists, and 

other external layers, is designed to support the interpretation of the flood forecasts for 

a community of end-users with different backgrounds and needs. 

The GloFAS and GFDS systems were designed to operate at ~0.1° spatial resolution and 

daily time steps. A better global-scale detection and forecasting of small scale floods, 

however, could be possible in the future with improved remote sensing datasets (e.g., 

more frequent revisit time) and using a modelling approach suitable for such small 

floods. Within GloFAS, there are current efforts focusing on the development of a global 

flash flood indicator, based on previous research and experiences gained from the flash 

flood indexes currently operational within the European Flood Awareness System 

(EFAS), such as the European Precipitation Index based on Climatology (EPIC) (Alfieri 

and Thielen, 2015) and European Runoff Index based on Climatology (ERIC) (Raynaud 

et al., 2015). Outside these systems, extensive international efforts are being put into 

place to set up a global operational flash flood warning system (Modrick et al., 2014). 

Further opportunities in operational flood forecasting 

To improve global flood forecasting models, there is a need among other features to 

enhance the representation of hydrological processes, such as the generation of runoff at 

the surface and shallow subsurface, the timing of the yearly flood peaks, and the 

adequate representation of streamflow volume on semi-arid regions (see Bierkens, 2015 

for a discussion). The research presented here aimed at improving the simulation of 

streamflow from the LISFLOOD hydrological model, on different basins and continents, 

for example on the flood peaks after model calibration and on the representation of 

streamflow volume using the method of data assimilation of satellite detected surface 

water changes. One other key element for improve flood forecasting is the relation 

between observations, modelling, and operational service requirements. This could be 

enhanced with a larger near-real time availability of discharge and water levels, both 

from ground and remote sources. 

In addition, improvements are needed in the communication of uncertainty of the model 

outputs to the users (Demeritt and Nobert, 2014; Michaels, 2015; Pagano et al., 2014; 

Pappenberger et al., 2013; Stephens and Cloke, 2014; Stephens et al., 2012), and how the 

flood information from different providers is compared without full recorded 

information as it is the case of many flood disasters. Efforts to confront the models 

uncertainty challenge are being discussed for example by the HEPEX initiative, a 

community of researchers and practitioners of hydrologic ensemble prediction (HEPS) 

working towards its application for risk-based decision making (http://hepex.irstea.fr/). 

Our research has demonstrated the importance of clearly assessing the uncertainty not 
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only for the ensembles, but from all other sources such as in situ river measurements, 

satellite derived data, field reports, and international flood databases. 

Furthermore, despite recent advances, the improvement of model parameterisations, 

precipitation, and evaporation forecasts remain a challenge. Other significant future 

opportunities for flood forecasting are the incorporation of human influences, forecast 

evaluations and the comparison between model outputs, and coping with the tasks of an 

operational service. The reader is referred to Emerton et al. (2016), Kauffeldt et al. 

(2016), and Pagano et al. (2014) for a review. 

In situ observations  

In situ stream flow measurements are still a key element in order to enable the 

verification of the global remote sensing and hydrological/hydraulic model outputs. A 

desirable solution would be to increase the station density network of gauging stations, 

but due to budget cuts and economic slowdown the number of observations stations is 

currently in decline (Hannah et al., 2011). An interesting alternative could be to invest in 

crowd sourcing techniques (Lowry and Fienen, 2013) encouraging citizen scientists to 

voluntarily send hydrologic measurements in communities with access to mobile 

phones. Such approach should clearly define what kind of information is requested from 

local people and in what kind of format. Further, this method introduces other 

challenges such as standards, comparability between measurements of different quality, 

and techniques. In particular, the lack of validation of these water levels measurements 

without a reference value can derived on higher uncertainties. 

Other spaceborne products 

The scientific community has been exploring other possible solutions, and a large part of 

this effort is focusing on the use of remote sensing data (Bates et al., 2014). Recent and 

future satellite missions have been specifically designed for measuring water levels or river 

widths from satellite imagery (Pavelsky et al., 2014; Schumann et al., 2012; Westerhoff et 

al., 2013), which can be used to derived river flows. The Surface Water & Ocean 

Topography (SWOT) mission, with a launch planned for late 2020, with its wide-swath 

altimetry technology will contribute further to the understanding of the role of surface 

water in the global water cycle by providing surface water height and inundation extent 

data. The techniques presented and tested in this thesis (e.g., data assimilation in a 

forecasting model) can be used with SWOT data, demonstrating further potential for this 

work. Further, there has been improvements in radar and optical imagery for flood extent 

mapping such as COPERNICUS rapid mapping using the European Space Agency SENTINEL-

1 SAR mission, at a resolution of 10 meters, and other satellites such as Landsat-8 with a 

resample pixel size of 30 meters that is used in this context to map pre-flood water extent. 

Global Flood Partnership (GFP)  
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Finally, since flooding is a global issue with many different facets to be dealt with on a 

local, regional, national, and trans-national level and across various sectors, single 

authorities cannot tackle the complexity of flooding alone in sufficient detail. Therefore, 

the JRC initiated the Global Flood Partnership (GFP; De Groeve et al., 2014b) as a multi-

disciplinary group of scientists, operational agencies, and flood risk managers focused 

on sharing data and developing efficient and effective tools applicable on global scale 

that can address these challenges. The GFP partnership already promotes the 

comparison of outputs from different global flood hazards maps: CaMa-Flood, GLOFRIS 

and ECMWF (Trigg et al., 2014). This partnership could be also use to produce multi-

model – multi-ensemble results to reduce and describe model uncertainty. To enable 

improved operational use of flood forecasting efforts, information is required on flood 

disaster exposure, and vulnerability, and coping capacity. This should be carried out by 

the Flood Observatory of the GFP. 

Flood Risk Management 

The final aim is not only a better model or better flood forecast, but a better protection 

against and resilience of hazard risk (Bruijn, 2004; Messner and Meyer, 2006; Schanze, 

2006). Further, the further development of global early warning systems and disaster 

risk information, and the goal to provide by 2030 access to multi-hazard early warning 

systems by all people is one of the of the seven targets set by the Sendai Framework 

2015-2030. To achieve this aim, evidently, a flood forecast alone is not sufficient to fully 

understand the disaster impact and take actions. There are efforts to develop global 

flood risk models (Ward et al., 2015b) that take into account all components of flood 

risk: hazard, exposure, and vulnerability. However, these last two elements of flood risk 

are difficult to quantify (Jongman et al., 2015b; Peduzzi et al., 2009; Scussolini et al., 

2015). Additionally, indexes such as the Index for Risk Management (INFORM; De 

Groeve et al., 2014a) may help to support good management and decisions about 

disaster prevention, preparedness, and response, and incorporates a coping capability 

into disaster risk assessments. Last but not least, with increasing population and a 

subsequent trend towards urbanisation more and more people will be exposed to living 

in vulnerable areas, and therefore improved urban planning that keeps assets out of 

harm’s way is a tool that should be used to mitigate current and future losses. 
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Appendix A  
 

Additional evaluation scores 

Nash-Sutcliffe 

The Nash–Sutcliffe efficiency (Nash and Sutcliffe, 1970) is typically used to assess the 

predictive power of hydrological models. Higher values of the Nash–Sutcliffe statistic should 

indicate more correlated results, without other factors taken into account, such as 

autocorrelation (Brakenridge et al., 2012). A NSE value of one corresponds to a perfect match 

between the modelled and the observed data whereas NSE = 0 indicates that the model 

predictions are as accurate as the mean of the observed data. 

