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Abstract 
 

Flood forecasting and warning is a non-structural measure which has proved to be efficient and cost effective 

to minimise negative impacts of flooding (WMO & GWP, 2013) (Mishra and Singh, 2011). Higher spatial and 

temporal resolution data from earth observations (EO) and the increase in post processing technology has 

opened opportunities for forecasting floods at continental and global scales (Emerton et al., 2016); Revilla-

Romero et al., 2015). This means flood forecasts are available for regions where previously there were no 

forecasting capabilities from global forecasting systems like the Global Flood Awareness System (GloFAS). 

A major barrier in using GloFAS in ungauged catchments is a lack of knowledge on how well river flow was 

predicted for flood events due to a lack of observations. The aim of this thesis is to provide information on 

GloFAS forecast performance, modelling processes and uncertainty in ungauged catchments. This thesis 

provides analysis of GloFAS flood forecast performance for the African continent without relying on gauged 

data and introduces a total of 888 new locations for which performance information is now available. This 

thesis also provides new methods to assess global flood forecast performance on continental and catchment 

scales in ungauged catchments, using a combination of flood event databases and inundation data from EO. 

This combination of data is available globally and these methods could be repeated for any ungauged 

catchment. This thesis has quantified the performance, model processes and uncertainty of GloFAS flow 

forecasts in a wide range of ungauged catchments with the objective of unlocking the potential of using 

GloFAS forecasts in these and other ungauged locations. It is recommended that more research is 

undertaken in quantitative assessments of forecast performance in ungauged catchments to remove barriers  

for flood prone regions with no or limited gauged data to benefit from the increasing availability of global 

flood forecasts.  
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1. Introduction 

Natural disasters cause fatalities, affect livelihoods and result in other damage. During 2019, 396 

significant natural disasters caused 11,755 fatalities, affected 95 million people and cost $130 

billion according to the Centre for Research on the Epidemiology of Disaster (CRED) database 

(CRED, 2019). Of these 396 natural disasters 49% were floods and 43% of the fatalities were 

caused by flooding. Climate change projections predict that it is likely that global flood risk will 

increase in the future (Arnell and Gosling, 2016). Flood forecasting and warning is a non-structural 

measure which has proved to be efficient and cost effective in minimising the negative impacts of 

flooding (WMO & GWP, 2013) (Mishra and Singh, 2011).  

Flood forecasting can be defined as “the prediction of water level, discharge, time of occurrence 

and duration of a flood, especially of peak discharge at a specified point on a watercourse, 

resulting from precipitation and/or snowmelt.” (WMO/Unesco Panel on Terminology, 1974). This is 

different from flood warning, which is described by Reed (1984) as the broader activities that 

underly providing advance notice that a flood may occur in the near future at a location by Reed 

(1984). A flood forecasting and warning system can incorporate many elements including but not 

limited to: flood monitoring, flood forecasts, flood warning and flood response, shown in Figure 1.1 

(see Chapter 2 section 2.1 for more details) (WMO et al., 2010) (Queensland Government, 2011).  

 

 

Figure 1.1 Flood forecasting and warning, adapted from (Shrestha, 2014) and (Mateus et al., 
2019).  

There are a variety of methods available to generate flood forecasts ranging from correlation 

between an upstream and a downstream water level gauge to detailed modelling systems (Chapter 

2 Section 2.1.2). Choosing which method to use depends on both the purpose for which the flood 

forecasts will be used and the data that are available (WMO & GWP, 2013). Higher spatial and 

temporal resolution data from earth observations (EO) and the increase in post processing 
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technology has opened opportunities for forecasting floods at continental and global scales 

(Emerton et al., 2016); Revilla-Romero et al., 2015). This means flood forecasts are available for 

regions where previously there were no forecasting capabilities. Global flood forecasts are starting 

to be used by the humanitarian and insurance sectors to reduce damage and loss of life. There are 

three key reasons why global and continental scale flood forecasts can be useful (Alfieri et al., 

2013) (Bierkens, 2015) (Emerton et al., 2016): 

• The capabilities to forecast fluvial floods are not equally spread across the globe and 

forecasting systems are especially limited in flood-prone low-income countries (Revilla Romero 

et al., 2014), (Lumbroso et al., 2014). Global flood forecasting models provide forecasts in 

catchments where currently none are available; 

• Global flood forecasts provide information on the forecast flood hazard across areas larger than 

a catchment and across national boundaries, for example, to indicate where flooding during the 

rainy season will be worse than normal; information that is of importance to humanitarian 

organisations; 

• Global flood forecasts can support existing flood forecasting capabilities, for example, by 

providing probabilistic flood forecasts with longer lead times than existing systems. 

There are three operational global fluvial flood forecasting systems delivering forecasts to various 

users worldwide. These are: 

• The Global Flood Awareness System (GloFAS) which was co-developed by the European 

Centre for Medium Range Weather Forecast (ECMWF) and the Joint Research Centre (JRC) 

of the European Commission; 

• The Global Flood Forecasting and Information System (GLOFFIS) which was developed and is 

operated by Deltares in the Netherlands; 

• HypeWeb developed by the Hydrological Research Unit at the Swedish Meteorological and 

Hydrological Institute (SMHI). 

Global flood forecasts are starting to be used by national authorities, humanitarian and insurance 

sectors to reduce damage and loss of life. Examples of projects that use GloFAS forecasts include 

the South-East Asian Disaster Risk Insurance Facility (SEADRIF) (SEADRIF, 2019) and the 

Forecast-based Financing (FbF) programme from the International Federation of Red Cross and 

Red Crescent Societies (IFRC) together with the German Red Cross (GRC) (Coughlan de Perez et 

al., 2015). FbF is a programme, initiated by the International Federation of Red Cross and Red 

Crescent (IFRC), which releases funding prior to a disaster based on scientific forecast information 

with the ultimate aim to reduce the impacts of disasters (Coughlan de Perez et al., 2015). The key 

to FbF is that action is taken before the disaster and this can help save lives and reduce or even 

prevent damages and losses caused by disasters like flooding. Funding is released based on a set 

of triggers which are established using a combination of forecasts information and risk analysis. 

Once the triggers have been set in place, money can be automatically released once when the 

triggers conditions have been met. To setup a FbF system the following three steps are 

undertaken:  
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• Defining triggers based on detailed risk analysis of natural hazards, assessments of the 

impacts of previous disasters, vulnerability data, and forecasts information. 

• Selection of actions; appropriate responses to disasters are formulated in an early action 

protocol.  

• Financing mechanism; funding is released from the disaster response emergency fund to the 

nations societies to be able to carry out the early actions protocol.  

The work for this thesis started with an exploration of how GloFAS forecasts are used in coastal 

Peruvian catchments where communities suffer from frequent flooding. An initial exploration of 

GloFAS forecasts in Peru is presented in Appendix A and provides understanding, insight and 

methods for evaluating global flood forecasts in ungauged catchments. The initial assessment 

answers the research questions: ‘Can GloFAS provide useful flood forecasts in the coastal 

catchments of Peru?’.  The initial exploration shows the limitations and opportunities of the GloFAS 

forecasts in Peru (Appendix A) and shows that GloFAS forecasts can be quantitatively evaluated in 

ungauged catchments. Appendix A  presents a new forecast evaluation method for ungauged 

catchments that combines anomalies during flood events with hydrographs and catchment 

information tables. The new methods provides an indication of the opportunities which were in line 

with the findings in the performance assessment of the GloFAS forecasts in Peru by Bischiniotis et 

al., (2019). The FbF project in Peru has since moved on to use a combination of forecast data 

which includes precipitation and El Nino forecasts (Aguirre et al., 2019) (Lopez et al., 2020).  

In March 2018 the first Africa Dialogue Platform for FbF showed that there were increasingly more 

FbF projects in Africa and there was an interest in evaluating forecast performance in Africa 

(Lohrey and Noisette, 2018). At the time of this meeting the were 12 countries in Africa with active 

FbF projects, shown in Figure 1.2. 
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Figure 1.2 African countries with FbF projects in March 2018 (adapted from (Lohrey and 
Noisette, 2018).  

 

As FbF projects increased in Africa this PhD research followed this development and shifted the 

focus to evaluating performance of ungauged catchments in Africa. The GloFAS model has also 

evolved during the work on this thesis. New model versions have been released and new forecast 

datasets have become available. Figure 1.3 shows these developments on a timeline where the 

developments of FbF and GloFAS are on the right hand side in blue, alongside the PhD research 

on the left hand side in green.   
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Figure 1.3 PhD Timeline (green) alongside GloFAS and FbF developments (blue).  

The release of GloFAS version 2.0 in November 2018 meant that for the first time, GloFAS forecast 

performance could be assessed globally, going back a maximum of 42 years, from 1979 to the 

present day (more details in 4.2.1). GloFAS version 2.0 reanalysis and reforecast have been 
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evaluated on a global scale (Harrigan, Zsoter, Alfieri, et al., 2020) (Harrigan, Zsoter, Cloke, et al., 

2020). The reforecast is ‘a collection of forecasts produced using the same modelling system (or as 

close as possible) to the modelling system used to produce the operational forecasts, with dates 

from the past, usually going back a considerable number of years.’ (Hagedorn, 2008) and the 

reanal sis is ‘a blend of observations and outputs from modern weather forecasting models, 

reanalysis data provide the most complete picture currently possible of past weather and climate.’  

(ECMWF, 2020b). More details on the GloFAS reforecast and reanalysis are given in section 4.2.1. 

The evolution of the GloFAS reanalysis by Harrigan et al.,( 2020) compares the GloFAS flows to 

gauged river flow at 1801 locations globally. By comparing these two modelled datasets, the 

forecast element can be assessed separately from the model performance. This analysis does not 

require any gauged data and has been made available for 5997 locations spread across the globe. 

GloFAS reforecasts are skilful against GloFAS reanalysis in over 93% of the catchments for the 

short and medium range (one-three and five-15 days lead time), skilful in 80% of catchments for 

the extended range (16 to 30 day lead time). The skilfulness of the forecast varies greatly from 

location to location and forecasts have been found to have no skill for tropical Africa.  

1.1. Motivation and aims 

The evaluation of global flood forecasts is currently limited to locations where gauged flow data is 

available (Harrigan, Zsoter, Alfieri, et al., 2020) (Harrigan, Zsoter, Cloke, et al., 2020) (Hirpa et al., 

2018). This leaves many ungauged flood prone catchments without information on the performance 

of the global forecast. There is a gap in knowledge on how to evaluate flood forecast performance 

in ungauged catchments. Research for the development of hydrological methods for ungauged 

basins often cannot resist the temptation of falling back on gauged data, for example for the 

validation of a method. This is illustrated by the predictions in ungauged basins (PUB) project 

where despite the focussed research effort on ungauged basins, much of the success was in 

gauged rather than ungauged basins (Hrachowitz et al., 2013). The increasing availability of earth 

observations data and disaster databases, combined with novel GloFAS data products which allow 

forecast to be assessed for a maximum time period of 42 years (1979 – the present day), means 

that there are new opportunities to assess GloFAS performance in ungauged catchments. This 

thesis aims to quantify the performance of flood forecasts in ungauged catchments with the 

objective of unlocking the potential of using and analysing flood forecasts for such catchments. 

This will be done by developing novel methods for assessing forecast performance without relying 

on gauged data. This thesis also aims to develop methods to gain a greater understanding of 

model processes in ungauged catchments and to gain greater understanding of uncertainty 

methods used in flood forecasting. In order to achieve these objectives, forecast performance 

needs to be assessed across different spatial and temporal scales, using alterative data to gauged 

river flow data and looking at the requirement for forecast applications and users.  
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1.2. Thesis structure and research questions 

This thesis is structured around four research questions which address the thesis aims of 

developing methods and knowledge about flood forecast evaluation in ungauged catchments. In 

addition to this, the thesis includes a literature review, preliminary data evaluation and conclusions.  

The literature review (Chapter 2) identified that there is a gap in knowledge and there is a lack of 

availability of GloFAS forecast performance information for ungauged catchments on the African 

continent. Chapter 2 also identified the need to developing new methods for assessing forecast 

performance in ungauged catchments. Assessing GloFAS performance in ungauged African 

catchments is achieved in this thesis by answering three research questions (RQ). The first 

research question is ‘How well does GloFAS predict floods on the African continent?’ (RQ1) and is 

answered in Chapter 4. RQ1 assess the potential for using GloFAS at locations where there have 

been floods recorded in the Global Active Archive of Large Flood Events from Dartmouth Flood 

Observatory. This is tested by looking if GloFAS forecast values exceeded certain return periods of 

flows during recorded flood events. The GloFAS forecast consists of different forecast lead times 

and ensembles which represent the uncertainty of the forecast. These two aspects of the flood 

forecast are important for flood warning because: 

• The GloFAS forecast needs to exceed the flood threshold for lead times which fit with the flood 

mitigation actions. What these lead time are will vary for different flood warning applications.  

• Flood warnings are often issued once there is a given probability of the forecast event 

occurring, which can be represented by a minimum number of ensemble members crossing the 

return period threshold. For example FbF project in Uganda requires 50% of the forecast 

ensembles to cross the flooding threshold before a flood warning can be issued (Coughlan de 

Perez et al., 2015). How many ensembles are required to cross the flood threshold will vary for 

different applications.  

For these reasons it is important to test the sensitivity of the GloFAS forecast exceeding the return 

periods for different lead times and ensembles. This has been addressed in Chapter 4, Sections 

4.4.2 and 4.4.3.  

Answering research question RQ1 will provide information on the ability of GloFAS to predict flood 

events at locations where there is flood event information, but this assessment is limited to 

assessing only at the locations and during the times flood events have been recorded into the flood 

event database. To increase the understanding of the reliability of GloFAS forecasts in ungauged 

African catchments GloFAS forecasts were compared to water extent data from EO. The second 

research question answered in Chapter 5 is ‘How similar is the GloFAS modelled discharge to 

water extent data from Earth Observations?’ (RQ2). The two aspects of similarity that are tested in 

Chapter 5 are the overall similarity using correlation and the similarity of the high flows using an 

assessment of tail dependency. Tail dependency is a method that looks for similarity of the tails of 

the distributions. In Chapter 5 it is used to look at the similarity between the flood flows from 

GloFAS and the periods of flooding from the water extent data from EO. Once the degree of 

similarity between GloFAS and the water extent data is established Chapter 5 concludes by looking 
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at relationships between catchment characteristics and the similarities established between 

modelled discharge and water extent data from EO.  

Research questions RQ1 and RQ2 provide information on GloFAS performance for ungauged 

African catchments on a continental scale. The next chapter looks at using both flood event 

information from disaster databases and water extent data from earth observations in a FbF project 

location at a catchments scale. Chapter 6 answers the fourth research question ‘For the ungauged 

Akokoro catchment in Uganda, how well do the GloFAS forecasts correspond to flood data 

available from all sources?’ (RQ3). In order to compare the water extent data to the GloFAS 

forecast a new method has been developed that extracts and compares the flood events from both 

the GloFAS and the water extent data and assesses these in terms of hits, misses and false 

alarms. This last chapter on GloFAS forecast performance in Africa describes the GloFAS 

performance on a local catchment scale at a FbF project location and presents a new method to do 

this which can be transferred to any model and catchment across the globe. 

The last research question that is answered in this thesis is about the uncertainty methods that are 

used to quantify flood forecast uncertainty. The analysis of the model components in Appendix A 

shows that uncertainty is not just limited to the forecast rainfall, but extends throughout the chain of 

model components. Currently uncertainty information of GloFAS forecast is limited to the 

ensembles from the meteorological forecast, but there are other sources of uncertainty that could 

be affecting the forecast. Chapter 7 was published in the Journal of Flood Risk Management in 

December 2018 and provides an answer to the following research question: ‘What information can 

the quantification of uncertainty provide into the flood warning process?’ (RQ4). This thesis 

concludes with Chapter 8, which provides the key conclusions, scientific advances with respect to 

the RQs and future prospects.  

In summary, the assessment of GloFAS performance in ungauged African catchments starts by 

looking at GloFAS performance on a continental scale using first flood event information from 

disaster databases (Global Active Archive of Large Flood Events from Dartmouth Flood 

Observatory) and then using water extent data from Earth Observations. After these two 

continental scale assessments, the two sources of data are combined on a catchment scale to 

assess if the FbF performance targets are being met in the Akokoro River catchment in Uganda.  

Schematic overview of chapters, research questions and data in Figure 1.4. Throughout the thesis, 

associated sub-research questions are numbered as subsidiary to the main research questions. 

For example, sub-research question one of research question two is RQ2.1.  
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Figure 1.4 Chapter numbers and research questions.  
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2. Literature review 

2.1. Background to flood forecasting and warning 

Flood warning can be described as the broader activities that underlays providing advance notice 

that a flood may occur in the future at a given location (Reed, 1984). Flood forecasting can be 

defined at “the prediction of water level, discharge, time of occurrence and duration of a flood, 

especially of peak discharge at a specified point on a watercourse, resulting from precipitation 

and/or snowmelt.” (WMO/Unesco Panel on Terminology, 1974). A flood forecasting and warning 

system can incorporate many elements, but in general can include but are not limited to (WMO et 

al., 2010) (Queensland Government, 2011): Flood monitoring, Flood forecasts, Flood warning and 

Flood response, which are treated in the next four sections.  

2.1.1. Flood monitoring 

Flood monitoring is the continuous or frequent standardised observation, measurement and 

evaluation of flooding, used for warning or control (WMO/Unesco Panel on Terminology, 1974). 

Flood monitoring uses observations to measure hydro-meteorological variables; in flood forecasting 

systems these can include but are not limited to water level, velocity, precipitation, snow, 

temperature, evaporation and soil moisture (Merkuryeva et al., 2015)  (Komma, Blöschl and 

Reszler, 2008). Flood monitoring can make use of observed data such as precipitation and flow 

gauges networks and remote sensing products (Duan, Gao and Tan, 2017). Satellites can measure 

environmental variables on a global scale in near real time. Three environmental variables from 

satellite observations that are being applied to flood forecasting systems include flood extent, soil 

moisture and precipitation (Sivapalan et al., 2003).  Other types of flood observations include data 

harvested from online platforms such as Twitter, which can be used to generate rapid disaster flood 

maps (Jongman, Coughlan de Perez, et al., 2015).  

2.1.2. Flood forecasting  

Flood forecasts can be provided using a range of methods from interpreting data from an upstream 

gauge to complex hydrological modelling systems. In general three modelling components can be 

distinguished in flood forecasting models (Zappa et al., 2011), although not all flood forecast 

models use all of these components:  

1. Atmospheric models; 

2. Hydrological models and hydraulic models; 

3. Initial conditions. 

The atmospheric component of a flood forecasting system starts with atmospheric observations, 

these are assimilated into a Numerical Weather Prediction (NWP) system which produces a single 

deterministic or multiple probabilistic atmospheric forecasts (Rossa et al., 2011). Not all flood 

forecasting systems use  atmospheric forecasts, some are limited to using current conditions from 

atmospheric observations (WMO & GWP, 2013). Richardson, (1922) was one of the first to show 
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that weather could be predicted numerically, but NWP really started to in the 1960s due to an 

increase in meteorological observations as well as the development of digital computers (Met 

Office, 2021). As computational processing powers grew, models increased in complexity and 

resolution. For example, the European Centre for Medium-range Weather Forecasts (ECMWF) 

NWP system currently runs a global 52 member ensemble, twice a day at a resolution of 9 km.  

The hydrological components of a flood forecasting system can consist of physically based 

hydrological models (ranging from a simple lumped conceptual model to complex distributed 

modes) and/or data-driven techniques such as artificial neural networks, emulators and fuzzy logic 

(Mure-Ravaud et al., 2016). The type of hydrological model used depends on the objective of the 

model (Jain and Singh, 2018) and in practice a forecasting systems often use a combination of 

model types. For example, a catchment model can be used to simulate the response of the 

catchment and produce runoff. The runoff can then be routed through the catchment using a 

routing model and the predictant (e.g. simulated discharge, water level) can be obtained at the 

points of interest (WMO & GWP, 2013). Hydraulic models can also be used for flood forecasting. 

Information on different types of models for flood forecasting can be found in the literature (Jain 

and Singh, 2018) (Xu, Xiong and Singh, 2018) (Liu et al., 2018) (Chen, 2018) (Ek, 2018) (WMO & 

GWP, 2013).  

Initial conditions, or model starting conditions are required for both the atmospheric and the 

hydrological components of the flood forecasting system. The atmospheric initial conditions are 

processed as part of the atmospheric model component. The initial conditions for the hydrological 

model component refer to the land surface state, for example soil moisture and snow cover (Li et 

al., 2009) . The initial conditions also refer to the initial state of the river (Madsen and Skotner, 

2005) and other waterbodies in the catchment. If observed initial conditions are available, these 

estimates can be improved by using such data, for example by applying data assimilation. Data 

assimilation or model updating is a process where the model prediction is conditioned to the 

observation, for example a water level or discharge measurement (Madsen and Skotner, 2005).  

2.1.3. Flood warning 

Flood warning is the timely dissemination and communication of flood forecast information to all 

those at risk. Generally flood warnings are divided into official and informal warnings (Parker, Priest 

and Tapsell, 2009).  n individual’s own vigilance in detecting floods and ta ing action is referred to 

as an informal flood warning (Parker and Handmer, 1998). Official warnings are communicated by 

multiple warning channels in order to reach an as wide an audience as possible (Parker, Priest and 

Tapsell, 2009).  In order for the warning to be effective it needs to reach those at risk and they 

need to trust the warning and act appropriately. This challenge is further discussed in (Maskrey, 

1997) (UNISDR, 2006) (Grasso and Singh, 2011)   ools,  nnocenti and  ’ rien,    6  (Kreibich et 

al., 2016) .  

2.1.4. Flood response 

Flood response is the action taken due to the received flood warning. Three main actions have 

been described (Reed, 1984): 
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• Removing items, personal property, people and animals from the at risk area. For example the 

evacuation of people and livestock, the premature harvesting of crops and moving cars, 

equipment, furniture and manufactured goods, out of the zone at risk.   

• Reducing the flood impact by erecting temporary flood barriers, clearing any obstruction from 

the watercourse and other forms of maintenance, alerting of emergency services and the 

suspension of any work that may affect the flood, for example sewer maintenance.  

• Controlling the flood by making flood water storage space available through emptying storm 

tanks and balancing ponds. Other actions can include adjusting reservoir discharges, sacrificial 

flooding of agricultural land the protection of high impact areas by adjusting control structures 

such as weirs and pumps.  

The effectiveness of the flood response can be affected by a lack of understanding, mistrust in 

authority and a lack of ownership of flood mitigation actions (Parker, Priest and Tapsell, 2009).  

This thesis focuses on the first two elements of a flood warning scheme: flood monitoring and 

forecasting. 

2.2. Global flood forecasting models 

Developments in the availability of remote sensing and increases in computational power have 

made it possible to setup global flood forecasting systems (Alfieri et al., 2013). Global flood 

forecasting models are making forecasts available at locations where previously there were none 

and they can provide information in regions where there are transboundary flood issues. Global 

flood forecasts can add information to local flood forecasting systems, such as  probabilistic 

forecasts with longer lead times (Emerton et al., 2016). Emerton et al., (2016) presents a simplified 

conceptual large-scale flood forecasting model with the main components and outputs presented 

as Figure 2.1. The main modelling components are:  

• the NWP model; 

• the rainfall-runoff component; 

• the runoff routing component; 

• Interface, where flood warnings are available.  
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Figure 2.1: Structure of a simplified conceptual large-scale flood forecasting model, adapted 
from (Emerton et al., 2016). 

 

Currently there are three global flood forecasting models that can be classed as operational and 

are providing forecasts to users, which will be discussed in the next three sections. These are:  

1. Global Flood Awareness system – GloFAS operated by the European Centre for Medium-

Range Weather Forecasts (ECMWF) and European Commission (EC) Joint Research 

Centre (JRC). 

2. Global Flood Forecasting Information System – GLOFFIS operated by Deltares in the 

Netherlands. 

3. HypeWeb developed by Hydrological Research Unit at the Swedish Meteorological and 

Hydrological Institute (SMHI). 

2.2.1. Global Flood Awareness System (GloFAS version 2.0) 

The Global Flood Awareness System (GloFAS) is an operational system for monitoring and 

forecasting floods across the globe with around 4,000 registered users (Harrigan, Zsoter, Alfieri, et 

al., 2020). Registration is open to everybody and is free of charge. GloFAS is the global river flood 

service of the  uropean  ommission’s (EC) Copernicus Emergency Management Service (CEMS) 

and has  een  ointl  developed    the   ’s Joint  esearch  entre  J   ,  eading  niversit  and 

ECWMF. GloFAS was launched in July 2011 in a pre-operational form (Alfieri et al., 2013), version 

1.0 became fully operational in April 2018 and GloFAS version 2.0 was released in November 

2018. GloFAS version 2.0 consists of a chain of input data and models that together produce a 

fluvial flood forecast (Figure 2.2).  
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Figure 2.2: Schematic diagram of GloFAS, adapted from (ECWMF and JRC, 2020). 

 

GloFAS uses the ECWMF Ensemble  Prediction System which provides global weather forecasts 

comprising 51 ensembles with a 30 day lead time (ECWMF and JRC, 2020). The forecast has 

resolutions of ~18km grid for the first 15 days and ~36km grid for the rest of the forecast.   

There are two model components in GloFAS: 

1. Land surface model: Hydrology Tiled ECWMF Scheme for Surface Exchange over Land 

(HTESSEL) (Balsamo et al., 2009) that produces surface and subsurface runoff.  

2. Flow routing model LISFLOOD (Burek, Van Der Knijff and De Roo, 2013), GloFAS uses a 

simplified version of LISFLOOD, referred to as LISFLOOD global, to route the surface and 

subsurface runoff through the river. 

HTESSEL 

HTESSEL is the land surface scheme used by ECMWF in its integrated forecasting system (IFS), it 

is a distributed (gridded) model with a spatial resolution of ~18km for the first 15 days of the 

forecast and ~36km for the rest of the forecast. HTESSEL models the land surface response to the 

atmosphere and estimates the surface water, soil temperature, soil moisture and snowpack 

conditions. HTESSEL uses “tiles” to represent the earth’s surface. There are six types of tiles to 

represent the land cover: bare ground, low and high vegetation, intercepted water, shaded and 

exposed snow. In addition to this there are two types of tiles to represent water: open water and 

frozen water.  n  com ination of these tiles can  e applied to a grid cell to represent the earth’s 

surface. Each grid cell is divided vertically into four layers which allow the calculation of the soil 
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temperature and soil moisture and the movement of surface runoff to subsurface runoff. Water 

movement through the soil is modelled using  arc ’s law (Alfieri et al., 2013). Precipitation is 

accumulated in an interception layer until this is saturated after which the water is divided between 

surface runoff and subsurface runoff (Figure 2.3).  

 

Figure 2.3 HTESSEL schematic adapted from (Wipfler et al., 2011). 

 

LISFLOOD global 

LISFLOOD global is a distributed hydrological model that uses the kinematic wave approach to 

route runoff through every grid cell. River grid cells are 10x10km. The processes which are 

included in the GloFAS setup of the LISFLOOD model are: soil freezing, snowmelt, surface runoff, 

infiltration, preferential flow, redistribution of soil moisture within the soil profile, drainage to the 

groundwater system, ground-water storage, and base flow (Alfieri et al., 2019a). GloFAS only takes 

the volume of lakes into account when their surface area is greater than 100 km2, because these 

have significant impact on the river discharge. Dams that have a reservoir capacity of greater than 

0.5km3 are also taken into account.  Groundwater is modelled in LISFLOOD global using two linear 
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reservoirs which are filled with the subsurface runoff from HTESSEL. Water enters the river 

channel from both the groundwater linear reservoirs and via the surface water runoff directly from 

HTESSEL (Figure 2.4).  

Linking HTESSEL to LISFLOOD 

The surface and subsurface runoffs from HTESSEL are linked into LISFLOOD global. The surface 

runoff is linked into the LISFLOOD global river channel and subsurface runoff is linked into the 

LISFLOOD global ground water system (Figure 2.4). The surface and subsurface runoff from 

HTESSEL are resampled from a 18km grid for days 0 to 15 and a 36km grid for day 16 to 30, to a 

10km resolution and applied to LISFLOOD (ECWMF and JRC, 2020).  

 

Figure 2.4 Schematic of LISFLOOD global and the linking of HTESSEL surface and subsurface 
runoff, adapted from (GloFAS, 2019). 

 

GloFAS datasets 

For research purposes there are two GloFAS version 2.0 datasets available which can be 

downloaded from      ’s Meteorological Archive and Retrieval System (MARS) (ECMWF and 

MARS, 2020): reanalysis and reforecasts. The GloFAS reanalysis comprises a long term (42 years 
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from 1979 to the present day) deterministic hydrological simulation that does not use any forecast 

data and is used to assess for example hydrological skill. GloFAS reforecasts cover 21 years (1997 

- 2019) and comprise reforecasts with 11 ensemble members with a configuration as close as 

possible to the operational configuration. This dataset can be used for example to assess forecast 

performance.  Details of the GloFAS datasets are in Chapter 4 section 4.2.1.   

GloFAS is a distributed model and can be setup to provide results for each grid cell on the globe, 

however, GloFAS flow forecasts are available for a subset of grid cells referred to as river cells. 

The river cells for the reforecast data are defined as cells with an upstream catchment area greater 

than 1,000 km2.  GloFAS forecasts can be accessed through a web portal. Forecast information is 

made available at 6,122 global static reporting points, the information includes hydrographs (Figure 

2.5), upstream precipitation (mm/day), snowmelt (mm/day), temperature (ºC) and probability of 

return period exceedance. The static reporting points are always available. Dynamic reporting point 

are added in catchments that are forecast to experience flood risk and the same forecast 

information is offered at these points as listed above.   

 

 

Figure 2.5 Example of a GloFAS 30 days forecast in Zambia (31.07 Longitude, -10.95 Latitude) on 
17/02/2021. ECMWF – control (CTL) forecast which is used as the initial conditions, more info 
(GloFAS, 2019).  

 

GloFAS documentation, publications, case studies and applications 

The number of registered GloFAS users has been increasing over recent years. Although it is 

difficult to get an overview of who is using the forecasts and for what purpose, a summary of 

available documentation, publications, case studies and applications is provided in Table 2-1. 

These include the National Center for Monitoring and Early Warning of Natural Disasters Brazil 

(CEMADEN), Regional Integrated Multi-Hazard Early Warning System for Asia and Africa (RIMES), 

Flood Forecasting and Warning Centre Bangladesh, Red Crescent Climate Centre, Euro-

Mediterranean Centre on Climate Change, National Weather Service and Hydrology of Peru 
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(SENAMHI), the Mozambique Red Cross, the Belize Hydromet Service and the Xiamen Weather 

Service Centre (Table 2-1).  

Table 2-1 Overview of GloFAS 30 day forecast documentation, publications, case studies and 
applications (excludes publications on GloFAS seasonal and GloFAS hazard impact forecasts). 

Name Type  Description Reference 

GloFAS forecast Website The main GloFAS website to 

access forecasts and other 

information.  

(ECWMF and 

JRC, 2020) 

GloFAS technical 

information 

Website Webpage with technical details on 

GloFAS setup, versions and skill.  

(GloFAS, 2019) 

Hydrological model 

application in the 

Sirba River: Early 

warning system and 

GloFAS 

Improvements 

Case study (and 

journal 

publication) 

Case study publication for a 

tributary of the Niger River (Africa) 

comparing GloFAS vs1 and 2 

forecasts.  

(Passerotti et 

al., 2020) 

Evaluating the 

predictability of 

South-East Asian 

floods using 

ECMWF and 

GloFAS forecasts 

Case study Case study conference publication 

that examines if GloFAS was able 

to predict specific events in 

Bangladesh.  

(Pillosu, 2017) 

Evaluating Flood 

Forecasting System 

Performance in 

Cambodia During 

the 2019 Flood 

Season 

Case study Case study conference poster on 

GloFAS performance in 

Cambodia.  

(Nauman et al., 

2019) 

GloFAS case study: 

Acre River basin, 

Brazil 

Case study Case study looking at two major 

flood events on the Acre River in 

Brazil 

(Moraes et al., 

2016) 

Performance 

analysis of long 

lead flood forecast 

information from 

GloFAS 

Case study Case study looking at the usability 

of the GloFAS forecast for use in 

the Regional Integrated Multi-

Hazard Early Warning System for 

Asia and Africa. The locations that 

have been analysed are Myanmar 

and Nepal.  

(RIMES, 2015) 
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Name Type  Description Reference 

Case Study – 2010 

Pakistan floods 

Case study Case study looking at the GloFAS 

performance during the 2010 flood 

in Pakistan.  

(Alfieri et al., 

2013) 

Action-based flood 

forecasting for 

triggering 

humanitarian action 

Case study 

(journal 

publication)  

Looking at the GloFAS forecast 

performance for Uganda.  

(Coughlan de 

Perez et al., 

2016)  

GloFAS-global 

ensemble 

streamflow 

forecasting and 

flood early 

warnings.  

Journal 

publication 

Publication on GloFAS vs 1.0, 

describing the forecast system 

and presenting a global skill 

assessment. 

 (Alfieri et al., 

2013) 

Calibration of the 

Global Flood 

Awareness System 

(GloFAS) using 

daily streamflow 

data 

Journal 

publication 

Publication on GloFAS vs 2.0 the 

calibration for the steam flow 

routing component (Lisflood). The 

calibrated version of GloFAS has 

been running since November 

2018.   

(Hirpa et al., 

2018) 

GloFAS-ERA5 

operational global 

river discharge 

reanalysis 1979-

present 

Journal 

publication 

Publication on the performance of 

GloFAS, focussing on the initial 

conditions.  

(Harrigan, 

Zsoter, Alfieri, 

et al., 2020) 

The impact of Soil 

Moisture and Ocean 

Salinity (SMOS) soil 

moisture data 

assimilation within 

the Operational 

Global Flood 

Awareness System 

(GloFAS) 

Journal 

publication 

Publication on using soil moisture 

data from EO to improve GloFAS 

forecasts 

(Baugh et al., 

2020) 

The effect of lakes 

and reservoirs 

parameterization on 

global river flow 

modelling 

Journal 

publication 

Publication of using lakes in 

GloFAS, lakes parameterization 

was added in GloFAS version 2.0.  

(Zajac et al., 

2016) 



 
 

20 
 

Name Type  Description Reference 

On the use of global 

flood forecasts and 

satellite-derived 

water extent maps 

for flood monitoring 

in data-sparse 

regions 

Journal 

publication 

Publication on using GloFAS vs 1 

including four case studies.  

(Revilla-

Romero et al., 

2015) 

The effect of 

reference 

climatology on 

global flood 

forecasting 

Journal 

publication 

Publication about the pre-

operational version of GloFAS 

looking at reference climatology to 

use for flooding threshold.  

(Hirpa et al., 

2016) 

The impact of land 

data assimilation on 

global river 

discharge 

predictions 

Conference 

publication 

Conference publication on using 

land assimilation in GloFAS 

(Zsoter et al., 

2017) 

Workshop 2016 - 

GloFAS Community 

Learning 

Framework 

Newsletter article Two-day workshop where forecast 

users learned about GloFAS and 

GloFAS developers learn about 

the forecast applications. 

Participants included, SENAMHI 

Peru, the Red Cross/Red 

Crescent Climate Centre, the 

Mozambique Red Cross, the 

Belize Hydromet Service, the 

Xiamen Weather Service Centre 

and the JRC. 

(Emerton, 

Cloke and 

Stephens, 

2016)  

Workshop 2018 – 

Hydrological 

Services for 

Business workshop 

Webpage and 

presentations 

Two day workshop covering a 

range of topics, encouraging 

exchange between users and 

developers. Presenters included 

JRC, NASA, ECMWF, Flood 

Forecasting and Warning Centre 

Bangladesh, CEMADEN, RIMES, 

Red Crescent Climate Centre, 

JBA Consulting, Euro-

Mediterranean Centre on Climate 

Change and Brigham Young 

(GloFAS 

Workshop, 

2018) 
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Name Type  Description Reference 

University, USA.  

Forecast based 

financing 

Journal 

publication 

Using GloFAS for forecasted 

based financing (Red Crescent 

Climate Centre) 

(Coughlan de 

Perez et al., 

2015)  

Forecasts for 

AnTicipatory 

HUManitarian 

action (FATHUM) 

Webpage Using GloFAS as part of the 

research project: Forecasts for 

AnTicipatory HUManitarian action 

(FATHUM, 

2020) 

 

2.2.2. The Global Flood Forecasting and Information System (GLOFFIS) 

The Global Flood Forecasting and Information System (GloFFIS) model is operated by Deltares in 

the Netherlands and runs in the iD-Lab at Delares (Deltares, 2015). GloFFIS combines a chain of 

input data and models to generate a flood forecast (Figure 2.6). Three meteorological forecasts are 

used in GloFFIS: ECWMF Integrated Forecasting System (IFS), Global Ensemble Forecast System 

Ensemble forecast from National Oceanic and Atmospheric Administration (NOAA) and the Global 

Ensemble Forecast System deterministic forecast from NOAA. The hydrological forecasting in 

GloFFIS includes PCR-GLOBWB which is a rainfall-runoff and routing model developed by the 

University of Utrecht  (Wanders et al., 2014), W3RA which is a water balance estimator from the 

Australian National University (Van Dijk and Warren, 2010) and WFLOW which is a river routing 

model from Deltares (Schellekens, 2020). The forecast lead time is 15 days with forecasts 

produced at six hour intervals at 10km and 50km resolutions globally. Forecasts are available via a 

web portal (Figure 2.7) and additional data can be requested (Deltares, 2020). Initial conditions are 

improved using data assimilation in selected catchments where observed data is available in near 

real time (De Kleermaeker et al., 2017). GLOFFIS is able to use satellite derived discharge 

measurements for comparison (Van Dijk et al., 2016). Datasets for reanalysis and validation 

purposes are not routinely being generated and archived. 
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Figure 2.6: Schematic diagram of GLOFFIS, adapted from  (De Kleermaeker et al., 2017). 

 

  

Currently, GLOFFIS is setup mainly for research and development purposes (den Toom et al., 

2020). The flexible setup of the model means the research initiatives that have been tested within 

the GLOFFIS framework include but are not limited to: data assimilation, nesting of local detailed 

models and linking to impact assessment modelling tools. Locations that are mentioned as 

applications include: Peru, Colombia, Bolivia, Canada, Rhine, de Scheldt, Ganges, Myanmar and 

the Mekong and location for which forecast verification has been published include:  Mekong, 

         

                       
                   

                     
        

                     
      

                    
      

                     
                  

       
                         
             

                  

 

Figure 2.7 Example of GLOFFIS forecast for Rio Fuerte in Mexico. 
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Amazon, Rhine, Murray, Zambezi and Orange catchments. Table 2-2 presents a detailed overview 

of available documentation, publications, case studies and applications.  

Table 2-2 Overview GLOFFIS forecast documentation, publications, case studies and applications.  

Name Type  Description Reference 

GLOFFIS and 

GLOSSIS website 

Website GLOSSIS and GLOFFIS map 

viewer which allows global 

forecasts to be accessed.  