      
     

    
     

   

     
            

   
     (A1) 

where s and o are the simulated and observed streamflow respectively. 

 

PBias 

The percent bias (PBIAS) measures the average tendency of the simulated values to be larger 

or smaller than their observed ones. The optimal value of PBIAS is 0.0, with low-magnitude 

values indicating accurate model simulation. Positive values indicate overestimation bias, 

whereas negative values indicate model underestimation bias. 

       
     

    
    

   

     
    

   
           (A2)  

where s and o are the simulated and observed streamflow respectively. 
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Appendix B [See Chapter 2] 

 

Table A 1. Studied land cover types from GlobCover (2009) aggregated into broader 
categorical classes by type and vegetation density. 

Label Aggregated classes 

Rainfed croplands  Rainfed croplands 

Sparse (<15%) vegetation Sparse vegetation 

Closed to open (>15%) broadleaved evergreen or semi-
deciduous forest (>5m) 

Closed to open forest 

Closed to open (>15%) mixed broadleaved and needleleaved 
forest (>5m) 

Closed to open forest 

Closed to open (>15%) (broadleaved or needleleaved, 
evergreen or deciduous) shrubland (<5m) 

Closed to open forest 

Closed to open (>15%) herbaceous vegetation (grassland, 
savannahs or lichens/mosses) 

Closed to open forest 

Closed to open (>15%) broadleaved forest regularly flooded 
(semi-permanently or temporarily) - Fresh or brackish 
water 

Closed to open forest 

Closed to open (>15%) grassland or woody vegetation on 
regularly flooded or waterlogged soil - Fresh, brackish or 
saline water 

Closed to open forest 

Open (15-40%) broadleaved deciduous forest/woodland 
(>5m) 

Open forest 

Open (15-40%) needleleaved deciduous or evergreen forest 
(>5m) 

Open forest 

Mosaic cropland (50-70%) / vegetation 
(grassland/shrubland/forest) (20-50%) Mosaic cropland or grassland 

Mosaic grassland (50-70%) / forest or shrubland (20-50%)  Mosaic cropland or grassland 

Mosaic vegetation (grassland/shrubland/forest) (50-70%) / 
cropland (20-50%)  Mosaic vegetation predominant 

Mosaic forest or shrubland (50-70%) / grassland (20-50%) Mosaic vegetation predominant 

Closed (>40%) broadleaved deciduous forest (>5m) Closed forest 

Closed (>40%) needleleaved evergreen forest (>5m) 
Closed forest 
 

Closed (>40%) broadleaved forest or shrubland 
permanently flooded - Saline or brackish water 

Closed forest 

Artificial surfaces and associated areas (Urban areas >50%) Urban 
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Appendix C [See Chapter 4] 
 

 

 

Figure S1: Same as Figure 4. 2 but for Cases 2, 3, 6, and 7. 
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Figure S1: Same as Figure 4. 2 but for Cases 9 and 10. 

 

 

Figure S2: Same as Figure 4. 3but for Cases 2, 3, 6, and 7. 
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Figure S2: Same as Figure 4. 3 but for Cases 9 and 10. 
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Figure S3: Same as Figure 4. 3 but for Case 5, and 5-year return period. 
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Figure S4: Same as Figure 4. 4 but for Cases 2, 3, 6, 7, 9, and 10. 
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Figure S5: Same as Figure 4. 5 but for Cases 1, 6, 7, 8, 9, and 10. 
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Appendix D [See Chapter 5] 

 

Table A 2 List of Study Stations. *Station location adapted to be located on the river network 
(centre of the 0.1° cell). 

ID Station Name River Name Country Continent Drainage 
Area 
Provided 

Lat* Lon* 

G0123 PILOT STATION, AK YUKON RIVER US North America 831390 61.85 -162.85 

G0292 NEU-DARCHAU ELBE RIVER DE Europe 131950 53.25 10.85 

G0297 WITTENBERGE ELBE RIVER DE Europe 123532 52.95 11.85 

G0313 TANGERMUENDE ELBE RIVER DE Europe 97780 52.55 11.95 

G0329 BARBY ELBE RIVER DE Europe 94060 52.05 11.75 

G0729 RULO, NE MISSOURI RIVER US North America 1084845 40.05 -95.35 

G0758 VERONA, CA SACRAMENTO RIVER US North America 55040.1 38.75 -121.65 

G0777 CHESTER, IL MISSISSIPPI RIVER US North America 1835274 37.95 -89.95 

G0785 THEBES, IL MISSISSIPPI RIVER US North America 1847188 37.35 -89.45 

G1083 LOKOJA NIGER NG Africa - 7.85 6.75 

G1090 BONOU OUEME BJ Africa 46990 6.95 2.45 

G1121 FAZENDA PASSARAO RIO URARICOERA BR South America 50985 3.25 -60.55 

G1129 CARACARAI RIO BRANCO BR South America 124980 1.85 -61.05 

G1156 OBIDOS - LINIGRAFO AMAZONAS BR South America 4680000 -1.95 -55.55 

G1160 BADAJOS RIO CAPIM BR South America 38178 -2.55 -47.75 

G1165 MANACAPURU AMAZONAS BR South America 2147736 -3.35 -60.65 

G1168 LUZILANDIA RIO PARNAIBA BR South America 322823 -3.45 -42.25 

G1171 PINDARE-MIRIM RIO PINDARE BR South America 34030 -3.65 -45.45 

G1177 BACABAL RIO MEARIM BR South America 27650 -4.25 -44.75 

G1197 PEIXE GORDO RIO JAGUARIBE BR South America 48200 -5.25 -38.15 

G1198 MARABA TOCANTINS BR South America 690920 -5.35 -49.05 

G1214 CANUTAMA RIO PURUS BR South America 230012 -6.55 -64.45 

G1227 LABREA RIO PURUS BR South America 226351 -7.25 -64.75 

G1237 SERINGAL FORTALEZA RIO PURUS BR South America 153016 -7.75 -66.95 

G1246 VALPARAISO-
MONTANTE 

RIO PURUS BR South America 103285 -8.65 -67.35 

G1286 MORPARA SAO FRANCISCO BR South America 345000 -11.55 -43.25 

G1309 PEDRAS NEGRAS RIO GUAPORE BR South America 110000 -12.85 -62.95 

G1311 LUIZ ALVES ARAGUAIA BR South America 117580 -13.25 -50.55 

G1313 BOM JESUS DA LAPA SAO FRANCISCO BR South America 271000 -13.25 -43.45 

G1361 SENANGA (60370001) ZAMBEZI ZM Africa 284538 -16.05 23.25 
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Table A 3 r skill score for the uncalibrated and calibrated simulations for the calibration 
and validation periods and for each calibration scenario (Qsim1, Qsim2, and Qsim3). 
Scores are obtained by comparing the simulation time series to the in situ streamflow 
measurements. 

Station Calibration Period (r) Validation Period (r) 

ID Qsim0 Qsim1 Qsim2 Qsim3 Qsim0 Qsim1 Qsim2 Qsim3 

G0123 0.84 0.82 0.84 0.86 0.82 0.79 0.84 0.8 

G0292 0.82 0.93 0.9 0.92 0.67 0.74 0.78 0.77 

G0297 0.61 0.85 0.8 0.81 0.67 0.72 0.75 0.76 

G0313 0.57 0.82 0.79 0.81 0.65 0.7 0.74 0.74 

G0329 0.57 0.81 0.79 0.81 0.64 0.72 0.72 0.72 

G0729 0.71 0.59 0.64 0.74 0.49 0.24 0.34 0.56 

G0758 0.78 0.72 0.72 0.72 0.73 0.79 0.79 0.81 

G0777 0.72 0.72 0.77 0.76 0.76 0.76 0.82 0.87 

G0785 0.71 0.73 0.76 0.76 0.76 0.78 0.81 0.87 

G1083 0.87 0.86 0.89 0.81 0.84 0.81 0.84 0.85 

G1090 0.8 0.89 0.8 0.86 0.69 0.72 0.67 0.75 

G1121 0.83 0.83 0.83 0.85 0.91 0.91 0.9 0.91 

G1129 0.87 0.87 0.89 0.89 0.91 0.91 0.92 0.92 

G1156 0.85 0.95 0.96 0.95 0.86 0.95 0.96 0.95 

G1160 0.78 0.82 0.82 0.82 0.8 0.82 0.82 0.84 

G1165 0.64 0.86 0.84 0.86 0.65 0.88 0.86 0.88 

G1168 0.7 0.66 0.66 0.76 0.72 0.6 0.58 0.77 

G1171 0.72 0.67 0.67 0.75 0.66 0.63 0.61 0.74 

G1177 0.84 0.77 0.77 0.92 0.78 0.74 0.74 0.81 

G1197 0.48 0.49 0.35 0.63 0.5 0.34 0.48 0.39 

G1198 0.9 0.91 0.89 0.78 0.92 0.95 0.93 0.8 

G1214 0.84 0.81 0.8 0.84 0.88 0.85 0.86 0.88 

G1227 0.9 0.87 0.86 0.9 0.87 0.85 0.85 0.87 

G1237 0.87 0.85 0.86 0.88 0.87 0.87 0.88 0.89 

G1246 0.81 0.82 0.81 0.82 0.76 0.83 0.81 0.79 

G1286 0.85 0.87 0.84 0.76 0.73 0.82 0.65 0.56 

G1309 0.79 0.79 0.8 0.84 0.83 0.84 0.84 0.87 

G1311 0.86 0.82 0.78 0.8 0.8 0.77 0.71 0.74 

G1313 0.85 0.87 0.82 0.81 0.65 0.75 0.52 0.51 

G1361 0.92 0.91 0.89 0.92 0.89 0.89 0.85 0.9 
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Table A 4 KGE’ skill score for the uncalibrated and calibrated simulations for the 
calibration and validation periods and for each calibration scenario (Qsim1, Qsim2, and 
Qsim3). Scores are obtained by comparing the simulation time series to the in situ 
streamflow measurements. 

Station Calibration Period (KGE) Validation Period (KGE) 

ID Qsim0 Qsim1 Qsim2 Qsim3 Qsim0 Qsim1 Qsim2 Qsim3 

G0123 0.44 0.59 0.59 0.5 0.29 0.47 0.48 0.24 

G0292 0.08 0.93 0.66 0.2 0.39 0.57 0.55 0.42 

G0297 0.36 0.83 0.69 0.43 0.46 0.61 0.53 0.48 

G0313 0.27 0.79 0.75 0.33 0.4 0.52 0.57 0.4 

G0329 0.26 0.77 0.76 0.31 0.36 0.54 0.57 0.38 

G0729 0.35 0.4 0.36 -0.34 0.18 0.08 -0.11 -0.08 

G0758 0.14 0.51 0.51 0.24 -0.57 0.4 0.4 -0.04 

G0777 0.48 0.63 0.72 0.65 0.64 0.75 0.79 0.78 

G0785 0.45 0.63 0.69 0.64 0.6 0.75 0.77 0.76 

G1083 0.77 0.86 0.75 0.75 0.81 0.77 0.81 0.82 

G1090 -2.19 -0.58 -0.62 -1.8 -0.89 0.15 0.15 -1.16 

G1121 0.73 0.82 0.72 0.52 0.72 0.8 0.83 0.57 

G1129 0.77 0.81 0.75 0.75 0.9 0.86 0.91 0.91 

G1156 0.68 0.79 0.84 0.68 0.6 0.72 0.77 0.75 

G1160 -2.37 -0.21 -0.21 -0.46 -2.45 -0.15 -0.15 -1.85 

G1165 0.47 0.49 0.59 0.55 0.49 0.45 0.55 0.73 

G1168 -0.85 0.45 0.27 -0.29 -1.35 0.38 0.1 -2.21 

G1171 -2.56 -0.42 -0.41 -1.04 -3.64 -1.11 -1.11 -3.4 

G1177 -3.63 -0.6 -0.6 -1.5 -5.14 -1.07 -1.07 -6.13 

G1197 -1.54 0.07 0 -1.31 -4.46 -1.1 -1.06 -4.15 

G1198 0.21 0.56 0.88 0.62 0.41 0.32 0.8 0.58 

G1214 0.49 0.56 0.76 0.61 0.7 0.5 0.77 0.68 

G1227 0.59 0.6 0.83 0.67 0.54 0.52 0.81 0.5 

G1237 0.74 0.85 0.83 0.79 0.77 0.78 0.86 0.72 

G1246 0.69 0.75 0.8 0.74 0.63 0.77 0.76 0.63 

G1286 0.53 0.77 0.64 0.64 0.42 0.74 0.39 0.47 

G1309 0.28 0.76 0.79 0.35 -0.15 0.52 0.63 -0.33 

G1311 -0.24 0.71 0.57 0.49 0.26 0.76 0.57 0.58 

G1313 0.4 0.78 0.68 0.76 0.33 0.71 0.38 0.48 

G1361 0.27 0.84 0.87 0.42 -0.16 0.69 0.7 -0.66 
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Table A 5 NSE skill score for the uncalibrated and calibrated simulations for the 
calibration and validation periods and for each calibration scenario (Qsim1, Qsim2, and 
Qsim3). Scores are obtained by comparing the simulation time series to the in situ 
streamflow measurements. 