(Deltares, 2020) 

Global operational 

data services for 

storm surge and 

fluvial flood 

forecasting 

Conference 

paper (and 

case study) 

Overview of the global 

GLOFFIS and GLOSSIS 

(global storm surge model) 

that runs at Deltares. Includes 

case study on Belgrade 

(Serbia) using GLOFFIS linked 

to Delft-FIAT (Deltaris, 2016) 

impact assessment tool for the 

May 2014 flood event in 

Belgrade. 

(De Kleermaeker et 

al., 2017) 

Assessing skill of 

global flood 

forecasting system 

GLOFFIS at local 

scales 

Masters  

degree thesis 

MSc thesis that assesses the 

skill of GLOFFIS and includes 

the following case study 

locations: Mekong, amazon, 

Rhine, Murray, Zambezi and 

Orange river basins.  

(Ruangpan, 2018) 

Global Flood 

Forecasting 

Information System 

(GLOFFIS) 

Conference 

abstract 

Conference abstract 

mentioning GLOFFIS 

applications in Peru, Colombia, 

Bolivia, Canada, Rhine, de 

Scheldt, Ganges, Myanmar 

and the Mekong and data 

assimilation in Europe.  

(Weerts, 2018) 

Improving 

hydrologic 

prediction at the 

basin scale through 

state updating 

Presentation GLOFFIS improving initial 

conditions using data 

assimilation focussing on the 

USA.  

(Weerts, 2016) 

Development of the 

Deltares global 

fluvial flood forecast 

system 

Conference 

abstract  

Latest GLOFFIS developments 

and future plans (to include 

seasonal forecasts and adding 

hydrodynamic models) 

(den Toom et al., 

2020) 
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Name Type  Description Reference 

iD-Lab Interactive 

data research 

laboratory 

addressing water-

related issues 

worldwide 

Marketing 

brochure 

Overview of the iD-Lab at 

Deltares, including GLOFFIS. 

(Deltares, 2015) 

2.2.3. HypeWeb 

HypeWeb provides daily global hydrological predictions with a lead time of 10 days as well as a 

seasonal forecast.  It uses the hydrological catchment model Hydrological Predictions for the 

Environment (HYPE) (Lindström et al., 2010) developed at The Swedish Meteorological and 

Hydrological Institute (SMHI). The HypeWeb source code can be downloaded for free and 

forecasts can be accessed via a web portal (SMHI, 2020). Deterministic flood forecasts are 

available based a single meteorological forecast from ECMWF, but the model can be setup to run 

ensembles as well. The HypeWeb modelling framework also runs seasonal forecasts, climate 

change modelling and water quality models. Table 2-3 presents a detailed overview of available 

documentation, publications, case studies and applications. 

 

Figure 2.8 Example of HypeWeb forecast for Citrusdal, South Africa on 17th July 2020, (SMHI, 
2020).  

 

Table 2-3 Overview of HypeWeb documentation, publications, case studies and applications (This 
table does not include HypeWeb climate change, water quality or season flood forecast 
publications). 

Name Type  Description Reference 

HypeWeb Webpage Main HypeWeb site from which (SMHI, 2020) 
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Name Type  Description Reference 

the forecasts can be accessed.  

Operational 

flood 

forecasting and 

alerts in West 

Africa 

Webpage  Co-operated hydrological 

forecasting and alert pilot 

system for West Africa, based 

on HypeWeb. The project runs 

under FANFAR (Reinforced 

cooperation to provide 

operational flood forecasting 

and alerts in West Africa) 

(FANFAR, 2020) 

Open 

hydrological 

data at 

HypeWeb 

Conference 

abstract 

Explanation of the resources 

available on the HypeWeb 

webpage that include: 

forecasting, climate modelling 

and water quality modelling. 

Regional more detailed 

modelling exists within 

HypeWeb for: Sweden, Europe, 

Arctic basin, La Plata River, 

Niger River, Middle-East North-

Africa, and the Indian 

subcontinent.  

(Arheimer et al., 2016) 

 

2.2.4. Comparison of global flood forecasting models 

All three global models are similar in their setup and structure (Figure 2.1). Forecasts are also all 

freely accessible from all three models. However, there are also differences between the models 

which are described below.   

Forecast users: GloFAS is the only forecast model that requires registration and records the 

number of users. Currently, there are around 4,000 registered users (Harrigan, Zsoter, Alfieri, et al., 

2020). The users for GLOFFIS and HypeWeb are not required to register and hence there are no 

figures available. From the documentation summarised in Table 2-1, Table 2-2 and Table 2-3 it 

looks like GloFAS has the most users.  

Forecast lead time: GloFAS has the longest lead times, with daily forecast with a 30 days lead 

time. GLOFFIS and HypeWeb have similar forecast lead times with GLOFFIS running two to four 

times a day for 7 to 10 days lead time and HypeWeb runs a daily forecast with a 10 days lead time. 

Currently, both HypeWeb and GloFAS produce seasonal forecasts and there are plans to add 

seasonal forecasting to GLOFFIS.  
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Resolution: Not enough documentation is available for HypeWeb and GLOFFIS to determine the 

exact resolutions of the underlying data and modelling process. This is partially due to the flexible 

setups of HypeWeb and GLOFFIS which allow multiple resolutions models to nest inside the global 

modelling framework example of this are recorded in Table 2-2 and Table 2-3. GloFAS model 

resolutions are linked to the ECMWF global weather forecasting system and therefore less flexible, 

although more flexibility is created by using resampling techniques. The forecasts for all three 

global models are not necessarily made available everywhere (although the distributed hydrological 

models are able to produce results everywhere). HypeWeb forecasts are available for sub-

catchments, where the sub catchments have a median size of 215 km2. No further information 

about the sub catchments is available. GloFAS and GLOFFIS use a system of reporting points at 

which forecasts are available. GLoFAS has 6,122 global reporting points, with the smallest 

catchment being 117 km2 (not all the reporting points are also river cells). Currently, GLOFFIS 

fluvial forecasting points are unavailable on their webpage.  

Probabilistic forecasts: Both GloFAS and GLOFFIS produce probabilistic forecasts; GloFAS runs 

a meteorological ensemble with 51 members and GLOFFIS runs a meteorological ensemble and 

can run a hydrological ensemble because it is able to run two different rainfall runoff models. 

HypeWeb is currently not setup to run an ensemble globally in the operational setup, but the model 

can be adapted to run ensembles.   

Historical forecasts (reforecast) and archiving: having a time series of historical forecast and 

archiving (this is often achieved via reforecasting, more details in Chapter 4 Section 4.2.1)) is 

important because it means data are available to allow the performance of the forecasts to be 

analysed. Reforecasting can be setup on request for any forecast model, but the process can be 

time consuming.  GloFAS runs regular reforecasts twice a week. Reforecast time series are 

available from 1997 to the present day, as an 11-member ensemble. More details are available 

GloFAS on products in Chapter 4 Section 4.2. GloFAS uses MARS for the archiving and data 

retrieval. GLOFFIS and HypeWeb do not structurally reforecast or archive.  

Data assimilation of gauged flow for initial conditions: Data assimilation aims to improve the 

initial conditions of a forecast and with that, the accuracy of that forecast. GLOFFIS has a data 

assimilation module that has been tested for various location in the USA (Weerts, 2016). Detailed 

documentation is not in the public domain, but various conference abstracts refer to the data 

assimilation case studies. A limitation of data assimilation on a global scale is that there are limited 

gauged flow data with which this can be achieved (Lavers et al., 2019) . GloFAS and HypeWeb do 

not have data assimilation modules for gauged flow in their current operation setups.  

Other hydrological products: All three global models provide other hydrological forecast 

information in addition to fluvial flood forecasts. For example HypeWeb supplies seasonal 

hydrological forecasts with a six month lead time, is used for climate change studies and can also 

be used for water quality assessments. GLOFFIS forecasts are available together with GLObal 

Storm Surge Information System (GLOSSIS) forecasts, which provides coastal flood forecasts 

using a surge model. GloFAS supplies a season hydrological forecast with a four-month lead time.  
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Documentation: In order for users around the world to be able to interpret, understand and assess 

forecasts, documentation is crucial. Conclusions that can be drawn from Table 2-1, Table 2-2 and 

Table 2-3 is that GloFAS has the most extensive documentation, including technical documentation 

on model versions and model details. Both HypeWeb and GLOFFIS have less documentation 

publicly available, but the underlying models used in the operational setup are well documented in 

themselves and this literature is accessible. HypeWeb and GloFAS have offered forms of training 

for users in the past. No evidence of GLOFFIS training has been found. However, for all models 

the documentation that is available is either highly technical (e.g. journal papers and technical 

model documentation), high level (e.g. webpages and brochures) or limited and fragmented (e.g. 

conference abstracts and presentation). None of the models have online learning tools or user 

guidance documents for forecasters.  

All three models have an assessments of forecast performance at various locations (for details see 

Table 2-1, Table 2-2 and Table 2-3) , but consistent independent assessments which would allow a 

comparison is missing. The main advantages and disadvantages for usability in this thesis per 

model are given in Table 2-4.  

Table 2-4 Advantages and disadvantages of the global models. 

Model Advantages Disadvantages 

GloFAS Has documented users and 

applications 

Does not support the use of multiple 

hydrological models or higher resolutions 

land surface modelling. 

Has extensive technical 

documentation on model setup, 

applications and performance. 

Does not have a data assimilation module. 

Has the most advanced setup with 

regards to model releases, 

reforecasting and archiving. 

 

Other hydrological products that are 

available include seasonal 

forecasts. 

 

GloFFIS Flexible setup will allow high 

resolution local models as well as 

different hydrological models 

The documentation is limited and 

fragmented. 

Data assimilation of gauged flow for 

initial conditions is an available 

module in the global framework. 

Limited evidence of the model being used 

and limited documented case studies. 

Other hydrological products that are 

available include surge forecasts 

(produced by a different model). 

There is no regular reforecasting or 

archiving (although reforecasting can be 

setup on request) 
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Model Advantages Disadvantages 

Runs the largest ensemble of 

numerical weather predictions 

 

HypeWeb Flexible setup will allow high 

resolution local models. 

The documentation is limited and 

fragmented. 

Other hydrological products that are 

available include water quality 

modelling and climate change 

modelling. 

There is documented evidence of the 

model being used in West Africa, but there 

are no other documented case studies. 

Is being used in 17 West African 

countries by some 27 government 

ministries and emergency planning 

organisations 

There is no regular reforecasting or 

archiving (although reforecasting can be 

setup on request) 

 

2.3. Data sources for flood forecasting in ungauged 
catchments 

Observed data are a key component in flood forecasting and in hydrology as a whole. Compared to 

surface based meteorological observations, the network of real time global hydrological 

observation is much less developed, contains less data and is often inaccessible for global 

modelling application owing to a lack of data sharing and the use of non-standard data and 

metadata formats (Lavers et al., 2019). The Global Runoff Data Centre (GRDC) which maintains a 

global long term hydrological data archive, has severe gaps in its data (in both space and time) 

owing to a lack of regular submissions by hydro-meteorological organisations. In addition, the 

number of gauges worldwide has declined globally since the 1980s (Global Runoff Data Centre, 

2016). This means that for large part of the globe there are regions where there is a paucity of 

observed hydrological data. One of the continents most affected by a lack of hydro-meteorological 

data is Africa (Harrigan, Zsoter, Alfieri, et al., 2020). In recent years alternatives to gauged flow 

data have become available. For regions where gauged flow data are not available, alternative 

data could offer possibilities for global flood forecast evaluation. The most important sources of 

flood data for flood forecasting models in ungauged catchments are (Sivapalan et al., 2003) 

(Revilla-Romero et al., 2015) (Panwar and Sen, 2019): 

• Water extents derived from Earth Observations (EO).  

• Flood event databases, which include using social media to collect information of flood 

events.  

These two sources of alternative data are treated in the next sections.  
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2.3.1. Surface water extent data from Earth Observations (EO) 

Surface water extents can be derived from satellite observations by using data from passive 

microwave sensor, Synthetic Aperture Radar (SAR) or a combination of both. 

Passive microwave satellite-based monitoring systems measure the characteristics of the earth’s 

surface, including precipitation and surface water. These systems achieve near daily global 

coverage and suffer relatively little interference from cloud cover. Examples of passive microwave 

satellites include: the Advanced Microwave Scanning Radiometer 2 (AMSR2) on board the 

Japanese satellite GCOM-W1 (AMSR2 - Global Change Observation Mission 1st-Water, 2016), 

Sentinel-3 satellites from European Space Agency and NASA’s Global Precipitation Mission (GPM) 

(Revilla Romero et al., 2014).  It is possible to detect an increase in wetness on a daily time step 

using the brightness temperature at a frequency of 36.5 GHz, from EO with microwave sensors like 

AMSR2, Sentinel-3, GPM and their predecessors. The method derives flood extents using the 

brightness temperature, which is a measure of the amount of energy that the surface of the earth 

emits and can be measured by microwave satellites. The brightness temperature is used by 

calculating the difference in brightness temperature of water and land surface to detect the ratio of 

water to land within a pixel. The flood extent can be derived by comparing the measured brightness 

temperature to a baseline calculated from a long term average (De Groeve, Brakenridge and 

Kugler, 2006) (De Groeve and Riva, 2009). 

Synthetic Aperture Radar (SAR) uses the changes in strength of the radar backscatter due to 

increases or decreases in moisture on the surface of the earth to measure flood extents (Hall, 

1996). SAR data are not influenced by weather conditions such as clouds and the data can be 

collected day and night. SAR data can capture high resolution images (e.g. up to 1 m). Historically 

the long repeat cycle of the satellites meant that the data were only available intermittently and that 

often it was only possible to capture a single image per flood, or potentially to miss the maximum 

flood extent completely (Yan et al., 2015). Satellite revisit frequencies have been increasing and 

satellites are being launched in constellations and satellite products are being combined to achieve 

higher revisiting frequencies. Over the last two decades the revisit times have reduced from 35 

days (ERS-1 and ERS-2) to every few hours (COSMO SkyMed – the combination of four satellites 

with each a repeat cycle of 16 days).  The commercial cost of the different satellite products vary. 

Free current SAR data is available from Sentinel-1 which was launched in 2014 and has a spatial 

resolution of 5 to 100m, a revisit frequency of three days at the equator, less than one day at high 

latitudes and approximately two days for Europe. This is achieved by two satellites with a six day 

repeat frequency (ESA, European Commission and Copernicus, 2016).  

There are various data platforms offering post processed satellite-based flood data in near real 

time, which include the Dartmouth Flood Observatory, Global Flood Detection System – Version 2, 

Global flood Monitoring System (GFMS) and NRT Global Flood Mapping (Table 2-5). The 

Dartmouth Flood Observatory post processes the surface water extent based on MODIS (Terra 

and Aqua) satellite information with a global coverage and a 250m resolution. These are 

accumulated over 14 days to account for cloud cover and shadow. Expansions and contractions of 

the surface water extent are compared to a baseline water extent derived from long term 

(seasonal) averages of water extents. There are long term changes owing to land use changes 
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such as reservoir building, or increase in rice agriculture and aquaculture. The short term changes 

are due to inland flooding or coastal storm surges (Brakenridge et al., 2005).  Automated data 

retrieval can be setup for daily surface water changes (based on a rolling 14 day accumulation). 

The Dartmouth Flood Observatory also publishes experimental daily river discharge using 

microwave radiometry. A global hydrological model, run for five years (2003-2007) was used to 

transform the observed water extent to discharge in a similar fashion to how rating curves are used 

(Brakenridge et al., 2012). Both brightness temperature from the microwave satellite and 

processed river discharge can be automatically retrieved from the website. Other products include 

rainfall products, historical flood database and relevant publications (Dartmouth Flood Observatory 

and Global Flood partnership, 2016).  

The Global Flood Detection System Version 2 uses AMSR-E and Tropical Rainfall Measuring 

Mission (TRMM) sensor data (passive microwave sensors) to calculate the flood magnitude by 

comparing the long term average signal (from June 2002) to the current signal (De Groeve, 

Brakenridge and Kugler, 2006). The coverage of the data is global with a spatial resolution of 10km 

by 10km. The temporal resolutions are daily and averaged over four days. The flood magnitude is 

presented both as a map and a time series of the flood magnitude signal (GDACS, JRC (European 

Commission) and GLOBESEC, 2016).  The Global Flood Monitoring System (GFMS) uses 

hydrological runoff and a routing model that are based on data from the Tropical Rainfall Measuring 

Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) is used to generate flood detention, 

streamflow, surface water storage and extent (Huan et al., 2014). All model outputs are presented 

at a 1km by 1km resolution. Flood detection is presented as water depth in millimetres above a 

threshold. Thresholds are derived from a 13 year long base run using TMPA rainfall data. Satellite 

rainfall data is also available via this portal. Data is available for automated and manual download 

in binary formats (University of Maryland and NASA, 2016). Near Real Time (NRT) Global Flood 

Mapping uses water is detected using MODIS observations and the algorithms developed by 

Brakenridge (Brakenridge et al., 2005). To account for cloud cover and shadow a minimum of two 

observations are used, which results in a temporal window of 1 to 14 days. Cloud cover and 

shadow will affect the products with the higher temporal resolution to a greater extent. 

Comparisons are made against a baseline of known water bodies and any water pixel outside this 

is presented as ‘       lood  ater’.  he spatial resolution of       is  5  metres.  ata can  e 

retrieved manually and automatically, although the real time feed was not working when this portal 

was accessed (NASA, 2016).  

 

Table 2-5: Overview of post processed satellite data flood observation data. 

Platform Data 
availability 

Temporal 
resolution 

Source data Spatial 
resolution 
(of the 
post 
processed 
data) 

Retrieval 
options 

Dartmouth 

Flood 

Inundation 

maps 

Twice daily, 

values are 

MODIS  Global, 

250m by 

Manual and 

automated 
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Platform Data 
availability 

Temporal 
resolution 

Source data Spatial 
resolution 
(of the 
post 
processed 
data) 

Retrieval 
options 

Observatory (water 

extent 

maps) 

accumulated 

over 14 days 

to account 

for could 

cover.  

250m 

River 

discharge 

Daily Passive 

microwave 

radiometry 

calibrated using 

global 

hydrological 

model 

(Brakenridge et 

al., 2012) 

Stations 

around the 

globe 

Manual and 

automated 

Global Flood 

Detection 

System – 

Version 2 

 

Flood 

magnitude 

Daily and 

average over 

4 days 

Passive 

microwave 

radiometry from 

AMSR-E and 

TRMM 

Global, 

10km by 

10km 

Manual and 

automated 

Global flood 

Monitoring 

System 

(GFMS) 

Flood 

intensity (in 

depth 

above a 

threshold)  

3 hourly Satellite rainfall 

data (TMPA, 

which uses 

TRMM) routed 

through a quasi-

global runoff 

model 

Quasi 

global 

(50N-

50S) , 1km 

by 1km 

Manual and 

automated 

Streamflow 

and surface 

water 

storage 

3 hourly Satellite rainfall 

data (TMPA, 

which uses 

TRMM) routed 

through a quasi-

global runoff 

model 

Quasi 

global 

(50N-

50S) , 1km 

by 1km 

Manual 

only 

NRT Global 

Flood 

Mapping 

MODIS 

Flood 

Water 

1 to 14 days 

composite 

MODIS Global, 

250m by 

250m 

Manual and 

Automated 
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Uncertainty and evaluation of surface water extent data from EO 

EO surface water extent product offer new opportunities to gather flood data in ungauged basins. 

However, surface water extents from EO data struggle with uncertainties. The main uncertainty 

with regards to accurately capturing flood extents data from EO are that floods cannot be observed 

under thick cover and under tall and relatively dense vegetation. Fires have been known to reduce 

reflectance and mimic the reflective features of water causing floods to be identified where there 

are none (Hawker et al., 2020). Quantifying these uncertainties in terms of validation studies on a 

continues time scale and for multiple catchments is currently still a challenge (Hawker et al., 2020). 

Validation has historically been focussed on discrete events. This is in part because historically 

flood inundation maps from EO were produces for discrete events only. Due to increased computer 

power, increasing length of EO records and new types of satellite sensers, global scale continuous 

surface water extent dataset have become available (Klein et al., 2015) (Ji et al., 2018). A second 

reason for the lack a validation studies on a larger spatial and temporal scales is that there is a lack 

of large scale observed data to do this validation with. Examples of comparisons that are available 

on catchment scales with observed flow data include (Notti et al., 2018) (Kwak, 2017) (Smith, 

1997). Examples of comparisons that between hydrological models and EO data which cover 

larger area and multiple catchment include (Revilla-Romero et al., 2015) (Hawker et al., 2020).  

2.3.2. Flood information from global disaster databases 

Global disaster databases, which often include flood event information are a way to collect disaster 

data systematically and aim to aide disaster preparedness, response and mitigation (Panwar and 

Sen, 2019).  There are a wide range of disaster databases, from large global archives to small 

bespoke databases which can be created for specific projects and applications. The data sources 

for disaster databases can vary but the main sources of data are: 

• Disaster information from humanitarian agencies 

• Government reports  

• Newspapers 

• Social media 

Two of the most widely used disaster databases, which both contain flood event information, are 

the  nited Nations  ffice  or  isaster  is   eduction’s DesInventar (DesInventar, 2020) and the 

Centre for Research on the Epidemiology of Disasters (CRED) Emergency Events Database (EM-

DAT) (Guha-Sapir, Below and Hoyois, 2017). Both of these databases cover flooding. DesInventar 

has a larger number of recorded events and more descriptive statistics compared to EM-DAT 

(Panwar and Sen, 2019). The DesInventar disaster database was setup by the United Nations 

Office for Disaster Risk Reduction (UNDRR) to record data on loss due to disasters with the 

ultimate goal to reduce loss and damage caused by disaster by 2030 (DesInventar, 2020). The 

sources that are used in the DesInventar database are: official government records, national and 

local newspapers, and police and public health records (Panwar and Sen, 2019). The DesInventar 

database covers 89 countries. FloodTags is an example of a company that creates bespoke flood 



 
 

33 
 

event databases from the analyses of data from multiple sources such as online news articles, 

logs, forums, Twitter, public Facebook pages and user generated content like SMS and Apps for 

water management and food security (FloodTags, 2017). Two examples that have used FloodTags 

include real time flood mapping in the Philippines and generating a record of past flood events in 

Uganda.  

Data harvested from social media platforms such as Twitter can be used in disaster monitoring. 

This was first shown by (Norheim-Hagtun and Meier, 2010) during the earthquake in Haiti in 2010. 

Since then other disasters including wildfires, earthquakes, floods, winter storms, heavy snowfall 

and typhoons have made use of social monitoring tools (Jongman, Wagemaker, et al., 2015).  

Tweets can be selected using key words and enriched with geo-spatial data using open source 

platforms such as Open Street Map. Geographical location data from Twitter metadata are not 

necessarily suitable because a tweet is not always sent at the same time as the observation was 

made and tweets can be second-hand information (e.g. commenting or re-tweeting) (Hahmann, 

Purves and Burghardt, 2014). Higher Twitter usage in towns and cities compared to rural areas will 

lead to a bias and methods for normalisation have yet to be developed (Jongman, Wagemaker, et 

al., 2015). For two case studies in the Philippines and Pakistan the information from the disaster 

response organisations, the flood signal from the Global Flood Detection System (GFDS), and 

flood-related Twitter activity was analysed (Jongman, Wagemaker, et al., 2015). These results can 

be used to gain a quicker understanding of flood location, timing and impacts. 

2.4. Assessing forecast performance 

The importance of reporting on forecast performance is illustrated by Pagano et al., (2014) who 

noted that forecast performance was ranked the highest out of 23 development priorities in surveys 

of users of the European Flood Awareness System (EFAS). Providing forecast performance 

information can allow forecast users to assess the suitability of the forecast for their own 

application. The terminology used for assessing forecast performance is specific and can vary 

between authors, Table 2-6 gives the definitions as they are used here in this thesis. Assessing 

forecast performance is tr ing to answer the  uestion  “  s this forecast good ”. Murphy, (1993) 

descri es three t pes of “goodness”  

1. Forecast consistency: a forecast needs to correspond (be consistent) with the forecasters’ 

knowledge base (Murphy, 1993).  

2. Forecast quality is the degree to which the forecast corresponds to what actually 

happened, a forecast has a high quality when the forecast predicts the observed conditions 

well according to some objective or subjective criteria (WWRP and WGNE, 2017). The 

process of assessing the quality of a forecast is referred to as forecast verification (Murphy 

and Winkler, 1987). Forecast quality has nine attributes: bias, association, accuracy, skill, 

reliability, resolution, sharpness and discrimination (Murphy, 1993),  see Table 2-6. 

Forecast verification is discussed in more detail in section 2.4.  
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3. Forecast value: a forecast has value if it helps a decision maker make better decisions 

(WWRP and WGNE, 2017) . This means that using a forecast in a decision making 

process should results in economic and/or other benefits (Murphy, 1993).  

Assessing forecast consistency and value requires  in depth knowledge and consideration of the 

forecaster and end user requirements and is dependent on the situation where the forecast in 

produced and used (Bradley, Demargne and Franz, 2018). Assessing forecast quality is an 

o  ective process of comparing forecast events with o served data.  ll three aspect of ‘goodness’ 

are related to each other. For example, forecast quality directly affects whether or not a forecast 

has value. In many situation there will be a quality threshold, with the forecast having no practical 

value until a threshold level of quality is reached (Murphy, 1993).  Most assessments of forecast 

performance focus on forecast verification and within forecast verification accuracy and skill are the 

two aspects that are traditionally calculated (Murphy, 1993). Forecast value and consistency are 

perhaps more difficult to quantify, but they are related to forecast quality and can implicitly be part 

of forecast verification, when this is done holistically. Benefits of forecast verification include 

(Bradley, Demargne and Franz, 2018) : 

• It allows the comparison of forecast methods. 

• Provides guidance for improving forecast systems. 

• It is a tool for analysing forecast under different conditions. 

• It allows the assessment of suitability of forecasts for different applications. 
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Table 2-6: Terms used in assessing forecast performance definitions are from: (WWRP and 
WGNE, 2017).  

Term Definition 

Accuracy The difference between the forecast value and the truth (observation) 

Association The strength of the relationship between the forecasts and observations 

(for example, the correlation coefficient)  

Bias When the forecast values are systematically different compared to the 

observations. 

Discrimination The ability of the forecast to discriminate among observations, that is, to 

have a higher prediction frequency for an outcome whenever that 

outcome occurs. For example does a rainy day have a higher probability 

of rain in the forecast or not?  

Reliability The average agreement between the forecast values and the observed 

values. If all forecasts are considered together, then the overall reliability 

is the same as the bias. If the forecasts are stratified into different ranges 

or categories, then the reliability is the same as the conditional bias, i.e., it 

has a different value for each category. 

Resolution The ability of the forecast to sort or resolve the set of events into subsets 

with different frequency distributions. This means that the distribution of 

outcomes when "A" was forecast is different from the distribution of 

outcomes when "B" is forecast. Even if the forecasts are wrong, the 

forecast system has resolution if it can successfully separate one type of 

outcome from another. 

Sharpness the tendency of the forecast to predict extreme values. To use a counter-

example, a forecast of "climatology" has no sharpness. Sharpness is a 

property of the forecast only, and like resolution, a forecast can have this 

attribute even if is not accurate (in this case it would have poor reliability) 

Skill The relative accuracy of the forecast over some reference forecast. The 

reference forecast is generally an unskilled forecast such as random 

chance, persistence (defined as the most recent set of observations, 

"persistence" implies no change in condition), or climatology.  

Value A forecast has value if it helps the user to make a better decision  

Verification The process of assessing the quality of a forecast  

Verification 

metrics 

The different statistics that can be calculated to quantify forecast quality.  
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2.4.1. Methods to assess flood forecast performance in ungauged 
catchments 

Research done in fluvial flood forecasting for ungauged catchments has had a strong focus on how 

to deal with building and parameterising flood forecasting model (Burn and Boorman, 1993) 

(Blöschl, 2006) (Sivapalan, 2003) (Oudin et al., 2010) (Singh, Archfield and Wagener, 2014) 

(Archfield and Vogel, 2010) (Ellouze-Gargouri and Bargaoui, 2012) (Moore, Trubilowicz and Buttle, 

2012) (Patil and Stieglitz, 2014) (Athira et al., 2016) (Waseem, Shin and Kim, 2015). Studies which 

assess the performance of flood forecasts in ungauged catchments often take a theoretical 

approach, where a catchment is treated as an ungauged, but gauged flow is in fact available to 

assess the forecast performance (Moore, Bell and Jones, 2005) (McIntyre et al., 2005) 

(Randrianasolo, Ramos and Andréassian, 2011) (Price et al., 2012) (Min, Yang and Dong, 2020) 

(de Souza et al., 2021). Exceptions to this include the work of Revilla-Romero et al., (2015), where 

water extent data from EO is used as a proxy for gauged river flow. Other examples include (Wu et 

al., 2012) where flood event databases are used to compare with flow from a hydrological model 

driven by satellite precipitation, but this work focus more on flood detection than flood forecasting.  

2.5. Conclusions 

There are three operational global fluvial flood forecasting systems delivering forecasts to various 

users worldwide. These are GloFAS, GLOFFIS and HypeWeb. These three models are similar in 

their setup. The main differences are that GLOFFIS offers the ability to use data assimilation and 

multiple hydrological models, HypeWeb offers water quality modelling and GloFAS has most 

information on model releases, reforecasting and archiving.  

GloFAS has the most evidence of published research, case studies and applications. GloFAS also 

has the greatest availability of historical forecasts which can be used to analyse performance. For 

these reasons, this thesis uses GloFAS forecasts as the basis for exploring performance, model 

processes and uncertainty of global flood forecasts in ungauged catchments. 

The availability of global flood forecasts has created new challenges because flood forecasts are 

being trialled and used in ungauged flood prone catchments. However, there is currently a lack of 

information on the performance of GloFAS in ungauged catchments and there is gap in knowledge 

on how to evaluate flood forecast performance in these catchments. In 2013 a decade of research 

into predictions in ungauged basins (PUB) came to a close but even in this dedicated research 

effort, much of the success was in gauged rather than ungauged basins (Hrachowitz et al., 2013). 

New, innovative data products have become available in the recent decade such as water extent 

data from EO and global flood events databases. This means there is potential for global flood 

forecasts to be evaluated in ungauged catchments if more methods were to be developed for a 

wide range of users to evaluate forecast performance. The evaluation of global flood forecasts in 

ungauged catchments is a large area of research and in order to gain more understanding of the 

challenges of using, understanding and evaluating GloFAS forecasts an initial exploration was 

undertaken, which is described in the next chapter (Appendix A). The pilot study described aims to 

gain understanding of the limitations and opportunities when applying global flood forecasts to a 
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specific catchment, in this case the coastal Peruvian catchments where GloFAS flood forecasts 

were being used in a FbF project.   
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3. Preliminary data evaluation 

In the next three chapters the GloFAS model performance is evaluated for ungauged catchments in 

Africa. Two alternative types of continental scale flood information to gauged flow data are used, 

these are: 

• Flood event information from the Global Active Archive of Large Flood Events from Dartmouth 

Flood Observatory, details in Section 3.1.  

• Water extent data from EO from the African Risk Capacity (ARC) Flood Extent Depiction 

(AFED), details in Section 3.2.  

This chapter lays alternative flood data next to observed flow data from the GloFAS database of 

global hydrological observations at four locations spread across Africa (more details on the 

observed flow in section 3.3). The aim of this visual comparison is to gain insight into the 

uncertainties of using these two datasets. This chapter first provides background information on the 

active archive of large flood events and water extent data from Dartmouth Flood Observatory. After 

this these two data sets are visually compared at four locations across Africa. This chapter ends 

with a critical evaluation of the limitation when these two alternative types of flood data.  

3.1. Global Active Archive of Large Flood Events from 
Dartmouth Flood Observatory 

The flood information in the Global Active Archive of Large Flood Events from Dartmouth Flood 

  servator   referred to as ‘the large flood archive’  is derived from news, governmental, 

instrumental and remote sensing sources (Dartmouth Flood Obseratory and partnership, 2016). 

 he archive includes ‘large’ flooding events that have caused significant damage to structures or 

agriculture. The archive consists of two parts, the first part is a flood information table which lists 

flood events and includes information on the flood location (given as geographical coordinates of a 

point), flood duration and flood severity. The floods in the flood information table happened 

between 1985 and the present day. The second part of the archive are the maps of the flood 

extents, that can be related back to the flood information table using a unique flood identifier. The 

mapped flood extents are not available past the year 2008,  therefore this chapter uses only the 

data available in the flood information table. Figure 3.1 shows a map of the flood events from the 

large flood archive between 1998-2019 (the time range for which AFED inundation data is 

available) according to the large flood archive.  
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Figure 3.1 The flood events from the large flood archive between 1985 and 2019.  

3.2. Water extent data from Earth Observations (EO) 

Earth observations data from EO can provide alternative data to assess the performance of 

GloFAS in ungauged regions. Key considerations when choosing water extent data from EO to 

compare to GloFAS forecast include the temporal frequency which is required to be at least daily in 

order to capture the flood peak. The length of the available water extent data needs to cover as 

much of the GloFAS reforecasts time series as possible (1997-2019) in order to capture as many 

flood events as possible and analyse performance of GloFAS robustly. The spatial resolution 

needs to be as detailed as possible in order to observe changes in wetness and river width. Post 

processing of the EO data ideally tackle issues like adverse weather conditions (cloud cover, flog 

or heavy precipitation), densely vegetated and built-up areas. Water extent products that are 

available for flood observations have been reviewed by Schumann et al., (2018). Table 
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3-1summarises observed products and their suitability for using in an performance assessment of 

GloFAS forecasts.  

Table 3-1 Comparison of EO surface water inundation datasets and services.  

Water extent product Suitable 

for 

comparing 

to GloFAS 

Explanation Additional 

information (if 

suitable) 

Dartmouth Flood 

Observatory and N   ’s 

NRT maps 

Yes Long term time series of global 

flood inundation maps 

available.  

Event maps 

available from 

2008, 2011 which 

could influence 

consistency of 

data. 14 daily 

accumulation at 

250m by 250m 

resolution.  

River Watch No Uses model to take EO and 

turn into flood maps and 

discharge time series, however  

only available at 250 river 

gauging locations, not  

 

Global flood detection 

system 

Yes  Surface water extent is 

observed using passive 

microwave remote sensing. 

When surface water increases 

significantly, the system flags it 

as a flood.  

4 days 

accumulation at a 

10km by 10km 

resolution.  

Grid Processing on 

demand /SARVATORE  

SAR 

Versatile Altimetric TOolkit 

for Research 

& Exploitation 

No Not an dataset but flood maps 

based on EO data can be 

processed on demand 

 

 L ’s ZK  No Event based service which 

produces maps at request 

 

N   ’s V      ensor No Uses a relatively new satellite 

which means that there is less 

than 10 years of data available 

 



 
 

41 
 

Water extent product Suitable 

for 

comparing 

to GloFAS 

Explanation Additional 

information (if 

suitable) 

Copernicus No Provide services that can be 

activated ahead of and during 

a disaster 

 

ARC Flood Extent 

Depiction (AFED) 

Yes The flood extent depiction is 

based on decreases in the 

intensity of the microwave 

radiation emitted from the 

earth.  

Available for Africa, 

daily at 10km by 

10km, from 1992-

2019. 

N    J L’s ARIA No Service that analyses various 

EO data when there is an 

event (not automated) 

 

Global flood Monitoring 

System (GFMS) 

Yes Flood intensity (in depth above 

a threshold) 

Quasi global 

coverage (50N-

50S) , 1km by 

1km. Available from 

2001 to 2022. 

 

The four dataset which are most suitable are the Dartmouth flood observatory, Global flood 

detection system, Global flood monitoring system and the AFED dataset. Of these only the GFMS 

and AFED are on a daily time scale. Although the GFMS has a higher spatial resolution, the AFED 

has a much longer record available, which is important in order to be able to capture flood events 

and analyse GloFAS performance robustly. In this thesis the AFED dataset has been used for 

assessing GloFAS performance.  

The AFED dataset was produced for the African Risk Capacity (ARC) which is a specialized 

agency of the African Union and has, together with Atmospheric and Environmental Research 

(AER). The pan-African flood extent database was produced using satellite remote sensing data 

from microwave sensors. This flood extent database is called the ARC Flood Extent Depiction 

(AFED) model. The flood extent depiction is based on measuring the intensity of the microwave 

radiation emitted from the earth. When the observed area is covered with water, the radiation 

decreases. The AFED was created to underpin parametric flood insurance offered to member 

states of African Risk Capacity (ARC) (ARC, 2019).  

The AFED data depicts the flood extent as a map of flooded fractions on a daily time scale at a 10 

by 10 km resolution, the dataset is available from 1998. The microwave sensors can measure 

during both the day and night, through non-precipitating clouds and under vegetation. Twice daily 

measurements are available from three current satellites: SSM/I, AMSR2 and GMI. For the 
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historical data measurements from the AMSR-E satellite is used (see Section 2.3 and (AER, 

2017)). Further details on how this dataset was developed by Galantowicz, (2001) is available in 

Appendix C.  

3.3. Data comparison 

The AFED water extent data and the large flood archive will be visually compared to gauged data 

in the next sections. The gauged data is from the GloFAS database of global hydrological 

observations. This gauged database consists predominantly (~75%) of gauged flow from the 

Global Runoff Data Centre (GRDC), with additional data collection through collaboration with 

GloFAS partners across the globe (Harrigan, Zsoter, Alfieri, et al., 2020). Before the gauged data 

was placed into the database a number of criteria were followed to select gauging stations that can 

be used for evaluation, these are: 

• A minimum of four years of data between 1979 and 2018 (Harrigan, Zsoter, Alfieri, et al., 2020). 

• A minimum upstream area of 500km2 (Harrigan, Zsoter, Alfieri, et al., 2020). 

• Gauging stations with erroneous data were removed by a visual quality check. Examples of 

erroneous data that was removed include: time series truncated above a threshold, severe 

inhomogeneities, or the gauge was monitoring an artificial canal instead of a river (Harrigan, 

Zsoter, Alfieri, et al., 2020). 

• Stations with inconsistent upstream catchment area to GloFAS were removed. Differences in 

the upstream catchment area were found by comparing the recorded upstream catchment area 

to the upstream catchment area in GloFAS and where the difference was more than 20% the 

stations were removed. (Harrigan, Zsoter, Alfieri, et al., 2020). 

This process resulted in data being available from 443 gauging stations on the African continent. 

To be able to compare the gauged data to the AFED water extent data and flood events from the 

large flood archives the following selection was made: 

• Gauged were selected with a minimum of eight years of daily gauged flow data after 1998 to 

match AFED flood water extent data which is available between: 1998 and 2019.  

• Flow gauges were selected that had recorded flood events from the large flood archive (after 

1998) within 50km of the flow gauged.  

• Gauges were selected with upstream area larger than 10,000 km2. This is to avoid selecting 

small rivers that are not captured in the 10 x10 km resolution of the AFED data.  