Station Calibration Period (NSE) Validation Period (NSE) 

ID Qsim0 Qsim1 Qsim2 Qsim3 Qsim0 Qsim1 Qsim2 Qsim3 

G0123 0.51 0.45 0.51 0.47 0.32 0.23 0.32 0.26 

G0292 -1.33 0.86 0.26 -0.8 -0.18 0.38 0.31 -0.01 

G0297 -0.58 0.7 0.43 -0.02 -0.05 0.31 0.22 0.1 

G0313 -0.87 0.63 0.49 -0.18 -0.16 0.19 0.2 -0.04 

G0329 -0.88 0.6 0.51 -0.2 -0.23 0.25 0.15 -0.09 

G0729 -0.66 -0.34 -0.29 -0.65 -1.59 -1.17 -1.52 -2.34 

G0758 -0.49 -0.61 -0.62 -0.36 -2.89 -0.98 -0.98 -0.94 

G0777 0.35 0.47 0.54 0.43 0.54 0.54 0.64 0.65 

G0785 0.29 0.46 0.48 0.41 0.52 0.57 0.6 0.64 

G1083 0.66 0.72 0.63 0.53 0.66 0.64 0.68 0.69 

G1090 -5.9 -2.63 -2.18 -7.87 -2.62 -1.07 -0.75 -3.71 

G1121 0.55 0.66 0.57 0.45 0.69 0.78 0.7 0.55 

G1129 0.7 0.73 0.75 0.76 0.81 0.83 0.83 0.82 

G1156 0.37 0.69 0.72 0.64 0.25 0.66 0.69 0.59 

G1160 -13.45 -7.14 -7.08 -9.53 -14.03 -7.22 -7.16 -9.81 

G1165 -0.57 -0.15 -0.14 0.21 -0.66 -0.31 -0.34 0.09 

G1168 -4.11 -0.8 -1.49 -7 -6.89 -1.1 -2.46 -11.79 

G1171 -12.52 -6.36 -5.2 -12.12 -22.48 -13.07 -11.76 -19.49 

G1177 -23.91 -7.9 -7.91 -31.5 -43.37 -15.82 -15.84 -56.71 

G1197 -2.88 -0.79 -2.23 -2.21 -15.57 -5.92 -8.79 -16.52 

G1198 -0.02 0.68 0.78 0.05 0.41 0.71 0.81 0.3 

G1214 0.29 0.44 0.53 0.26 0.62 0.57 0.69 0.59 

G1227 0.55 0.62 0.7 0.51 0.43 0.53 0.66 0.38 

G1237 0.64 0.68 0.71 0.61 0.65 0.72 0.76 0.66 

G1246 0.49 0.56 0.62 0.5 0.35 0.57 0.63 0.4 

G1286 0.35 0.7 0.54 0.42 -0.2 0.58 0.03 -0.19 

G1309 -0.2 0.51 0.54 -0.38 -1.2 0.16 0.31 -1.54 

G1311 -1.24 0.41 0.08 -0.55 -0.2 0.54 0.35 0.21 

G1313 0.2 0.71 0.41 0.5 -0.46 0.48 -0.23 -0.13 

G1361 0.08 0.8 0.78 -0.48 -0.96 0.61 0.6 -2.51 
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Table A 6. PBIAS skill score for the uncalibrated and calibrated simulations for the 
calibration and validation periods and for each calibration scenario (Qsim1, Qsim2, and 
Qsim3). Scores are obtained by comparing the simulation time series to the in situ 
streamflow measurements. 

 Station Calibration Period (PBIAS) Validation Period (PBIAS) 

ID Qsim0 Qsim1 Qsim2 Qsim3 Qsim0 Qsim1 Qsim2 Qsim3 

G0123 -25.3 -31.6 -26.6 -25.3 -35.1 -43 -37 -33.7 

G0292 82.4 -0.8 28.4 75.9 46.8 -15.6 -4.7 46.8 

G0297 49.2 -6.2 2.2 46.7 38.5 -6.8 -4.3 39.8 

G0313 57.3 -10.2 1.7 54.1 44.1 -8.7 -1.2 46.7 

G0329 58.8 -10.8 1.6 55.7 48.4 -8.9 -0.2 49.7 

G0729 -55.8 -43.3 -42.8 -55.3 -34.5 -13.4 -17.8 -36.6 

G0758 1.4 29.7 29 -3.1 30 32.4 32.4 27.5 

G0777 -24.4 -13.4 -13.6 -21 -12.2 -7.7 -8.9 -17.4 

G0785 -26.8 -15.9 -18.3 -23.6 -14.6 -9.8 -13.4 -19.6 

G1083 1.7 4.5 21.9 0.3 -9.1 -8.4 7.7 -8.9 

G1090 277.5 157.4 159.5 279.2 161.5 80.4 77.8 163.2 

G1121 -4.8 -3.4 -4.3 -5.3 13.1 13.9 13.8 12.8 

G1129 -17.3 -13.6 -17.2 -17 0.3 4.1 0.1 0.3 

G1156 -13.5 -14.1 -13.9 -15.3 -14.7 -14.6 -14.5 -15.1 

G1160 63 63.6 62.6 62.5 67 71.1 70.8 70.1 

G1165 -19.8 -26 -25.6 -19.4 -22.8 -28.6 -28.8 -22.1 

G1168 59.1 32.3 63.1 61.6 72.3 46.3 80 73.8 

G1171 206.9 135.4 135.7 200.2 266.4 206.3 207.1 266.5 

G1177 241.6 157 157 238.5 310.6 203.2 203.2 312.7 

G1197 221.1 76.1 75.1 225.2 463.3 199.5 198.9 414.7 

G1198 32.2 -10.8 -2.4 30.1 9.8 -27.9 -16.6 9.7 

G1214 11.4 -9.6 0.1 11.5 -4.3 -22.9 -12.8 -4.1 

G1227 8.8 -11.8 -1.7 9 7.8 -13.4 -1.2 8 

G1237 14.1 2.7 8 15.2 1.5 -9.1 -3.9 1.8 

G1246 18.1 -0.5 5.2 18.7 22 0.6 8.9 22.3 

G1286 -10.9 -12.6 -7.8 -11.3 -26.4 -16.6 -21.4 -28.1 

G1309 14 12 6.7 14.8 42.9 42.4 33.3 41.5 

G1311 45.2 10.6 36.9 40 14.5 -5.3 23.5 18.8 

G1313 7.6 -10.7 5.7 5.6 -15 -13.8 -12.8 -15.6 

G1361 56.3 -8.3 -7.3 52.1 73 1.5 -3.5 86.9 
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Summary 

Flooding is a natural global phenomenon but in many cases is exacerbated by human 

impacts. Although, flooding is generally a detrimental event to humans, and can bring 

death, suffering, and large economic damage, there can also be favourable effects. The 

negative impacts are particularly pronounced when vulnerable communities are 

affected and many such communities live in flood-prone areas (Young, 2012). Tools such 

as early warning systems can help to improve preparedness and response to flooding 

events (Amarnath et al., 2014; Golnaraghi et al., 2009; Pagano et al., 2014; Pappenberger 

et al., 2015; Thielen et al., 2015) and in some cases to reduce the impact of flood events 

by pre-releasing reservoirs based on forecasts. However, early warning systems are not 

yet present or fully operational in many regions of the world. The need for global 

coverage of effective early warning systems has been recognised by the international 

community and documented in the recently adopted Sendai Framework 2015-2030. 