This selection process left 11 locations in Africa where the large flood archive and AFED data can 

be compared to gauged flow (Figure 3.2, locations where 2 gauges are within 50km of each other 

are counted as one). Out of the 11 locations, four were selected based on covering a geographical 

spread across Africa and covering a wide range of catchment sizes (between 11,044 km2 and 

3,475,000 km2). Locations with large amounts of data (either number of recorded events in the 

large flood archive or the length of the gauged flow time series) were prioritised and each river was 

only selected once. The four locations which are selected for a visual comparison of the large flood 
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archive, AFED water extent data and gauged data are: the Hart River in South Africa, the Hadeija 

River in Nigeria, the Congo River in Kinshasa and the Baro River in Ethiopia (Figure 3.2 and 

Table 3-1).  

 

Figure 3.2 Map of locations where data comparison is possible.  
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Table 3-2 The four locations where the data comparison was performed.  

Location Upstream 

area  

Gauged data 

availability  

Recorded events from 

the large flood archive 

Harts River, Bloemfontein, South 

Africa (1159400, 9900140) 

11044 km2 15 years 26/03/2006 – 30/03/2006 

(2825) 

 19733 km2 15 years 13/11/2003 (2384) 

Hadejia River, Kano, Nigeria 

(1837401) 

30435 km2 9 years 05/08/2003 – 12/10/2003 

(2314) 

   07/06/2003 – 08/06/2003 

(2247) 

   22/06/2004 – 25/06/2004 

(2509) 

Congo River, Kinshasa, 

Democratic Republic of Congo 

(1147010) 

3475000 km2 14 years 25/10/2007 – 31/10/2007 

(3214) 

   04/11/2006 – 18/11/2006 

(2991) 

   18/05/2001 (1728) 

   24/12/2005 – 28/12/2005 

(2775) 

Baro River, Gambela, Ethiopia 

(9900090) 

20740 km2 11 years of 

gauged flow  

29/07/2007 – 05/10/2007 

(3146) 

 

For each of the four locations the water extent fraction is plotted as a time series for the grid cell in 

which the gauge is located, and for the grid cell on either size of the gauge. The grid cells next to 

the grid cell with the gauge are used when there has been no water fraction recorded in the grid 

cell with the gauge. Then the water fraction and gauged flow were normalised between zero and 

one and shown on graphs together with the recorded flood events from the large flood archive.  
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3.3.1. Harts River, Bloemfontein, South Africa (1159400, 9900140) 

The Harts River is located in South Africa and is a tributary of the Vaal River, which is a tributary of 

the Orange River. The Harts River flows from Lichtenburg to Delportshoop where it joins the Vaals 

River. There are two flow gauges located ~ 20km apart, gauge 9900140 and 1159400. Both 

gauges have 15 years of flow data after 1998. The gauged with the ID 9900140 is the upstream 

gauged. If no water fraction above zero was recorded at the location of a gauge or in either of the 

grid cells next to the gauge, the analyses continued with the downstream gauge (1159400). Figure 

3.3 shows the fraction of water in the AFED grid cell at the location of gauge 1159400, in the two 

neighbouring grid cells and the gauged flow of gauge 1159400. This figure shows that only the grid 

cell to the right of the grid cell with the gauge has recorded a water fraction above zero, but only 

once and a low quantity (the water fraction is 0.0001). Figure 3.4 shows the water extent maps of 

the flood event recorded in the large flood archive on 27th of March 2006. Approximately 20 km 

west of the flow gauge the AFED water extent data shows an area of water. The other recorded 

flood event on 13/11/2003, showed that the AFED water fraction was zero within 100 km of the 

recorded flood event.  



 
 

46 
 

 

 

Figure 3.3 AFED water fraction and observed flow at the Harts River (1159400).  
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Figure 3.4 Water extent maps for Harts River on 27/03/2006. 
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Figure 3.5 shows all three data sources in one graph. The inundated fraction and the gauged flow 

have been normalised between 0 and 1. The flood events from the large flood archive are shaded 

yellow. This graph shows that the AFED water fraction data coincides with a peak of observed 

flows, but there is only one point in water fraction data to compare with the observed flow. There 

was no water extent visible in the maps during the first flood event from the large flood archive. The 

comparison to the gauged flow shows that the flow does peak during the time of the flood, but the 

peak is not high compared to the other peaks between 1998 – 2012. The second recorded flood 

event was during the highest flows recorded in the period 1998 – 2012 and showed water extent in 

the map, but not at the exact location of the gauge.  

 

 

Figure 3.5 Graph of the three sources of data: flood events from the large flood archive and 
normalised water fraction and gauged flow observations. (Water fraction uses the cell right of the 
gauge).  

3.3.2. Hadejia River, Kano, Nigeria (1837401) 

The Hadejia River is located in Northern Nigeria and is a tributary of the Yobe River, which flows 

into Lake Chad. The Hadejia River Gauge with ID 1837401 is located 250 km downstream of the 

Challawa Gorge dam and the Tiga dam. Figure 3.6 shows the water fraction of the grid cell with the 

gauge and the grid cells on either side of the gauge and the gauged flow. This figure shows that 

during 1998 – 2006 there have been three occasions where water fractions above zero have been 

recorded at the location of gauge. There are three flood events recorded at the location of the 

gauge. Of the three flood events from the large flood archive, during 05/08/2033 - 12/10/2003 water 

fractions above zero were observed closest to the gauge, this event is shown in Figure 3.7. This 

map of the flood event shows that the grid cell of the gauge and around the gauge are not flooded, 

but directly south of the gauge (10 km) there is flooding.  
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Figure 3.6 Water extent and observed flow at the Hadejia River (1837401).  
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Figure 3.7 Water extent maps Hadejia River on 28/09/2003.  

 



 
 

51 
 

Figure 3.8 shows all three sources of data in one graph. The inundated fraction and the gauged 

flow have been normalised between zero and 1. The flood events from the large flood archive are 

shaded yellow. This graph shows that the AFED water fractions above zero occur before peaks in 

observed flows, but there are only three times that the AFED water fraction is larger than zero to 

compare with the observed flow. The largest flow peak in the gauged flow does not have any 

recorded water fraction. The flood events from the large flood archive do not coincide with the 

peaks in gauged flow.  

 

 

 

Figure 3.8 Graph of the three sources of data: flood events from the large flood archive and 
normalised water fraction and observed flow. (Water fraction uses the cell right of the gauge).  

3.3.3. Congo River, Kinshasa, Democratic Republic of Congo (1147010) 

The Congo River is located in central Africa and is second longest river in Africa. The catchment of 

the Congo River is 4,000,000 km2. The gauge is located in the cities of Kinshasa (south of the 

river) and Brazzaville (north of the river). Figure 3.9 shows the water fraction of the grid cell with the 

gauge and the grid cells on either side of the gauge and the gauged flow. This figure shows that 

between 1998-2011 there was no water fraction above zero observed in the cell with the gauge. 

There were some water fractions above zero observed in the cells on either size of the grid cell 

with the gauge. The grid cells on either side of the gauge are less affected by urbanisation. The 

large flood archive has recorded four flood events between 1998 – 2011. The water extent maps 

have not captured water fractions above zero at the location of the gauge during the recorded flood 

event. Water fractions above zero were observed during the flood event 28th October 2007, 20 km 

north of the gauge on the river, this is shown in Figure 3.10.  
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Figure 3.9 Water extent and observed flow at the Congo River (1147010).  
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Figure 3.10 Water extent maps Congo River on 27/03/2006.  
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Figure 3.11 shows all three sources of data in one graph. The inundated fraction and the gauged 

flow have been normalised between zero and 1. The flood events from the large flood archive are 

shaded yellow. This graph shows that three out of the four times a water fraction above zero was 

detected this did not coincide with a peak in observed flow. The only exception when the observed 

water fraction was above zero coinciding with the observed flow peak was in January 2000. Three 

out of four events from the large flood archive coincided with flood peaks in the observed flood 

data. Only the flood event recorded on 18/05/2001 does not coincide with a peak of the same 

magnitude as the three other events. This event was only one day long according to the large flood 

archive.  

 

 

Figure 3.11 Graph of the three sources of data: flood events from the large flood archive and 
normalised water fraction and observed flow. (Water extent uses the cell right of the gauge).  

3.3.4. Baro River, Gambela, Ethiopia (9900090) 

The Baro River is located in the west of Ethiopia and flows from the Ethiopian Highlands to the 

Sobat River which is a tributary of the White Nile. The gauge, ID 9900090 is located outside the city 

of Gambela. Figure 3.12 shows the water fraction of the grid cell with the gauge and the grid cells 

on either side of the gauge and the gauged flow. This figure shows that between 1998-2009 there 

were frequent water fractions above zero in the grid cell with the gauge and in the neighbouring 

cells. The flooded fractions of the cells are low and do not exceed 0.0004. The large flood archive 

has recorded one flood event from 29/07/2007 to 05/10/2007. Figure 3.13 shows that this flood 

event was visible in the water extent data.   
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Figure 3.12 Water fraction and observed flow at the Baro River (9900090).  
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Figure 3.13 Water extent maps Baro River on 14/09/2007.   

 

Figure 3.14 shows all three sources of data in one graph. The inundated fraction and the gauged 

flow have been normalised between zero and 1. The flood events from the large flood archive are 

shaded yellow. This graph shows that the time periods where water fractions above zero have 
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been observed, coincide with the peaks in observed flow. There are AFED inundation values above 

zero (blue triangles) that fall between peaks in the observed flow.  

 

 

 

Figure 3.14 Graph of the three sources of data: flood events from the large flood archive and 
normalised water fraction and observed flow. (Water fraction uses the cell right of the gauge).  

3.4. Critical evaluation of data and its limitations  

Flood event data from disaster databases offers the opportunity to evaluate GloFAS forecasts in 

ungauged basins, but there are limitations to using these data. The following limitations become 

apparent from Figure 3.5, Figure 3.8, Figure 3.11 and Figure 3.14 which cross-check flood events 

from the large flood archive with gauged flow,:  

• The recorded flood events do not necessary correspond to the observed flow, for example in 

the Hadejia River (Figure 3.8). A possible explanation for this is that flood events recorded in 

disaster databases are not necessary caused by river flooding. Disaster databases can provide 

information of the flood source, but it is not always possible to differentiate between, for 

example surface water flooding, fluvial flood, groundwater flooding or a combination of these. 

Information is also captured in an inconsistent format, for example in the large flood archive 

there are 249 different causes of flooding many referring to a specific storm event.  

• The flow peaks which correspond to recorded flood events are not necessary the highest 

peaks. Figure 3.11 (Congo River) shows four flood events from the large flood archive. Three 

of these events match up with peaks in the observed flow data, but these three not the highest 

peaks recorded in the observed data. The flood events recorded in the disaster database 

cannot be assumed to be complete, just because an event is not recorded in the database, 

does not mean it did not happen (Thiemig et al., 2014). 
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The accuracy of disaster databases such as the large flood archive is influenced by the reliability of 

the sources of the disaster information. There is an unequal distribution of recorded information in 

different regions and the quality and quantity of the information about a flood event is not always in 

proportion to the magnitude of the flood (Stäubli et al., 2018). Another limitation of using flood event 

information from databases is that disaster databases often record a point location for a flood 

event. This is a misrepresentation because of flood will affect an area of varying size. Therefore, 

there will be inaccuracies when using the data due to this misrepresentation. Despite these 

limitations, flood event databases offer opportunities and the data comparison in this chapter 

shows that flood events from the large flood archive mostly coincide with peaks in the observed 

flow in the Harts River, Congo River and the Baro River.  

The four locations in the data comparison section of this chapter show that that the AFED water 

extent data are not suitable to be compared to river flow at every location. The Baro River showed 

a much better match of the AFED data to the gauged flow then the other three locations. Locations 

that are best suited to compare water extent data from EO to river flow data are locations where 

changes in discharge are accommodated by changes to the flow width of the river (Brakenridge et 

al., 2012). Work done by (Brakenridge et al., 2005) (Brakenridge and Kettner, 2012) provides 2583 

global locations where significant variation has been measured in the surface water area of rivers. 

These locations are referred to as satellite river measurement sites or satellite gauging locations, 

more details on this in Chapter 5.3.2.  

Comparing the AFED water fraction to the gauged flow shows that not all of the grid cells at the 

locations of the gauge or next to the gauge showed increase in the water fraction (AFED water 

extent data). At the Hart River for example there was only one instance of a water fraction above 

zero between 1998 and 2013. In the Hadejia River and the Congo River there were few 

observations of the water fraction exceeding zero (three to six). The analysis of the water extent 

maps at these three locations showed that during some of the flood events from the large flood 

archive, water fraction above zero was observed in grid cells 20km or closer to the gauge. When 

comparing observed water extent data to flow, looking at a small area around the location of the 

flow data would prevent missing these water extent observations. Other inconsistencies between 

the observed flow and observed water extent can occur because flooded areas look similar to not-

flooded areas when   ason,  ates and  all’ mico,    9  (Zwenzner and Voigt, 2009): 

• Emergent vegetation and buildings causing multiple reflections.  

• Wind or rain roughening of the water surface causing increase backscatter.  

Although the post processing does improve the water extent data, these two factors still cause 

uncertainty (Stephens et al., 2012). Despite these limitations, water extent data from EO offers 

opportunities. The data comparison in this chapter at the Baro River shows that there is 

consistency between the observed flow and water fraction.   

The comparison between flood event data from the large flood archive, water fraction from EO and 

gauged flow in four locations spread across Africa shows that there a variability in how much these 

three datasets align with each other. It shows both the possibilities for example at the Baro River, 

but also locations where, due to the uncertainties within all three datasets, there is no consistency 
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between them. This means that replacing the gauged flow with water extent data from EO and 

disaster database information introduces uncertainty and complexity. As shown in this chapter 

potential mismatches between GloFAS and AFED water fraction or flood information from the large 

flood archive cannot simply but written off as inaccuracies in the GloFAS model, but will need to be 

examined and interpreted carefully.   
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4. Evaluating GloFAS performance using flood 
event information from a disaster database in 
Africa 

4.1. Introduction  

Gauged data is scarce in Africa, and because model performance evaluation is reliant on gauged 

flow data GloFAS evaluation is unavailable in many African catchments. This leaves many 

ungauged flood-prone catchments without information on the quality of the performance of the 

GloFAS forecast. In November 2018 GloFAS version 2.0 was released, this release included the 

release of GloFAS datasets going back 42 years (starting in 1979 to the present day, more details 

in Section 4.2.1). This means that GloFAS performance can be assessed for these 42 years. Other 

sources of data can be used to gain more insight into performance in ungauged catchments, such 

as the Global Active Archive of Large Flood Events at Dartmouth Flood Observatory, referred to 

here as ‘the large flood archive’ (Brakenridge, 2016). Flood event information in the large flood 

archive is collated from news, governmental, instrumental and remote sensing sources (Dartmouth 

Flood Obseratory and partnership, 2016).  he archive includes ‘large’ flooding events that have 

caused significant damage to structures or agriculture. For Africa there are 500 records of flood 

events between 1998-2019 (see Section 3.1). With the GloFAS version 2.0 datasets and records of 

flood events from the Dartmouth Flood Observatory archive it is possible to assess if GloFAS 

would have been able to predict historic flood events across Africa. This could provide valuable 

performance information for using GloFAS forecasts in ungauged catchments in Africa. Flood alerts 

in GloFAS are issued using predefined flood exceedance thresholds, which include the 1 in 2, 1 in 

5, 1 in 10, 1 in 20 and 1 in 50 year return periods. Return periods are used in hydrology to calculate 

the likelihood of a flood occurring. The return periods for the GloFAS flows have been estimated 

using a Gumbel probability distribution which is fitted to the time series of the annual maximum 

flows using the L-moment method (GloFAS, 2019) (Zsoter et al., 2020). This method has been 

chosen because it is appropriate for relatively small sample sizes (Alfieri et al., 2019b). This 

chapter answers research question one:   

RQ1: How well does GloFAS predict floods on the African continent? 

To answer this research question, it was split into three hypotheses: 

• RQ1.1 What probability of flood flow does GloFAS predict at locations where floods are 

recorded in the Global Active Archive of Large Flood Events between 1997 and 2019? 

• RQ1.2 How sensitive to lead time is the flood flow probability in the GloFAS forecast? 

• RQ1.3 How sensitive to ensemble size is the flood flow probability in the GloFAS forecast? 

This chapter first explains the differences between the available GloFAS products. Then the 

method to compare flood events from the Global Active Archive of Large Flood Events to GloFAS 

flood forecasts is explained. This is followed by the results, discussion and conclusions.   
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4.2. Data 

The objective of this chapter is to investigate if the GloFAS flood forecasts have exceeded any of 

the return period thresholds during known periods of flooding on the African continent. In order to 

do this, two datasets are used. This first is the GloFAS reforecasts, there are various GloFAS 

products available and this section first explains which GloFAS products are available, what the 

differences are, which product was selected and how it was used in this chapter. The flood event 

data supplied by the Global Active Archive of Large Flood Events from Dartmouth Flood 

  servator   from now on referred to as ‘the large flood archive’) has been described in Chapter 3.  

4.2.1. GloFAS archived forecasts, reanalysis and reforecast 

All GloFAS products are available as global gridded datasets with a 0.1º spatial resolution. GloFAS 

products do not report river discharge values for every single cell. Grid cells with an upstream area 

larger than 1000 km2 have river flow values and are referred to as river cells, which is in line with 

the terminology used in the GloFAS technical information (GloFAS, 2019). There are three GloFAS 

30-day forecast river discharge products available (ECMWF, 2020c). These are: 

1. The archived forecast. 

2. GloFAS reanalysis. 

3. GloFAS reforecast. 

Archived forecast 

The archived forecast is a short dataset starting from the 2 December 2019 and is updated daily. 

This dataset is created using ECMWF ensemble forecasts (ENS) which are used as input to the 

GloFAS modelling chain: land surface model HTESSEL followed by routing model LISFLOOD 

global (more details on HTESSEL and LISFLOOD in Chapter 2 Section 2.2.1). These are the same 

as forecasts which are available on the GloFAS webpage and are used to generate the flood alerts.  

GloFAS reanalysis 

The GloFAS reanalysis starts in 1979 and uses the ERA5 reanalysis dataset from HTESSEL as 

input into LISFLOOD (Harrigan, Zsoter, Alfieri, et al., 2020). The ECMWF describes a reanalysis 

as: ‘A blend of observations and outputs from modern weather forecasting models, reanalysis data 

provide the most complete picture currently possible of past weather and climate.’  (ECMWF, 

2020b). One of the main advantages of reanalysis datasets is that they create a consistent dataset 

with glo al coverage, referred to as ‘maps without gaps’  (ECMWF, 2020b). A global flood 

forecasting model like GloFAS requires a globally consistent dataset for the initial conditions and 

the GloFAS reanalysis provides this. The reanalysis is also used to calculate the return period 

thresholds. 

GloFAS reforecast 

The GloFAS reforecast for this thesis was available from 1997 to 2019. ECMWF defines a 

reforecast  also  nown as a ‘hindcast’  as ‘a collection of forecasts produced using the same 

modelling system (or as close as possible) to the modelling system used to produce the operational 

forecasts, with dates from the past, usually going back a considerable number of years.’ 
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(Hagedorn, 2008). Reforecasts have the advantage, compared to archived forecast, that they are 

more consistent than the archived forecast as the same GLoFAS model versions is used for the 

whole period 1997 - 2019. To put this into context, the last 10 years of GloFAS archived forecasts 

use at least 19 different versions of the ECMWF Integrated Forecasting Systems (IFS) (Harrigan, 

Zsoter, Alfieri, et al., 2020). The ECWMF meteorological reforecasts are available twice weekly 

(Monday and Thursday) as a reduced 11 member ensemble, owing to limitations in computational 

resources. The GloFAS flow reforecasts follows this cycle, because they are driven by the ECWMF 

meteorological reforecasts.  This dataset is used to assess the forecast performance of GloFAS, a 

global assessment is available by (Harrigan, Zsoter, Alfieri, et al., 2020).  

Comparison of the archived forecasts, reanalysis and reforecast 

The main differences between the archived forecasts, reanalysis and the reforecast are (summary 

available in Table 4-1):   

• The reanalysis uses observed data as part of the input data (observed data is assimilated into 

the ERA5), the reforecast data uses forecast data as the input data (ECMWF ENS reforecasts) 

and the archived forecast uses the currently operational forecast (ECMWF ENS).  

• The reanalysis dataset is available for a longer time period (40 years) than the reforecast data 

(20 years). There is very limited archived forecast flow series available for approximately the 

past 12 months.   

• The archived forecast is available for 51 ensembles, 30 day lead time with a daily frequency. 

Producing the longer time series of reforecast data comes at the cost of a reduced ensemble 

(11 members) and a reduced frequency (twice weekly), but the 30 day lead time is maintained. 

The reforecast data does not have ensembles or lead times, but is available on a daily basis.  

The reforecast is the closest historical time series available to the archived forecasts and in 

addition it has the advantage of model consistency and being a longer time series, hence this the 

most appropriate data set to answer the research question: ‘How well does GloFAS predict floods 

on the  frican continent ’ 
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Table 4-1 Overview of available GloFAS products for GloFAS 30 day river discharge.  

Dataset 

name 

Input data 

(forcing)  

Time period Lead 

time 

Frequency Ensembles 

Archived 

forecast 

ECMWF - 

ENS 

2 December 2019 to the 

present day 

30 

days 

Daily 51 

Reanalysis ERA5 1979  to the present day  - Daily Deterministic 

forecast 

Reforecast ECMWF-

ENS 

reforecasts 

1997 - 2019 30 

days 

Twice 

weekly 

11 

 

4.2.2. Reforecast data: the consequences of the loss of frequency 

Owing to the pressure on its computation system, ECMWF runs a reduced number of 

meteorological ensembles with reduced frequency for the reforecast. As a result, the GloFAS 

reforecast is only available twice a week, on Monday and Thursday. This means that on the days 

where there is no GloFAS reforecast, the previous forecast can be used to fill in these missing 

days. An example of this is provided in Figure 4.1. In this example there is a reforecast on Monday 

1 January, but Tuesday the 2 January and Wednesday 3 January have no GloFAS reforecast. All 

the GloFAS reforecasts have a 30 day lead time, hence the Monday 1 January reforecast will have 

data for Tuesday 2 January and Wednesday 3 of January in it. These can then be used to fill in the 

missing reforecast days. Using this method, the following seven lead times intervals were 

assessed: zero to three days, four to seven days, eight to 11 days, 12 to 15 days, 16 to 19 days, 20 

to 23 days and 24 to 27 days.   
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Figure 4.1 Schematic diagram of how the GloFAS reforecast data from previous days is used to 
fill in on the days there are no reforecasts. 

4.3. Method 

This section explains how the GloFAS reforecast flow data was checked for return period 

exceedance at the time and location of the flood events from the Dartmouth Flood Observatory 

large flood archive.  

4.3.1. Calculating return period exceedance 

The following steps were undertaken to check if the return period thresholds were exceeded by the 

GloFAS forecast at the same location and date as the flood events documented in the large flood 

archive, shown as a schematic overview in Figure 4.2:  

1. The large flood archive supplies a single point location where the flood event took place. 

There will be uncertainty around the exact location of the flood and the point location will 

be an approximation of the affected area. Matching that exact point location to the closest 
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river grid cell in GloFAS runs the risk of selecting a cell that is not a river cell or perhaps 

selecting a river cell just upstream of an important confluence. There is a chance that this 

could lead to a situation where the closest GloFAS river cell does not exceed a return 

period threshold, whilst one of the neighbouring cells does. Other studies using flood event 

databases have identified the same issue and propose to use a buffer (Wu et al., 2012) 

(Yilmaz et al., 2010). In this Chapter, a small patch around the flood event point was 

created. This was achieved by extracting GloFAS reforecast flow data for a 50 x 50 km 

patch (25 grid cells of 10 x 10 km) centred on the flood event point location supplied in the 

large flood archive. Not all of the 25 cells were river cells (i.e. a grid cell with an upstream 

area > 1000 km2). In practice, within the 50 km by 50 km patch there was one river 

crossing the patch and this generally occupied approximately 5 of the 25 grid cells, 

although this number varies (Figure 4.2).  

2. The start and end date of the flood event from the large flood archive was used to extract 

the GloFAS reforecast flow data available for seven lead times intervals, 11 ensembles 

and 25 grid cells (of which between 0 and 25 could be river cells, but most commonly 5 

were river cells). This meant that for every flood event there were approximately 385 

reforecasts, (five river cells, 11 ensembles and seven lead times intervals: zero to three 

days, four to seven days, eight to 11 days, 12 to 15 days, 16 to 19 days, 20 to 23 days and 

24 to 27 days). This is illustrated in Figure 4.2.   

3. Every one of the approximately 385 reforecasts was checked to see if GloFAS exceeds a 

return period during a flood event.  

4. The maximum return period exceedance flow for all of the approximately 385 reforecasts, 

was calculated for each separate flood event in the large flood archive. This way of 

counting the return period exceedance is referred to as the return period flow 

exceedance for all lead times. At this point the research question 1.1 can be answered:  

RQ1.1 What probability of flood flow does GloFAS predict at locations where floods are 

recorded in the Global Active Archive of Large Flood Events between 1997 and 2019? 
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Figure 4.2 Schematic showing how the GloFAS reforecast are selected and analysed for the 500 
flood events from the large flood archive.   

The return period flow exceedance for all lead times includes any exceedance of the threshold 

within the approximately 385 reforecasts. This means that no distinction was made between the 

situations where 1 out of 385 reforecasts exceeded the return period threshold or all of the 385 
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reforecasts exceeded the threshold. This is why the results have been presented separately for 

each forecast lead time. This is done as step 5: 

5. The maximum return period flow exceedance for a single lead time, approximately 55 

reforecasts consisting of all the ensembles (11) and all the river cells (~5) were calculated 

for each separate flood event included in the large flood archive. This way of counting the 

return period exceedance is referred to as the return period flow exceedance for 

specific lead times, and it includes the following lead times: zero to three days, four to 

seven days, eight to 11 days, 12 to 15 days, 16 to 19 days, 20 to 23 days and 24 to 27 

days.  This enables research question 1.2 to be answered:  

RQ1.2 How sensitive to lead time is the flood flow probability in the GloFAS forecast? 

The return period flow exceedance for specific lead times break down the reforecasts for the 

different lead times, however the reforecasts may still only have exceeded the return period flow 

threshold for a single ensemble out of the 11. The sensitivity to the number of ensemble members 

that cross the return period flow exceedance during flood events from the large flood archive was 

tested as step six: 

6. The sensitivity of the ensemble size was tested by counting how many ensemble members 

have crossed the return period flow exceedance. This is referred to as return period 

threshold exceedance with ensemble sensitivity. This enables the research question 

1.3 to be answered: 

RQ1.3 How sensitive to ensemble size is the flood flow probability in the GloFAS forecast? 

4.3.2. Estimation of GloFAS river flow return periods 

The return periods for the GloFAS river flows have been estimated from the reanalysis time series 

which comprises 40 years of daily GloFAS reforecast (ECMWF, 2020c). The return periods for the 

flows have been estimated using a Gumbel probability distribution which is fitted to the time series 

of the annual maximum flows using the L-moment method (GloFAS, 2019) (Zsoter et al., 2020). 

This method has been chosen because it is appropriate for relatively small sample sizes (Alfieri et 

al., 2019b).  This method was used to calculate the 1 in 2, 1 in 5, 1 in 10, 1 in 20 and 1 in 50 year 

return period flows for every GloFAS river cell. Generally a historical time series of twice the length 

of the return period of interest is required (Zsoter et al., 2020). The 20 year return period and the 1 

in 50 year return period both fall short of this and the results for these return periods are therefore 

uncertain. The results, discussion and conclusion section have focused on the results of the 1 in 2 

year return period because this return period can be assumed to be the approximate frequency of 

bankfull discharge. When no other information is available it can be used as an estimation of when 

the river is out of its bank (Leopold, Wolman and Miller, 1995). The higher return periods have 

been included in the analysis to provide a wider overview of how GloFAS performs for higher 

thresholds, which could be of interest to some users. The return period thresholds were calculated 

by ECMWF and are available at request and for all reporting points (more details on GloFAS 

reporting points see Chapter 2 – Section 2.2.1) on the GloFAS webpage.  
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4.4. Results 

The results are separated into three sections. The first section shows the results for the return 

period exceedance for all lead times, as explained in Step 4 of the methods section 4.3.1 above. 

The second section shows the results for the return period exceedance for specific lead times 

from Step 5 above. The last section shows the return period threshold exceedance with 

ensemble sensitivity from Step 6 above.    

4.4.1. Return period flow exceedance for all reforecast lead times 

The return period flow exceedance for all lead times is counted if a return period threshold was 

crossed by any ensemble during any lead time. This can be of interest to GloFAS developer as this 

shows if events are detected at all. These results are not an indictor if flood warnings would have 

been issued. The analysis of return period exceedance for all lead times shows that the local 1 in 2 

year return period threshold was crossed during the majority (81%) of the 500 African flood events 

recorded in the large flood archive . For 51% of the 500 African flood events, the 1 in 50 year return 

period was exceeded, in 14% of the flood events no return period was exceeded and in 5% of the 

flood events there was not a river present in 50 km by 50 km patch around the recorded location. 

This could be an indication that the recorded flood was not caused by a river flooding, but by 

another source of flooding example pluvial flooding. Another explanation could be that there are 

inaccuracies in assigning a geographical reference to a flood event. Results in Figure 4.3 and 

Table 4-2. 

The analysis has shown that for the majority of the flood events in Africa between 1998 and 2019 

detailed in the large flood archive, the GloFAS reforecast flows exceeded the minimum 1 in 2 year 

return period flow threshold when all the lead times and all ensemble members were considered.  
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Figure 4.3 Map showing where GloFAS reforecast flows exceeded the return period flow 
exceedances for the 500 flood events from the large flood archive.  
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Table 4-2 Percentage of the 500 flood events recorded in the large flood archive where GloFAS 
flow has exceeded a return period threshold summed across all lead times. 

 All lead times 

No threshold exceeded 9% 

1 in 2 year return period exceeded 86% 

1 in 5 year return period exceeded 74% 

1 in 10 year return period exceeded 66% 

1 in 20 year return period exceeded 60% 

1 in 50 year return period exceeded 51% 

No river at this location 5% 

4.4.2. Sensitivity of the return period flow thresholds to lead time intervals 

The results in Section 4.4.1 show that for all lead times and ensemble members together, that 81% 

of the GloFAS flow reforecasts exceeded at least the 1 in 2 year return period flow threshold. 

However, this figure does not provide a complete picture of the performance of the GloFAS flow 

forecast because no distinction was made between a return period flow threshold being exceeded 

for a single lead time, or multiple lead times. Additional analyses were carried out to calculate the 

maximum return period flow exceedance for specific lead times. Table 4-3 shows the percentage of 

the 500 flood events recorded in the large flood archive for Africa where the GloFAS reforecast 

flows have exceeded the return period thresholds.   

For the specific lead times the number of events without GloFAS flow reforecasts exceeding a 

return period rises from 9% to between 37% and 43% for lead times between 4 and 27 days and 

52% for a lead time between 0 and 3 days. This means that closer to the event the GloFAS 

reforecast flows are less likely to exceed a return period threshold on the days that the event has 

occurred according to data provided in the large flood archive, compared with longer lead time  

(further away from the event Table 4-3, Figure 4.4 and Figure 4.5). This can be explained by the 

observed changing representation of the extreme event frequencies for different lead time intervals 

(Zsoter et al., 2020) (Alfieri et al., 2019b).  Alfieri et al., (2019b) shows the distribution of the 

reforecast discharge can change considerably for one lead time interval to the next. For example, 

value X is the 97th percentile for one lead time interval, that same value X is could be the 95th 

percentile for the next lead time interval due to the variation in extreme event frequencies between 

lead times.  
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Table 4-3 Percentage of the 500 flood events recorded in the large flood archive where GloFAS 
has exceeded the return period thresholds.  

 Lead time intervals (days) 

 0 to 3 4 to 7 8 to 11 12 to 15 16 to 19 20 to 23 24 to 27 

No threshold 

exceeded 

52% 41% 37% 38% 38% 39% 43% 

1 in 2 year return 

period exceeded 

43% 54% 58% 58% 57% 55% 52% 

1 in 5 year return 

period exceeded 

25% 49% 54% 52% 51% 50% 48% 

1 in 10 year return 

period exceeded 

20% 34% 38% 39% 36% 36% 34% 

1 in 20 year return 

period exceeded 

16% 30% 32% 33% 31% 30% 30% 

1 in 50 year return 

period exceeded 

12% 22% 23% 26% 24% 23% 23% 

No river at this 

location 

5% 5% 5% 5% 5% 5% 5% 
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Figure 4.4 GloFAS return period threshold exceedance during the 500 flood events recorded in the 
large flood archive, for lead times 0 – 15 days. 
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Figure 4.5 Flow return period thresholds exceeded by the GloFAS flow reforecasts  for 500 flood 
events recorded in the large flood archive, for lead times 16 to 27 days between 1986 and 2019. 
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4.4.3. Sensitivity of the return period flow threshold exceedance to the 
ensemble members 

The previous sections do not distinguish between a return period threshold being exceeded by a 

single GloFAS reforecast flow ensemble member, or by multiple ensemble members. If multiple 

GloFAS reforecast flow ensemble members exceed a return period threshold, this provides greater 

confidence in the GloFAS predictions compared to if only a single ensemble exceeds a return 

period flow threshold. The sensitivity of the return period threshold exceedance to the ensemble 

members was calculated by counting the number of ensemble members that have crossed the 

threshold, starting at one member and ranging all the way to 11. The results of this analysis are 

presented in Figure 4.6 and Figure 4.7. The results have been calculated for both the return period 

exceedance for all lead times and the return period exceedance for specific lead times. 

Sensitivity of the return period flow threshold exceedance to the ensemble members for all 

lead times 

In Figure 4.6 the top graph shows the sensitivity of the return period exceedance to the ensemble 

size for all the lead times. The first bar of the horizontal bar chart shows the number of flood events 

exceeding the return period threshold when only a single ensemble is required to exceed the 

threshold. These results are the same as the result presented in the map in Figure 4.3 and the first 

row in Table 4-3, with only 19% of the flood events from the large flood archive not seeing any 

exceedance of a return period. When 3 out of the 11 ensemble members are required (27% of the 

ensemble) the number of events that do not have any exceedance of a return period is doubled to 

40%. Looking at the situation where more than 50% of the ensemble is required to exceed a return 

period threshold (6 ensemble members) the number of events that do not have any return period 

exceedance increases to 55%. Increasing the ensemble size further, decreases the number of 

events with return period exceedance further, but at a slower rate. For example, increasing the 

ensemble size from 1 to 3 reduces the number of events with return period exceedance by 29%, 

increasing the ensemble size from 3 to 6 reduces the number of events with return period 

exceedance by a further 9% and increasing the ensemble size from 6 to 10 reduces the number of 

events with return period exceedance by a further 6%. Therefore the sensitivity to the ensemble 

size is greater when the size of the ensemble is small and decreases with a larger ensemble size.  

This means that the ensemble size which is required to cross the threshold before a flood event is 

identified will have a major impact on the ability of GloFAS to predict a flood event.  

Sensitivity of the return period flow threshold exceedance to the ensemble members for 

specific lead times 

The ensemble sensitivity of the return period exceedance for specific lead times is shown in the 

second, third and fourth graphs of Figure 4.6 and all of Figure 4.7. These figures show the 

maximum return period the ensemble members have crossed, for example for the 1 in 2 year 

threshold it shows the percentage of ensembles that crossed this return period only and not the 

ensembles that also crossed the 1 in 5 year threshold and upwards (rarer events). These results 

are aimed at forecast users because they show how often GloFAS captures events at different lead 

times and flood exceedance thresholds. As in the first graph of Figure 4.6, the first bars in the 

horizontal bar graphs (where the number of ensemble members exceeding the return period 
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threshold is one) are the same as the results in Table 4-3 and Figure 4.4. Overall, as soon as the 

required ensemble size is increased to two ensemble members or greater, the percentage of flood 

events that exceed a return period threshold drops below 50%.  

The results for the ensemble sensitivity of the return period exceedance for specific lead times is 

similar to that of the ensemble sensitivity of the return period exceedance for all the lead times. The 

sensitivity to the ensemble size is greater when the ensemble size is smaller. In other words, 

decreases in the number of events with return period exceedance is greater when the ensemble 

size is increase from 1 to 3 , than from 3 to 6 and above. This means that assuming flood warnings 

are issued when 50% of more ensemble have crossed the threshold, the proportion of flood events 

GloFAS is able to forecast in Africa deceases to less than half of the flood events from the large 

archive.    
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Figure 4.6 Return period (RP) flow threshold exceedance with ensemble sensitivity, lead times 1 
to 11 days, showing the maximum RP only.  
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Figure 4.7 Return period (RP) flow  threshold exceedance with ensemble (ens) sensitivity, lead 
times 12 to 27 days, showing the maximum RP only. 
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4.5. Discussion  

The objective of this Chapter was to assess if the GloFAS flow reforecasts were able to predict flow 

values above a return period flow threshold at the time and location of flood events recorded in the 

large flood archive for Africa. This analysis provides information about the performance and 

potential of using GloFAS forecasts in ungauged locations, which has been missing from previous 

assessments of GloFAS performance (Harrigan, Zsoter, Alfieri, et al., 2020), (Harrigan, Zsoter, 

Cloke, et al., 2020), (Hirpa et al., 2018). The initial results are positive, with 81% of the reforecast 

GloFAS flows exceeding a return period flow threshold for all lead times for flood events in the 

large flood archive for Africa. However, when the results were analysed for specific lead times, 

when multiple ensemble members  were required to exceed the return period flow threshold or 

when a return periods higher than the 1 in 2 year return period flow were used as a threshold, the 

number of GloFAS flow reforecasts crossing specific thresholds decreased. This has implications 

for the utility of GloFAS flow forecasts ungauged catchments. This is because flood forecasting 

systems can use thresholds higher that the 1 in 2 year return period flow and can require multiple 

ensemble members to cross the threshold before issuing a flood warning. Using a flood forecast to 

inform a flood warning is complex and will be different for every application. The results of this 

chapter are put into context using two simplified examples: 

 The European Flood Awareness System (EFAS) requires 30% of the ensembles members 

to exceed the 1 in 5 year return period flow threshold before it can be considered for a flood 

alert (Pappenberger et al., 2015). 

 The Forecast based Financing pilot application in Uganda required 50% of the GloFAS 

ensembles members to exceed a the 95th percentile of the daily GloFAS flow before a flood 

alert was issued (Coughlan de Perez et al., 2015).  

Using the EFAS rule for issuing a warning (3 ensemble members need to cross the 1 in 5 year 

return period threshold) would mean that between 5% and 8% of the African flood events between 

1998 and 2019 from the large flood archive would have been detected by GloFAS. The range 

represents the different percentage of events predicted for the different lead times, where 5% is the 

lowest specific lead time interval (12 to 15 days) and 8% is the highest which occurs when all lead 

times intervals are considered (in other words, the 8% is if a threshold exceedance in any of the 

lead times would lead to a warning).  

Using the rules from the Forecast Based Financing pilot in Uganda and assuming the 95th 

percentile of the daily GloFAS forecast means that 5% of the GloFAS timeseries the threshold will 

be exceeded. This would be most similar to lowest threshold available in this Chapter, which is the 

1 in 2 year return period. Assuming the 1 in 2 year return period threshold together with 50% of 

ensemble members exceeding the threshold, between 8% and 16% of the flood events from the 

large flood archive would have been detected by GloFAS. The range represents the different 

percentage of events predicted for the different lead times, where 8% of flood events are predicted 

for lead time of 24 to 27 days and 16% of events are predicted for if a threshold exceedance in any 

of the lead times would lead to a warning. The failure of GloFAS to capture more flood events could 

occur because large scale global models can struggle to capture smaller scale hydrological 

processes (Fleischmann, Paiva and Collischonn, 2019). Large scale global models have been 
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found to have low performance especially in regions with river deltas, arid and semi-arid zones and 

wetlands (Trigg et al., 2016).  

Return periods are used in hydrology to calculate the likelihood of a flood occurring. The 1 in 2 year 

return period is assumed to be the mean frequency of bankfull discharge, and when no other 

information is available can be used as an estimate of when the river is out of its bank (Leopold, 

Wolman and Miller, 1995). Return periods are calculated by fitting a distribution through the 

historical timeseries of annual maximum river discharge. Generally a historical time series of twice 

the length of the return period of interest is required (Zsoter et al., 2020). Both the 20 year return 

period just and the 1 in 50 year return period fall short of this and the results for these return period 

are therefore uncertain. Return periods are a useful way of setting a flood threshold for a 

forecasting system in ungauged catchments when little is known when the river is out of bank, 

however return periods only provide an estimation of when the river floods. The flood thresholds 

could be greatly improved by observations from historical floods and gauged flow data.  

In this chapter flood event information is used from Global Active Archive of Large Flood Events at 

Dartmouth Flood Observatory (the large flood archive). The large flood archive does have 

limitation, which have been expanded on in Chapter 3.4. A summary of these limitations is: 

• The flood source of a flood record is often unclear or unknown which means a recorded flood is 

not necessary caused by a river flood.  

• The database is not necessarily complete, just because an event is not recorded in the 

database, does not mean it did not happen (Thiemig et al., 2014).  

• There are inaccuracies in the recorded location of the flood, the version of the large flood 

archive used for this Chapter provides point locations for each flood event. To accommodate 

this point data the method developed in this chapter uses a buffer around the location of the 

recorded flood, but floods affect different sized and shaped areas and this variation could not 

be taken into account in this chapter.  

Chapter 3 shows that not all flow peaks are recorded as events, some recorded events are not 

associated with a peak and the highest flood peak is not necessarily recorded as a flood event 

(section 3.4). More research into these uncertainties would help understand and use the flood 

event data from the large flood archive.  

4.6. Conclusion 

This Chapter provides an analysis of the performance of GloFAS reforecast flows in ungauged 

catchments in Africa, by using flood event records from the Global Active Archive of Large Flood 

Events from Dartmouth Flood Observatory.  he research  uestion that is answered is ‘How well 

does GloFAS predict floods on the African continent?’   Q1). This question is answered through 

looking at three hypotheses, this first one is:  ‘What probability of flood flow does GloFAS predict at 

locations where floods are recorded in the Global Active Archive of Large Flood Events between 

1997 and 2019?’ (RQ1.1). The results show that 81% of flood events exceed the 2 year return 

period threshold or higher, when looking at all ensemble members and all lead times. This shows 

that GloFAS could potentially offer flood warnings across Africa. However, to gain a better 
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understanding of how GloFAS forecasts would perform in a flood warning system the sensitivity of 

GloFAS reforecasts was tested against the lead time intervals and the numbers of ensemble 

members in research question RQ1.2 and RQ1.3:  

• Research questions 1.2  ‘How sensitive to lead time is the flood flow probability in the GloFAS 

forecast?’ When looking at the results for separate lead times, the percentage of events that 

exceeded the 1 in 2 year return period reduced from 81% to between 37% (for the 8 to 11 day 

lead time interval) and 58% (for the to 15 day lead time interval). This means that the number 

of flood events GloFAS reforecast identifies is sensitive to which lead time interval is analysed.  

• Research questions RQ1.3: ‘How sensitive to ensemble size is the flood flow probability in the 

GloFAS forecast?’ The percentage of flood events exceeding the threshold with any return 

period dropped to below 50% as soon as the required ensemble size was increased to two 

ensemble members or more, for all the lead times. The means that the number of flood events 

the GloFAS reforecast identifies is sensitive to the number of ensemble members that are 

being analysed.  

Putting these results into context of the flood forecasting operating rules of EFAS and of the 

Forecast Based Financing pilot in Uganda shows that the likely number of flood events that would 

be identified by GloFAS forecast on the African continent between 1998 and 2019 would between 

5% and 16%.  

In summary, the answer to the research question ‘How well does GloFAS predict floods on the 

 frican continent ’ is as follows. GloFAS reforecast flow values exceed the 1 in 2 year return 

period for 81% when all ensemble members and lead time intervals are considered. The number of 

events GloFAS reforecasts pick up is sensitive to both ensemble size and which lead times 

intervals are being analysed. As soon as not all lead times and all ensemble members are 

considered, the number of flood events that are being identified by GloFAS drops considerably. Put 

into context of live forecasting systems like EFAS and of the Forecast Based Financing, GloFAS 

reforecast are only able to pick up between 5% and 16% of flood events.  
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5. Evaluating GloFAS performance using Earth 
Observation based flood extents in Africa 

5.1. Introduction 

No flow gauged data are available for many catchments in the world (Global Runoff Data Centre, 

2016). Africa is the continent most affected by a lack of fluvial flow data (Chapter 2 section 2.3). 

The lack of gauged flow data for many catchments in Africa makes it challenging to evaluate the 

performance of the Global Flood Awareness System (GloFAS) in this continent (Hirpa et al., 2018) 

(Harrigan, Zsoter, Cloke, et al., 2020) (Harrigan, Zsoter, Alfieri, et al., 2020). GloFAS forecast 

performance and skill analyses are currently limited to a global scale and at gauged locations 

(Harrigan, Zsoter, Alfieri, et al., 2020) (Hirpa et al., 2018) (Alfieri et al., 2013); these papers were 

discussed in more detail in Chapter 1. This means for the many ungauged flood prone locations in 

Africa the potential benefits GloFAS forecasts are high uncertain. The results from Chapter 4 

provide a start at acquiring more GloFAS forecast performance information in ungauged 

catchments by using flood events from the large flood archive. Alternative data sources such as 

water extent data from earth observations (EO) in comparison with GloFAS modelled flow provide 

another route to understand the reliability of the GloFAS forecasts in ungauged catchments in 

Africa. If there is a correlation between GloFAS modelled flow and water extent data from EO, this 

would provide a degree of confidence in the forecasts, especially if the correlation extends to the 

high flows. Correlations between GloFAS and water extent data from EO would be a proxy for 

performance, where a higher degree of confidence in GloFAS forecasts can be assumed for 

locations with higher correlations. Relationships between model performance and climate and 

catchment characterises have been found in literature, but these relationships are not always 

apparent (Nester et al., 2011).  If these relationships can be found and a physical explanation for 

the variation in performance uncovered, this could provide opportunities to estimate GloFAS model 

performance based on climate and catchment type. This would give an indication of forecast 

reliability in locations where gauged flow in not available and water extent data from EO is too 

uncertain to be used as a comparison to river flow. This leads to the research question 2:   

RQ 2:  Is there a relationship between the correlation of GloFAS and the water extent data 

and catchment and climate characteristics from the GloFAS model? 

To answer this research question, it was split into three hypotheses. These are: 

• RQ2.1 Are GloFAS modelled discharge and water extent data are correlated? 

• RQ2.2 For the highest flows, what is the similarity between the GloFAS modelled discharge 

and water e tent data from     i.e., evidence of “tail dependenc ”   

• RQ2.3 Is there a relationship between the catchment characteristics in GloFAS and the 

correlations established between the modelled discharges and water extent data from EO? 

This Chapter starts with an overview of the methods split into three sections, each section outlining 

the method used to answer each of the three hypotheses. The methods section includes 

explanations on using how the correlations were calculated, using tail dependency to calculate 
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similarity for the high flows and using multiple linear regression models to examine the relationship 

between catchment and climate characteristics and the correlation between GloFAS modelled flow 

and water extent data from EO. Section 7.2 on methods is followed by an overview of the data 

used to answer the research question which includes the water extent data, GloFAS modelled river 

flow and the catchment and climate characteristics. After this the results are presented followed by 

a discussion and conclusions.  

5.2. Methods 

This section has been split into three, following the three hypotheses from the introduction in 

Section 5.1. The first section details how correlation is used to establish the relationship between 

GloFAS and AFED. The second section explains the statistical method of tail dependency, which 

was used to establish the similarity between GloFAS and AFED for the upper end of the distribution 

(the high flows). The last section explains how multi linear regression models were used to 

establish any relationships between the calculated correlation and catchment and climate 

characteristics.  

5.2.1. Calculating correlation between GloFAS reanalysis and AFED 

The correlation between two datasets is the most straightforward way to consider the relationship 

between datasets. Correlation values range between minus and plus one where minus one is a 

total negative correlation, zero is no correlation and plus one is a total positive correlation. There 

are various ways of calculating correlation and within forecasting the Pearson correlation coefficient 

and the Spearman rank correlation are commonly used (Brown and Demargne, 2013). The 

Spearman rank corelation is nonparametric and thus more applicable because it does not rely on 

the assumption of linearity. It assesses if the increases of value of one variable coincides with an 

increases of the other variable (monotonic relationship).  

To calculated the Spearman rank correlation at the 387 satellite gauging locations, the GloFAS 

reanalysis timeseries was extracted for all these locations. GloFAS distinguishes between river and 

non-river cells (for more information see Chapter 2 Section 2.2.1). To ensure there were GloFAS 

data at all satellite gauging locations, the closest river cell to the satellite gauging locations was 

used rather than the exact cell that the satellite gauging locations fell in (although in the majority of 

cases, these two were the same).  

The AFED water extent data were extracted for the same 387 satellite gauging locations. To 

prevent potential mismatches, a rectilinear patch reaching out 30 kilometres to the north, south, 

east and west of the satellite gauging stations were extracted from the AFED water extent data. 

Spearman rank correlations were calculated for the whole patch (Figure 5.1).  

After this the maximum correlation from the patch was chosen the represent the correlation 

between AFED water extent data and GloFAS modelled flow. Figure 5.2 (the Zambezi River, 

30.6E, 11.4S) shows that high correlation and low correlation are present in neighbouring cells, this 

indicates that small shifts in the selected a grid cell could lead to a much lower estimate of 

correlation. Low correlations could be due to, for example, some grid cells showing very little or no 
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inundation during the entire time period (1998 – 2019), as shown in Section 3.3. Selecting the 

maximum correlation from the patch prevents uncertainty around misrepresenting the correlation 

based on situations like the one described above. 
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Figure 5.1 Schematic of correlation calculation of AFED daily water extent data and GloFAS daily 
modelled flow.  
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Figure 5.2 Spearman correlation between GloFAS and AFED in a 30km patch to the north, east, 
south and west of the satellite gauge location point on the Zambezi river (30.6E, 11.4S).  

5.2.2. Tail dependency 

The Spearman rank correlation gives a good estimation if whether increases in one variable 

coincide with increases of the other variable. However, it will test this over the whole of the data 

distribution. When assessing the performance of GloFAS forecasts, it is of interest to know if and 

when there are floods according to GloFAS which coincide with greater water extent in the AFED 

water extent data. This means that only the upper part of the distribution is of interest. The upper 

and lower part of the distribution are referred to as the tails, illustrated by the kernel density plot in 

Figure 5.3, which is a visualization of the distribution of the AFED water extent data at Longone 

Swamp in Niger and shows a long upper tail on the right hand side of the plot. The focus in the 

thesis is on flooding and therefore in this thesis, the tail always refers to the upper tail of the 

distribution. 
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Distribution of AFED water fraction data at Logone Swamp, Niger 

 

Water fraction [-] 

Figure 5.3 Distribution of AFED water extent data at Logone Swamp, Niger (15.29N, 15.29E).  

 

Calculating the correlation of the tails of the GloFAS modelled flow and AFED water extent data, 

would provide information on the direction of the relationship between the tails, however, it is more 

interesting to know if joint observations of extremes are present in the tail. Calculating if there is tail 

dependence can provide insight in this (Sweeting and Fotiou, 2013). To explain the concept of tail 

dependence further, the question which tail dependence can answer is: ‘Given that high flows are 

observed in GloFAS, what is the probability that the AFED water extent data are showing high 

water fraction values?’ Figure 5.4 from (Aghakouchak, Ciach and Habib, 2010) shows the 

correlation between dataset X1 and Y1 (a) and X2 and Y2 (b), where the correlation of both datasets 

is the same but the behaviour of the tails is different. With dataset X2 and Y2 (b) showing similar tail 

behaviour and X1 and X2 (a) showing no similarity between the tails. Tail dependency provides a 

description of the degree of association between concurrent extremes (AghaKouchak, Sellars and 

Sorooshian, 2013).  
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Figure 5.4 Datasets X1 and Y1 and X2 and Y2 have the same corrections, but the upper tail values 
are different, from (Aghakouchak, Ciach and Habib, 2010).  

Tail dependency is used in the financial sector, but it is less frequently employed in hydrology 

although there are applications  (Nazemi and Elshorbagy, 2012) (Aghakouchak, Ciach and Habib, 

2010) (Timmermans et al., 2019) (Weller, Cooley and Sain, 2012) (Kuhn et al., 2007). This chapter 

calculates tail dependency using the method described by Ledford and Tawn, (1996) and Ledford 

and Tawn, (1997). The coefficient of tail dependency is referred to as chi-bar. Chi-bar is the rate of 

association between two tails. When chi-bar has a value of one this means the tails are 

asymptotically dependent. If the value of chi-bar is larger than zero and smaller than one the tails 

are positively associated. Values of zero indicate that the tails are near independent and values 

below 0 to -1 show that the tails are independent. The more similar the tails are, the closer the chi-

bar value will be to plus one.  

The extRemes package in R Statistics provides a function which allows the tail dependency to be 

calculated. Chi-bar was calculated using the same gridded approach as described above for the 

correlation (Figure 5.1) and an example of a grid is presented as Figure 5.5 for at the Zambezi 

River (30.6E, 11.4S). It is important to note that the maximum chi-bar value from the grid chosen to 

represent tail dependency at a satellite gauging location, can be a different cell then the cell which 

has the maximum correlation value.  
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Figure 5.5 Chi-bar tail dependency between GloFAS modelled flow and AFED water extent data 
in a 30km grid to the north, east, south and west of the satellite gauge location point on the 
Zambezi river (30.6E, 11.4S).  

 

In order to calculate tail dependency a threshold needs to be set to select which bit of the 

distribution is the tail. This threshold is illustrated in Figure 5.4 by the red hashed line. This 

threshold needs to be high enough to make sure that only the tail of the distribution is included, but 

not so high that there are not enough data left to calculate tail dependency. There is no standard 

way to define where the tail starts, but one way to check if the selected data is the tail of the 

distribution is to see if it follows a generalised pareto distribution. This was found to be the case 

when using the 95th percentile (of the daily flows and water extent fraction) and upwards. Examples 

of the GloFAS and AFED water extent data fitting the generalised Pareto distribution are provided 

in Appendix B. The second aspect that was tested was the sensitivity of the chi-bar to the 

threshold. Appendix C shows a low sensitivity to the threshold, but the higher thresholds have 

lower chi-bar values. Therefore, this Chapter uses the 95th percentile as a threshold when 

calculating the tail dependency. In this Chapter the tail dependency was calculated using via the 

tail.dep() function in R statistics. 
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5.2.3. Finding relationship between correlation and catchment and climate 
characteristics (multiple linear regression models) 

There is evidence that model performance is dependent on climate and catchment characteristics, 

but these relationships are not straightforward (Nester et al., 2012a). Studies have found 

relationships between catchment size and model performance (Hellebrand and Van den Bos, 

2008) (Das et al., 2008) (Oudin et al., 2008) (Merz and Blöschl, 2004)  in arid climates are more 

difficult to model than in humid climates (Xiong and Guo, 2004) (Braun and Renner, 1992) (Lidén 

and Harlin, 2000) (Oudin et al., 2008). The work of Nester et al., (2012) shows that there is a 

relationship between an increase in model performance and catchment size, mean annual 

precipitation, mean annual runoff and the long-term ratio of snowfall and precipitation. In this 

chapter the correlations and tail dependency provide an indication of model performance. Where 

correlations and/or tail dependency are high, it is likely that both the GloFAS modelled flow and 

AFED water extent data are reliable. Linking these proxies of performance to catchment 

characteristic could provide an indication of GloFAS forecast reliability for different catchment 

types. 

Multiple linear regression models allow assessment of the relationship between one variable and a 

set of explanatory variables. The outcome of a multiple linear regression models is assessed using 

the R-squared value. The R-squared value shows how much of the variation in the Spearman rank 

correlation and/or the tail dependency chi-bar can be explained by the catchment variables. For 

example, if a multiple linear regression model between the Spearman rank correlation and the 

catchment size and the average annual precipitation yields an R-squared of 0.84, this means that 

84% of the variation of the correlation can be explained using catchment characteristics and 

precipitation. In this Chapter R Statistics (R Core Team, 2013) was used to model both the 

Spearman correlation and the tail dependency chi-bar to all possible combinations of catchment 

and climate characteristics.  

5.3. Data 

In order to calculate the correlation, tail dependency and to investigate if there is a relationship 

between GloFAS model performance and catchment and climate characteristics, the following data 

are required: 

1. GloFAS forecast river flows.  

2. EO-based water extent data (more details in Chapter 3.2).  

3. African locations suited to compare AFED water extent data and GloFAS modelled flow 

(Brakenridge et al., 2005).  

4. Catchment and climate characteristics from the GloFAS model.  

This section is split into four sections where each of these datasets are introduced.  
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5.3.1. GloFAS modelled river flow - reanalysis 

There are three GloFAS datasets available: archived forecasts, reanalysis and the reforecasts, 

more details are provided in Chapter 4 Section 4.2. The aim of this chapter is to examine whether 

GloFAS performance can be explained by the catchment and climate characteristics. Of these 

three GloFAS datasets, the GloFAS reanalysis dataset is most suited to examine GloFAS model 

performance (Harrigan, Zsoter, Alfieri, et al., 2020). This dataset uses a blend of observations and 

outputs from ECMWF weather forecasting models; and because it uses observations would be 

expected to give the best match to water extent data from the three available GloFAS datasets 

(archived forecasts, reanalysis and the reforecasts). In summary: this chapter uses the GloFAS 

Reanalysis version 2.0 for the time period 1998 to 2019. This dataset does not contain ensembles 

or forecast time periods. The dataset consists of daily river flow data at a 10 km by 10 km 

resolution.  

5.3.2. Locations suited to compare GloFAS reanalysis and water extent 
data 

Chapter 3 shows that the AFED water extent data is not suitable to be compared to river flow at 

every location. Locations that are best suited to compare water extent data from satellite 

observations to river flow data are locations where changes in discharge are accommodated by 

changes flow width of the river (Brakenridge et al., 2012). Work done by (Brakenridge et al., 2005) 

(Brakenridge and Kettner, 2012) provides 2583 global locations where significant variation has 

been measured in the surface water area of rivers. These locations are referred to as satellite river 

measurement sites or satellite gauging locations. Most previous work using these locations has 

focussed on relationships between water extent data from EO and gauged flow data. These 

locations have also been used for ungauged locations where water extent data from EO has been 

related to modelled flow data (Brakenridge et al., 2012)  (Zaji, Bonakdari and Gharabaghi, 2019). 

There are 387 satellite gauging locations in Africa. The satellite gauging locations are available to 

download from (Dartmouth Flood Obseratory and partnership, 2016). This chapter is limited to 

examining the correlations and tail dependency between GloFAS reanalysis and the water extent 

data at these locations as these locations give the highest probability that water extent data can 

pick up changes in discharge. Figure 5.6 shows the 387 satellite gauging locations for Africa.  
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Figure 5.6 Overview of satellite gauging locations, data from Dartmouth Flood Obseratory and 
partnership 2016.  

 

5.3.3. Catchment characteristics used in the GloFAS model 

The second research questions posed was to investigate the relationship between locations with 

higher correlations and tail dependency and catchment and climate characteristics. The catchment 

and climate characteristics have been limited to those used within the GloFAS model and annual 

total precipitation. These catchment and climate characteristics are listed below with more details in 

Table 5-1 :  

1. Geopotential 

2. Slope of sub-grid scale orography 
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3. Land-sea mask 

4. Type of low vegetation cover and ratio of Low vegetation cover 

5. Type of high vegetation cover and High vegetation cover 

6. Soil type 

7. Catchment area 

8. Mean annual precipitation. 

Data for the catchment characteristics have been collected from the Meteorological Archival and 

Retrieval System (MARS) from ECWMF (ECMWF and MARS, 2020). The topographic, vegetation 

and soil characteristics are taken from HTESSEL which is land surface model used within the 

GloFAS model (more information on the model GloFAS setup in Chapter 2 Section 2.2.1). The 

catchment area is available under the GloFAS section in MARS. Mean annual precipitation has 

been chosen to represent climate characteristics because previous studies have shown it to be the 

main climate variable controlling flooding (Dal Molin et al., 2020). Gridded annual average 

precipitation has been used from (Willmott, Matsuura and Legates, 1998).  

An overview of the catchment and climate characteristics is available as Table 5-1 and maps are 

presented in Figure 5.7 and Figure 5.8. Please note that all catchment and climate characteristics 

have been kept in the original units as available from the MARS archiving system.   

Table 5-1 Catchment and climate characteristics from the GloFAS model.  

Catchment and climate 

characteristics  

Data description Source 

Topographic characteristics 
Geopotential has been used to represent the 

catchment altitude, also referred to as the 

orography. Geopotential height is the gravity 

adjusted height, referenced to earth mean 

sea level. This dataset is in m2/s2. Resolution 

is at 1º (~111km by 111km). 

(ECWMF and 

MARS, 2020a) 

 Slope of sub-gridscale orography 

represents the slope of valleys, hills and 

mountains. A flat surface has a value of 0, 

and a 45 degree slope has a value of 0.5, 

values are provided per grid cell. Resolution 

is at 1º (~111km by 111km). 

(ECWMF and 

MARS, 2020e) 

 Land-sea mask the proportion of a grid cell 

(between 0-1) that is taken up by land, as 

opposed to ocean or inland waters, which can 

be lakes, reservoirs, rivers and coastal 

waters. Resolution is at 1º (~111km by 

111km). 

(ECWMF and 

MARS, 2020c) 

Vegetation characteristics, 

based on the Global Land 

Cover Characteristics 

(Loveland et al., 2000) 

Type of low vegetation cover is a numeric 

value which represents: crops and mixed 

farming, irrigated crops, short grass, tall 

grass, tundra, semidesert, bogs and marshes, 

evergreen shrubs, deciduous shrubs, and 

(ECWMF and 

MARS, 2020h) 
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Catchment and climate 

characteristics  

Data description Source 

water and land mixtures. Resolution is at 1º 

(~111km by 111km). 

 Low vegetation cover is the proportion of a 

grid cell (0-1) that is covered by any of the 

types of vegetation listed in types of low 

vegetation. Resolution is at 1º (~111km by 

111km). 

(ECWMF and 

MARS, 2020d) 

 Type of high vegetation cover is a numeric 

value which represents: evergreen needleleaf 

trees, deciduous needleleaf trees, deciduous 

broadleaf trees, evergreen broadleaf trees, 

mixed forest/woodland and interrupted forest. 

Resolution is at 1º (~111km by 111km). 

(ECWMF and 

MARS, 2020g) 

 High vegetation cover is the proportion of a 

grid cell (0-1) that is covered by any of the 

types of vegetation listed in types of high 

vegetation. Resolution is at 1º (~111km by 

111km). 

(ECWMF and 

MARS, 2020b) 

Soil characteristics Soil type represents the soil texture of the 

root zone (30-100 cm below the surface) and 

consists of numeric values that represent: 

coarse, medium, medium fine, fine, very fine, 

organic and tropical organic. Resolution is at 

1º (~111km by 111km). 

(ECWMF and 

MARS, 2020f) 

Catchment area 
Surface water catchment area in km2. 

(ECWMF, 

2020) 

Climate characteristics Gridded global mean annual precipitation 

gridded data dataset from 26,858 precipitation 

gauges at 0.5º (~55.5km by 55.5km) 

resolution. (This is the average annual rainfall 

per grid cell) 

(Willmott, 

Matsuura and 

Legates, 1998)  
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 Figure 5.7 Vegetations characteristics.  
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Figure 5.8 Topographic, soil and precipitation characteristics.  
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5.4. Results 

The results section has been split into three, following the three hypotheses from the introduction 

(Section 815.1). The first section presents the correlations between GloFAS reanalysis and AFED 

water extent data using the Spearman rank correlation coefficient. The second section presents the 

similarity for the high flows, which was calculated using the tail dependency method and is shown 

as the rate of association, chi-bar. The third section describes if multiple linear regression models 

have found any relationships between the correlations, chi-bar and the catchment and climate 

characteristics.  

5.4.1. What is the correlation between the GloFAS reanalysis and the 
AFED water extent data 

The Spearman rank correlation between the daily GloFAS reanalysis flow and the AFED daily 

water extent data for the 387 satellite gauging locations range between 0.84 and -0.12. Of these 

the majority (73%) have a low positive correlation with values between zero and 0.5, 19% have a 

medium positive correlation with values between 0.5 and 0.8, five locations (1%) have a high 

positive correlation with values between 0.8 and one. Seven percent show no correlation (values 

below zero), details provided in Table 5-2 and a map provided in Figure 5.9.  

The average Spearman Rank correlation coefficient on the Africa continent is 0.33 and the 

maximum correlation coefficient is 0.90 in the Barotse floodplains of the Zambezi River.  

Table 5-2 Summary of Spearman Rank correlation and Tail dependency.  

Categories % of values correlation 

No correlation with values between <0 and -1 7% 

Low correlation with values between 0- < 0.5  73% 

Medium correlation with values between 0.5- < 

0.8 

19% 

High correlation with values between 0.8 – 1.0 1% 
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Figure 5.9 Maps of Spearman rank correlation between the daily GloFAS daily reanalysis and 
the daily AFED water extent data, at the 387 Satellite gauging locations.   

 

Figure 5.10 shows the results in more detail at the 10 locations with the highest and lowest 

correlation coefficients The locations with high correlation coefficients are located exclusively in 

sub-Saharan Africa.  

The locations with the highest correlation coefficients are clustered in two regions (Figure 5.10). 

The first region is the upstream section of the Zambezi River, upstream of Lake Kariba, with five 

points located on this stretch of river. This region is referred to as the Barotse plains which is a 

wetland and is located upstream of major dams. There is a sixth point close to this cluster which is 
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located on the Okavango River on the north side of the Okavango Delta, a swampy inland delta in 

Botswana. The second cluster in Figure 5.10 has three points that are locations in the north of the 

Bangweulu Wetlands, which is region covered with floodplains, seasonally flooded grasslands, 

woodland and permanent swamps. There is one point in (Figure 5.10) which is not located in either 

of the two clusters, which is in Madagascar. This point is located on the Ikopa river on the outskirts 

of the capital Antananarivo.   

The 10 locations with the lowest correlation coefficients are much more spread out and include 

locations in the Sahara and north of the Sahara. The locations in and around the Sahara are at an 

oasis (Tamarasset), seasonal rivers (Dallol Bosso) and Takargout. There are two locations near 

the coast (Saint John River and Menarandra River). There are two locations close to dams or in a 

river where the natural flow in heavily influenced by human interference, these are the White Volta 

in near the Toécé  Dam and the Albert Nile. The point on the Luwegu River is located at the 

confluence of the Mkuju River and Luwegu river in the Selous Game Reserve. The last point is the 

Cuatir River, a small upstream catchment of the Okavango River catchment.  
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Figure 5.10 Detailed maps of the 10 locations with the highest and 10 locations with the lowest 
correlation coefficients between the GloFAS daily reanalysis and the daily AFED water extent data.  

 

Table 5-3 and Table 5-4 provide a summary of all of the 20 locations with the highest and lowest 

correlations as shown on the maps in Figure 5.10 and include values of the correlation coefficient. 

The highest correlation coefficients are found in wetland regions, marshes and floodplains. The 

lowest correlation coefficients are found in desert regions and adjacent to dams or rivers with 

heavy human influence.  
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Table 5-3 The ten locations with the highest correlation coefficients.  
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Zambezi River 1, 

Angola 

0.85 0.49 1241 40090 Wetlands (Barotse plains) 

Zambezi River 2, 

Zambia 

0.88 0.60 983 211393 Wetlands (Barotse plains) 

Zambezi River 3, 

Zambia 

0.90 0.53 961 276915 Wetlands (Barotse plains) 

Zambezi River 4, 

Zambia 

0.89 0.60 814 294562 Wetlands (Barotse plains) 

Zambezi River 5, on the 

border of Zambia with 

Namibia 

0.84 0.65 711 331689 Wetlands (Barotse plains) 

Okavango River, 

Botswana 

0.84 0.51 590 228089 Inland river delta (wetlands) 

Chambeshi River 1, 

Zambia 

0.81 0.40 1407 2887 Wetland region 

Chambeshi River 2, 

Zambia 

0.82 0.39 1376 1324 Wetland region 

Chambeshi River 3, 

Zambia 

0.88 0.58 1230 49544 Wetland region 

Ikopa river, Madagascar 0.80 0.58 1483 3295 Urban location 
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Table 5-4 - The 10 locations with the lowest correlation coefficients. 
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Tamarasset 1, Algeria 0.003 -1.00 42 11492 Desert location (oasis) 

Tamarasset 2, Algeria 0.005 -1.00 52 5838 Desert location (oasis) 

Dallol Bosso, Mali 0.012 -1.00 348 119 Desert location (seasonal 

rivers) 

Takargout, Niger 0.013 -0.04 556 46041 Desert location 

White Volta, Burkina 

Faso 

0.001 -1.00 868 20542 Close proximity to dam 

Saint John, Liberia 0.011 -0.16 2986 15383 Close proximity to coast, 

(67km) 

Albert Nile, Uganda -0.024 -0.27 1255 420294 Heavy human influence on 

flow regime 

Luwegu River, Tanzania -0.025 0.07 1550 23900 River confluence point 

Cuatir River, Angola -0.011 -0.04 605 10728 Tributary of the Okavango 

River catchment. 

Mearandra River, 

Madagascar 

-0.005 -0.16 475 7525 Close proximity to coast 

5.4.2. Tail dependency 

The tail dependency chi-bar value shows that 57% of locations have a low positive association 

(between zero and 0.5), 27% have a medium positive association (between 0.5 and 0.8), no 

locations have a high positive association (between 0.8 and one) or asymptotic dependency. 

Sixteen percent show no association or independence (between 0 and -1), details are provided in 

Table 5-5 and mapped in Figure 5.11. Overall the GloFAS reanalysis and AFED water extent data 

show little similarity on the African continent, either as correlation of the whole timeseries or when 

assessing the upper tails of the distribution. 
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The average tail dependency chi-bar on the African continent is 0.29, with the maximum tail 

dependency chi-bar of 0.77 at Lake Kambele in the Congo River catchment. 

Table 5-5 The tail dependency of GloFAS reanalysis and AFED water extent data for Africa.  

Categories % of values tail dependency (chi-bar) 

No association with values between <0 and -1 16% 

Low association with values between 0- < 0.5  57% 

Medium association with values between 0.5- < 0.8 27% 

High association with values between 0.8 – 1.0 0% 
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Figure 5.11 Maps of tail dependency (chi-bar) between GloFAS daily reanalysis and AFED water 
extent data, at the 387 Satellite gauging locations.  

 

Figure 5.12 shows the results in more detail at the 10 locations with the highest and lowest tail 

dependency (chi-bar). The locations with high chi-bar values are located exclusively in sub-

Saharan Africa.  

The locations with the highest degree of association (high chi-bar values) are located in two 

clusters. There is no overlap between the clusters with the highest correlation coefficients. The first 

cluster in Figure 5.12 is located in Zambia and South Congo. The most norther point (Lake 
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Kambele) in this cluster is on the Congo river in the Upemba Depression (Kamalondo Depression) 

which is a large marshy regions with approximately 50 lakes with a total approximate area of 18000 

km2. The other two points in this cluster are on the Kafue River, one close to the Lukanga Swamp, 

the other on the flooded grasslands of the Blue lagoon national park. The second cluster of points 

are in Mozambique. The most northern point of this cluster is on the Limpopo River in Bahine 

National Park which is an extensive inland wetland (~6600 km2). The other three points are on the 

Komati River, located approximately 75km upstream of the coast before it discharges into to Indian 

Ocean at Maputo. A further three points are in Madagascar. The first is on the Betsiboka River, in a 

tropical climate just south of the Ankarafantsika National Park. The other two points are in the Sofia 

River catchment, both of which are close to small lakes.  

There is overlap between the locations with the lowest correlation coefficient and the locations with 

the lowest tail dependency chi-bar. These are Tamarasset, Dallo Bosso and Barrage Oumarou 

(Toécé  Dam). There are a further two locations close to dams. These are Ziga dam in Burkina 

Faso, which provide water to the capital Ouagadougou and Toshka Lakes and close to Lake 

Nasser (Aswan High Dam). The remaining locations with a low tail dependency (chi-bar) are: 

• The Niger River is close to the city of Gao. The Niger flow regime is at Gao is influenced by 

upstream dams and characterised by annual flooding.   

• The Gorouol (or Béli River) is a tributary of the Niger.  

• Adrar Allaban is located in the deserts of North Mali.  

• Khatt El Toueirja River, in Mauritania located in the Sahara Desert, close to the coastal capital 

city of Nouakchott.  
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Figure 5.12 Locations with highest and lowest chi-bar.  

 

Table 5-6 and Table 5-7 provide a summary of all of the 20 locations with the highest and lowest 

tail dependency and include the chi-bar values. These tables offer some insights into where the 

highest similarities and differences are for the high flows. The highest tail dependencies (chi-bar) 

are found in wetlands regions, marshes and floodplains. The lowest tail dependencies (chi-bar) are 

found in desert regions and close to dams. This is similar to where the highest and lowest 

correlations coefficients were found. The average chi-bar value for the 10 locations with the highest 

correlation coefficient is 0.53, which is higher than the African average of 0.29, but substantially 

lower that the average of the top 10 highest chi-bar values (0.72). Table 5-4, Table 5-6 and Table 

5-7 show that the highest correlation coefficients have an above average chi-bar value. However,  
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Table 5-3 shows that the Chambeshi River (northeastern Zambia) has a high positive correlation of 

0.82 and a low positive association (chi-bar) of 0.39. The same is true the other way around. For 

the highest tail dependencies, the average correlation coefficient is 0.58, which is above the African 

average of 0.33, but below the average for the top 10 correlation coefficients (0.87). This implies 

that the highest chi-bar values have an above average correlation coefficients. However, there are 

locations, shown in Table 5-6, where a high positive association has a corresponding low positive 

correlation, for example on the Incomati River. This means that the behaviour of the tails can vary 

compared to the behaviour of the data as a whole (as shown in Figure 5.4), but in the majority of 

cases a higher correlation coefficient is associated with higher chi-bar values.  

Table 5-6 The 10 locations with the highest tail dependency (chi-bar).  
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Lake Kabele (Congo 

River), Congo 

0.65 0.70 1213 64441 Marshy regions with 

approximately 50 lakes 

Kafue River 1, 

Zambia 

0.70 0.67 936 35623 Lukanga Swamp 

Kafue River 2, 

Zambia 

0.63 0.69 855 119943 Flooded grasslands 

Limpopo River, 

Mozambique 

0.46 0.63 536 20726 Inland wetland 

Incomati River 1, 

Mozambique  

0.48 0.65 810 388820 Coastal region 

Incomati River 2, 

Mozambique 

0.42 0.69 776 42037 Coastal region 

Incomati River 3, 

Mozambique 

0.41 0.66 776 36139 Coastal region 

Betsiboka River, 

Madagascar 

0.71 0.64 1594 12485 Hot tropical climate, tropical 

savannah 

Sofia River 1, 

Madagascar 

0.68 0.63 1604 11580 Hot tropical climate, tropical 

savannah 

Sofia River 2, 

Madagascar 

0.67 0.60 1581 8357 Hot tropical climate, tropical 

savannah 
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Table 5-7 The 10 locations with the lowest tail dependency (chi-bar).  
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Tamarasset 1, Algeria 0.003 -1.00 42 11492 Desert location (oasis) 

Tamarasset 2, Algeria 0.005 -1.00 52 5838 Desert location (oasis) 

Khatt El Toueirja, 

Mauritania 

0.002 -0.33 108 7122 Desert location (coast) 

Adrar Allaban, Mali 0.035 -1.00 113 15796 Desert location (North Mali) 

Niger River (at Gao), 

Mali 

0.017 -1.00 182 1548 Dry location with annual 

flooding 

Dallo Bosso River, 

Mali 

0.012 -1.00 348 119 Desert location (seasonal 

rivers) 

Gorouol River, Niger 0.031 -1.00 461 43322 Tributary of the Niger 

Barrage Oumarou, 

Burkina Faso 

0.016 -1.00 722 8090 Close proximity to dam 

Barrage Ziga, Burkina 

Faso 

0.001 -1.00 868 20542 Close proximity to dam 

Toshka Lakes (Nile), 

Egypt 

0.240 -1.00 1.2 13345 Close proximity to dam 

 

5.4.3. Can catchment and climate characteristics explain the variation in 
tail dependency and correlation? 

Connections between locations with higher degrees of correlation and chi-bar and catchment or 

climate characteristics were sought to see if the findings of correlation and chi-bar association can 

be extrapolated to other places than the satellite gauging locations,. The map in Figure 5.9 and 

Figure 5.11  shows that the locations with higher correlation and tail dependency are often located 

in the wetter regions of Africa.  

Table 5-3 and Table 5-6 show that highest correlations and chi-bar values are often found in 

wetland areas and some of the lowest chi-bar and correlations have been found in the Sahara 
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desert. This in an indication that correlation and tail dependency related to catchment and climate 

characteristics. Linking GloFAS reanalysis performance to catchment and climate characteristics 

would potentially provide an indication of GloFAS forecast reliability for different catchment types. 

This could provide an indication of performance for locations which are not covered by the satellite 

gauging locations or flow gauges. Figure 5.13 and Figure 5.14 show the relationships between the 

correlation and chi-bar and the separate catchment and climate characteristics which were 

quantified as continuous variables as opposed to categories (details on the catchment and climate 

characteristics is in section 5.3.3.). Vegetation type and soil type are both categorized datasets and 

are not included in Figure 5.13 and Figure 5.14. Figure 5.15 and Figure 5.16 have taken all of the 

catchment and climate characteristics and either kept them as categories or split them into five 

categories with each category containing the same number of data points. These are then plotted 

against the correlation and chi-bar.  