Continental and global scale flood forecasting can complement regional and national 

capabilities by providing hydrological forecasting independent of political borders 

(Alfieri et al., 2015; Emerton et al., 2016; Lindström et al., 2010; Pagano et al., 2014; 

Thielen et al., 2015, 2009; Werner et al., 2005b). One of the main constraints of global 

hydrology is the limited availability of observational data for the validation and 

improvement of model streamflow simulations that could potentially enable more 

accurate real-time flood forecasts. There are initiatives that aim to increase the 

availability, but they have limitations such as the spatial coverage and the dependence 

on the willingness of the National Hydrological services. Because of this, lack of up-to-

date and near-real time availability of in situ measurements for many rivers, satellite 

products are evaluated aiming at increasing the accuracy of hydrological models. 

However, the potential and quality of these remotely sensed observations needs to be 

assessed before they can be implemented in operational flood forecasting. 

This research gap in the current status of global hydrological forecasts leads to the main 

objective of this thesis: To explore, demonstrate, and evaluate the different uses of 

satellite-derived surface water changes data in continental hydrological models, and their 

potential complementary role with flood forecasting systems to validate and support end-

users before and during flood events. 

In view of the dimension and complexity of this goal, this research focuses on applying 

techniques that can potentially be implemented at a global scale, if the data accuracy is 

sufficient for such applications. In exploring the use of the satellite-derived surface 

water changes for the different applications, the following research questions were 

defined in this study, and are briefly discussed in the following sections: 
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1) What is the quality of the satellite-based surface water extent data to estimate 

streamflow measurements? And what are the local factors affecting these data? 

2) What is the added value of satellite-based flood detection for decision markers? 

And what is the complementary role with flood forecasting? 

3) What is the impact of performing calibration and data assimilation frameworks 

using satellite-derived data within a continental-scale rainfall-runoff model? 

Methods 

Potentials and constraints of the Global Flood Detection System (GFDS) 

With the increased availability of satellite observations, an exciting opportunity has 

recently arisen to evaluate and assess the suitability of integrating state-of-the-art flood 

monitoring and forecasting products such as those from the Global Flood Detection 

System (GFDS) and the Global Flood Awareness System (GloFAS). The design algorithm 

behind the GFDS system makes use of the changes in brightness temperature of the land 

surface depending on water content as a proxy for flood detection. Therefore, the first 

aim of this study was to estimate streamflow measurements from the satellite-based 

GFDS in a similar way as previously done at other locations, mainly in the USA 

(Brakenridge et al., 2015, 2005). This study (Chapter 2) attempts for the first time a 

quasi-global assessment using GFDS data as a proxy for streamflow. The outcomes from 

the evaluation of the GFDS system at >300 locations (Chapter 2) were critical for 

understanding the power and limitations of these data, for defining the subsequent 

objectives, as well as to provide a guideline for future selection of sites. 

Exploring the added value of flood forecasting and satellite-based flood detection for end-

users to provide near real-time information before and during events. 

The work presented here combines tools and data from the forecasting system GloFAS, 

and the satellite-based MODIS and GFDS Flood Maps (Chapter 3 and 4). Currently, all are 

used for preparedness and crisis response to floods disasters, and are key elements of 

initiatives such as the Global Flood Partnership (De Groeve et al., 2014b). This study also 

made used of key disaster databases such as EM-DAT, the Dartmouth Flood Observatory 

record, and data recorded on the ground by the Red Cross/Red Crescent societies and 

various social media. A detailed quality assessment, such as that performed in this study, 

has not been provided before. Using both global detection and global forecasting 

systems has allowed us the better characterisation of the studied cases that than which 

would have been possible otherwise using a single tool. 

The aim of these studies was first to provide the (potential) users of these systems with 

an overview of data that can be obtained from each of these flood decision support 

systems such as the flood hazard with regards to the severity, location, and timing of a 

given flood disaster. The second aim is to determine the limitations and inconsistencies 

of the systems and to investigate where future improvements and developments of the 

systems is feasible. 
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Impact of satellite-based surface water extent signal for calibration and Data Assimilation 

of a rainfall-runoff model 

The impact of using GFDS data for hydrological modelling has been tested in a number of 

applications such as the estimation of streamflow volumes (Chapter 2), calibration of the 

hydrological model within the GloFAS model (Chapter 5), and data assimilation to 

update simulated streamflow values based on the detected satellite signal (Chapter 6). 

The calibration was implemented at gauged locations using both raw GFDS signal and 

GFDS estimated streamflow, and these two simulation scenarios were compared with 

the calibration using in situ streamflow measurements. On the data assimilation study, 

we used the full spatial extent of Africa and South America from the GFDS signal, but also 

validated at gauged locations using in situ streamflow measurements. 

Major findings 

The present thesis has contributed considerable to improving global flood risk 

management by a) assessing the potentials and constraints of the Global Flood Detection 

System, b) exploring the added value of global flood forecasting and satellite-based flood 

detection for end-users to provide near real-time information before and during events, 

and c) assessing the impact of satellite-based surface water extent signal for calibration 

and data assimilation of a rainfall-runoff model. 

During the preliminary research phase (Chapter 2) we found that the use of continuous 

GFDS time series to estimate streamflow, also during low discharge levels and at a great 

variety of non-flooded locations, in several cases produced useful data, but in other 

cases could lead to noisy, unreliable data. Therefore, for reliable GFDS surface water 

extent change data to be used, for example as a proxy for streamflow, a preliminary 

selection of sites is needed. The main factors that were found that impact the GFDS data 

were the type of river, floodplain size, mean daily discharge, presence of dams/hydraulic 

control measures, and the land cover of the location such as urban areas and closed 

forest (Chapter 2 and 5). These factors that influence the GFDS signal have been 

identified in other applications that reply on remote sensing observations in the passive-

microwave frequency. Based on these findings, it is recommended to exclude sites that 

have upstream dams/hydraulic control measures, with land cover that is classified as 

artificial and closed forest, and have wetlands and lakes. Further, it is recommended to 

include all sites with a mean daily streamflow greater than 500m3s-1 that are located 

within grid cells classified as inundated area, floodplain , freshwater marsh, swamp 

forest, and flooded forest. 

From the studies on Chapter 3 and 4, we concluded that even though there is a general 

agreement about the location of large floods between GFDS, MODIS, GloFAS, and ground 

observations and reports (humanitarian reports and social media), there are also large 

differences in the spatio-temporal characteristics of the flood detections by the different 
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systems. Although the systems do not agree in flood detection, it should be noted that all 

automated flood prediction, detection, monitoring, and recording systems provide 

useful independent characterization information for each major flood. On major, large 

scale flood events where the time to plan and to react can be more challenging, all these 

systems can provided seamless information for better flood disaster management. 