Relationship between Spearman correlation and catchment and 

characteristics 
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Figure 5.13 Correlation coefficient and catchment/climate characteristics.  

 

Relationship between Chi-bar and catchment and characteristics 
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Figure 5.14 Chi-bar and catchment/climate characteristics.  
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Relationship between correlation and categorised catchment characteristics 
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Figure 5.15 Correlation coefficient and catchment/climate characteristics as categories.  

 

Relationship between chi-bar and categorised catchment and climate 

characteristics 
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Figure 5.16 Correlation coefficient and catchment/climate characteristics as categories.  

 

Figure 5.13 to Figure 5.16 show that, with the exception of precipitation, no other single catchment 

characteristic has a relationship with either the correlation or tail dependency. Especially in the 

categorised plots (Figure 5.15 and Figure 5.16) the  pearman’s ran  corelation coefficient is higher 

for areas with higher precipitation. This relationship also visible for chi-bar, however not so strongly. 

A multiple linear regression model was used to examine the relationship between the model 

correlation and tail dependency and combinations of catchment characteristics. The multiple linear 

regression model was tested for all possible combination of catchment characteristics (1024). The 

models with the highest R-squared values are presented in Table 5-8, where the colour green 

indicates that a catchment characteristics has been used in the model and the * indicates the 

significance (p-value) of the catchment characteristics. A low p-value means that the catchment 

characteristic is likely to be significant to the model. P-values above 0.5 are not significant to the 

model. In Table 5-8 the p-values are indicated using *, where a p-value between 0 and 0.001 is ***, 

0.001 and 0.01 is **, 0.01 and 0.05 is * and >0.05 is left empty. Both of these models use all of the 

catchment variables, however not all of them are significant. The model relating the correlation 

coefficient to the catchment and climate characteristics has a R value of 0.14, which means that 

approximately 14% of the variation in the correlation coefficient can be explained by the catchment 

and climate characteristics. The model relating the tail dependency (chi-bar) to the climate and 

catchment characteristics has a R values of 0.15, which means that approximately 15% of the 

variation in the tail dependency can be explained by the catchment characteristics. None of the 

tested catchment characteristics or any combination of them can explain the correlation or the tail 

dependency of the GloFAS reanalysis and AFED water extent data.   
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Table 5-8 Results of the multiple linear regression model.  
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Correlation 0.14  **    *** ***   * 

Tail 

dependency 

0.15   *** *** ***      

 

5.5. Discussion 

This Chapter provides a novel comparison of AFED water extent data with GloFAS reanalysis flow 

data for the African continent. For the first time this allows ungauged locations to be assessed on a 

continental scale in Africa. To compare AFED water extent data to GloFAS reanalysis the 

Spearman Rank Correlation has been used. Tail dependency (chi-bar) has also been calculated to 

make the comparison more relevant to flooding. This Chapter uses multiple linear regression 

models to explore the role of catchment and climate characteristics in explaining the variation in the 

correlation and tail dependency between GloFAS reanalysis flow data and AFED water extent data.  

The lack of correlation of the upper tails (chi-bar) of GloFAS reanalysis and AFED water extent is 

consistent with the low skill scores for GloFAS reanalysis found in Africa in previous research. The 

skills assessment done by Hirpa et al., (2018) found low skill on majority of the African continent. In 

addition to this large systematic positive biases have been found in the drier regions of Africa 

(Harrigan, Zsoter, Alfieri, et al., 2020). Comparing the correlation between observed flow and 

GloFAS reanalysis from Harrigan et al., (2020) to the correlation at the satellite gauging locations in 

this Chapter shows that the locations with high correlation are often located in the same regions but 

because the satellite gauging locations are not located at the same place as the flow gauges it is 

not possible to compare like for like. However the pattern that was found was similar. The drier 

regions of Africa seem to have the lowest skill performance in (Harrigan, Zsoter, Alfieri, et al., 2020) 

and Hirpa et al., (2018), which is reflected in this Chapter which has found that the ten lowest 

correlation coefficients and tail dependency chi-bar scores are often located in the drier regions in 

Africa. It is well accepted that dry climates are more difficult to model than humid climates (Pilgrim, 

Chapman and Doran, 1988) (Yatheendradas et al., 2008a) (Nester et al., 2011) and this Chapter 

supports these findings.  

This Chapter looks at the correlation and association of the upper tails of the GloFAS reanalysis 

flow and the AFED water extent data. When the correlation is high it is likely that both AFED water 

extent data and GloFAS reanalysis have been able to represent what has really happened. When 
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there is low correlation it is possible that either or both GloFAS reanalysis and AFED water extent 

data are misrepresenting reality. Using the satellite gauging locations has reduced the likelihood of 

the AFED water extent data misrepresenting reality, but there is uncertainty in both GloFAS 

reanalysis and the AFED water extent data. The GloFAS reanalysis could be unable accurately to 

represent the river flow because: 

• Hydrological processes are too complex for the global model to capture, for example in 

catchments with complex groundwater systems, lakes and wetlands (Wu et al., 2012).  

• Anthropogenic changes in the river which are not represented by the model. This chapter 

shows that the locations where correlations are low include places close to dams. The GloFAS 

model does not include dams or dam operation in the model.  

• GloFAS version 2 has been calibrated to increase performance, but limited gauged data in 

Africa means that most of the GloFAS model for this region remains uncalibrated (Hirpa et al., 

2018).  

• Uncertainties in the rainfall and land surface model (ECMWF-ENS and HTESSEL), for example 

real time land data assimilation in the HTESSEL land surface model has been shown to cause 

large biases (Zsoter et al., 2019).  

The EO-based AFED water extent may not be able to capture changes in river flow owing to: 

• Changes in river flow that do not result in changes of the river surface area that are measurable 

from space. In this case the water extent data cannot capture the behaviour of the river. This 

could be the case for some of the satellite gauging locations where there are only very low 

water extent fractions and long periods of no water extent. However, this only explains a small 

proportion of the locations where the correlation and/or chi-bar is negative or near zero.  It 

remains a challenge to uncover the cause of is the low correlation without gauged flow data, 

especially on a continental scale. 

• Issues in the processing of the water extent data. The complex process of processing the water 

extent data could lead to water extent fractions being unnecessarily being reduced or 

smoothed (AER, 2017). The water extent fraction is calculated as a variation from the long-term 

average (section 3.2). Changes in for example, land use can influence the representativeness 

of the long term average and increase the uncertainty of the water extent data.  

The lack of relationship found in the multiple linear regression models does not necessarily mean 

there is no relationship between catchment and climate characteristics. The work of (Nester et al., 

2011) shows that catchment and climate characteristics are related to model performance, but 

these relationship are not always apparent. The reason why these relationships were not apparent 

in this Chapter could be due to the nature of and uncertainty in the AFED water extent data. More 

research into optimising the satellite gauging locations specifically for the AFED water extent data 

could further reduce this uncertainty. A second factor that could be making it difficult to see a 

relationship between GloFAS reanalysis performance and catchment and climate characteristics is 

anthropogenic influences in rivers which are not reflected in the GloFAS model. More research 

could be done into reducing the uncertainty of GloFAS reanalysis by for example prioritising 
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locations where river flow is largely undisturbed. Alternative catchment characteristics and climate 

characteristics to those presented in this chapter could be explored further to discover if variation in 

correlation can be explained by these catchment and climate characteristics. Another direction that 

further research could take is look into using catchment types instead of catchment characteristics, 

following the work of Van Loon and Laaha (2015).   

5.6. Conclusions 

This Chapter aimed to answer research question 2 (RQ2) : Is there a relationship between the 

correlation of GloFAS and the water extent data and catchment and climate characteristics 

from the GloFAS model? 

Overall, on the African continent the GloFAS reanalysis flows and AFED water extent data are not 

well correlated with 80% of the 387 satellite gauging locations having a Spearman rank correlation 

coefficient below 0.5. There are locations where there is a high degree of correlation with 

correlation coefficients reaching 0.8 and higher, but this only at 1% of the satellite gauging stations.  

Tail dependency (chi-bar) was used to calculate the similarity of the upper tails of the GloFAS 

reanalysis flows and the AFED water extent data. The majority of locations have a low association 

with 73% of satellite gauging locations showing chi-bar values lower than 0.5. There are no 

locations with high association as all chi-bar values are below 0.8.  

For the majority of cases the level of correlation is reflective of the level of chi-bar, but there are 

locations where the strength of the correlation coefficient is not reflected in the tail dependency e.g. 

locations with a high correlation coefficient and a low chi-bar or visa-versa. In these locations the 

tail dependency can provide useful additional information because the Spearman rank correlation 

could give a wrong impression of the similarity during high flow periods.  

Out of the 10 catchment and climate characteristics only average annual precipitation has any 

association with the correlation coefficient and the tail dependency. However, it is not possible to 

find evidence of any single or combination of the 10 catchments and climate characteristics 

explaining the variation in the correlation coefficients and tail dependency chi-bar, using a multiple 

linear regression model.  

The answer to the research question is: no evidence was found that land use and climate 

characteristics tested in this chapter affect the correlation between GloFAS daily reanalysis flows 

and AFED water extent data. The lack of correlation and tail dependency found between the 

GloFAS reanalysis and AFED water extent data can reflect uncertainties and issues in both 

datasets, which was explored further in the discussion. The results from this chapter can be used 

as an indication of the reliability of the GloFAS reanalysis and the AFED water extent data at 

satellite gauging locations. Locations have been uncovered where there are strong correlations and 

high chi-bar associations. This indicates that both the GloFAS reanalysis and the AFED water 

extent data are reliable at these locations. Other locations have been found with low correlations 

and chi-bar association. Both the GloFAS reanalysis and AFED water extent data should be used 

with care at these locations. The locations with low correction and chi-bar association can also be 
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used to guide future research into improving the reliability of both the GloFAS model and the AFED 

dataset.  
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6. Assessing the value of GloFAS forecasts in 
an ungauged catchment in Uganda  

6.1. Introduction 

The Akokoro River catchment is located in the Teso region in Eastern Uganda, and flows through 

the districts of Kotido, Abim, Katakwi and Soroti. This was one of the first locations where a 

forecast based financing system was initiated as pilot project (Stephens et al., 2015). Several flood 

events have struck the Teso region of Uganda, as it was gradually resettled in the 1990s and 

2000s after regional conflict subsided (Coughlan de Perez et al., 2016).  Flooding had made roads 

impassable, resulted in loss of crops, caused outbreaks of waterborne disease and the collapse of 

houses and latrines (Coughlan de Perez et al., 2016). The Uganda Red Cross Society has a 

mandate to respond to reported flooding and provide flood relief, such as post disaster shelter and 

relief items, to the affected population (Jongman, Coughlan de Perez, et al., 2015). Forecast based 

financing flood alerts using GloFAS forecasts were operationalized in mid-2015, using extreme 

values of forecasted discharge as a proxy for the river breaching its banks (Coughlan de Perez et 

al., 2016). According to this research false alarm rates were kept below 25%. The flood response 

actions that a GloFAS flood alert was used to trigger in the Uganda forecast based financing pilot 

were: 

1. Water storage and purification in the form of the distribution of jerry cans, soap and a 30-

day supply of chlorine tablets to vulnerable households. Action lifetime is 30 days. Action 

life time is defined as “ the period of time after the action is completed during which if offers 

preparedness or protection form the e treme event.” (Coughlan de Perez et al., 2016).  

2. Improving drainage including digging trenches around homes to divert water. Action 

lifetime: 90 days.  

3. Food storage in the form of placing vulnerable items in bags and moving them  to storage 

facilities on high ground. Action lifetime: 30 days.  

The forecast recipients in Uganda indicated during a workshop they have a willingness to act in 

vain 50% of the time (Jongman, Coughlan de Perez, et al., 2015) (Coughlan de Perez et al., 2016) 

. Hence up to 50% of GloFAS forecasts can be false alarms without affecting people’s willingness 

to act. If these requirements are met, then the forecast is able to provide benefits to the forecast 

recipients and can help the user make a better decisions.  

The original assessment (Coughlan de Perez et al., 2016) of GloFAS forecast quality was limited at 

the time by the short length of available GloFAS forecasts (six years) and a lack of reliable gauged 

data to compare the forecasts with. Since 2016 a new version of GloFAS has been available 

offering reforecasts going back 21 years. This chapter aims not only to use the longer GloFAS 

forecast to re-assess GloFAS forecast performance for the Akokoro River, but to also include other 

sources of available data. This other data sources include recorded flood events from DesInventar 

which is a global flood database prepared by the UN, flood records from FloodTags, a bespoke 

flood event database service which uses online sources to compile flood information on a local 
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scale and the African Flood Extent Depiction (AFED) dataset which is observed water extent data 

from EO. Comparing all these available sources of data to the modelled river flow from GloFAS is 

challenging as these data are not necessarily commensurate (meaning the data are not directly 

comparable because they are not of the same size, extent or duration). Methods to compare 

forecast flow to non-gauged flood data are limited, as pointed out in Chapter 2 Section 2.4.1. This 

chapter aims to develop a method that utilises all flood data available in this ungauged catchment 

to provide an assessment of GloFAS model performance. This Chapter explores research 

question 3 (RQ3):  

RQ3 For the ungauged Akokoro catchment in Uganda, how well do the GloFAS forecasts 

correspond to flood data available from all sources? 

To answer this question the following more detailed research questions if answered first: 

RQ3.1 Is the forecast based financing requirement for the performance of GloFAS flood forecast 

met in the Akokoro catchment? 

The first Sections in this Chapter provide background information on the Akokoro River catchment 

and the available data. A method is then presented that allows water extent data to be compared to 

a river forecast. The results are then presented followed by a discussion and conclusions.  

6.2. Catchment description 

Uganda is in East Africa bordering Kenya, South Sudan, Democratic Republic of the Congo, 

Rwanda and Tanzania. Uganda is landlocked and is located on the East African Plateau which is 

constrained by the Western and Eastern rift valleys.  An overview map is shown in Figure 6.1. The 

hydrology in Uganda is dominated by lakes including Lake Victoria, Lake Kyoga, Lake Edward and 

Lake Albert. The Akokoro catchment is part of the Lake Kyoga catchment. Lake Kyoga is relatively 

shallow  consisting of open water and papyrus swamps (Brown and Sutcliffe, 2013). From Lake 

Kyoga the water flows via the Kyoga Nile toward Lake Albert and via the Albert and White Nile into 

South Sudan (Figure 6.1). The eastern region of Uganda flows towards Lake Kyoga and the 

Northern region of Uganda drains north westwards towards the White Nile. The level in Lake 

Kyoga, which the Akokoro River drains into, depends mainly on the Victoria Nile, which originates 

at the only outlet of Lake Victoria (Figure 6.1). The water levels of both the river and lake are 

regulated by the Nalubaale Dam (also referred to as Owen Falls Dam), located at Jinja (Uganda). 

Increased power demands led to the construction of a second dam at Jinja called Kiira in 2000 

(Kull, 2006). This resulted in more water being released from Lake Victoria and consequent falls in 

the lake levels (Vanderkelen, Van Lipzig and Thiery, 2018). However, there is a lack of exact 

information about the dam releases, dam operations and river flows (Kull, 2006).  

Uganda lies on the equator and its climate can be categorised as tropical with a bimodal rainfall 

regime. The wet seasons are in March to May and September to November. The wet seasons can 

be moderated by coastal and topographic influences (Mutai, Ward and Colman, 1998). The Indian 

Ocean circulation dipole events are associated with above-average and sometimes extreme rainfall 

from October to December, which led to for example to the 1961 and 1997 flood events, which 

affected the area between 5-10ºN and 10ºS and from at least 25º E to the Indian Ocean, this 
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includes the whole of Uganda, Kenya, Rwanda, Burundi, Tanzania, the majority of South Sudan, 

the south of Ethiopia and the east of the Democratic Republic of the Congo (Conway et al., 2005). 

Highest rainfall accumulations are found around Lake Victoria (2000mm/year) and lowest rainfall 

accumulations in the Northern and Eastern parts of the country (600mm/year). 

 

 

Figure 6.1 Surface water map for Uganda.  

 

The Uganda Red Cross Society uses GloFAS flow forecasts in North-Eastern Uganda in the Lake 

Kyoga catchment. Tributaries such as the Akokoro River are mostly too small to have an major 

impact on Lake Kyoga’s water levels (MWE, 2014).  The north eastern part of the Akokoro River 

catchment has a semi-arid unimodal rainfall regime, with the wet season taking place from April to 

October.  The regions closer to Lake Victoria are wetter and have a bi-model regime, with wet 

seasons from May to March and September to December. The hydrological year book of Uganda 

(MWE, 2014) describes the topography of the Lake Kyoga catchment as mostly flat with the 

exception of high mountains in the east (Mount Elgon with a height of 4321 metres above sea 

level), and the semi-arid zone in the north-east. The centre of the Kyoga catchment is 

characterised by Lake Kyoga which is surrounded by an extensive system of seasonal and 

permanent wetlands.  The types of flooding that are described in the hydrological yearbook in this 
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region include flooding due to runoff from the mountain slopes in the east and the backwater effect 

from Lake Kyoga in the south west. The semi-arid zone in the north-east of the catchment is mainly 

used for raising livestock. Land degradation and high soil erosion rates are an issue owing to a 

combination of poor vegetation and seasonal rains.  Between the lower lying wetlands in the centre 

of the catchment and the flashy mountain catchments, the rivers in the Lake Kyoga catchment 

have a large diversity in their flow regimes. The Akokoro River flows from north to south in the 

western part of the catchment and runs through the administrative regions of Kotido, Abim, Amuria, 

Katakwi and Soroti. Lake Bisina joins the Akokoro river before it discharges into Lake Kyoga 

(Figure 6.2). The catchment area draining to the forecast assessment point (1.75ºN, 33.8ºE) is 

13,356 km2.  

 

 

Figure 6.2 Location at which GloFAS flood forecasts were assessed.  

6.3. Data and model 

This Chapter aims to find whether GloFAS forecast flows are of value for the ungauged Akokoro 

River catchment. To achieve this the GloFAS reforecast flow data was compared to data on 

historical flood events such as the EO-based African Flood Extent Depiction (AFED) water extent 

data and flood event information from FloodTags and DesInventar. An overview of the spatial and 

temporal details of each of these datasets is provided in Table 6-1. The version of GloFAS which 

was used for this work was the GloFAS version 2.0 reforecast data, released in November 2018. 

This is because the reforecasts are the closest to the operational forecast, with the advantage of 
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having a longer time series available compared to the archived forecast. Section 4.2.1 from 

Chapter 4 provides the definition of a reforecast is and how they are setup within the GloFAS 

model. The forecast frequency of the GloFAS reforecast is twice weekly. In order to increase the 

temporal resolution to daily, previous forecasts can be used to fill in the gaps, this is explained in 

detail in Chapter 4, Section 4.2.2. For the Akokore catchment this has been done by using lead 

times zero to three days. The AFED water extent data is described in detail in Chapter 3, 

Section 3.2.  

GloFAS reforecasts and the AFED data were extracted from the gridded datasets at the GloFAS 

reporting point ‘  o oro at  ganda  auge’, which is located at 1.75ºN and 33.8ºE and is shown in 

Figure 6.2. This point was chosen because this is the GloFAS reporting points at which forecasts 

are publicly available closest to the locations mentioned in (Coughlan de Perez et al., 2016). More 

information is available on the GloFAS model and GloFAS reporting points is Chapter 2, 

Section 2.2.  

Table 6-1 Spatial and temporal details of GloFAS, AFED, FloodTags  and DesInventar datasets.   

Dataset name Description Time 

period 

Spatial 

resolution 

Temporal 

resolution 

Units 

GloFAS version 

2.0 (reforecast) 

Gridded forecast 

stream flow (11 

ensemble 

members) 

1992 - 

2019 

10 x 10 km  Twice 

weekly 

m3/s 

AFED version 5.0 Gridded Earth 

Observation-

based water 

extent data  

1998 - 

2019 

10 x 10 km Daily  Water fraction 

of the grid cell 

between 0 

(no water) 

and 1 (100% 

cell only 

contains 

water) 

Flood Tags Records of 

flooding from 

online records 

2007-

2015 

For the 

administrative 

regions of 

Kotido, Abim, 

Amuria, Katakwi 

and Soroti 

Day on 

which the 

flood took 

place 

Date 

DesInventar Records of 

flooding from 

online records 

2007-

2018 

For the 

administrative 

Abim, Amuria, 

Katakwi, Kotido 

and Soroti 

Start and 

end date 

of flood 

events 

Date 
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The method employed in this Chapter uses as much historic flood information as possible about 

the Akokoro River Catchment in Uganda. Flood event databases are important sources of flood 

information, more details in the literature Chapter 2 (section 2.3) . In this chapter flood event 

information from DesInventar is used because this database has the largest number of recorded 

flood events and provides more descriptive statistics than other flood event databases like the EM-

DAT Emergency Event database (Panwar and Sen, 2019). A second source of flood event 

information used in this Chapter is the FloodTags database, another flood event database that is 

available for the Akokoro catchment in Uganda. FloodTags creates bespoke databases and a 

database was created for the Red Cross Red Crescent Climate Centre, Red Cross Uganda and the 

German Red Cross as part of the forecast based financing pilot study. FloodTags is a company 

that can automatically read and interpret local newspapers and  search for flood events 

(FloodTags, 2017). In the case of the Akokoro River catchment a total of 3726 news articles were 

searched from two newspapers, the Daily Monitor and the New Visions, between 2001-2015. As 

well as historical flood information, geographical information was extracted and a total of 63 new 

articles were found which had information on floods in the Akororo River catchment. The 

information on floods was manually verified before the historical flood event database was 

completed (FloodTags, 2017).  

6.4. Method 

To assess whether the GloFAS flood forecast are useful in the Akororo River catchment the 

number of false alarms GloFAS produces needs to be established. A main barrier to making this 

assessment is the lack of observed data specifying when the river is out of banks. This means that 

it is difficult to know with certainty when a flood event has occurred and it is even more difficult is to 

assess if a flood alert in GloFAS was a false alarm or if it represents a flood event that occurred but 

did not get recorded in flood databases FloodTags and DesInventar. To bridge this gap, this 

chapter proposes to use the EO-based AFED flood extent data as a proxy for observed flood 

events together with flood events from DesInventar and FloodTags.   

A direct comparison between the GloFAS reforecast flows (m3/s) and AFED water extent (the water 

fraction of a 10x10km grid cell) is not straightforward. Chapter 5 shows that, in general, the African 

continent has low levels of correlation between GloFAS and AFED data, for both the whole 

distribution and the upper tails of the distribution (tail dependency).  This extends into the extremes, 

as the tail dependency as a whole over the continent of Africa is also low. (The locations analysed 

in Chapter 7 do not include the Akokoro catchment, therefore there are no results available on 

correlation or tail dependency). Figure 6.3 and Figure 6.4 show the daily AFED water fraction and 

GloFAS reforecast flow data normalised between zero and one at the forecast assessment location 

(Figure 6.2). The two datasets behave differently during wet periods, the GloFAS reforecast daily 

flow series shows smooth peaks with long periods of low or no flows. The AFED daily water extent 

dataset is highly variable with the flooded fraction ranging between high and low values from day to 

day. Taking this into consideration it is likely that forecast verification metrics used when comparing 

forecast flow and observed flow (examples of these are given in Chapter 2 Section) will be 
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influenced by the differences between the AFED and GloFAS as seen in Figure 6.3 and Figure 6.4, 

which could lead to misevaluation of the forecast performance.   
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Figure 6.3 Normalised GloFAS and AFED water extent 1998 – 2009.  
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Figure 6.4 Normalised GloFAS and AFED water extent 2010 – 2019.  
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Going back to the objective, to calculate the number of false alarms using as much of the GloFAS 

reforecasts as possible, this Chapter suggests extracting flood events from the AFED data and 

comparing these to flood events from GloFAS to calculate hits, misses and false alarms (see 

Chapter 2 section for details of hits, misses and false alarms). The advantage of extracting flood 

events from the AFED data is the decreased likelihood that false alarms are unrecorded flood 

events (as described above). It also increases the length of GloFAS data that can be assessed to 

21 years, compared to 11 years when only using the flood events from FloodTags and 

DesInventar. This was achieved in four main steps as outlined in Figure 6.5: 

1. Calculate the flood exceedance threshold of AFED and GloFAS and identification 

independent flood events (Section 6.4.1). When GloFAS exceeds the flood exceedance 

threshold this is referred to as a flood alert, which potentially could lead to a flood warning. 

When the AFED water fraction exceeds the flood exceedance threshold this is referred to 

as a flood event.  

2. Compare GloFAS and AFED flood events to calculate hits, misses and false alarms 

(Section 6.4.2), where the AFED data is assumed to be correct representation of reality. 

3. Compare the misses and false alarms to the flood events recorded in DesInventar and 

FloodTags. This is necessary because Chapter 3 and 5 have shown that the AFED is not 

always able to capture flood events. To take this into account the event scores (hit/misses 

and false alarms) are readjusted with the flood event data from DesInventar and 

FloodTags (Section 6.4.3).  

4. Assess if the forecast performance is met by answering: RQ4.1: Is the forecast based 

financing requirement for the performance of GloFAS flood forecast met in the Akokoro 

catchment? 

The next four Sections outline these four steps and discusses how the ensembles are used.  
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Figure 6.5 Schematic diagram of the four main steps of the method to determine GloFAS 
forecast value for the Akororo River Catchment.  

6.4.1. Step 1: Flood exceedance threshold and flood events identification 

The first step in assessing the value of the GloFAS forecast is to identify the flood events in both 

the AFED and the GloFAS data so that these can be compared. In order to do this the flood 

exceedance threshold needs to be established. The first two sections explain how this is achieved, 

first for the AFED data and then for the GloFAS. Using the flood exceedance threshold 
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independent flood events have been identified. To achieve this the Runs Method (Fukutome, 

Liniger and Süveges, 2015) was used, this is explained in the third section below.  

Defining the flood exceedance threshold AFED data 

To define the flood exceedance threshold for the GloFAS and the AFED data, ideally observed 

data specifying when the river is out of bank would be used. However, this catchment is ungauged 

and the only “recorded” information on flood events which was available came from FloodTags and 

DesInventar (more details on FloodTags and DesInventar in Chapter 2 Section 2.3).   

To define the flood exceedance threshold for the EO-based AFED water fraction daily time series, 

information on historical flood events from the FloodTags and DesInventar databases were used to 

help to define which range of values in the AFED flooded fraction daily time series which signify 

flooding. The first step was to assess what the AFED water extent was during the flood events 

recorded in the FloodTags and DesInventar database and define if these values were high 

compared to the rest of the AFED daily water extent time series. The monthly maximum was 

selected from the AFED daily water fraction because the flood event information from FloodTags is 

limited to the month in which flooding took place. The AFED data (Figure 6.6) shows that in the 

months with recorded flooding (larger circles and triangles), the water fraction has been high e.g. 

the 80th percentile or above. In addition, the highest recorded values in the AFED dataset have 

been recorded during a recorded flood (September 2011).  

 



 
 

131 
 

 

 

Figure 6.6  AFED and GloFAS data during recorded event from the FloodTag database and 
DesInventar.  

 

Table 6-2 shows the events in Abim, Amuria, Katakwi, Kotido, and Soroti from the DesInventar 

database, where relocations or evacuation due to flooding were recorded. These are the six events 

where flooding led to hazardous situations according to the DesInventar database. Using the 

percentiles of these six events (Table 6-2) can give an indication of where an exceedance 

threshold can be placed in order to be able to identify periods of severe flooding from the AFED 

data. The three periods of flooding from Table 6-2 are:  

◼ July to September 2007 – 97.9th percentile of the daily water extent fraction (percentile range 

93.7 to 100) 

◼ September to October 2011 – 99.8th percentile of the daily water extent fraction (percentile 

range 99.6 – 100) 

◼ June 2018 – 99.8th percentile of the daily water extent fraction.  

Based on these events the exceedance threshold should be placed between the 96.9th and 99.8th 

percentiles. Taking the middle of this range would be placing the threshold at the 98th percentile of 

the AFED daily water extent time series.  
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Table 6-2 Events from DesInventar in the regions Abim, Amuria, Katakwi, Kotido, Soroti, with 
recorded displacement or evacuation.  

Time 

Monthly maximum AFED (as a 

percentile of the daily AFED water 

fraction) 

July 2007 93.7 

August 2007 98.7 

September 2007 99.9 

September 2011 100 

October 2011 99.6 

June 2018 99.8 

 

Defining the GloFAS reforecast daily flow time series flood exceedance threshold  

Owing to the lack of observed flow data at the site the 1 in 2 year flow based on the GloFAS 

reforecast annual maxima flows series was used.  This is because in natural rivers this is generally 

the mean frequency of bankfull discharge (Leopold, Wolman and Miller, 1995).  In this case the 1 in 

2 year return period is 71 m3/s, which is equal to the 98th percentile of the daily flow series.  

Independent flood event identification (runs declustering method) 

The flood exceedance thresholds can be used to find all the days on which there was flooding or 

on which flooding was predicted. However, to calculate the hit, misses and false alarm this needs 

to be done per flood event, not for every day there was flooding. This is why independent flood 

events need to be defined. The most common method for analysing independent events used in 

environmental science and hydrology is the “runs declustering” method (Fukutome, Liniger and 

Süveges, 2015). The runs declustering method is based on the idea that threshold exceedance 

does not necessary occur with a single value. The scheme stipulates that any extreme 

observations lying within the same block belong to the same cluster. Runs declustering consists of 

choosing a run length, R parameter which is the runs parameter in days, and stipulates that any 

extreme observations separated by fewer than R parameter non-extreme observations belong to 

the same cluster. In order to identify flood events using the runs declustering method, the 

exceedance threshold and the R parameter needs to be defined. A schematic diagram of setting up 

the runs method for both GloFAS and AFED is given in Figure 6.7.  
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Figure 6.7 Overview of the Runs declustering.  

 

The R parameter is generally selected using expert knowledge of the river catchment (Fukutome, 

Liniger and Süveges, 2015), however in the case of this ungauged catchment, this is not possible. 

Ferro and Segers (2003) propose to use the mean cluster size to determine the R parameter in 

these situations. This method yields an R parameter of 12 days for the GLoFAS reforecast flows 

and 34 days for AFED flooded fractions.  

6.4.2. Step 2: Calculation of hits, misses and false alarms 

In step 2 the AFED data is assumed to be a correct representation of reality. Chapter 3 and 5 have 

shown that the AFED is not always able to capture flood events and therefore the event scores will 

be adjusted using flood event data from DesInventar and FloodTags in step 3 (Section 6.4.3). 

However, in step 2 as a starting point the AFED data is assumed to be the best representation of 

reality. A forecast verification metrics needs to be selected in to try and best represent the forecast 

performance to the user, in this case the FbF project. In order to verify forecasts a large range of 

different metrics are available. These metrics capture different aspects of forecast quality and 

whenever a metric is used it is important to understand its characteristics. If the metrics chosen are 

not adapted to the aims of the evaluation and the forecast system, this can lead to (Anctil and 

Ramos, 2018): 

• Misevaluation: drawing incorrect conclusions 

• Over-evaluation: using redundant metrics to evaluate the same qualities 

• Under-evaluation: not presenting the attributes of the system that show important strengths or 

weaknesses of the forecast system. 

An overview of forecast verification metrics is available in (Anctil and Ramos, 2018) (Welles, 2005) 

(NOAA, 2020a) and in a table format linked to the forecast quality characteristics (Brown and 
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Demargne, 2013). In this case a contingency table meets the needs needs of the FbF project as 

success of the project is measure in the amount of events which the forecast has been able to 

capture correctly. A contingency Table is a two-dimensional table that compares the forecast 

warnings to the observed event and classifies these as hits, misses, false alarms and correct 

rejections. These can then be counted and various related metrics can be calculated with these 

counts, see (WWRP and WGNE, 2017).   

 

 

Figure 6.8 Example of a contingency table. 

 

There are different views on when to count a warning as a hit (Cloke et al., 2017) (Coughlan de 

Perez et al., 2016). For example, a very strict approach could be taken, where the GloFAS flood 

alerts needs to be issued for the same day as the recorded event from the AFED data in order to 

be counted as a hit. However, a warning could still be successful if a warning was issued before 

the event. For example, if people were warned of a flood and evacuated ahead of a flood and the 

warning was a day early, assuming nobody had returned to their homes this would be a successful 

flood alert even though it was a day early.  This is why a window before the start of the flood as 

derived from the AFED declustering has been used to look for a matching GloFAS flood alert. The 

window is limited to before the event because for most flood forecasting application, warnings are 

only successful if issued before a flood and warnings issued after a flood could not be counted as a 

hit. Using the previous example, there is no point informing people their houses will be flooded 

when their houses are already flooded. An example of how the flood event window would work is if 

the window is set to 10 days before the events and the AFED data shows that there is an event on 

the 10 January 2000, if the GLoFAS flow reforecast between the 1 January 2000 and the 10 

January 2000 crosses the 1 in 2 year flood flow return period threshold, this would be counted as a 

hit, if nothing is found this would be a miss. If the GLoFAS reforecast crosses the 1 in 2 year flood 

flow return period threshold without a recorded AFED event being present, this is a false alarm.  

In this case the window is set to 12 days, because this in the number of days between independent 

events, according to the runs method. Increasing it above 12 days would mean that potentially 

multiple independent events could have occurred within the validation window. For this Chapter, 

the start of the flood event is used to calculate the hits, misses and false alarms.   
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6.4.3. Steps 3 and 4: Adjusting misses and false alarms and assessing 
the forecast value 

The outcome of step 2 was a list of flood alerts (GloFAS) with estimated scores (hits and false 

alarms) and a list of flood events (AFED) with estimated scores (hits and misses) in the time period 

1998 – 2019 (in these 2 lists the hits overlap). The AFED data, assumed to be the best 

representation of reality was used to calculate the hits, misses and false alarms. However the 

AFED data is not always able to capture flooding correctly as shown in Chapters 3 and 5. This is 

why the hits, misses and false alarms in the time period 2007-2019 were cross checked with the 

flood events from the FloodTags and DesInventar databases. For example, if flood events were 

recorded in FloodTags and/or DesInventar at the same time as a false alarm (from the AFED 

comparison), the event score was readjusted to be a hit. The final score of percentage false alarms 

was readjusted using this new information. Once done, the final calculation of the total percentage 

of false alarms was made and the forecast performance can be assessed.  

6.4.4. GloFAS reforecast flow ensembles 

The GloFAS reforecast has 11 ensemble members. This Chapter interprets the ensemble in two 

different ways. The first is to calculate the hits, misses and false alarms as described above, using 

ensemble mean, referred to as the GloFAS ensemble mean. The second is based on the Red 

Cross forecast based financing pilot in Uganda which requires 50% of the ensemble members to 

cross the flood alert threshold before a warning is issued (Coughlan de Perez et al., 2016). In the 

case of the GloFAS version 2.0 reanalysis, 11 ensemble members are available. This means that 

six members need to cross the 1 in 2 year return period threshold before this is counted as a 

GloFAS warning. This second approach is referred to as the GloFAS >50% ensemble exceedance. 

6.5. Results 

The results are discussed in three sections. First the results of the initial setup that has been 

discussed in the method sections are analysed, using the follow values for the three main 

parameters:  

1. Flood exceedance threshold, 98th percentile for both GloFAS reforecast flows and the 

AFED water fraction. The percentiles used throughout this chapter have been calculated 

using the daily GloFAS reforecast flow series and daily AFED water fraction, which is 21 

years for flooded fraction (AFED) and 27 years for the flow (GloFAS).  

2. Validation window: 12 days. 

3. R parameter (the minimum time between the flood peaks if they are to be considered 

independent, details Section in 6.4.1). Runs parameter GloFAS: 12 days, R parameter 

AFED: 34 days.   

The results vary for different flood exceedance thresholds, validations windows and R parameters. 

In the second section of this paragraph the sensitivity of the results to the flood exceedance 

threshold, validation window and R parameter is tested and the best performing option is selected. 

Finally in the third section, the best performing option is analysed in more detail.  
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6.5.1. Results of the initial setup 

The initial setup uses:  

• R parameter of 34 days for AFED water fraction.  

• R parameter of 12 days for GloFAS reforecast.  

• The flood exceedance threshold: 1 in 2 year (or 98th percentile).  

• 12 day validation window.  

A flood event starts when the flood exceedance threshold is first crossed in the identified event. 

The independent flood events are a minimum of 12 days apart in the case of GloFAS and 34 in the 

case of the AFED data (this is the R parameter). This means the AFED or GloFAS data must drop 

below the flood exceedance threshold for the length of the R parameter (12 or 34 days) before it is 

counted as an independent event. This setup has found eight flood events between 1998 and 2019 

were identified in the AFED data. In the GloFAS reforecast mean ensemble flow the flood 

exceedance threshold was crossed 13 times, which would have led to flood alerts. Using a 

validation window of 12 days indicated that one of these warnings was a hit, 12 warnings were 

false alarms and seven flood events were missed. This is shown in Figure 6.9. This gives a false 

alarm percentage of 92%.   
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Figure 6.9: Performance of GloFAS ensemble mean, using a 12 day validation window, 98th 
percentile flood exceedance threshold and a R parameter of 12 (GloFAS) and 34 (AFED).  

When looking at the GloFAS reforecast flow if more than 50% ensemble exceedance and a R 

parameter of 12 days, 12 flood alerts were found in the GloFAS data. Using a validation window of 

12 days identified that one of these warnings was a hit, 11 warnings were false alarms and seven 

flood events were missed. This is shown in Figure 6.10. This gives a false alarm percentage of 

92%.   

In summary using the ensemble mean or the GloFAS >50% ensemble exceedance both result in a 

false alarm percentage of 92%.  
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Figure 6.10: Performance of GloFAS >50% ensemble exceedance, using a 12 day validation 
window, 98th percentile flood exceedance threshold and a R parameter of 12 (GloFAS) and 34 
(AFED).  

 

6.5.2. The sensitivity of the results to the flood exceedance threshold, R 
parameter and the validation window 

The number of hits, misses and false alarms of the GLoFAS reforecast flow series will vary in part 

due to different flood exceedance thresholds, validations windows and R parameters. To exclude 

the possibility of misrepresenting the performance of GloFAS reforecast by choosing suboptimal 

values for the flood exceedance threshold, validation window and R parameter, a range of values 

for these three variables was tested. These are as described below.   

1. The GloFAS flood exceedance threshold was set to the 98th percentile of the daily flow 

series (which is approximately equal to the 1 in 2 year return period). This Chapter has 

assumed that the 1 in 2 year return period flow is when the river is out of bank, but without 

additional data it has been impossible to get a more precise estimate of when out of bank 

flow occurs. To ensure the most appropriate threshold was chosen, a range of values were 

tested around the 1 in 2 year return period threshold. The flood exceedance thresholds are 

tested between the 90th and 99th percentiles.  