The calibration focused on optimising the temporal dynamics between the simulated 

and observed streamflow time series. The raw GFDS signal is dimensionless, therefore it 

is not feasible to implement a typical calibration framework where bias and variability 

are optimised. We concluded that using satellite-derived surface water extent as a proxy 

for streamflow and using the remotely sensed data for calibration generally leads to an 

improved performance, compared to an uncalibrated streamflow simulation. Note that 

the studied locations were selected based on the guidelines obtained in Chapter 2, and 

have certain local attributes where the GFDS signal is expected to be of good quality for 

this application. 

Another technique that was used to optimally benefit from the observations of GFDS 

was data assimilation of the flood signal into the rainfall-runoff LISFLOOD model 

(Chapter 6). The framework presented here showed the possibility of using surface 

water extent changes from GFDS as observations in an EnKF data assimilation 

framework for the rainfall-runoff LISFLOOD model. However, the applied methodology 

could be implemented for many other hydrological models with a data assimilation 

module built-in. This framework makes use of daily GFDS data on the full South America 

and Africa continental scale, and was validated at more than a 100 locations on 

relatively large rivers. 

Suggestions for further study 

More work is required before an integrated global flood forecasting and detection 

system can provide added value for a variety of decision makers on international, 

national, and local levels along the different phases of the disaster risk management 

cycle. Satellite and forecasting products are generally accessible within a few hours from 

retrieval and generation respectively. However, the temporal and spatial resolution 

might not be as frequent and fine to capture all types of floods, and therefore be useful 

for decision-makers under all flooding conditions. Moreover, further research is needed 

to assess the accuracy of data from these early warning systems. 

Combining information from both forecasting and monitoring systems for decision 

making would be a way forward. In addition, improvements are needed in the 

communication of uncertainty of the model outputs to the users (Demeritt and Nobert, 

2014; Michaels, 2015; Pagano et al., 2014; Pappenberger et al., 2013; Stephens and 

Cloke, 2014; Stephens et al., 2012), and how the flood information from different 

providers is compared without full recorded information as it is the case of many flood 

disasters. Furthermore, a multi-model approach will be also beneficial to combine the 
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use of multiple models for producing forecast to provide a more complete 

representation of the forecast uncertainty and also a potential reduction in the 

predictive errors (Krishnamurti et al., 1999; Palmer et al., 2004). Besides the sparsely 

available measured near real-time streamflow data, data from the GFDS system is very 

valuable and is the most suitable remotely-sensed surface water detection product to 

use for flood risk management at the large scale due to its relatively long record (~18 

years), almost global coverage, and daily near real-time availability. Data from satellite 

missions such as Sentinel and SWOT can be used in an analogous way as to the 

techniques presented here to improve flood forecasting even further. 

Finally, since flooding is a global issue with many different facets to be dealt with on a 

local, regional, national, and trans-national level and across various sectors, single 

authorities cannot tackle the complexity of flooding alone in sufficient detail. Therefore, 

the JRC initiated the Global Flood Partnership (GFP; De Groeve et al., 2014b) as a multi-

disciplinary group of scientists, operational agencies, and flood risk managers focused 

on sharing data and developing efficient and effective tools applicable on global scale 

that can address these challenges. 

The final aim is not only a better model or better flood forecast, but a better protection 

against and resilience of hazard risk (Bruijn, 2004; Messner and Meyer, 2006; Schanze, 

2006). Further, the further development of global early warning systems and disaster 

risk information, and the goal to provide by 2030 access to multi-hazard early warning 

systems by all people is one of the of the seven targets set by the Sendai Framework 

2015-2030. To achieve this aim, evidently, a flood forecast alone is not sufficient. 
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Overstromingen zijn een wereldwijd natuurlijk fenomeen, maar in veel gevallen wordt hun 

impact verergerd door menselijke invloeden. Hoewel overstromingen vaak negatieve effecten 

hebben zoals dodelijke slachtoffers, langdurige ongemak en economische schade, kunnen er ook 

positieve effecten zijn zoals nutriënt-rijke sedimentatie in riviervlakten, het doorspoelen van 

rivieren en veranderingen van habitats. De negatieve gevolgen van overstromingen zijn vooral 

uitgesproken als kwetsbare bevolkingsgroepen getroffen worden, die zich ophouden in gebieden 

met een hoog overstromingsgevaar (Young, 2012). 

Technieken zoals “early warning systems” kunnen bijdragen tot een betere voorbereiding en 

respons op overstromingen (Amarnath et al., 2014; Golnaraghi et al., 2009; Pagano et al., 2014; 

Pappenberger et al., 2015; Thielen et al., 2015). Deze technieken kunnen in sommige gevallen 

leiden tot een vermindering van de schade door overstromingen te voorkomen door stuwmeren 

vroegtijdig water te laten afvoeren op basis van een overstromingsvoorspelling. In grote delen 

van de wereld zijn er echter geen waarschuwingssystemen of zijn ze nog niet operationeel. In 

het recent afgesloten Sendai verdrag 2015-2030 wordt erkend dat er wereldwijd behoefte is aan 

“early warning systems”. 

Continentale en wereldwijde overstromingsvoorspellingen kunnen van toegevoegde zijn voor 

regionale en nationale systemen omdat ze voorspellingen doen over politieke grenzen heen 

(Alfieri et al., 2015; Emerton et al., 2016; Lindström et al., 2010; Pagano et al., 2014; Thielen et 

al., 2015, 2009; Werner et al., 2005b). Echter, een van de beperkende factoren voor wereldwijde 

hydrologische modellen is de geringe beschikbaarheid van metingen die nodig zijn om deze 

modellen te valideren en te verbeteren. De beschikking over meer metingen zal waarschijnlijk 

de kwaliteit van de overstromingsvoorspellingen aanzienlijk verbeteren. Er zijn initiatieven om 

tot betere en meer metingen te komen, maar deze zijn vooralsnog beperkt in ruimtelijke 

dekking, of zijn het exclusieve eigendom van lokale hydrologische autoriteiten en niet openbaar 

beschikbaar.  

Omdat up-to-date in-situ metingen van rivieren niet beschikbaar zijn, worden in deze studie 

waterstandsmetingen bepaald vanuit satellieten getest op hun bruikbaarheid voor het gebruik 

als invoergegevens van hydrologische modellen en om de kwaliteit van de voorspellingen te 

verbeteren. De kwaliteit en toegevoegde waarde van deze satellietproducten moet echter eerst 

onderzocht worden, voordat ze gebruikt kunnen worden in operationele voorspellingssystemen. 

Deze leemte in kennis is dan ook het belangrijkste onderzoeksthema van dit proefschrift: 

Het onderzoeken en evalueren van satellietwaarnemingen van rivierwaterhoogte voor 

verschillende toepassingen in continentale hydrologische modellen, en de mogelijke toegevoegde 

waarde voor hoogwater-voorspelling-systemen ten behoeve van eindgebruikers voor en tijdens 

overstromingen. 

Vanwege de complexiteit van deze doelstelling, is dit onderzoek specifiek gericht op het 

onderzoeken van de nauwkeurigheid van deze technieken op wereldschaal. Om de schattingen 



Nederlandse samenvatting 

171 
 

van rivierafvoer op basis van satellietgegevens te evalueren, zijn de volgende onderzoeksvragen 

geformuleerd: 

1) Is het mogelijk met de wateroppervlak schattingen op basis van satellietgegevens om 

rivierafvoer te schatten? Welke lokale omgevingsfactoren beïnvloeden de 

nauwkeurigheid? 

2) Wat is de toegevoegde waarde van het schatten van de overstroomde gebieden op basis 

van satellietgegevens voor de operationele autoriteiten en hulporganisaties. Is er ook 

een toegevoegde waarde bij de hoogwater voorspelling? 

3) Wat is de toegevoegde waarde van deze satellietgegevens voor de kalibratie en / of data 

assimilatie in een continentaal hydrologisch model? 

Methoden 

De mogelijkheden en beperkingen van het Mondiale Overstroming Detectie Systeem 

(Global Flood Detection System: GFDS) 

Satellietgegevens zijn in toenemende mate beschikbaar sinds de jaren 70 en de kwaliteit van die 

satellietgegevens wordt steeds beter. Dit geeft ons unieke mogelijkheden om 

overstromingsvoorspellingen gebaseerd op modellen zoals het Global Flood Awareness System 

(GloFAS) te integreren met satellietwaarnemingen van overstromingen zoals geproduceerd door 

het Global Flood Detection System (GFDS). 

Het computer algoritme dat overstromingen detecteert in satellietobservaties maakt gebruikt 

van de zogenaamde ‘brightness’ temperatuur van het aardoppervlak waardoor overstroomd 

gebied te onderscheiden is van andere, niet-overstroomde gebieden. Het eerste doel in dit 

onderzoek was het berekenen van rivierafvoer uit de satellietgegevens van GFDS zoals dat 

beschreven is, en eerder is gedaan, voor diverse rivieren in de Verenigde Staten door 

(Brakenridge et al., 2015, 2005). In hoofdstuk 2 wordt beschreven hoe op mondiaal 

schaalniveau de GFDS gegevens worden gebruikt voor rivierafvoer schattingen. De resultaten 

zijn geëvalueerd aan de hand van ruim 300 locaties (hoofdstuk 2) waar afvoergegevens 

beschikbaar zijn en geven een goed inzicht naar de mogelijkheden en de beperkingen van de 

GFDS gegevens. Deze resultaten dienden als basis voor de volgende onderzoeksdoelstellingen en 

voor het selecteren van veelbelovende onderzoeklocaties. 

Onderzoek naar de toegevoegde waarde van snel en direct beschikbare overstromings-

voorspellingen en satelliet- overstromingskaarten voor eindgebruikers 

Het onderzoek beschreven in hoofdstuk 3 en 4 combineert informatie en algoritmen van het 

voorspellingssysteem GloFAS met MODIS satellietbeelden en met GFDS satelliet-gebaseerde 

overstromingskaarten. Deze gecombineerde gegevens worden operationeel gebruikt binnen het 

Global Flood Partnership (De Groeve et al., 2014b) om voorbereid te zijn op overstromingen en 

om snel hulp te kunnen bieden in gebieden getroffen door overstromingen. Naast 

bovengenoemde gegevens maakt dit onderzoek tevens gebruik van gegevens in de ‘Emergency 

Database (EM-DAT)’, in het archief van het Dartmouth Flood Observatory Record en gegevens 

verzameld in het veld door medewerkers van het Rode Kruis, hun partners en door journalisten. 

De evaluatie van de bruikbaarheid en de betrouwbaarheid van de gegevens beschikbaar in deze 

datasets is uniek en nog niet eerder uitgevoerd. Het gecombineerde gebruik van 
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bovengenoemde datasets maakte het mogelijk om betere karteringen en voorspellingen van 

overstromingsgebeurtenissen te maken dan mogelijk zou zijn bij het gebruik van de individuele 

datasets of modellen. 

De uiteindelijke doelstellingen van het onderzoek in hoofdtukken 3 en 4 was tweeledig. Ten 

eerste het aan de eindgebruikers (zoals het Rode Kruis) duidelijk maken wat voor gegevens 

beschikbaar zijn uit de diverse databestanden en modellen over overstromingen zoals locatie, 

waterhoogte, ernst van de overstroming en de precieze tijd van de piekafvoer. Ten tweede om te 

laten zien wat de beperkingen en onzekerheden in deze databestanden en modellen zijn en hoe , 

met aanpassingen, de kwaliteit en betrouwbaarheid van de gegevens verbeterd kan worden. 

Het gebruik van satelliet gebaseerde overstroming areaal schattingen voor het kalibreren en voor 

data assimilatie van een regenval - afstromingsmodel 

De geschiktheid van de GFDS gegevens voor het modelleren van de hydrologie van 

stroomgebieden is onderzocht. Er is gekeken naar het berekenen van rivierafvoer volumes 

(hoofdstuk 2), naar het gebruik van GFDS voor het kalibreren van het GloFAS model (hoofdstuk 

5), en naar het gebruik van deze gegevens voor data assimilatie (hoofdstuk 6) om zo 

voorspellingen van overstromingen te verbeteren. De kalibratie van het overstromingsmodel is 

getest op stroomgebieden waar de rivierafvoer in het veld gemeten wordt. De kalibratie werd 

uitgevoerd op de ruwe onbewerkte GFDS gegevens en op de op basis van GFDS berekende 

rivierafvoeren. These twee gekalibreerde simulaties werden ieder vergeleken met in het veld 

gemeten rivierafvoeren. Voor deze data assimilatie studie is gebruik gemaakt van GFDS 

gegevens vvan twee continenten: Afrika en Zuid-Amerika. 

Major findings 

Dit proefschrift heeft aanzienlijk bijgedragen aan het beter kwantificeren van overstromings-

risco management door a) te kijken naar de mogelijkheden en beperkingen van het Global Flood 

Detection System, b) het kwantificeren van de toegevoegde waarde van satelliet-observaties 

voor overstromingsdetectie en c) het evalueren van de mogelijkheid om observaties van 

overstromingsoppervlak te gebruiken voor data assimilatie en kalibratie van een hydrologisch 

model. 