2. The R parameter has been estimated using the mean cluster size based on (Ferro and 

Segers, 2003). This method yielded different values for the AFED data (34 days) and the 

GloFAS data (12 days) with a flood exceedance threshold of the 98th percentile. The 

discrepancy between using 34 days for AFED and 12 days for the GloFAS daily flow series 

could lead to GloFAS flood alerts being incorrectly scored as false alarms. Increasing the 
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GloFAS R parameter from 12 to 34 days to match the AFED R parameter, would lead to 

fewer false alarms (but possibly also less hits). Figure 6.11 shows that if the 98th percentile 

was used to represent the flood  exceedance threshold, two additional flood alerts were 

extracted with a R parameter of 12 compared to a R parameter of 34. Figure 6.11 also 

shows that for different exceedance threshold the R parameter had an impact on the 

number of flood alerts identified in GloFAS, especially for the lower thresholds. To be able 

to assess the impact of the R parameter on the performance of the GloFAS reforecast 

flows both the R parameters of 12 and 34 are used for declustering the GloFAS flow data.  

 

 

Figure 6.11 The effect of the R parameter on the number of independent flood events 
found in the GloFAS reforecast daily flow series for different daily flood exceedance 
thresholds.  

 

3. The initial validation window was based on the best estimate for the time between 

independent events, based on the R parameter. This was a good starting point, however 

as discussed above, the R parameter is an uncertain estimate. Increasing the validation 

window has an impact on the results. Therefore it is worth considering a second approach. 

The forecast based financing pilot project in Uganda has based the validation window on 

the action life time of the flood response actions, more details are given in the introduction 

6.1. As a second approach the maximum window size was based on the action life time 
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suggested in the forecast based financing pilot used in this region of Uganda. This is a 

maximum action life time of 30 days (Coughlan de Perez et al., 2016). Therefore validation 

windows between 5 and 30 days were tested and results were compared.  

Figure 6.12 to Figure 6.15 show the sensitivity of the GloFAS daily flow reforecast performance to 

these three variables (i.e. flood exceedance threshold, validation window and R parameter in days) 

for the ensemble mean. Figure 6.16 to Figure 6.19 show the sensitivity of the GloFAS reforecast 

daily flows for the GloFAS >50% ensemble exceedance. The figures show the following: 

• Sensitivity to flood exceedance threshold GloFAS. The number of hits increased as the 

threshold is lowered, along with more false alarms for lower thresholds. Figure 6.12 to Figure 

6.19 partly show the false alarms increasing for increasing thresholds. Changing the flood 

exceedance threshold resulted in the runs method identifying different clusters in the data. This 

accounts for small discrepancies in this pattern, for example using the 92th percentile of the 

daily GloFAS flow series as a flood exceedance threshold sometimes yields slightly more hits 

than the 91st percentile. However, the number of hits remain low for any chosen threshold.  

• Sensitivity to the R parameter. Increasing the R parameter used to decluster the GloFAS 

reforecast daily flow series to match the R parameter used for the AFED daily data in general 

resulted in fewer clusters and therefore fewer flood events in the GloFAS reforecast daily flow 

series and a concomitant decrease in the number of false alarms. It did not affect the number 

of hits. However, changing the R parameter changed the clustering and this resulted in some 

combinations of variables seeing no effects due to the increased R parameter. As expected 

from Figure 6.11, the increased R parameters had little effect on the number of hits, misses 

and false alarms for the higher flood exceedance thresholds.  

• Validation window. Increasing the validation window in which an event is counted as a hit has 

a large impact on the number of hits, misses and false alarms. As expected, increasing the 

window size led to more of the GloFAS forecast flow events being counted as hits. However, 

the window has to be increased significantly before the result can be seen. The plots show that 

doubling the window from 5 days to 10 days did not increase the number of hits. Only when the 

window was increased to 20 or 30 days, did the number of hits increase to a maximum of 4. 

The number of hits exceeded the misses when the chosen window was larger than a month.  

 

 



 
 

141 
 

  

Figure 6.12 GloFAS skill with a 5 day window 

(ensemble mean).  

Figure 6.13 GloFAS skill with a 10 day window 

(ensemble mean).  

  

Figure 6.14 GloFAS skill with a 20 day window 

(ensemble mean).  

Figure 6.15 GloFAS skill with a 30 day window 

(ensemble mean).  
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Figure 6.16 GloFAS skill with a 5 day window 

(GloFAS >50% ensemble exceedance).  

Figure 6.17 GloFAS skill with a 10 day window 

(GloFAS >50% ensemble exceedance).  

  

Figure 6.18 GloFAS skill with a 20 day window 

(GloFAS >50% ensemble exceedance).  

Figure 6.19 GloFAS skill with a 30 day window 

(GloFAS >50% ensemble exceedance).  
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The hit percentage (number of hits/total number of GloFAS warnings) together with the false alarm 

percentage (number of false alarms/total number of GloFAS warnings) can give an indication of the 

performance of all the options shown in Figure 6.12 to Figure 6.19. The objective of Table 6-3 is to 

find the best scoring combination of flood exceedance thresholds, R parameter, validation window 

and GloFAS ensemble method (ensemble mean or GloFAS >50% ensemble exceedance). Table 

6-3 shows the two highest scoring combinations for each of the four validation windows. Increasing 

the window is likely to lead to better results, and Table 6-3 shows that 20 day window has the 

highest scoring hit percentage which in turn leads to the lowest scoring false alarm percentage of 

69%. There is little difference between the performance of the five or 10 day window or the 20 and 

30 day window. The best performing flood exceedance thresholds are the 98.5th and 98th percentile 

thresholds (the 98th percentile in GloFAS is the 1 in 2 year return period flow event). The best 

overall combination uses the 20 days window, with the 98th percentile flood exceedance threshold, 

a R parameter of 12 and the GloFAS mean. However, the difference between the options 

presented in Table 6-3 in terms of the number of events that are hits, misses and false alarms is 

small. This means that the sensitivity to the R parameter, validation window and flood exceedance 

threshold is low and GloFAS performance is not being misrepresented.  

In general, using the GloFAS daily forecast flow ensemble mean yields more flood alerts than using 

the >50% ensemble exceedance methods, therefore the ensemble method scores more hits. None 

of the combinations are able to meet the performance target of the Red Cross which is that a 

maximum of 50% of the GloFAS flood alerts can be false alarms (more details on this provided in 

the Introduction, Section 6.1).  
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Table 6-3: Overview of the flood hit rates for the GloFAS flow forecast between the years 1998 to 
2019 for different R values and daily flood exceedance thresholds.   
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R34 R34 5 days 99th  1 7 8 11% 89% Mean 

R12 R34 5 days 99th  1 7 10 9% 90% Mean 

R12 R34 5 days 98.5th  1 7 9 10% 90% Exceedance 

R34 R34 5 days 98.5th  1 7 9 10% 90% Exceedance 

R34 R34 10 days 99th  1 7 8 11% 89% Mean 

R12 R34 10 days 99th  1 7 10 9% 91% Mean 

R12 R34 10 days 98.5th  1 7 9 10% 90% Exceedance 

R34 R34 10 days 98.5th  1 7 9 10% 90% Exceedance 

R12 R34 20 days 98th  4 4 9 31% 69% Mean 

R12 R34 20 days 98.5th  3 5 10 23% 77% Mean 

R12 R34 20 days 98th  3 5 9 25% 75% Exceedance 

R34 R34 20 days 98th  3 5 10 23% 77% Exceedance 

R12 R34 30 days 98th 4 4 9 31% 69% Mean 

R12 R34 30 days 98.5th  3 5 10 23% 77% Mean 

R12 R34 30 days 98th  3 5 9 25% 75% Exceedance 

R34 R34 30 days 98th  3 5 10 23% 77% Exceedance 

6.5.3. Score readjustment using FloodTags and DesInventar 

The flood event scores have been analysed in detail and compared to flood event information from 

FloodTags and DesInventar in this paragraph (more details on how these flood event databases 

have been constructed in available in Section 6.3). The best scoring option from the preceding 

paragraph was the ensemble mean with a R parameter of 12 days, using the 98th percentile as a 

flood exceedance threshold and a flood validation window of 20 days (the 30 days window provides 

the same results). Figure 6.21 shows a summary of the flood event scores in terms of misses, hits 

and false alarms for the best scoring option. To gain a greater understand of each of the flood 

events from Figure 6.21  separate plots of the flood events are shown in are shown in Figure 6.22, 

Figure 6.23 and Figure 6.24. Table 6-4 offers a short summary of each scored flood event, and 

indicates which AFED events (Figure 6.22) correspond to which GloFAS events (Figure 6.23 and 

Figure 6.24). When analysing these plots it is important to note the following, which is also been 

explained in Figure 6.20:  

1. A flood event starts when the flood exceedance threshold is first crossed in the identified 

event. For these plots independent events are a minimum of 12 days apart in the case of 

GloFAS and 34 in the case of the AFED data (this is the R parameter). This means the 
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AFED or GloFAS data must be below the threshold for more than 12 days before it is 

counted as an independent event.  

2. A warning is a hit if the GloFAS flood exceedance threshold is passed before the start of 

the flood event according to the AFED data. An example of this is Figure 6.22 where both 

the GloFAS reforecast daily flood flows and AFED water fraction cross the flood 

exceedance threshold, but GloFAS does this after the AFED data and therefore this flood 

event is not a hit. In these plots the validation window is 20 days, so if GloFAS crosses the 

flood exceedance threshold at any point in the 20 days before the AFED data first crosses 

the threshold, it will be counted as a hit. 

 

. 

 

Figure 6.20 Graph explaining the detailed event plots, pointing out the flood exceedance 
thresholds, validation window and R parameter. In this figures GloFAS stands for the GLoFAS 
reforecast daily flows.  
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Figure 6.21 Performance of GloFAS >50% ensemble exceedance, using a 20 day validation 
window with a flood exceedance threshold of the 98.5th percentile and a R parameter of 34 days.  
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Figure 6.22 Detailed plots of the AFED events.  
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Figure 6.23 Detailed plots of the GloFAS events (Events 1 to 9).  
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Figure 6.24 Detailed plots of the GloFAS events (Events 10 to 13).  

 

 



 
 

150 
 

Table 6-4 Detailed information on the events shown in figures Figure 6.22, Figure 6.23 and Figure 6.24.  

Event AFED 

(Figure 6.22) 

Event GloFAS 

(Figure 6.23 or 

Figure 6.24) 

Event Date Event recorded in 

Flood Tags/ 

DesInventar 

Score Event details 

Event 1  Event 4  August and 

September 

2007 

Event recorded in Flood 

Tags and DesInventar.  

Miss The summer of 2007 had wide spread 

flooding in Uganda. The AFED data records 

a long flood event, with the start of the event 

occurring 17 August and the peak of the 

event a month later on the 18 September. 

The start of the event in the GloFAS data is 

27 days after the start of the event in the 

AFED data.  

Event 2 Event 6  September 

2011 

Flood event recorded in 

Flood Tags.  

Miss GloFAS crosses the flood exceedance 

threshold later than the AFED data. The 

GloFAS reforecast daily flows exceed the 

threshold 7 days after the AFED.  

Event 3  Event 7  November 2011 Flood event recorded in 

Flood Tags 

Miss GloFAS reforecast daily flows crosses the 

flood exceedance threshold later than the 

AFED data. GloFAS crosses the flood 

exceedance threshold 15 days after the 

AFED data.  

Event 4 No 

corresponding 

May 2012 No flood recorded in 

Flood tags  

Miss AFED crosses the threshold and GloFAS 

does not.  
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Event AFED 

(Figure 6.22) 

Event GloFAS 

(Figure 6.23 or 

Figure 6.24) 

Event Date Event recorded in 

Flood Tags/ 

DesInventar 

Score Event details 

event in GloFAS 

Event 5, 6, 7 

and 8 

Event 8, 9, 11, 

13 

July-August 

2012, April 

2013, 

September 

2014, May 2018 

DesInventar recorded a 

flood in August 2012. 

Flood recorded in Food 

Tags for the September 

2014 flood. 

Hit GloFAS crosses the flood exceedance 

threshold withing the 20 day validation 

window.  

No 

corresponding 

events in AFED 

Event 

1,2,3,5,10, 12 

February 1998, 

September 

2003, July 

2007, May 

2010, August 

2013, June 

2015 

Flood Tag event 

recorded in May 2010 

and August 2013. 

DesInventar flood event 

recorded in July 2007.   

False Alarms GloFAS crosses the flood exceedance 

threshold, but AFED has not. However, for 

three of the six false alarms, flood events are 

recorded in the Flood Tags or DesInventar 

databases.  
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The detailed analysis in Table 6-4 shows that there are events that could have been misclassified:  

1. July, August and September of 2007. In this period Flood Tags recorded a flood event in 

September 2007. DesInventar recorded flood events in July, August and September of 

2007. Both the AFED and the GloFAS data have picked this period of flooding up, but they 

have done so at different times, with the exception of September (event 4 from Figure 

6.23). Owing to the hits being counted from the start of the event (shown in Figure 6.20) 

and this event being very long, these events are now counted as two false alarms and one 

miss. Without knowing exactly what has happened, it is difficult to establish if scoring was 

incorrect. However, the July warning could have potentially been a hit, as DesInventar has 

picked this up as an event. GloFAS missed the flood peak in August, which was also 

picked up as an event both the AFED data and the DesInventar database. The September 

peak shown in event 4 in Figure 6.23 is not an independent event in the AFED but a part of 

the August flood event. Even if this had been an independent event the GloFAS warning 

would have been issued too late to be considered a hit, therefore the event score of the 

GloFAS false alarm in September remains.  

2. May 2010 and August 2013 have been shown as flood events in FloodTags, not in 

DesInventar and the AFED. GloFAS has forecast both of these events and therefore, these 

two false alarms could have been hits.  

Without additional data it is impossible to know if the periods described have been misclassified. 

However, assuming the best case scenario that the GloFAS flood alert was timely in all three of 

these cases, it could be argued that the false alarms in July 2007, May 2010 and August 2013 

should have been hits. Table 6-5 shows that applying this correction would mean that the 50% 

false alarm percentage required by the Red Cross is met.  

Table 6-5 Comparison of original and corrected scores after detailed analysis of the events.  

 Hits Miss False Alarm 

Hit 

percentage 

False alarm 

percentage 

Original 4 4 9 69% 31% 

Corrected 7 4 7 50% 50% 

 

6.6. Discussion 

This Chapter shows how alternative sources of information on flooding can be used to assess the 

performance of the GloFAS reforecast flows in the ungauged Akororo catchment in Uganda. AFED 

water extent data from EO was used in combination with flood event information from the 

DesInventar and FloodTags historical flood databases. This Chapter outlined a method that allows 

flood events to be extracted and compared. Hits, misses and false alarms have been used to score 

the events. The last step is to re-assess the scored flood events with the available flood event data 

and to adjust the scores where needed. This means the scores can be presented as a range which 

captures part of the uncertainty in the results of this assessment. There is uncertainty due to the 
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inability to check if the AFED water extent is representative of the flooding in the Akokoro river 

catchment. The limited validation of AFED data in ungauged catchments like this one in north 

eastern Uganda is difficult to overcome. However, a site visit and local knowledge of past flood 

events could help validate the AFED data and set a reliable flood exceedance threshold and R 

value for the declustering method. Holländer et al.,(2014) shows how site visits can improve 

modelled runoff predictions and are as important as the model itself. Published work on using these 

types of ‘soft’ data in hydrology is limited and few attempts have been made to formalise 

incorporating soft data into a methodology (Blöschl, 2006).  

Assessing forecast quality with limited knowledge of the hydrology and without gauged rainfall and 

flow data makes it difficult to assess and improve model performance. A more detailed assessment 

of the hydrology of the catchment and the factors which drive floods is required. Global scale 

models like GloFAS can struggle to reproduce complex local scale hydrological processes. This 

catchment includes an extensive system of seasonal and permanent wetlands. There are 

permanent wetlands around the Akokoro River towards Lake Kyogo (Government of Uganda, 

2016). Going from Lake Kyogo along the Akokoro River northwards towards the drier part of the 

catchment, these wetlands turn seasonal. The modelling of wetlands is complex because water is 

stored in temporally variable volumes within the wetlands. Water flow can occur both as surface 

water flow and subsurface water flow, where there can be interaction with groundwater (Mansell, 

Bloom and Sun, 2000). The wetlands can interact with groundwater by recharging the groundwater 

and also being recharged by the groundwater. GloFAS does not capture any of these processes. 

The complexity of the wetlands is expected to be a major factor in the performance of GloFAS for 

the Akororo River, but there could be other processes influencing the Akokoro River flows, which 

are not included GloFAS, for example the backwater effect from Lake Kyogo. Global models have 

been found to be able successfully to reproduce the hydrology of major river catchments 

(catchments with an area 200,000 km2) (Siderius et al., 2018) (Hirpa et al., 2018) (Bernhofen et al., 

2018) but, they can struggle to capture smaller scale hydrological processes (Fleischmann, Paiva 

and Collischonn, 2019), especially in regions with river deltas, arid and semi-arid zones and 

wetlands (Trigg et al., 2016). When applied regionally, global models can provides a first 

approximation of the hydrology, but this does not necessarily mean the performance is good 

enough for the decision making they are developed for (Siderius et al., 2018).   

Evaluation of  ECMWF precipitation forecast is mostly done on the African scale and often 

focusses on seasonal verification (de Andrade et al., 2021). A Uganda focussed evaluation of 

precipitation focussed on flood events is missing. Further research into the performance of 

ECMWF precipitation forecasts for North Eastern Uganda could provide an insight into why floods 

were not forecast, such as understanding of the influence of the Indian Ocean dipole This could 

provide possible solutions improve the flood predictability.  

As a last consideration, this research had a limited length of data available (21 years) in which 

eight flood events were recorded in the AFED data. This makes is difficult to draw firm conclusions 

on forecast performance as a single event has a major impact on achieving the 50% false alarm 
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threshold. A longer GloFAS reforecast timeseries would improve the robustness of catchment scale 

forecast evaluations.  

This chapter showed how EO-based flood extent data in combination with flood event databases 

can be used to assess flood forecast performance without the need for gauged flow. However, 

more research needs to be done using different earth observation products and different methods 

to compare modelled flow with earth observations in different locations. Being able to provide an 

assessment of forecast performance is key in understanding if a global flood forecast is suitable for 

local application. These assessments should not be limited to regions with instrumental gauged 

sites as this would restrict the uptake of global forecasts, especially in Africa. Further research as 

suggested in this discussion is required to unlock the potential of flood forecast validation using 

earth observation which is key in increasing the uptake of global flood forecasts.  

6.7. Conclusion  

This Chapter outlines a method that allows the value of GloFAS flood forecasts to be assessed for 

the Akokoro river catchment in Uganda, using a combination of AFED water extent data and flood 

event information from flood databases DesInventar and FloodTags. Using this method enables 

forecast users to assess the potential value of the flood forecast, when no other sources of data 

are available. This method uses the runs declustering method to make a comparison between 

events from GloFAS forecasts and AFED data. Once this has been done the flood events can be 

compared and scored in terms of hits, misses and false alarms, which allows the utility of the 

forecast to be assessed. The Red Cross forecasting based financing program has specified that a 

false alarm percentage with a maximum of 50% is required in order for the forecast to be of 

sufficient quality to be valuable to the forecast receiver. This Chapter has considered the research 

question 3 (RQ3):  

RQ4 For the ungauged Akokoro catchment in Uganda, how well do the GloFAS forecasts 

correspond to flood data available from all sources? 

The method outlined above has enabled the false alarms to be calculated. Based on the 

assessment with the best available data, the false alarm percentage is estimated to be between 

50% - 69%. These results were achieved by using a combination of the GloFAS reforecast flow 

ensemble mean, 1 in 2 year flood event (also the 98th percentiles of the daily reforecast flow) as the 

flood exceedance threshold for both GloFAS and the AFED data, a R parameter of 12 days and of 

forecast validation window of 20 days. The performance evaluation starts by assuming the AFED 

data have been able to capture the flood events correctly. Using this assumption GloFAS 

reforecast flow series were able to forecast 50% of the observed flood events correctly. The 

GloFAS model also produced nine warnings that were classified as false alarms. This leads to hit 

percentage 31% and a false alarm percentage of 69%. When analysing the events in detail there is 

evidence in the flood records from Flood Tags or DesInventar that there are three examples of a 

flood recorded in the same month as a false alarm is recorded. Assuming the best case scenario, 

that these records are reliable and the GloFAS warning was timely in all three of these cases, 

correcting the result to reflect this leads to a hit percentage of 50% and a false alarm percentage of 
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50%. In the best case scenario GloFAS reforecast quality in the Akokoro River catchment would 

just meet the Red Cross forecast based financing project requirements. However, a more 

conservative interpretation of the figures would lead to the conclusion that it is likely that GloFAS 

reforecasts do not have sufficient quality to achieve the performance requirement of the Red Cross 

forecast based financing project. 
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7. Estimation of uncertainty in flood forecasts 

This Chapter was published in the Journal of Flood Risk Management as: Boelee, L., Lumbroso, 

D.M., Samuels, P.G. and Cloke, H.L., 2019. Estimation of uncertainty in flood forecasts—A 

comparison of methods. Journal of Flood Risk Management, 12, p.e12516. 

https://doi.org/10.1111/jfr3.12516  

Sections in this Chapter have been taken directly from the published paper.  

7.1. Introduction 

Chapters A, 4, 5 and 6 have shown the performance of GloFAS across different scales and 

different applications. These chapters have shown how uncertain the performance of the GloFAS 

forecast is. The analysis of the model processes in Chapter 6 shows that uncertainty is not limited 

to the forecast rainfall, but extends throughout the model components. Currently uncertainty 

information for GloFAS forecasts is limited to the ensembles from the meteorological forecast, but 

there are other sources of uncertainty that could be affecting the forecast. Pappenberger et al., 

(2005) show that although the meteorological forecast is an important source of uncertainty, 

uncertainty is present in all components of a flood forecasting system. The typical components of a 

flood forecasting system are represented by the blue boxes shown in Figure 7.1. A growing range 

of techniques are available in the flood forecasting literature for quantifying uncertainty, sensitivity, 

risk and decision analysis. However, there are no well-accepted guidelines for implementing these 

principles and techniques for the multiple sources of uncertainty affecting flood forecasting systems 

(Zappa et al., 2010; Liu and Gupta, 2007). A lack of coherent terminology or systematic 

approaches means that it is difficult (or perhaps impossible) to assess the characteristics and 

limitations of individual methods and select the most appropriate method for any particular case 

(Montanari, 2007) particularly for those working outside academia. The process for selecting the 

most suitable method to predict uncertainty is no different, in principle, from selecting the most 

suita le model for predicting a flood.  his is descri ed as follows  ‘ he essential question is not 

which model (method) is the more suitable for flood forecasting, but rather what type of information 

a decision maker needs and how they can proficiently use it to produce good and, possibly, more 

relia le decisions’  Todini 2017).  

For flood forecasting practitioners the available literature on uncertainty methods for flood 

forecasting is often opaque which results in ineffective use of the different uncertainty methods in 

practice. In addition, it is often not clear what questions concerning uncertainty these different 

methods can and cannot answer. This means that it can be challenging to identify where the 

strengths and weakness lie when applying the methods operationally. However, the question, 

‘ hich uncertaint  method is most suita le for which application ’ is too  road to answer, owing to 

the many different types of flood forecasting systems. Hence, this chapter takes an alternative 

approach to help clarify the quantification of uncertainty for flood forecasting practitioners by 

answering the question: 

What information can the quantification of uncertainty provide into the flood warning process? 

https://doi.org/10.1111/jfr3.12516
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This chapter concentrates on describing what information two established uncertainty methods, 

based on the use of statistics and ensembles, can provide to flood forecasting processes, by 

discussing two operational fluvial flood forecasting systems in Belgium and Canada. The objective 

of this chapter is to identify the main assumptions behind the methods, their strengths and 

weaknesses in a way that is easy to follow for specialist and non-specialist alike. This chapter was 

published as a paper and was aimed at an audience that does not necessarily have prior 

knowledge on the topic of uncertainty and therefore it includes definitions on terminology used 

frequently in this work and other papers on flood forecasting uncertainty in Table 7-1 (italics 

indicate the term is in Table 1). A short overview of the terminology used for uncertainty and the 

approaches adopted by flood forecasting systems is provided.  

7.2. Overview of uncertainty 

7.2.1. Definitions of uncertainty  

Uncertainty results from the lack of knowledge or the inability to measure or calculate an accurate 

observed value, which can lead to differences between the modelled and the ‘true’ value of a 

variable (Gouldby and Samuels, 2009). Two types of uncertainty can be defined: aleatory and 

epistemic. Aleatory uncertainty is the uncertainty due to the natural variability of the physical world 

and reflects the inherent randomness in nature, whereas, epistemic uncertainty is the uncertainty 

due to a lack of knowledge of the physical world and a lack of ability to measure and model it (Li, 

Chen and Feng, 2013). This division can be useful as it distinguishes which uncertainties can be 

reduced and which cannot (Der Kiureghian and Ditlevsen, 2007).  

The literature on uncertainty in flood forecasting frequently uses the terminolog  ‘predictive 

uncertaint ’ or ‘predicting the uncertaint ’, e amples include the wor  of (Palmer, 2000; Todini, 

2008; Weerts et al., 2011; Zappa et al., 2011; Van Steenbergen and Willems, 2015). Todini, (2008) 

defines predictive uncertaint  as “the pro a ilit  of an  future  real  value, conditional upon all the 

 nowledge and information, availa le up to the present”.  he popularit  of the term “predictive 

uncertaint ” in flood forecasting research is  ecause it emphasi es that it is the uncertaint  around 

the prediction which is being described or quantified, rather than “validation uncertaint ” or “model 

uncertaint ”; which are defined as  “the a ilit  of a model to reproduce realit ” (Todini, 2008; Klein 

et al., 2016).  

Table 7-1: Some definitions commonly used in uncertainty quantification and flood forecasting 
and/or used in this chapter. Italics alerts the reader that a term is defined in this table.  

Term Definition 

Correct alarm (HIT) When both modelled and observed values exceed a warning threshold. 

Correct alarm ratio 

(CAR) 

The ratio between the correct alarms (HIT) and the summation of the 

HITs and False Alarms (FA). A forecasting the model exhibits a high 

forecast skill  when CAR values are close to one.   

Correct rejection 

(CR) 

When both simulated and observed value are below the warning 

threshold. 
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Term Definition 

Decision makers Anybody aiming to interpret and use a flood forecast to disseminate 

flood warnings or to take other actions to mitigate and reduce flood risk 

from an imminent event. 

Deterministic 

forecast 

A forecast that provides definite information as a single forecast. In 

meteorology a deterministic forecasting model is often run at a higher 

spatial resolution than a probabilistic model. 

Ensemble 

forecasting 

Ensemble forecasting provides a set of many plausible forecasts rather 

than providing a single deterministic forecast of future conditions, 

ensemble forecasting is common in NWP. 

Ensemble Kalman 

filter (EnKF) 

Computational algorithm that uses an ensemble in processing 

measurements to find an optimum estimation of the past, present or 

future states of a system.  

Ensemble spread The total area of variation between the most upper and lowest 

ensemble. A wide spread indicates a high uncertainty and low 

predictability. 

Ensemble members Individual forecasts within an ensemble.  

Event based models Models simulating a limited period of time using observed rainfall from 

the past or a hypothetical event of some estimated probability of 

occurrence. 

False alarm (FA) When the forecast value exceeds a warning threshold but the observed 

value does not. 

Feasible model 

space 

The set of all the plausible values required to run a model that can be 

found by using a finite combination of all the possible model initial 

conditions, parameters and/or boundaries conditions. This will often 

lead to a great number of values which can reduced by sampling using 

the Monto Carlo or other techniques. 

Forecast accuracy The degree to which the forecast variable conforms to its observed 

value.  

Forecast skill How much better a forecast is compared to the long-term average on 

that day (climatology). 

Heteroscedasticity This refers to the circumstance in which the variability of a variable is 

unequal across the range of values of a second variable that predicts it. 

Initial conditions The system state at the start of the simulation.  For example for a 

hydrological model these can be the initial state of the soil moisture, 

snow cover, water level or river flow. Also referred to as antecedent 

conditions or model states.  

Lead time The time between the forecast (or the issued warning) and the arrival of 

the predicted flood, or the length of time into the future that is 

forecasted.  

Miss rate (MR) The ratio between the missed alarms (MIS) and the summation of the 

MIS and correct rejections (CR). The model shows high forecast skill for 

a CAR value close to zero.  

Missed alarm (MIS) When the actual value exceeds the warning threshold, but the simulated 

one does not.  
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Term Definition 

Model spin-up When the initial conditions are unknown, the model can be run for a 

period of time after which the initial conditions are assumed to no longer 

significantly impact the results. This time period is referred to as the 

model spin-up or model warm up.  

Model residual The difference between the modelled value and the observations, 

sometimes termed ‘model error’.  

Predictive 

uncertainty 

The probability of any future (real) value, conditional upon all the 

knowledge and information, available up to the present, see Todini, 

(2008). 

Probabilistic 

forecast 

When a forecast includes the associated probability of the event 

occurring.  

 

Reference 

Climatology 

The 30-year average hydrological or meteorological conditions for the 

calendar period in question.  

Under-dispersed 

ensemble 

When the width of the probability density of the forecast ensemble is 

narrower than the observations. This means that the ensemble 

members are too similar to each other and different from the 

observations.  

7.2.2. Sources of uncertainty 

Uncertainty affects each element in a flood forecasting system. Which sources of uncertainty are 

pertinent will depend on the elements that the forecasting system contains, as shown in Figure 7.1. 

For example, if a hydraulic model is part of the chain which provides flood level and water extent, 

additional uncertainty sources are present compared to a system which uses a rainfall-runoff model 

to produce river flows alone or a simple level-to-level correlation. This means that in the literature 

the named sources affecting a forecast system can vary. In the literature the most commonly 

discussed sources of uncertainty for flood forecasting systems include: 

• Uncertainty inherent in the meteorological forecast: Precipitation is often considered one of the 

most important atmospheric inputs into a flood forecasting system, especially in catchments 

without snowmelt processes. NWP is commonly used to forecast precipitation. The 

uncertainties in NWP forecasts are related to the initial conditions, boundary conditions and 

model uncertainty, which are assessed using an ensemble. Ensembles comprise multiple 

weather and climate prediction models with explicit perturbation of initial conditions and model 

formulations (Palmer, 2000). Challenges in using precipitation forecasts for flood forecasting 

systems include: the scale of the atmospheric model does not necessarily match the 

hydrological model (uncertainty due to downscaling is not considered further in this chapter, for 

more information see (Maraun et al., 2010; Schoof, 2013; Gutmann et al., 2014)); increasing 

uncertainty in precipitation forecasts for rare events; increasing uncertainty in precipitation 

forecasts with increasing forecast lead time and uncertainty related to convective precipitation 

which cannot be resolved at 10-40km grid scales, the latter is  a particular issue for medium 

range predictions (5 to 10 days)  (Pappenberger et al., 2005; Rossa et al., 2011). For a 
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comprehensive review on uncertainty of precipitation forecasting see (Palmer, 2000; Rossa et 

al., 2011; Liguori and Rico-Ramirez, 2014). 

• Uncertainty from measurement and observations: The calibration and verification of flood 

forecasting system use observations, which themselves are uncertain (Gotzinger and 

Bardossy, 2007). Observations are subject to random and systematic errors that can vary over 

time. The spatial and temporal characteristics of the observations do not always correspond 

directly to the modelled fluxes and storages leading to uncertainties added during the 

processing of observation (Juston et al., 2013). For example, interpolation can lead to errors 

and issues with capturing the spatial variability (Gotzinger and Bardossy, 2007) and using 

rating curves, which relate water levels to flows, are a major source of uncertainty in discharge 

estimations (Di Baldassarre and Montanari, 2009; McMillan et al., 2012). For a complete 

overview of uncertainty due to measurements and remote sensing data see (McMillan et al., 

2012;  Li et al., 2016; Li et al., 2016). 

• Uncertainty due to initial conditions: Uncertainty due to initial conditions relates to the 

uncertainty of the land surface state, including the soil moisture, snow cover, initial state of the 

river and other waterbodies in the catchment (Madsen and Skotner, 2005; Gotzinger and 

Bardossy, 2007; Li et al., 2009). Land surface state measurements are often not in proportion 

to the heterogeneity of the land surface and this is a source of uncertainty. For example soil 

moisture is often a single point measurement which will be spread over to the modelled 

catchments or grid (Beven and Binley, 2014).  

• Uncertainty due to hydrological and hydraulic models being unable to represent processes 

fully: The inherent simplifications of the model in order to represent the more complex real 

system leads to uncertainty. Model structure uncertainty refers to the uncertainty of the 

represented processes, the chosen representations (e.g. St. Venant or kinematic wave 

equation for channel routing) and the spatiotemporal scales used in the model (Smith et al., 

2016). An example of this is the use of polygons or grids to represent catchments, this will lead 

to uncertainty due to the physical processes often occurring on smaller scales than the model 

elements (Gotzinger and Bardossy, 2007).  

• Uncertainty due to model parameters: The estimation or calibration processes of parameters in 

models inevitably leads to uncertainty. Catchment characteristics have natural variability,  

which leads to local spatial heterogeneities and non-stationarities in the catchments affect the 

parameters, making them difficult to estimate effectively (Gupta et al., 2003). A second issue 

affecting the uncertainty of model parameters is that the performance of a calibrated model in 

prediction is not necessarily as good as during calibration (Beven and Binley, 2014). This can 

be caused by future conditions inducing a different type or range of responses  beyond the 

models calibrated range (Beven, 2012). For a comprehensive overview on parameter 

uncertainty the reader is referred to (Beven and Freer, 2001; Vrugt et al., 2003).  

The above sources of uncertainty are essentially epistemic in character, although arguably they all 

have aleatory components. These sources of uncertainty are often combined in: input 
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(observations, downscaling and NWP), initial conditions and modelling uncertainty (model structure 

and/or model parameter uncertainty) (Liu and Gupta, 2007; Zappa et al., 2011; Van Steenbergen 

and Willems, 2015; Klein et al., 2016; Thiboult et al., 2016).  

 

 

 

Figure 7.1: Model elements and sources of uncertainty in a typical flood forecasting system.  

7.2.3. Uncertainty methods in flood forecasting 

In quantifying flood forecasting uncertainty two different philosophies can be identified. The first is 

using the statistical analysis comparing forecast and observed values as a measure of uncertainty. 

 ethods in this philosoph  are referred to as ‘statistical methods’.  he second is philosoph  is 

using a set of plausible forecasts as a measure of uncertainty. Methods within this philosophy are 

referred to as ‘ensem les methods’.  ome uncertaint  methods use a com ination of  oth of these 

two philosophies.  

The statistical methods can be referred to as post processors. They calculate the model residual 

and are based on the assumption that the model uncertainty from the past is representative of the 

uncertainty in the future. The information the statistical method provides is an estimation of the 

uncertainty of a specific water level/discharge for a specific lead time.  The question this estimation 

procedure answers is  ‘ hat is the pro a ilit  of the forecasts  eing accurate,  ased on past 

performance ’  tatistical methods range in complexity and in their assumptions. Some methods 

like the Hydrological Uncertainty Processor (HUP) (Krzysztofowicz, 1999) make direct assumptions 

on the distribution of the model residual, where other methods like Quantile Regression (QR) 
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(Koenker, 2005) avoid this, but make other assumptions in order to calculate the quantiles (Wani et 

al., 2017). Finding a reliable statistical method to use to model residuals to represent uncertainty 

remains a mathematical and theoretical challenge.  

Ensembles are generally created by combining different runs, where each run is within the feasible 

model space of the model structure, model parameters and forcing data. The ensembles method 

assumes that it is possible to define the model structure and parameter space which is 

representative for the predictive uncertainty. The information the ensemble method provides is a 

measure of the spread of the forecast based on the lack of knowledge on the models processes, 

parameters and/or initial conditions  (Todini, 2017). The question the method can answer is: What 

is the likely spread of the forecast given the known lack of knowledge on the model structure, 

parameter and/or initial conditions of the catchment, river and/or atmosphere? Finding a reliable 

method to create and sample from model space is a mathematical and theoretical challenge. 

Methods to create ensembles reflecting uncertainty in flood forecasting models focus on one or 

more uncertainty sources (Boucher et al., 2012).  For example the Shuffled complex evaluation 

metropolis algorithm (Vrugt et al., 2003) creates an ensemble of model parameters, the Ensemble 

Kalman Filter (Evensen, 2003) creates an ensemble of initial conditions and the concept of using a 

multi-model ensemble treats model structural uncertainty (Thiboult et al., 2016; Todini, 2017).  

There are uncertainty methods that use a combination of both philosophies. For example (Hemri, 

Fundel and Zappa, 2013) use statistical methods to improve the hydrometeorological ensemble 

which has been produced by rerunning a hydrological model with a meteorological ensemble.  

An overview of methods capturing uncertainty that are applied to flood forecasting systems is 

presented in a table in the supplementary material and as summary in Appendix C. The objective 

of the table is to give a representative indication of the variety of methods available to flood 

forecasters. It is shown that uncertainty methods are able to deal with parameter uncertainty, 

uncertainty due to the meteorological forecast, model structure uncertainty, uncertainty in gauged 

flow data and ‘total’ uncertaint  as an aggregate.  ost methods have  een applied to h drological 

models, although there are examples of hydraulic models and water extent models. The 

catchments that the uncertainty methods have been applied to vary both in size and location.  

7.3. Application of a statistical method 

This section provides an analysis of the character of a statistical method applied to forecast model 

residuals, using as an example the Non Parametric Databased Approach (NPDA) in the Belgian 

case reported by (Van Steenbergen, Ronsyn and Willems, 2012).  

7.3.1. Application description  

Van Steenbergen et al., (2012) describe the forecasting system at the Flanders Hydraulics 

Research Centre (FHRC) (FHR, 2017) for navigable rivers which provides deterministic forecasts 

several times a day with a 48 hour? lead time for the main river in Flanders including the Yser, 

Dender and Demer. More information on the forecasting systems for these rivers is given in 
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Figure 7.4 and Table 7-2. During extreme flood events the system performed less well than hoped. 

For some catchments forecasts did not meet the acceptable level at a maximum relative error of 

10%. The uncertainty in the forecasts is not surprising or indeed unique to this system. Any flood 

forecasting system that simulates complex hydrological and/or hydraulic processes will do so with a 

degree of uncertainty (Leedal et al., 2010; Pappenberger et al., 2005). To allow end users, flood 

managers and other decision makers to account for this uncertainty, transitioning to probabilistic 

forecasts was explored by applying Non Parametric Databased Approach (NPDA). The NPDA uses 

a statistical analysis of the model residual. The residuals are divided into classes where the 

distribution of the forecast residuals is assumed the same. The percentiles are calculated per class 

for the different lead times and populated into a three dimensional matrix. This matrix is used as a 

lookup table to provide a forecast with confidence intervals. The schematisation of the NPDA 

method is shown in Figure 7.5. FHRC explored the NPDA due to its stability and speed, an 

ensemble approach was rejected due to its excessive computational needs. 
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Figure 7.2: Chronological overview of available methods for uncertainty estimation in flood forecasting based the table available in the supplementary 
material. 
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Table 7-2: Characteristics of the application of the Non Parametric Databased Approach, a 
statistical method. 

 

Location Flanders, Belgium. The rivers Yser, Dender and Demer, overview in 

Figure 7.4. 

Forecast centre Flanders Hydraulics Research Centre for Navigable Rivers. 

Catchment mean 

annual rainfall 

700 to 800mm per year. 

Average annual 

flows 

2 m3/s to 15 m3/s. 

Catchment area 1,101km2 (Heylen, 1997) to  2,275 km2 (Cauwenberghs and Maeghe, 

2007) 

Catchment 

description 

Catchments with diverse land use including arable, urban and forest. 

Rivers including flow regulation structures in the form of hydraulic gates 

and sluices.  

Forecast length 48 hours 

Models used in the 

flood forecasting 

system 

Lumped conceptual rainfall-runoff model for upstream catchments, 

hydrodynamic models for the main rivers and data-assimilation for real-

time updating. 

 

Flood plain 

representation 

Quasi-two dimensional i.e. (the floodplain was schematized into one 

dimensional river branches linked to the main river by spills). 

 

Data for mode setup Field survey data at 50 m intervals, 5x5 m with ±0.1 m vertical resolution 

digital elevation model (for flood plain representation).  

Data for calibration Observed rainfall, evaporation, level and flow time series. Catchment 

average rainfall generated using Thiessen polygon approach. For the 

ungauged parameters of the neighbouring catchment are used. 
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Figure 7.3: Schematisation of the Flood Forecasting models at FHRC (figure produced by L. 
Boelee).  

7.3.2. Performance of a statistical approach 

To assess the performance of the probabilistic forecast (Van Steenbergen, Ronsyn and Willems, 

2012) compared the exceedance of alarm levels of the deterministic with the probabilistic forecasts 

for three catchments. The probabilistic forecast was optimised using the Correct Alarm Ratio (CAR) 

and Miss Rate (MR). The CAR-MR is a value between 0 and 1, with 1 being a perfect forecast. All 

four catchments show in increase in the CAR-MR score. Two out of the four catchments had a high 

CAR-MR for the deterministic forecasts. Using the probabilistic forecast for these catchments 

showed minor increase in the CAR-MR score (0.01 and 0.02) when compared to the deterministic 

forecasts. For the other two catchments where the performance of the deterministic forecast was 

lower according to the CAR-MR scores, the use of probabilistic forecast showed an improved 

performance with the CAR-MR score increasing by 0.1 for one catchment and a minor increase in 

the CAR-MR score (0.02) for the other. Producing probabilistic forecasts using the non-parametric 

data approach can be beneficial for the forecast accuracy. 
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Figure 7.4: Catchment locations of application 1, the NDPA.  

Source: Reproduced from (Van Steenbergen, Ronsyn and Willems, 2012) with permission of the authors.  

7.3.3. Advantages and disadvantages 

The advantages of using a probabilistic forecast generated by the NPDA is that there is an 

improved forecast performance. This is expressed quantitatively by the increase shown in the 

CAR-MR scores for the probabilistic forecasts when compared with the deterministic ones. The 

method is straightforward to apply to a new or existing system and requires modest computational 

resources. The speed and simplicity of the method means it can be combined with flood 

forecasting models that are run at a high frequency and where the hydrological and/or hydraulic 

models have longer run times.  he method can  e used to estimate ‘total’ uncertaint  of a forecast, 

aggregating initial condition uncertainty, past meteorological uncertainty and uncertainty from the 

h drological and h draulic models.  he method’s strength lies in appl ing it to a forecast s stem 

where probabilistic forecasts are required, but there is limited budget and computational resources, 

or a forecast system where it is undesirable to change the current deterministic setup. 
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Figure 7.5: Schematisation of the NPDA.  

Source: Figures at step 3 and 4 reproduced from (Van Steenbergen, Ronsyn and Willems, 2012)  with 

permission from the authors.  Figures at step 1 and 2 produced by L.Boelee.  

The disadvantage of this approach is that it relies heavily on observed streamflow data and 

requires regular updates with new data, six monthly in the Belgian case. Owing to the databased 

aspect of the method the uncertainty matrix is directly linked to the gauged location and can only 

be reliably used there. The transferability of the uncertainty matrix to an ungauged location was not 

explored. Van Steenbergen (2012) uses two years of forecasts and observed data for the setup of 

the method, this could be a disadvantage for new systems. Another drawback of the method is that 

the uncertainty is not captured equally across the water level/discharge spectrum. Classes in which 

the percentiles are calculated will require a minimum number of data points. For more extreme 

flows there will be fewer model residuals and therefore the water level or flow class will need to be 

broadened, leading to less reliable percentile calculations. Extreme values that have not occurred 

before will assume the percentiles in the most extreme classes are representative. 

7.4. Application of an ensemble approach 

This section provides an analysis of the character of a typical ensemble forecasting approach, 

using as an example the three-hourly forecasts in the Canadian case reported by (Thiboult, Anctil 
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and Boucher, 2016). This operational system uses the ensemble meteorological forecasts available 

from the European Centre for Medium-Range Weather Forecasts (ECMWF). 

7.4.1. Application description  

Thiboult et al., (2016) describe the flood forecasting system of Québec (Table 7-3) which issues 

five days of three hourly stream flow forecasts to municipal water managers and five daily forecasts 

to the public. Currently a statistical method assesses uncertainty in 10 river catchments, more 

details in   entre d’expertise hydrique du Québec and MDE, 2017) (Matte et al., 2017). An 

experiment was performed to disaggregate the sources of uncertainty to enable more accuracy and 

reliability of the streamflow forecasts and improvement in the current estimation of uncertainty. 

Three different ensembles were used to capture three types of uncertainty; meteorological 

uncertainty, initial conditions uncertainty and structural uncertainty of the hydrological models, 

shown in Figure 7.7. The assumption when using an ensemble is that the space from which the 

ensembles are sampled has been defined such that the ensemble spread is representative for the 

predictive uncertainty. For the meteorological uncertainty the 50 member ensemble  from ECMWF 

was downscaled and for the initial conditions an ensemble Kalman Filter (EnKF) was used, 

producing a 50 member ensemble (Thiboult and Anctil, 2015a). The EnKF has been setup to 

assimilate the gauged stream flow data and has been optimised with all the hydrological models, 

more details on the EnKF see (Thiboult and Anctil, 2015b). To represent structural uncertainty of 

the hydrological model an ensemble of 20 members was used, by selecting 20 hydrological models 

of varying complexity (Seiller, Anctil and Perrin, 2012). The system is set up flexibly allowing the 

different ensembles to be turned 'off' or 'on', represented by the dotted arrows in Figure 7.7. In this 

experiment the evapotranspiration and snowmelt schemes were not varied, meaning that the 

model structural uncertainty in these components is not included in the predictive uncertainty. 

Table 7-3: Characteristics of the application the ensemble method.  

  

Location Qubec, Canada. 20 catchments, overview in Figure 7.6.  

Forecast centre Ministry of sustainable development, the environment and 

climate change (Ministère du Développement durable, de 

l’ nvironnement et de la Lutte contre les changements 

climatiques).  

Catchment mean 

annual rainfall 

877mm to 1,412mm. 

 

Average annual flows 8 to 300 m3/s. 

Catchment area 512km2 to 15,342km2. 

Catchment description Natural catchments without any influence of dams and 

structures. 

Forecast length Five day forecast operationally, for the uncertainty experiment a 

9 day forecast. 
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Models used in the 

flood forecasting 

system 

Operational forecasting system uses a semi-distributed physics-

based hydrological model HYDROTEL  (Fortin et al., 1995). The 

uncertainty experiment uses 20 lumped rainfall-runoff 

hydrological models (Seiller, Anctil and Perrin, 2012).  

Data for calibration 10 years of data, four years of data were used for the model 

spin-up and two years of forecast were created using 2 years of 

meteorological forecasts. The data included temperature, 

precipitation, telemetered flow data, forecast temperature and 

forecast precipitation. 

 

 

 

Figure 7.6: Catchment locations of application 2, the ensemble method.  

Source: Reproduced from (Thiboult, Anctil and Boucher, 2016)  with permission from the authors 

 

7.4.2. Performance of the ensembles approach 

Thiboult et al., (2016) used different scores to assess the performance of the ensembles  including 

comparing the probabilistic forecast, deterministic forecast and observations. The scores include 

the continuous ranked probability score, CRPS (Matheson and Winkler, 1976), reliability diagram 

(Stanski, Wilson and Burrows, 1989), mean absolute uncertainty of the reliability diagram which is 

the average distance between the forecast and observed frequencies over all quantiles of interest 

(Brochero et al., 2013; Thiboult et al., 2016) and Spread Skill Plot which takes the root mean 

squared error (RMSE) compared to the square root of average ensemble variance for which the 

spread should match the RMSE (Fortin et al., 2014). Cloke and Pappenberger (2008) provide more 

information about skill scores. The forecast improvement and representativeness of the uncertainty 

are assessed by these scores.  

The results show that the contributions of the three sources of uncertainty change for different 

lead times and catchments. Typically, the meteorological uncertainty increases for longer lead 
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times. The specific probabilistic forecast (downscaled ECMWF) improved forecast performance 

substantially for a nine day lead time, but only marginal improvements are visible for shorter lead 

times. It should be noted that for this particular case the ECMWF downscaled precipitation forecast 

is shown to have an under-dispersed ensemble spread. There are methods available that aim to 

improve the ensemble spread of the precipitation forecast (Verkade et al., 2013), however this was 

not part of Thiboult et al., (2016) research. Including hydrological structure uncertainty improved 

the forecasts substantially for the shorter lead time (up to three days). For day six there is a minor 

improvement and for day nine the 20 member hydrological ensemble showed no more skill than 

the reference climatology. The initial conditions ensemble shows a significant improvement of skill 

for the short lead time (up to three days) and a minor improvement compared to the deterministic 

forecast for day six. For day nine using the 50 ensembles generated by the EnKF does not show 

more skill than the reference climatology. The hydrological ensembles and the ensemble of initial 

conditions overlap in the treatments of uncertainty sources and indeed show a similar forecast 

improvement. 

 

 

 

Figure 7.7: Overview of the ensemble approach in the Quebec catchments (figure produced by 
L. Boelee).  
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7.4.3. Advantages and disadvantages 

The advantages of the ensemble method are that combining the EnKF, the meteorological 

ensembles and the hydrological multi model to generate a probabilistic forecast offer an improved 

skill score compared to the deterministic forecast, for all lead times. The approach allows the 

different sources of uncertainty to be assessed separately in an operational setting. This 

knowledge can be used to give decision makers information on the total uncertainty and on where 

that uncertainty is coming from, offering richer information for decisions. The approach does not 

rely on a specific gauged location and results with uncertainty estimation can be extracted 

anywhere in the modelled domain and can be applied to any forecasting system where probabilistic 

forecasts are required. 

The disadvantage of the ensemble method is that creating an ensemble depends on the definition 

of the feasible model structure and parameter space. However, defining this space in itself is 

uncertain, which can lead to the ensemble being under- or over-dispersive and thus not accurately 

represent the predictive uncertainty. For some forecasting systems the total ensemble size of 

50,000 members will be a significant drawback for use in practice, owing to the consequent 

increase in computation resources required, data management and fast running of models. 

Thiboult et al., (2016) found redundancy within the total ensemble, but effectively reducing the 

ensemble was not part of the research. Reducing the ensembles is not as straightforward as 

selecting the most dominant source of uncertainty due to the varying nature of the uncertainty 

across catchments and lead times. 

7.5. Comparison and selection of the methods  

Using either the ensemble or statistical method to generate probabilistic flood forecasts has shown 

an increase in the skill scores compared to using the deterministic forecast, as described in 

Sections 7.3 and 7.4. Both the ensemble method and the statistical method are based on a 

different set of assumptions and capture different aspects of uncertainty. The statistical method is 

based on the assumption that the past performance is representative of the uncertainty in the 

future. The ensemble method bases the uncertainty on the lack of knowledge on the models’ 

processes, parameters and/or initial conditions. In addition to these differences in the information 

that the methods capture, there are differences in the application, practicality and outputs of both 

methods. These differences are summarised in Table 7-4.  

Table 7-4: Overview of the statistical and ensemble methods.  

 Statistical methods Ensembles 

Computational requirements, 

resources 

Most methods have low 

computational requirements 

and resources.  

Dependent on the size of the 

ensemble, however 

computational requirement 

and resources are likely to be 

higher than the statistical 

methods.  
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 Statistical methods Ensembles 

Application to an existing 

system 

Can be added onto an 

existing flood forecasting 

chain as a post process.  

Forecast system would need 

to be structured in a way that 

makes rerunning of models 

within of the forecasting 

system possible 

Fixed location or whole 

domain 

Can only be applied to 

locations with gauged stream 

flow or level data 

Can be generated for the 

whole model domain 

Sources of uncertainty  aptures the ‘total’ 

uncertainty 

The uncertainty can be 

disaggregated per sources or 

targeted to a single source 

 

Four practical steps represent a possible approach for selecting the most appropriate method and 

applying uncertainty in a current or future flood forecasting system: 

1. List the constraints of your current or future system; e.g. model type and run times, 

requirements of a pre-existing system, computational resources and data availability.  

2. Identify how the uncertainty will be used and what associated requirements will be needed. 

For example, does the uncertainty need to be broken down into components, is there a 

NWP ensemble that needs to be included etc.  

3. Identify which type of method suits your application best: ensemble, statistical or 

combined, use Figure 7.8.  

4. Use the table in the supplementary material to find literature on suitable methods for your 

method type and catchment type.  
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Figure 7.8: Selection of Methods flow chart.  

 

7.6. Discussion 

Five challenges for using and researching uncertainty in flood forecasting have been identified 

during this review. 

The first challenge is that there are many different definitions for uncertainty that are used within 

flood forecasting. There have been calls for a more coherent terminology (Montanari, 2007), 

however this has proved difficult to achieve. In the last decade there has been more consistency in 

using the term predictive uncertainty as defined by (Krzysztofowicz, 1999; Todini, 2008) to describe 

uncertainty in flood forecasting systems as opposed to uncertainty in event based models. 

However, there is little agreement on how predictive uncertainty is to be quantified, with (Todini, 

2017) referring to uncertainty from an ensemble method as forecast sensitivity rather than 

uncertainty and (Matte et al., 2017) referring to a statistical methods as ‘dressing’ a deterministic 

model. Although finding agreement on terminology is not a trivial matter, greater clarity can be 



 
 

 

175 
 

achieved by defining the technical terms within a piece of work as in the FLOODsite Language of 

Risk (Gouldby and Samuels, 2009) and in this chapter in Table 7-1.   

The second challenge is that both statistical and ensemble uncertainty quantification methods 

have mathematical and theoretical challenges. Currently it is unclear what assumptions have 

been made in order to quantify uncertainty and what the consequences of these assumptions are, 

indicating a lack of knowledge about uncertainty estimation. Beven (2016) provides a 

comprehensive discussion about the theoretical challenges of uncertainty quantification from the 

perspective of their type (e.g. aleatory, epistemic). When using simulation and resampling 

techniques the challenges are how to create a reliable and practically sized ensemble. When using 

techniques based on statistical analysis of model residuals, the challenges are how to deal with 

creating representative uncertainty bands for the future based on the historical model residual. This 

includes dealing with non-stationarity and heteroscedasticity of the residual. Research questions on 

the quantification of uncertainty that this review has brought forward are: How do the assumptions 

made when creating an ensemble affect the assessment of predictive uncertainty? What are the 

implications of assuming that the statistics of the historical model residuals are representative for 

the predictive uncertainty? To answer these will require more applied research testing different 

uncertainty quantification methods on different catchments and flood events in a comparable way.  

The third challenge is that research on the representativeness of the uncertainty spread for 

prediction and extreme events remains limited. For example the Belgian application Van 

Steenbergen et al., (2012) shows the performance of uncertainty spread using the same time 

period upon which the uncertainty matrix was constructed. This only shows the performance of the 

method on past uncertainty, not on the predictive uncertainty. The representativeness of the 

uncertainty bands for the forecasts remains unknown. There are opportunities using existing 

methods and techniques to assess and adjust the representative of a model ensemble or 

uncertainty bands for the predictive uncertainty, examples include (Abramowitz and Gupta, 2008; 

Madadgar et al., 2014). A research question that arises is how can the representativeness of 

uncertainty bands around flood forecasts be assessed?. This could be addressed by a review of 

the available metrics which assess representativeness of uncertainty spread highlighting their 

strengths, weaknesses and application.  

The fourth challenge is that both methods struggle to represent uncertainty without observed 

data, the highest uncertainty is often related to ungauged catchments and the statistical method 

cannot be applied without data. The transferability of uncertainties from gauged to ungauged 

catchment has been explored (Bourgin et al., 2015), but more research is required.  For the 

ensemble methods, in defining the sampling space for ensembles observed data is used. Both 

methods are dependent on observed data in testing the representativeness of the uncertainty 

spread.  A research question that remains to be answered is how can the representatives of 

uncertainty of an ungauged (sub) catchment be assessed? The Prediction in Ungauged Basins 

(PUB) initiative sought to answer this question and offered ways forward which include the use and 

assimilation of satellite data (Hrachowitz et al., 2013). The PUB work needs to be continued and 

also requires an equivalent focussing on Forecasting in Ungauged Basins.  
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The fifth challenge is to generate uncertainty information which can be used by decision 

makers. Decision makers work in a complex environment in which scientific information is often not 

prioritised above regulatory, institutional, political, resource and other constraints (Morss et al., 

2005). Recent work by (Leskens et al., 2014) shows that the usefulness of flood forecasting model 

outputs to decision makers depends on the type and quality of the output and the flexibility and 

timeliness of the model. In order to generate useful uncertainty information for decision makers, 

they need to be incorporated into the research and development process. This cannot be done 

without long-term partnerships between scientists, product developers and different groups of 

decision makers (Meo et al., 2002) and (NRC, 2004) and effective communication (Bruen et al., 

2010).  

The research priority emerging from this discussion is the need to apply uncertainty quantification 

methods and theories more widely to catchments and flood events in a comparable way.  

7.7. Conclusions 

This review aims to provide practitioners with information to help match an uncertainty 

quantification method to their application. This is not straightforward owing to the variety of flood 

forecasting and warning systems. This chapter has focussed on two specific applications of two 

well-known types of uncertainty quantification methods: statistical and ensemble. This research 

concludes that the statistical uncertainty quantification methods can answer the question: what is 

the probability of the forecasts being accurate, based on past performance? This method should be 

applied when the users require an estimation of the uncertainty of a flood forecast as probabilistic 

bands based on the historical uncertainty. The question that the ensemble methods can answer is: 

what is the spread of the forecast given the known lack of knowledge on the model structure, 

parameter and/or initial conditions of the catchment, river and/or atmosphere? The application of 

this approach would be targeted at a forecast system where uncertainty information from a specific 

source is required, for example, uncertainty from the meteorological forecast. Another application is 

where the forecaster needs uncertainty information at ungauged locations as well as gauged 

location in the catchment. The advantages of the statistical methods are mostly practical, related to 

the low computational requirements and resources needed and the fact that it can be bolted onto 

an existing system as a post hoc process. The drawbacks are that the outputs are limited to 

locations with observed data and uncertainty cannot be split out into different types. The strength of 

the ensemble method lies in the fact that it deals with the uncertainty from the source leading to 

more information on uncertainty. This information can be disaggregated, tracked through the 

cascade of models and through lead times, and is available in locations without observed data. The 

drawbacks are related to the computational power required to run an ensemble and the resources 

required for post-processing, analysis and archiving the additional volumes of data. In conclusion, 

both methods are able to improve on a deterministic forecast and the choice will be a trade-off 

between the information required, available resources and the available data. Using available 
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methods and theories from literature together with this overview it should be possible to estimate 

uncertainty and produce a probabilistic forecast using any flood forecasting system.  
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8. Conclusions 

Global flood forecast models offer potential to provide forecasts for ungauged flood prone 

catchments, where local forecasting systems are not available. A current barrier to using global 

flood forecasting in ungauged catchments is the lack of knowledge around the forecast 

performance, modelling processes and uncertainty. This thesis has developed methods to evaluate 

global food forecast performance in ungauged basins using alternative sources of flood event 

information. These methods have been tested in Africa, both at catchment and at continental scale.  

Top down approach 

This thesis has assessed forecast performance from two perspectives. The first was a top down 

approach, where flood forecasts have been evaluated at locations which were suitable based on 

where flood event information of flood inundation data from EO were available.  

The first pan African assessment focusses on how well global flood forecasts are able to capture 

flood events from the Global Active Archive of Large Flood Events from Dartmouth Flood 

Observatory. This is done by analysing what the probability of flood flow is in the global model at 

locations and times when floods were recorded in the Global Active Archive of Large Flood Events. 

The global flood forecasts predicts values exceeding the 1 in 2 year return period flow threshold for 

81% of the events when all ensembles and lead time intervals are considered. The number of flood 

events the global model is able to predict is sensitive to both ensemble size and lead time. This 

means that as soon as not all lead times and ensembles are considered the number of flood events 

that are being predicted drops considerably. Put into context of the operational rules of a 

forecasting systems like EFAS or Forecast Based Financing, the global flood forecasts are only 

able to pick up between 5% and 16% of flood events.  

The second pan African assessment assess how similar global flood forecasts are to water extent 

data from Earth Observation (EO). First the correlation between the global flood forecasts and the 

EO data was assessed. This showed a low correlation with the Spearman rank correlations 

coefficient being below 0.5 in 80% of the 387 satellite gauging locations. The seconds assessment 

of similarity was to look at the tail dependency (chi-bar) to calculate the similarity of the upper tails 

of the distributions between the flood forecasts and the EO data. The majority of location have a 

low association with 73% of satellite gauging locations showing chi-bar values lower than 0.5. The 

next step was to investigate if there were any catchment and climate characteristics that could 

explain the variation in the correlation coefficients and tail dependency (chi-bar). A multiple linear 

regression model showed that only average annual precipitation has a relationship with the 

correlation coefficient and the tail dependency. 

Bottom up approach 

This thesis has also looked at forecast performance using a bottom up approach. The bottom up 

approach started by selecting a location where global flood forecasts are being used to initiate 

flood prevention actions. Two locations have been assessed. The first was an initial exploration of 

forecast performance in the coastal regions of Peru where the Red Cross and Red  rescent’s 
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Forecast based Financing (FbF)  have used global flood forecasts. The assessment of flood 

forecasts for the coast regions in Peru shows that there is a possibility that global flood forecasts 

could provide flood warnings for the Peruvian coastal catchments because the global flood forecast 

is able to predict higher than normal values during flow during flood events. However, the 

assessment of limitations shows that GloFAS is unable to reproduce the flow duration curve, 

including the high flows which is of importance when predicting flood events. This could be an 

indication that global flood forecasts performance is low for this region.  

The performance of global flood forecasts was assessed for the Akokoro River, bringing together 

the methods developed in the pan African studies by using both recorded flood information from 

events databases and observed water extent data from EO. The performance evaluation starts by 

assuming the EO data has been able to capture the flood events correctly. Using this assumption 

the global flood forecast achieves a hit rate of 31% and a false alarm rate of 69%. When analysing 

the events in detail and comparing them to the flood event databases there is evidence to correct 

the result to a hit percentage of 50% and a false alarm percentage of 50%. In the best case 

scenario GloFAS reforecast quality in the Akokoro River catchment would just be sufficient 

according to the Red Cross forecast based financing project requirements.  

This research concludes that the statistical uncertainty quantification methods can answer the 

question: what is the probability of the forecasts being accurate, based on past performance? This 

method should be applied when the users need to estimate the uncertainty of a flood forecast as 

probabilistic bands based on the historical uncertainty. The question that the ensemble methods 

can answer is: what is the spread of the forecast given the known lack of knowledge on the model 

structure, parameter and/or initial conditions of the catchment, river and/or atmosphere? 

In conclusion, both methods were able to improve on a deterministic forecast and the choice will be 

a trade-off between the information required, available resources and the available data. 

In summary 

The methods developed in this thesis using flood event databases and earth observations (EO) for 

comparison with global flood forecasts provides a step in understanding the performance of the 

global flood forecasts in ungauged catchments. In this thesis these methods have been applied to 

Africa resulting in 888 locations where new forecast performance information is now available. The 

catchment scale assessment in Uganda shows how these methods can be combined and applied 

in a location where global flood forecasts are being used to trigger flood prevention actions.  

The new methods to assess performance in ungauged basins show both the potential and 

limitations for using global flood forecasts. This thesis uncovers locations where global flood 

forecasts and flood information from EO data or flood event databases are consistent with each 

other. These locations have great potential for using global flood forecasts. This thesis also 

uncovers locations where global models are unable to capture the flood process and/or where the 

flood extent data from EO or the flood databases are uncertain. Further research should examine 

these locations and these locations should drive further model developments. As it stands, 

developments in global flood forecasts continue apace with new and improved releases of the 
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global forecast scheduled in the near future. These further developments are hoped to have a 

positive impact on the performance of flood forecasts in ungauged basins. Although challenges 

remain in assessing forecast performance in ungauged basins, further publications of global 

forecast performance could now aim to include the assessment of performance in ungauged 

basins, as presented here in this thesis.  

8.1. Scientific advances 

In order for global flood forecasts to be fully utilised, there is a need for more performance 

evaluation (Revilla Romero et al., 2014). The main barrier to increasing performance evaluations 

and the quality global flood forecasts is the lack gauged flow data and data sharing (Lavers et al., 

2019). This thesis has made advances in tackling the issue of a lack of gauged flow data by 

providing methods and assessments of GloFAS performance, modelling processes and uncertainty 

in ungauged catchments by using alternative sources of data namely, Earth Observation (EO) data 

and flood event information from databases. The main contributions to science made in this thesis 

are: 

• The first contribution to science is that this thesis provides information on GloFAS performance 

where previously no information was available. GloFAS performance assessments are 

available on a global scale (Harrigan, Zsoter, Alfieri, et al., 2020) (Harrigan, Zsoter, Cloke, et 

al., 2020) (Hirpa et al., 2018). These assessments of performance rely on gauged flow data 

and therefore analyse the same locations. This leaves many flood-prone catchments in Africa 

without any information on the performance of GloFAS for their catchments and therefore the 

potential utility of GloFAS remains unknown. This thesis provides three separate analyses of 

GloFAS performance for Africa which do not rely on gauged data and introduces 500 new 

locations based on flood event information in Chapter 4, 387 new locations based on satellite 

gauging location in Chapter 5 and a new detailed catchment assessment in Chapter 6. This is a 

total of 888 new locations where information on GloFAS performance is now available.  

• The second contribution to science is the two new methods to assess global flood forecasts 

performance on a continental scale (see Chapter 4 or 5). The first method uses flood event 

information from the flood event database DesInventar. This method includes a sensitivity test 

to forecast lead time and ensemble size, which makes it possible to relate the results to flood 

warning applications. The second method assesses global flood forecast performance by 

comparing it to the water extent data from EO on a continental scale. The comparison uses 

correlation and tail dependency. Both of these new methods can be used to evaluate GloFAS 

forecasts in ungauged locations and can be applied globally.  

• The third contribution to science is a new method to assess global flood forecast performance 

in ungauged catchments on a catchment scale using a combination of flood event databases 

and water extent data from EO (see Chapter 5). This combination of data is available globally 

and this method could be repeated for any ungauged catchment.  
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• The fourth contribution to science is that this thesis provides the first assessment looking for a 

connection between GloFAS performance and catchment characteristics with the aim of finding 

key indicators of high or low performance (see Chapter 7 Section 7.4.3).  

• The fifth contribution to science is a new method to visualise the responses of separate 

modelling components during flood events which can be used in ungauged catchments (see 

Chapter 3). This method shows how the anomaly of the separate model components, together 

with flood event information and hydrographs can provide valuable information on how flood 

processes are modelled.  

• The sixth contribution to science is that this is the first representative African evaluation of the 

GloFAS reanalysis and reforecast version 2 (see Chapters 4 and 5). GloFAS reanalysis and 

reforecast data has been assessed at 2042 gauged locations from the global hydrological 

observation database, but gauging locations are scarce in Africa and assessments relying on 

these data have not been representative for Africa (Harrigan, Zsoter, Alfieri, et al., 2020).  

• The seventh contribution to science is guidance to forecast practitioners on how to select the 

most appropriate uncertainty method for their forecast application (see Chapter 9, also 

published as a peer-reviewed paper).  

8.2. Further research 

Each of the chapters in this thesis have contributed to scientific advances towards understanding 

GloFAS performance, model processes and uncertainty in ungauged catchments. Whilst progress 

has been made, further questions have also been raised. Each chapter outlines further research in 

the discussion sections and this section highlights four topics of further research.  

Chapters 4 and 5 used water extent data from EO to calculate the performance of GloFAS 

forecasts. Although the application of water extent data from EO in flood observations and flood 

forecasting is growing (Chapter 2 Section 2.3), there is much uncertainty about the reliability of the 

water extent data. Using satellite gauging locations reduced these uncertainties, but more research 

is needed to quantify the uncertainty of the water extent data from EO and increase the number of 

satellite gauging locations. This thesis introduces two new methods to compare water extent data 

from EO to forecast flow, but further research is needed to develop and test different methods that 

would suite different forecasting applications and scales. A last aspect is that there are different 

ways of post-processing satellite observations into water extent data and further research is 

required to quantify the sensitivity of water extent data to these different methods.   

Chapters 3, 4 and 6 used flood event information from flood event databases. These databases are 

produced use a combination various sources such as news articles and satellite images. There is a 

selectivity associated with the flood information from these databases, because not all flood events 

that occur will be recorded. The fact that the flood event is not in the database does not mean it did 

not occur. It is likely that  flood events are more likely to be recorded in populated areas. A second 

issue is that flood event databases often provide a point location for a flood event. Flood events 

affect areas of varying size and a point location will misrepresent the extent of a flood. Research is 
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available looking into the reliability of these database (Panwar and Sen, 2019). Further research is 

required to provide routine representative spatial areas of flood events as well as uncertainty 

estimation on an event by event basis using for example on the ground verification and gauged 

flow data where this is available.  

Chapter 5 looked for a connection between GloFAS performance to catchment and climate 

characteristics. Using multiple linear regression models did not demonstrate any relationship. 

Further research could look for a connection between GloFAS performance and catchment and 

climate characteristics using different locations, different performance metrics, different catchment 

and climate characteristics, catchment type classifications and using different statistical methods.  

Chapter 7 showed how the quantification of uncertainty can improve flood forecast performance. 

Increasing the sources of uncertainty that are quantified in GloFAS from meteorological uncertainty 

to include hydrological and initial conditions uncertainty could increase the performance of the 

forecast. Further research could look into how these types of uncertainty could be quantified within 

the existing model structure and computational facilities.  

8.3. Closing remarks 

This thesis aimed to quantify the performance, model processes and uncertainty of global flood 

forecasts in ungauged catchments with the objective of unlocking the potential of using global flood 

forecasts in ungauged locations. Assessing the performance of forecasts for ungauged locations is 

an area of science that is under exposed and under researched. Many papers that are published 

as assessments of ungauged catchments still use some form of either observed rainfall of flow 

data. This thesis proved that assessments of forecast performance, model processes and 

uncertainty are possible if observed flow data is replaced by alternative flood information like water 

extent data from EO and flood event databases. It will remain difficult for flood prone regions with 

no or limited gauged data to benefit from the increasing availability of global flood forecasts unless 

more research is undertaken in quantitative assessments of forecast performance in ungauged 

catchments.  
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Appendix to Evaluation of global flood 
forecast in ungauged catchments 

A. Initial exploration of GloFAS flood 
forecasts for coastal Peruvian catchments 

A.1. Introduction 

The previous chapter concludes that there is gap in knowledge about the evaluation of global flood 

model performance for ungauged catchments. This is a large area of research and in order to gain 

more understanding of the challenges of evaluating GloFAS forecasts this initial exploration of 

GloFAS forecasts was undertaken. The aim of this chapter is to understand the limitations and 

opportunities of using GloFAS forecasts in specific catchments. This required a catchment to be 

selected. Following the GloFAS workshop in May 2016 (Emerton, Cloke and Stephens, 2016), 

which focussed on using GloFAS forecasts in the Forecast based Financing (FbF) pilot project in 

northern Peru, GloFAS forecast data and gauged flow data became available for catchments on 

the Peruvian coast. Therefore it was decided to use this location. The FbF pilot in northern Peru 

has been implemented by the German Red Cross, as well as the local Red Cross and Red 

Crescent Societies. When flooding and strong rains are forecast, hygiene kits and water purification 

tablets are distributed. Houses are strengthened using standardized building kits (German Red 

Cross, 2017). In March 2016 humanitarian funding released by Forecast based Financing (using 

the GloFAS flow forecasts) was able to be used by the Peru Red Cross to assist 2,000 families 

affected by flooding (IRCRCS, 2018). This chapter aims to answer the research question:   

RQ1 Can GloFAS provide useful flood forecasts in the coastal catchments of Peru? 

This research question has been answered by two hypotheses, the first one is: 

RQ1.1 How well does GloFAS reproduce the flow regime in the coastal catchments of Peru? 

This hypothesis looked at the limitations of the GloFAS model. To answer this part of the research 

question GloFAS modelled flow was compared to gauged flow in the Piura catchment where the 

FbF project is based. The second hypothesis is: 

RQ1.2 Do the GloFAS model components show responses to the observed floods in the Peruvian 

coastal catchments? 

In answering the second hypothesis the opportunities to use GloFAS are assessed and the 

catchments are treated as ungauged. This contributes to addressing the current gap in methods to 

evaluate global flood forecasts in ungauged catchments. To test if there is are opportunities to use 

GloFAS for flood forecasting this research has focussed on uncovering if GloFAS was able to 

predict higher than average values during flood events. If GloFAS is able to do this, then there is 

potential for the information to be turned into a flood warning. If GloFAS is unable to predict higher 

than average values during flood events than it is unlikely that GloFAS could be used to provide 

flood warnings.  
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In the first section of this chapter the catchment location is introduced. This is followed by an 

overview of the GloFAS data that has been used. After this the first hypothesis is tested by 

comparing the flow duration curve of the modelled GloFAS flow to the observed flow in Piura. 

Testing the second hypothesis is more complex and this has been split into methods and results 

sections. This is followed by the conclusion and discussion.  

A.2. Background on Peru and the case study catchments 

Peru is located in the north-west of South America and borders Ecuador, Chile, Bolivia, Brazil and 

the Pacific Ocean. The Peruvian climate falls into three different categories which are divide by the 

Andes mountains range that run the length of the country: 

• Coastal desert, which is located in the western section between the Pacific coast and the 

Andes.  

• Mountain climate of the Andes.  

• Tropical climate on the east side of the Andes.  

The hydrology of Peru is divided into three main drainage zones; from the Andes draining towards 

the Pacific Ocean (Pacific zone), draining from the Andes toward the Amazon (Amazon zone) and 

the Lake Titicaca zone on the Altiplano. The Pacific zone consists of small catchments that range 

in size between 6 km2 and 17050 km2, with sparse vegetation and slopes that flood and erode 

during the rainy season (Lavodo Casimiro et al., 2012). The precipitation in these three catchments 

varies greatly. The Pacific zone is characterised by weak rainfall (Figure A.1), there is a rainy 

season in the austral summer (Nov-Feb). The mean annual average rainfall for the pacific zone is 

estimated to be between 274 mm – 168 mm for the period 1969-1999 (UNESCO 2006 from 

Lavodo Casimiro et al. 2012) and these catchments are classified as  arid catchments (Rau et al., 

2018).  

 



 
 

204 
 

 

Figure A.1: ERA-Interim/Land Average Annual Precipitation, showing low rainfall along the coast 
and high rainfall towards the Amazon region.  

 

Peru is highly vulnerable to floods, with 2000 people losing their lives due to flooding between 

1980-2013 (Bischiniotis et al., 2019). Some of the most devastating flooding in Peru has been due 

to El Niño driven rainfall. The El Niño is a weather pattern that is caused by warmer sea surface 

temperature near the equator in the eastern Pacific, this leads to warming of the atmosphere which 

in turn leads to moisture-rich air to rising and developing into precipitation (NASA, 2020). Ahead of 

the 2015-2016 El Niño the Red Cross implemented FbF project in Peru for the first time (Aguirre et 

al., 2019). Multiple agencies contributed different types of weather and flood forecasts including 

national agencies ENFEN (The Permanent Technical Committee for El Niño in Peru) and 

SENHAMHI (Peruvian Meteorological and Hydrological Service) and international weather centres 

ECWMF and NOAA (National Oceanographic and Atmospheric Administration).  Based on 

forecasts from these four organisations the Peruvian Red Cross implements flood mitigation 

measures which are lead time dependent and include strengthening and protecting houses, 

distributing buckets, chlorine, drinking water, hygiene kits, equipping first aid units, seed storage, 

temporary housing and evacuation (Aguirre et al., 2019). GloFAS forecasts have been used for 

weekly forecast lead times together with ECWMF forecast precipitation.  

The region with the highest vulnerability to the El Niño driven flooding are the catchments in the 

Pacific zone located in the North of Peru (Bazo et al., 2015). For this reason, both the FbF projects 

and this chapter focus on this region. At the time of undertaking this work there were eight years 

(2008-2015) of GloFAS data available (more information about this in the next section). The 
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number of flood events that have occurred between 2008 – 2015 in Piura will be limited. In order to 

increase the amount of flood events to analyse, the region has been extended to included other 

catchments in the Pacific zone. Figure A.2 shows the location of seven catchments in the Pacific 

zone for which GloFAS data and flood records were available at the time of undertaking this work.   

 

 

Figure A.2: Overview map of Peru and the seven catchments in the Pacific zone. 

A.3. Data and GloFAS model versions 

At the time of undertaking this work, GloFAS version 1.0 was available (PhD timeline alongside 

GloFAS developments in Figure 1.3). The differences between the GloFAS versions are described 

in the Section A.3.1 below, but one of the major upgrades to version 2.0 included longer a GloFAS 

dataset to use for analysis purposes. This longer dataset has been used in later chapters. This 

Chapter was limited by what was available at the time which (GloFAS version 1.0 reanalysis 

dataset from 2008-2015). A reanalysis is ‘A blend of observations and outputs from modern 

weather forecasting models, reanalysis data provide the most complete picture currently possible 

of past weather and climate.’ (ECMWF, 2020b). A full description of what the GloFAS reanalysis 

dataset is given in Chapter 4 Section 4.2.1. For this chapter the GloFAS reanalysis is decomposed 

into precipitation, soil moisture, evaporation, runoff and flow. These variables come from ECMWF 

land surface and atmospheric models (overview of GloFAS model components provided in Chapter 

2 Section 2.2.1). Different ECMWF model versions are used in different GloFAS versions and 

products, for GloFAS version 1.0 reanalysis the ERA-Interim Land reanalysis dataset is used 

(which in GloFAS version 2.0 is replaced by ERA5, overview in Table A.1).  
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Table A.1:  Overview of different GloFAS versions and the source of the precipitation, soil moisture, 
evaporation, runoff and flow.  