In de verkennende onderzoeksfase (Hoofdstuk 2) vonden we dat het gebruik van het signaal van 

GFDS om de afvoer te bepalen in veel gevallen tot goede resultaten leidde, maar in sommige 

scenario's leidde tot een onstabiel en onbetrouwbaar signaal. Om een betrouwbare schatting te 

krijgen van de grootte van een overstroming met behulp van GFDS, werden alleen locaties 

gebruikt die voldoen aan bepaalde voorwaarden en zorgen voor een betrouwbaar signaal. De 

belangrijkste factoren voor een betrouwbaar signaal waren het type rivier, de grootte van de 

uiterwaarden, de gemiddelde afvoer, de aanwezigheid van dammen/sluizen en het landgebruik 

zoals bebouwd gebied en dicht bosgebied (Hoofdstuk 2 en 5). Het is bekend uit eerdere studies 

dat deze factoren een sterke invloed hebben op het passieve microgolf signaal dat gebruikt 

wordt in GFDS. Daarom wordt aanbevolen om voor een goede overstromingsvoorspelling met 

GFDS alleen gebruik te maken van locaties zonder dammen of sluizen, zonder landgebruik dat is 

geclassificeerd als artificieel of dicht bosgebied en zonder grote moerassen of meren in het 

bovenstroomse gebied. Tot slot, adviseren wij om alleen locaties te gebruiken met een 
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gemiddelde dagelijkse afvoer groter dan 500m3s-1, waarbij de locatie wordt gekenmerkt als 

uiterwaarden, ondergelopen gebied, zoetwatermoeras, moerasbos of ondergelopen bos. 

Uit de resultaten van hoofdstuk 3 en 4 bleek dat er overeenkomsten zijn tussen de locatie van 

grootschalige overstromingen geobserveerd door GFDS, MODIS, GloFAS, lokale observaties en 

rapporten (van humanitaire organisaties en vanuit sociale media) maar dat er grote verschillen 

zitten in de ruimtelijke en temporele kenmerken van grootschalige overstromingen 

geobserveerd door de verschillende systemen. Hoewel, de systemen niet overal dezelfde 

overstromingen weergeven, leveren ze wel allemaal een waardevolle bijdrage aan de detectie en 

karakteristieken van grootschalige overstromingen. In situaties met grootschalige 

overstromingen, waar de tijd om te plannen en reageren zeer beperkt is, kunnen deze systemen 

zeer snel waardevolle informatie verschaffen om te helpen bij het 

overstromingsrisicomanagement. 

Met de kalibratie van de hydrologische modellen proberen we de verschillen in de temporele 

kenmerken tussen de gesimuleerde en geobserveerde afvoer zo klein mogelijk te krijgen. Het 

ongefilterde signaal van GFDS is dimensieloos en is daarom lastig te gebruiken in een 

traditioneel raamwerk waarbij de bias en variabiliteit worden geoptimaliseerd. We concluderen 

dat het gebruik van satellietobservaties van overstroomd oppervlak als een proxy voor afvoer in 

de kalibratie over het algemeen leidt tot verbeterde resultaten, in vergelijking met een 

gekalibreerd model. De locaties die werden gebruikt voor die validatie zijn in lijn met de 

randvoorwaarden die in hoofdstuk 2 waren vastgesteld en voldoen aan de kenmerken waar we 

een goede kwaliteit kunnen verwachten van het satellietsignaal. 

Tot slot, hebben we gebruik gemaakt van data assimilatie van de GFDS observaties in het 

hydrologisch model LISFLOOD (hoofdstuk 6). Hier is aangetoond dat het mogelijk is om het 

GFDS signaal te gebruiken in een ensemble Kalman filter om het model en gesimuleerde afvoer 

te corrigeren met behulp van de satellietobservaties. De toegepaste techniek kan ook worden 

gebruikt in andere hydrologische modellen met een ingebouwde data assimilatie module. Dit 

data assimilatie framework gebruikt dagelijkse observaties van GFDS data voor de continenten 

Zuid-Amerika en Afrika en was gevalideerd op meer dan 100 locaties in verschillende grote 

rivieren. 

Suggesties voor vervolgonderzoek 

Aanvullend onderzoek is nodig voordat een geïntegreerd wereldwijd overstroming-

voorspelling- en waarneming systeem van toegevoegde waarde kan zijn voor internationale, 

nationale en regionale operationele diensten en hulporganisaties. De producten gemaakt op 

basis van satellietgegevens zijn meestal binnen een paar uur na opname beschikbaar. Echter, de 

ruimtelijke en temporele resolutie van deze producten laat vaak te wensen over om sommige 

typen overstromingen te kunnen detecteren. Ook is verder onderzoek nodig om de 

betrouwbaarheid van de voorspellingssystemen te onderzoeken. Een goede stap voorwaarts is 

het combineren van waarnemingssystemen en voorspellingsystemen. 

Er zijn ook verbeteringen nodig in de communicatie van de onzekerheden van de 

modelresultaten naar de eindgebruikers (Demeritt and Nobert, 2014; Michaels, 2015; Pagano et 

al., 2014; Pappenberger et al., 2013; Stephens and Cloke, 2014; Stephens et al., 2012) 
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Daarnaast moeten eindgebruikers getraind worden hoe ze informatie over overstromingen uit 

diverse bronnen kunnen combineren. Een multi-model benadering is nuttig om een betere 

indruk te geven van de onzekerheid van de voorspellingen, en eventueel zelfs het verminderen 

van de voorspellingsfout (“predictive errors”) (Krishnamurti et al., 1999; Palmer et al., 2004).  

Naast de gebrekkige beschikbaarheid van gemeten rivierafvoerdata, zijn de gegevens van het 

GFDS-systeem erg nuttig. GFDS is op dit moment het meest geschikte satellietproduct voor 

grootschalige overstromingsdetectie door zijn bijna wereldwijde dekking, zijn reeds lange 

beschikbaarheid (~18 jaar), en de dagelijkse beschikbaarheid in “near real-time”. Gegevens 

gebaseerd op de toekomstige ESA Sentinel en NASA SWOT missies zullen waarschijnlijk op een 

vergelijkbare manier als GFDS toegepast kunnen worden om de kwaliteit van hoogwater-

voorspellingen nog verder te verhogen. 

Tenslotte, omdat overstromingen een wereldwijd fenomeen zijn met veel verschillende facetten 

op lokaal, regionaal, nationaal, en internationaal grensoverschrijdend niveau, kunnen 

individuele instanties de complexe problematiek niet adequaat aanpakken. Daarom heeft het JRC 

het initiatief genomen voor het Global Flood Partnership (GFP; De Groeve et al., 2014b). Het GFP 

is een multidisciplinaire groep wetenschappers, operationele diensten en beleidsmakers die 

informatie, kennis en gegevens uitwisselen en effectieve wereld dekkende gereedschappen 

ontwikkelen om overstromingen te aan te pakken. 

Het uiteindelijke doel is niet alleen het maken van een beter model of een betere voorspelling, 

maar een betere bescherming en weerbaarheid tegen overstromingsgevaar (Bruijn, 2004; 

Messner and Meyer, 2006; Schanze, 2006). Een van de zeven doelstellingen van het Sendai 

Framework 2015-2030, is het verder ontwikkelen van wereldwijde waarschuwingssystemen en 

de toegang tot multi-hazard waarschuwingen voor elke burger voor 2030. Om deze doelstelling 

te halen is het voorspellen van overstromingen alleen echter niet genoeg. 
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