GloFAS 

product 

name 

Precipitation Soil moisture Evaporation Runoff Flow 

GloFAS 

version 1.0 

reanalysis 

ERA-Interim 

land 

ERA-Interim 

land 

ERA-Interim 

land 

ERA-Interim 

land 

GloFAS 

version 1.0 

reanalysis 

GloFAS 

version 2.0 

reanalysis 

ERA5 ERA5 ERA5 ERA5 GloFAS 

version 2.0 

reanalysis 

GloFAS 

version 2.0 

reforecasts 

ECWMF-ENS ECWMF-ENS ECWMF-ENS ECWMF-ENS GloFAS 

version 2.0 

reforecast 

 

This section provides background information on the differences between GloFAS version 1.0 and 

GloFAS version 2.0. The second section describes the ERA-Interim dataset Land dataset which is 

the source of the precipitation, soil moisture and runoff used in the GloFAS version 1.0 reanalysis. 

The last section provides an overview of the data that were available for this chapter.  

A.3.1. Background information on GloFAS versions 

GloFAS has been operationally since July 2011 (Alfieri et al., 2013), but has moved to be part of 

the Copernicus Emergency Management Service since April 2018. With this move a GloFAS 

versioning system was introduced making it easier to keep track of GloFAS developments. Three 

different levels of model upgrades are used in the versioning system: 

• Major: Upgrades that involve changes to the land surface or routing models (HTESSEL and 

LISFLOOD), for example model calibration.  

• Minor: Changes in the model outside of the land surface and routing model that affect the 

model output, for example the addition of new GIS map layers in the web-portal, new products, 

change of format, update of thresholds, upgrade real-time ECMWF Integrated forecasting 

system (IFS) data input, update reference climatology and update forecast reruns.  

• Patches: Changes that have an effect on the model output.  

Major upgrades lead to GloFAS version number being increased by one, whilst minor upgrades 

and patches leads to the version number being increased by 0.1. In this research two versions of 

GloFAS were used. Chapters 6, 7 and 8 use GloFAS version 2.0, which was released 14th of 

November 2018. This chapter uses GloFAS version 1.0 which was operational between July 2011 

and 14th of November 2018. The main differences between these two version are: 

• Calibration hydrological routing scheme (LISFLOOD global) (Hirpa et al., 2018).  

https://confluence.ecmwf.int/display/COPSRV/Calibration+of+Lisflood+routing+components
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• Introduction of GloFAS version 2.0 hydrological reanalysis dataset, spanning 40 years. 

• Improvement of the initial conditions (definition Table 7-1), by replacing ERA-Interim Land with 

ERA5. 

• Introduction of the GloFAS version 2.0 reforecasts, spanning 27 years (1979 - 2010). 

• Enhanced GloFAS documentation (GloFAS, 2019). 

• GloFAS products are publicly available to download from ECMWF Meteorological Archival and 

Retrieval System (MARS) and Copernicus Climate Change Service Climate Data Store. 

In summary, at the time of undertaking the work for this chapter (Figure 1.3), the most recent 

GloFAS version that was available was: GloFAS version 1.0 reanalysis 2008-2015, and the 

source of the precipitation, soil moisture, evaporation, runoff and flow is the ERA-Interim Land 

dataset.  

A.3.2. ERA Interim Land dataset 

ERA Interim Land is a global reanalysis of land-surface parameters from 1979-2010 at 80 km 

spatial resolution (ECMWF, 2015). It is a variation of the ERA-Interim dataset which is a global 

atmospheric reanalysis dataset produced by ECMWF that includes variables describing the 

weather as well as ocean-wave and land-surface conditions (Dee et al., 2011). ERA-Interim Land 

uses the same set-up as ERA-Interim but has included improvements to the ECWMF land surface 

model (HTESSEL) which include the use of corrected precipitation. The improved description of the 

land surface processes in this version of HTESSEL makes this dataset more suitable to water 

applications (Balsamo et al., 2015). The precipitation that was used was adjusted using Global 

Precipitation Climatology Project monthly Precipitation data (GPCP v2.1) (Huffman et al., 2009), 

but with preservation of the water balance. The improvement of ERA Interim Land compared to 

ERA Interim is published in (Balsamo et al., 2015). This paper demonstrates improvements that 

included the discharge when comparing ERA Interim land, ERA Interim and gauged data from 

Global Runoff Data Centre (GRDC) on a monthly continental scale and changes to the soil 

moisture hydrology and bare ground evaporation allows the model to dry out more, improving 

results in drier conditions.  

HTESSEL is described in detail in Chapter 2 Section 2.2 and has four soil moisture layers, 

subsurface and surface runoff. The subsurface and surface runoff are linking into LISFLOOD, 

which is the river routing model, that produces the GloFAS flood forecasts.  

ERA-Interim Land can be downloaded from MARS (ECMWF, 2020a). The archived data is 

available between 1979-2010. The GloFAS reanalysis uses ERA Interim Land until 2016, but not 

all of these data are available on the archive. Runoff, soil moisture, precipitation and evaporation 

are not available between 2010-2016.  

A.3.3. Data availability for the Pacific zone in Peru 

For this Chapter three datasets are used: 
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• GloFAS version 1.0 reanalysis, available between 2008 and 2015, global coverage with a 0.1º 

(~10km) spatial resolution (details is section A.3.1).  

• ERA-Interim Land, available between 1979 and 2010, global coverage with an 80 km spatial 

resolution (details in section A.3.2).  

• Gauged flow. 

Gauged flow data from Peruvian National Service for Meteorology and Hydrology (SENHAMI) is 

available for eight years (2008-2015) as daily flow data, for seven catchments in the Pacific zone, 

with varying periods of missing data (details per catchment in the results Section A.6). The location 

of the seven catchments can be seen in Table A.2. The seven catchments are treated as 

ungauged, but the observed flow series has been used to extract flood events. Further details are 

provided in the methods section. Gauged flow could be replaced with times and locations of flood 

events, making this method transferrable to any catchment in the world.  

The GloFAS version 1.0 reanalysis dataset and the archived ERA-Interim land overlap for three 

years: 2008, 2009 and 2010. The number flood events occurring during these periods is likely to be 

limited. This is why the initial location of interest, the northern catchments in the Pacific zone which 

are most affected by the El Niño driven flooding, is increased to include all seven catchments in the 

Pacific zone for which gauged flow data was available. The years 2009-2010 were El Niño years.  

Table A.2: Overview of Peru datasets (m is metres). 

Data Variables Units Start End 

GloFAS initial 

conditions 

Flow  m3/s 01/04/2008 31/12/2015 

ERA Interim Land Precipitation m 01/01/1979 31/12/2010 

 Surface runoff m 01/01/1979 31/12/2010 

 Sub surface 

runoff 

m 01/01/1979 31/12/2010 

 Soil moisture 

layer 1 

m3 water/m3 

soil 

01/01/1979 31/12/2010 

 Soil moisture 

layer 2 

m3 water/m3 

soil 

01/01/1979 31/12/2010 

 Soil moisture 

layer 3 

m3 water/m3 

soil 

01/01/1979 31/12/2010 

 Soil moisture 

layer 4 

m3 water/m3 

soil 

01/01/1979 31/12/2010 

 Evaporation  m  01/01/1979 31/12/2010 

Gauged flow Flow m3/s 01/01/2008 31/12/2015 
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A.4. The limitations of GloFAS  

The northern coast of Peru is highly vulnerable to heavy El Niño rainfall which causes flooding in 

the districts of Tumbes, Piura and Lambayeque. The German Red Cross has been collaborating 

with National Weather Service and Hydrology of Peru (SENHAMI) since October 2015 to develop 

FbF early warning system for extreme precipitation and floods in the Piura catchment (Lopez et al., 

2020). To gain insight in the limitation of using GloFAS for the FbF project on the coast Peruvian 

catchments, the following hypothesis is tested: How well does GloFAS reproduce the flow regime 

in the coastal catchments of Peru? To test this the daily flow exceedance curves were compared 

for the observed daily flow data and the modelled daily flow data between 2008-2015. The flow 

duration curve (or flow exceedance curve) is a cumulative frequency curve that shows the percent 

of time discharge values were equalled or exceeded (Searcy, 1959). The daily flow duration curve 

shows the flow characteristics of a river throughout the entire range of discharge in a single figure. 

If GloFAS was to be able to reproduce the flow regime, the flow durations curves of modelled and 

observed would be similar. As GloFAS is used for flood prediction, it is of specific importance that 

the similarity extends to the high flows. Figure A.3: and Figure A.4: show the comparison of the two 

flow duration curves with the observed daily flows in a dark blue line and GloFAS modelled daily 

flow in brown line. These figures show that for the majority of catchment there is a large difference 

in the shape of the daily flow duration curve which extends to the high flows. This means that 

GloFAS is unable to replicate the flow regime. Looking at the top left of the plots at the high flows, 

there is a large discrepancy between the high discharge values for GloFAS compared to the 

observations for the same percentage exceedance, with the exception of Condorcerro. This means 

that GloFAS is not reproducing similar flow regimes to the observations during periods of extreme 

flow. However, the question remains if GloFAS has the potential to provide flood warning based on 

the modelled values being above the modelled average during or ahead of flood events. The next 

section tackles this question.  
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Figure A.3: Daily flow duration curves of the observed flow and GloFAS modelled flow at Chosica, 
Condorcerro, El Ciruelo and El Tigre. 
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Figure A.4: Daily flow duration curves of the observed flow and GloFAS modelled flow at Huatiapa, 
Ocoaa and Puento Sanchez Cerro.  
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A.5. Method to assess the opportunities of using GloFAS for 
Peruvian coastal catchments 

The second part of the research question is to find what the opportunities are for using GloFAS 

flood forecasts in coastal catchments of Peru. To answer this, the catchments are treated as 

ungauged, which is a start at addressing the current gap in methods to evaluate global flood 

forecasts in ungauged catchments. To test if there are opportunities to use GloFAS for flood 

forecasting this research has focussed on investigating if GloFAS was able to predict higher than 

average values during flood events. The rationale behind this is that if GloFAS is able to predict 

higher than average values then there is potential for this to be turned into a flood warning. If 

GloFAS is unable to predict higher than average values during flood events then it is unlikely that 

GloFAS could be used to provide flood warnings. The anomalies were calculated to examine 

whether GloFAS forecasts are higher than average during a flood events. NOAA (2020) defines an 

anomaly as the difference from an average, or baseline. A positive anomaly indicates the observed 

variable is higher than the baseline, a negative anomaly indicates the observed variable is lower 

than the baseline. Following the work of Arguez, Vose and Dissen, (2013) the daily anomalies were 

calculated as a difference from long term  monthly average values (more details in section A.5.3).  

To gain a greater understanding of the GloFAS model and model processes the anomalies are not 

only calculated for the GloFAS modelled flow, but for the outputs of the separate model 

components, which are precipitation, soil moisture, evaporation and runoff. By comparing 

anomalies in all the model components, the path of the rainfall, through the land surface model (soil 

moisture, evaporation and runoff) to river flow can be followed. To achieve this the following steps 

were undertaken: 

1. Identification of the flood events. 

2. Calculating how much time ahead of the flood events the separate model components 

need to be analysed. This is mainly relevant to precipitation, as the precipitation will fall 

before the flood event. This is referred to as the flood event window.  

3. Calculation of the anomaly. 

4. Calculation of the anomaly percentiles.  

The method section follows these four steps.  

A.5.1. Identification of flood events 

To identify the flood events that took place in the seven catchments between 2008- 2010, ideally 

observed data specifying when the river flows are out of bank would be used. Although flow time 

series are available, there is no data on when a river is out of bank. An alternative method is to look 

at return periods where the 1 in 2 year return is assumed to be the mean frequency of bankfull 

discharge (Leopold, Wolman and Miller, 1995). The length of available gauged flow series affects 

the confidence level of the return period calculation. Longer time series of gauged flow will have 

higher levels of confidence associated with them. For example using 18 years of flow data to 

calculate the 1 in 10 year return period results in an error level of 25%, if the length of the flow data 
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were to be increased to 90 years, the error level drops to 10% (COMET and UCAR, 2010). Using 

the available eight years of flow data (with the exception of Puento Sanchez Cerro for which there 

are 23 years of data) to calculate the 1 in 2 year event will therefore have a higher level of 

uncertainty than if the flow records were longer. To calculate the 1 in 2 year return period, the 

annual maxima were extracted from the daily gauged flow time series. A distribution can be used to 

characterise how the data converge. Two commonly used distributions to characterise annual 

maximum flow are the General Extreme Values (GEV) distribution and Gumbel distribution, which 

is a type of generalized extreme value distribution. Both distributions were tested and the Gumbel 

distribution had a better fit than the GEV (figures that compare the two distributions for all seven 

catchments are presented in Appendix B). R statistics package was used to fit the distributions, 

more specifically the function Fit An Extreme Value Distribution to Data (fevd) from the extRemes 

package.  

The next step was to extract all values above the 1 in 2 year event, but rather than requiring each 

individual point where the threshold is exceeded, the start of the event is needed (the first time the 

threshold is exceeded), the end of the event (the last time the threshold is exceeded) and the time 

of the peak of the flood event (the location of the highest discharge between event start and end). 

All events above the 1 in 2 year threshold have been extracted using the high spells function in the 

hydrostats package in R. There are 19 flood events above the 1 in 2 year threshold in the seven 

catchments in the Pacific zone during the 2008-2010 period as shown in Table A.3.   

Table A.3:  Number of flood events in each of the seven catchments between 2008-2010, 
assuming the 1  in 2  years return period as a threshold. 

Catchment Number of flood events 

Chosica  1 

Condorcerro  4 

Ciruelo  3 

El Tigre  6 

Huatiapa  1 

Ocoaa  1 

Puento Sanchez Cerro  3 

 

A.5.2. Flood event window 

The flood event window is the amount of time ahead of the observed flood event the separate 

model components need to be analysed. This is calculated by finding the difference between the 

ERA-Interim Land precipitation falling and the GloFAS river flow responding. This time different can 

then be used to set the flood event window. A statistical approach is used by calculating the cross-

correlation between the ERA-Interim Land precipitation and the GloFAS flow. The cross-correlation 

between two variable is the degree of similarity as a function of displacement of the two variables 
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to each other. The displacement, also referred to as the lag time in this case will be in days. The 

cross-correlation has been calculated for a range of lag times. This means that the cross-

correlation with lag time zero is the correlation between the GloFAS flow and the ERA-Interim Land 

precipitation on the same days. The cross-correlation with lag time -1 is the correlation of the 

GloFAS flow and the ERA-Interim Land precipitation with the entire precipitation time series moved 

back a day, then with lag time -2 the precipitation time series is moved back two days, and so on. 

The graph in Figure A.5 shows this for the seven catchments in the Pacific zone.  

The range of lags times where the correlation is the highest, will be the flood event window 

Figure A.5. shows that for all catchments the correlation peaks round for lag time of -1 to -2 days 

and tails off after lag times of ~10 days. The flood event window will be set to 10 days before the 

flood.  

For the calculation of the cross-correlations the Auto- and Cross – Covariance and -Correlation 

Functions Estimation was used (ccf) in R statistics.  
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Figure A.5: Cross correlation of the ERA-Interim Land and the GloFAS river flows for all seven 
catchments.  

 

A.5.3. Calculation of the anomaly 

The anomaly was calculated as the deviation of the daily modelled values of the ERA-Interim Land 

and GloFAS data from their long term average, also known as the climatology. It is in fact a simple 

subtraction, but the complexity lies in how climatology is calculated. Various climatology calculation 

methods are available and compared in for example Hamill and Juras, (2006). The key is that the 

climatology should be based on homogenized climate data, which is why monthly average values 

are commonly used in forecasting application (Arguez, Vose and Dissen, 2013). Daily average 

values can be used when there is not much variation from one day to the next (Rigal, Azaïs and 

Ribes, 2019). 

For this chapter the standard approach recommended by the WMO, (2017) was used, where the 

climatology has been calculated as the daily variation from the long term monthly averages. The 

recommended period by the WMO is using 20 - 30 years of data for the climatology calculation. For 

the variables from the ERA-Interim Land the available time period was 31 years (1979-2010). For 

GloFAS there were only eight years of data available (2008-2015).  
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Once the climatology was calculated on a monthly basis, the daily anomaly was calculated by 

subtracting the daily values for all model components from their monthly climatology in all seven 

catchments. This anomaly was used to show if there have been above average values for any of 

the model component outputs in the flood window.  

A.5.4. Calculation of the anomaly percentiles 

A positive anomaly will indicate that values are above the long term average, but to get an 

indication of how far away from the average the anomaly is, percentiles were calculated for the 

anomalies above zero. The percentiles provide a way to judge how close the anomaly is from the 

maximum anomaly (and with this the maximum value) in the whole time series (ERA-Interim Land 

31 years, 1979-2010 and GloFAS eight years 2008-2015). The percentiles were used as 

categories to display the anomalies above zero in the results section A.6. The anomalies below 

zero were displayed in one single category namely, anomalies below zero. This principle is shown 

in Figure A.6:Figure A.6:. In the figures below, the anomalies with values below zero, are all 

displayed in the same category, namely anomalies of zero and below. Using percentiles also 

allows the different model components, all in different units, to be compared to each other. The 

percentiles of the anomalies have been calculated using daily time series of anomalies which for 

the ERA-Interim Land is 31 years and GloFAS is eight years.  

 

 

Figure A.6: The calculation of the percentile for the result categories using the anomalies above 
zero.  

 

A.6. Results of assessing the opportunities of using GloFAS 
for Peruvian coastal catchments 

First the results are discussed for all the separate catchments and the last paragraph of this section 

shows an overview of what is happening in all the catchments.  
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A.6.1. Chosica 

Chosica is located in the centre of the Pacific zone and with an area of 2000km2 is the smallest of 

the seven catchments. One flood event has been identified between 2008-2010. Figure A.7 shows 

maximum daily anomaly during the 10 day flood event window of all the separate model 

components as columns and each row is a flood event. The categories are based on the 

percentiles of the positive anomalies. There was no positive anomaly when values fall into the 

‘smaller or e ual to  ero’ categor    ellow  which means that values for this model components 

were equal to or below the long term monthly average, during a flood event. Figure A.7 shows that 

the daily precipitation and the surface runoff are showing positive anomalies, as are the top two soil 

moisture layers. The GloFAS flow is not showing any anomalies during the flood event. The 

hydrograph of the event is shown in Figure A.8:. Comparing the values in Figure A.8: to the 

catchment information in Error! Reference source not found., shows that the event was short (

three days) and total amount of rainfall that fell during the event was low compared to the annual 

average, even though the daily amount was high. The river flow at the start of the event was close 

to long term average daily modelled flow from Error! Reference source not found.. The h

ydrograph shows that the GloFAS modelled flow does respond to the rainfall, but it is a small 

response which is not enough to be a positive anomaly.  

 

Figure A.7: Anomalies of the separate model components during the 1 in 2 year flood events in 
Chosica.  
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Figure A.8: Hydrograph for flood event starting 09/04/2009 in Chosica. 

 

Table A.4:  Catchment information for Chosica.  

Description Catchment information  

GloFAS anomalies during high flow 

periods  

GloFAS modelled anomalies in zero out of seven 

high flow periods  

Catchment size 2000 km2 

Mean annual precipitation (1979-2010) 354 mm/year 

Maximum daily precipitation 21 mm/day 

Event length 09/04/2009 3 days (+10 day flood event window) 

 

A.6.2. Condorcerro 

Condorcerro is located in the centre of the Pacific zone and with 8800 km2 is one of the larger of 

the eight catchments. There are four periods of flow above the 1 in 2 year events during the period 

of 2008-2010. Figure A.9:  shows maximum daily anomaly during the 10 day flood event window of 

all the separate model components as columns and each row is a flood event. The categories are 

based on the percentiles of the positive anomalies. Figure A.9:  shows that GloFAS flow has a 

positive anomaly during the flood events window in three out of four of the flood events. 

Precipitation, surface and subsurface runoff all show positive anomalies for all four events.  

Table A.5 provides catchment information and the flow hydrographs for the four events are shown 

in Figure A.10: . The hydrographs show that event that is not an anomaly in GloFAS, had the 
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lowest rainfall values the four events. The two flood events where the GloFAS anomaly is the 

highest, have the highest river levels at the start of the flood event window.  

 

 

Figure A.9: Anomalies of the separate model components during the 1 in 2 year flood events in 
Condorcerro.  
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Figure A.10: Hydrograph for the four flood events in Condorcerro.  

 

Table A.5:  Catchment information for Condorcerro.  

Description Catchment information  

GloFAS anomalies during high flow 

periods  

GloFAS modelled anomalies in five out of six high 

flow periods  

Catchment size 8800 km2 

Mean annual precipitation (1979-2010) 2989 mm/year 

Maximum daily precipitation 119 mm 

Missing daily flow data 41% 

Event length 28/02/2009 3 days (+10 day window) 

 03/04/2009 10 days (+10 day window) 

 23/04/2009 7 days (+10 day window) 

 05/05/2009 8 days (+10 day window) 

 

A.6.3. El Ciruelo 

El Ciruelo is located in the north of the Pacifica zone and with a size of 5700 km2 is in the middle 

size range of the eight catchments. This catchment had two flood events in the period 2008-2010.  

Figure A.11: shows the maximum daily anomaly during the 10 day flood event window of all the 

separate model components as columns and each row is a flood event. The categories are based 

on the percentiles of the positive anomalies. Figure A.11: shows that GloFAS predicted a positive 
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anomaly in one of the two events. Precipitation, surface and subsurface runoff show positive 

anomalies in both events. Hydrographs presented in Figure A.12: show that in the April 2008 flood 

event the GloFAS values are high at the start of the flood event window, but on the day of the event 

(last day in the hydrograph plot) the river flow was only just above the daily average modelled flow 

as reported in the catchment information in Table A.6: . In the April 2009 event the rainfall at the 

start of the flood event window causes river flow to increase, but not enough to be a positive 

anomaly.  

 

Figure A.11: Anomalies of the separate model components during the 1 in 2 year flood events in 
El Ciruelo. 

 

  

Figure A.12: Hydrograph for the two flood events in El Ciruelo.  
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Table A.6: Catchment information for El Ciruelo.  

Description Catchment information  

GloFAS anomalies during high flow 

periods  

GloFAS modelled anomalies in three out of five 

high flow periods  

Catchment size 5700 km2 

Maximum observed daily Flow (2008-

2015) 

1383 m3/s 

Mean observed daily Flow (2008-2015) 120 m3/s 

Mean daily modelled flow (2008-2015) 70 m3/s 

Missing data 3.4 % 

Event length 24/04/2008 18  (+10 day window) 

 18/04/2009 10  (+10 day window) 

 

A.6.4. El Tigre  

El Tigre is located in the north of the pacific zone, next to El Ciruelo. During the time period 2008-

2010 there were six separate flood events. Figure A.13: shows maximum daily anomaly during the 

10 day flood event window of all the separate model components as columns and each row is a 

flood event. The categories are based on the percentiles of the positive anomalies. Figure A.13:  

shows that GloFAS predicted a positive anomaly for four out of the six events. Precipitation, 

surface and subsurface runoff show positive anomalies for all events. Hydrographs in Figure A.14: 

and catchment information in Table A.7 show that the two events where GloFAS has not predicted 

a positive anomaly (April 2008 and April 2009) was due to a combination of lower rainfall intensities 

compared to the flood events where positive anomalies have been predicted and lower than daily 

average modelled river flow at start of the flood event window.  
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Figure A.13: Anomalies of the separate model components during the 1 in 2 year flood events in 
El Tigre.  
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Figure A.14:Hydrograph for six flood events in El Tigre.  
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Table A.7: Catchment information for El Tigre.  

Description Catchment information  

GloFAS anomalies during high flow 

periods  

GloFAS modelled anomalies in two out of nine high 

flow periods  

Catchment size 4100 km2 

Mean observed daily Flow (2008-2015) 118 m3/s 

Mean daily modelled flow (2008-2015) 62 m3/s 

Maximum daily precipitation 835 mm 

Event length 14/04/2008 1   (+10 day window) 

 07/05/2008 1   (+10 day window) 

 13/03/2009 1   (+10 day window) 

 21/03/2009 1   (+10 day window) 

 19/04/2009 1   (+10 day window) 

 13/04/2010 2   (+10 day window) 

A.6.5. Huatiapa 

Huatiapa is located in the south of the Pacific zone and is one of the largest catchments 

(10000 km2) of these seven catchments. In this catchment there was only one flood events. 

Figure A.15: shows maximum daily anomaly during the 10 day flood event window of all the 

separate model components as columns and each row is a flood event. The categories are based 

on the percentiles of the positive anomalies. Figure A.15: shows that GloFAS does not predict a 

positive anomaly during the recorded flood event. The precipitation, surface and subsurface runoff 

all predict a positive anomaly during the flood event. The hydrograph in Figure A.16:  shows that 

precipitation is predicted and the model responds to this within the flood event window. Table A.8 

shows that the river flow are below average daily flows at the start of the flood event window.  

 

Figure A.15: Anomalies of the separate model components during the one in two year flood 
events in Huatiapa. 
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Figure A.16: Hydrograph for one flood events in Huatiapa. 
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Table A.8: Catchment information for Huatiapa.  

Description Catchment information  

GloFAS anomalies during high flow 

periods  

GloFAS modelled anomalies in zero out of three 

high flow periods  

Catchment size 10000 km2 

Mean observed daily Flow (2008-2015) 78 m3/s 

Mean daily modelled flow (2008-2015) 90 m3/s 

Event length 29/03/2009 2 (+10 day window) 

A.6.6. Ocoaa 

Ocoaa is the largest of the eight catchments (12800 km2) and is located in the south of the pacific 

zone. There is one period of flow above the 1 in 2 year return period threshold during the time 

period 2008-2010. Figure A.17: shows maximum daily anomaly during the 10 day flood event 

window of all the separate model components as columns and each row is a flood event. The 

categories are based on the percentiles of the positive anomalies. Figure A.17: shows that GloFAS 

does not predict a positive anomaly during the recorded flood event. The precipitation, surface and 

subsurface runoff all predict a positive anomaly during the flood event. The hydrograph in 

Figure A.18: shows that rainfall was predicted and although GloFAS model shows a peak which is 

above the mean daily modelled flow as shown in Table A.9, the flow is not high enough to be an 

anomaly.  

 

 

 

Figure A.17: Anomalies of the separate model components during the 1 in 2 year flood events in 
Ocoaa. 
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Figure A.18: Hydrograph for one flood events in Ocoaa. 

 

Table A.9: Catchment information for Ocoaa.  

Description Catchment information  

GloFAS anomalies during high flow 

periods  

GloFAS modelled anomalies in zero out of eight 

high flow periods  

Catchment size 12800 km2 

Mean observed daily flow (2008-2015) 96 m3/s 

Mean daily modelled flow (2008-2015) 98 m3/s 

Event length 23/03/2009 15 days (+10 day window) 

A.6.7. Puento Sanchez Cerro (Piura) 

Puento Sanchez Cerro is a medium sized catchment (6000 km2) in the North of the Pacific zone. 

There are two periods of flow above the 1 in 2 year return period threshold during the time period 

2008-2010. Figure A.19: shows the maximum daily anomaly during the 10 day flood event window 

of all the separate model components as columns and each row is a flood event. The categories 

are based on the percentiles of the positive anomalies. Figure A.19: shows that GloFAS predicts a 

positive anomaly during both flood events, but the anomaly is in the lowest positive category 

(smaller than the 50th percentile). The precipitation, surface and subsurface runoff also predict 

positive anomalies, but these have a larger magnitude (above the 50th percentile). The hydrograph 

in Figure A.20:  shows that rainfall was predicted for both events and the GloFAS model shows a 

rise in river flow which is above the mean daily flow as shown in Table A.10.  
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Figure A.19: Anomalies of the separate model components during the 1 in 2 year flood events in 
Puento Sanchez Cerro. 

 

 

  

Figure A.20: Hydrograph for one flood events in Puento Sanchez Cerro. 
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Table A.10: Summary of finding for Puento Sanchez Cerro.  

Description Catchment information  

GloFAS anomalies during high flow 

periods  

GloFAS modelled anomalies in zero out of six high 

flow periods  

Catchment size 6000 km2 

Mean observed daily Flow (2008-2015) 58 m3/s 

Mean daily modelled flow (2008-2015) 32 m3/s 

Event length 15/02/2009 4 days (+10 day window) 

 16/03/2009 1 days (+10 day window) 

 

A.6.8. Overview of the anomalies for all catchments 

The new anomalies method developed above for ungauged catchments allows users to identify if 

GloFAS shows any signs of forecasting extreme values (high) during a known flood event. 

Figure A.21: is a summary of the results and shows where in the model the forecast values are 

higher than the long term average (positive anomalies). Each row of the figure shows one flood 

event and the boxes for each model component are coloured in accordance with how extreme the 

values are. If the model has been able to predict an extreme value the colour will be dark blue 

(model is predicting flood conditions). Above average values, but less extreme are lighter blue and 

grey (model is predicting possible flood conditions). If the colour is brown the forecast values are 

above average, but not extreme (no flood conditions). If the colour is yellow, the values are 

average or below average (no flood conditions). This means that if the GloFAS forecast was able 

the capture the flood events, on any one row the colours should be blue. If a row contains mostly 

browns and yellow, flood events were probably not captured in the model.   

Figure A.21: shows that out of the total of 17 flood event 12 have a positive anomaly in GloFAS 

flow and five do not. All of the flood events have a positive anomaly in the precipitation and runoff. 

The GloFAS anomaly is below the 70th percentile of the positive anomalies in 14 out of 17 events. 

Although it will be dependent on a user defined threshold, it is likely that GloFAS would only 

produce a flood warning for three events. As this conclusion is threshold dependent, further 

research is required in order to draw more detailed conclusions on the performance of GloFAS 

flood warnings for the coastal region of Peru.   

The anomalies method developed and presented in this chapter has visualised the hydrological 

processes within the global GloFAS model on a catchment scale. An example of this is where 

positive precipitation anomalies do lead to anomalies of the same magnitude in the sub-surface 

runoff. In the chain of GloFAS hydrological models the surface and subsurface runoff get routed 

through into the LISFLOOD global river model. The subsurface runoff is the water which leaves the 

last soil moisture layer (layer four) of the HTESSEL model (Figure 2.3). When the anomaly in the 

subsurface runoff is low, this could indicate that soil moisture stores are filling up. In other words, in 

this case precipitation has fallen on a dry catchment, which leads to reduced runoff reaching the 

river flow. The opposite process was also visualised where there are lower precipitation anomalies, 

with higher runoff anomalies which leads to GloFAS flow anomalies. This means that a smaller 
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amount of rainfall fell on a wet catchment which then led to a positive anomaly in the GloFAS flow. 

The newly developed anomaly method provides forecast users with a way to assess if GloFAS can 

capture flood events in ungauged catchment and provides an opportunity to increase the 

understanding of the representation of the hydrology in GloFAS. This work applies this method to 

the coast catchments of Peru and shows that GloFAS was able to capture flooding in 3 out of 17 

analysed flood events.  
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Figure A.21: Anomalies for all model components, all catchments and all events. Each row of 
this figure shows one flood event. Coloured boxes are the model component showing how 
extreme the forecast values are. If the model has been able to predict an extreme value the 
colour will be dark blue (model is predicting flood conditions). Above average values, but less 
extreme are lighter blue and grey (model is predicting possible flood conditions). If the colour is 
brown the forecast values are above average, but not extreme (no flood conditions). 
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A.7. Discussion 

The outcomes of this aspect of the research has shown that there could be opportunities for 

GloFAS to be used for flood warnings, because it is able to predict positive anomalies during flood 

events. However, the assessment of limitations shows that the skill of these flood warnings could 

be low because the daily flow duration curves of the model and observed flow are very different. 

This is in line with the work of Bischiniotis et al., (2019) which has shown that GloFAS model skill is 

low for the north-western coastal regions of Peru. The same research also found that GloFAS was 

able to provide a flood warning ahead of most flood events, which is in line with this finding of 

positive flow anomalies during flood events in this chapter. Although potentially users would have 

received a flood warning ahead of most flood events, they would have also receive a number of 

false alarms that were judged by Bischiniotis et al., (2019) to  e ‘ver  high’.  

Due to the large number of interacting model components in global models it can be difficult identify 

why a particular model performs as it does (Beck et al., 2017). In addition to assessing forecast 

opportunities in ungauged catchments, the anomaly method developed in this chapter provides a 

way visualise the main hydrological processes that are taking place in the model during flood 

events. This can be helpful in understanding and exploring GloFAS forecast in ungauged 

catchments.  

A limitation of anomaly calculation using the standard approach recommended by the WMO, 

(2017), is that for precipitation it uses the maximum daily amount of rainfall that fell during the event 

window and does not take account of the accumulation of antecedent rainfall before the event. The 

daily rainfall anomaly can be misleadingly high in the case where there was a single day with high 

intensity rainfall, but the total rainfall that fell during the event window is low. In this chapter the 

combination of hydrographs and the catchment information tables allow these cases to be 

identified. In future this method could be adjusted to calculate the anomaly of the sum of rainfall in 

the flood event window. However, to achieve this the climatology would also need to be adjusted to 

use, for example, a moving window of cumulative precipitation. Examples of using a moving 

window in the calculation of the climatology has been presented by Jung and Leutbecher, (2008) 

for planetary, synoptic and sub-synoptic spectral bands, but this method of calculating climatology 

is for yet to be tested, optimised and validated for flood forecasting applications. This, however, 

was beyond the scope of this research.  

Currently this method is looking at the anomalies during periods where the observed flow exceeds 

the 1 in 2 year event. Further research could explore turning this around and looking at the highest 

periods of flow predicted in the GloFAS model and see how these compare to the periods of 

observed high flow. This could give an indication of the amount of false alarms and could be used 

as an indication of limitations of GloFAS in ungauged catchments. However, an assessment of 

longer overlapping times series than were available at the time this research was done would be 

needed.  

With the more recent releases of GloFAS version 2.0 and accompanying datasets, more research 

is now possible, but the FbF project in Peru has moved on since the work was done for this chapter 

and FbF in Peru currently uses GloFAS forecasts in conjunction with El Niño forecasts and 
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ECMWF precipitation forecasts for flood warnings (Aguirre et al., 2019) (Lopez et al., 2020). Any 

future assessment would need to take these changes into account.  

A.8. Conclusion 

This chapter is an initial exploration of GloFAS forecasts with the aim to gain more understanding 

of the challenges of evaluating them. The research question that is posed at the start of the chapter 

was: 

RQ1 Can GloFAS provide useful flood forecasts in the coastal catchments of Peru? 

This research question has been answered by addressing two hypotheses, the first one is: 

RQ1.1 How well does GloFAS reproduce the flow regime in Piura, Peru? 

The flow duration curve of the observed flow was compared to the modelled GloFAS flow at the 

same location for seven coastal Peruvian catchment. This analysis shows that GloFAS is unable to 

reproduce the flow regime. The differences in the flow duration curves extends to the high flow, 

which is an indication of inaccuracy of GloFAS forecast for flood events. To gain understanding of 

the opportunities of using GloFAS in the coastal catchments of Peru, the following hypothesis was 

tested: 

RQ1.2 Do the GloFAS model components show responses to the observed floods in the Peruvian 

coastal catchments? 

During the period 2008-2010 the GloFAS model showed positive flow anomalies in 12 out of 17 

flood events in the seven catchments in the Pacific zone. The precipitation and runoff showed 

positive anomalies in all events. The answer to the hypothesis is that the GloFAS model is able to 

show a response to the recorded rainfall and resulting flood events, which means there could be 

opportunities for using GloFAS flood warnings. However, the inability of GloFAS to reproduce the 

flow duration curve indicates that the performance of the warnings could be limited and therefore 

more research would need to be done to establish if the performance of GloFAS warnings is 

sufficient to meet the needs of the FbF project in Peru. Using the method of anomalies to look at 

the separate model components offers a way to visualise the main hydrological processes that are 

taking place in the model. This method is transferrable to ungauged catchment which means it 

contributes to addressing the current gap in methods to evaluate global flood forecasts in 

ungauged catchment. 

The answer to the main research questions is that assessment of opportunities shows that there is 

a possibility that GloFAS could provide flood warnings for the Peruvian coastal catchments 

because GloFAS is able to predict positive anomalies in flow during flood events. The assessment 

of limitations shows that in Piura GloFAS is unable to reproduce any section of the flow duration 

curve, including the high flows which is of importance when predicting flood events. This could be 

an indication that the performance of GloFAS warnings is likely to be limited in this region. 

  



 
 

235 
 

B. Comparison of Gumbel and 
General Extreme Value (GEV) 

These four plots are the Quantile-Quantile plot, Empirical quantile plot, density plot and return 

period plots. The objective of these plots is to check if the distributions (Gumbel and GEV) match 

the observed data. The object is for the data points to follow the linear lines as closely as possible 

and for the uncertainty bounds to be as narrow as possible.  

 

Figure A.22: Charcani GEV distribution 
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Figure A.23: Charcani Gumbel distribution 
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Figure A.24: Chosica GEV distribution 
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Figure A.25: Chosica Gumbel distribution 
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Figure A.26: Condorcerro GEV distribution 
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Figure A.27: Condorcerro Gumbel distribution 
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Figure A.28: El Ciruelo GEV distribution 
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Figure A.29: El Ciruelo Gumbel distribution 
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Figure A.30: El Tigre GEV distribution 
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Figure A.31: El Tigre Gumbel distribution 
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Figure A.32: Huatiapa GEV distribution 
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Figure A.33: Huatiapa Gumbel distribution 
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Figure A.34: Ocoaa GEV distribution 
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Figure A.35: Ocoaa Gumbel distribution 

 



 
 

249 
 

 

Figure A.36: Puento Sanchez Cerro GEV distribution 
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Figure A.37: Puento Sanchez Cerro Gumbel distribution  
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C. Tail dependency threshold 
sensitivity 

 

 

Figure A.38: Changes in chi-bar due to changing the threshold of the tail.  
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D. AFED method details 
To create the AFED dataset the following method was developed by Galantowicz, (2001) and is 

summarised below.  

The flooded fraction is derived from the microwave brightness temperature which is highly sensitive 

to water cover even in the presence of vegetation (e.g. Sippel et al., 1994, Galantowicz, 2002, 

Schroeder et al., 2010). The polarization data are used to derive the flooded fraction from the 

microwave brightness temperature. A linear transformation relates the polarization ratio index to 

the observed water value (referred to by AER as Qf and Qobs, which is this case has no relationship 

to discharge/flow rate). More information on polarization ratio index can be found in (Lacava et al., 

2011). To derive the flooded fraction (fflood) from Qobs the assumption is made that for each location 

the observed water value Qobs can be split out into persistent open water components, dry land 

components and flooded components. The flooded fraction is part of the flooded components and 

gets calculated. The other components are derived as follows:  

1. The observed water value (Qobs) is derived from the polarization ratio index, measured by 

the microwave sensors.  

2. Persistent open water cover fraction (fpow). This is a 5 arc minute grid (approximately 10 by 

10 kilometres at the earth equator), which is calculated by taking the weighted sum of the 3 

arc second land water mask (3 arc seconds is 90 by 90 metres at the equator). The land-

water mask is a binary grid, where cells with more the 50% of water cover fraction are 

classified as water. This mask is derived from: 

a. the Landsat-derived  ″ glo al water mas   datamas   from (Hansen et al., 2013) ; 

b. the  ″  huttle  adar  opograph   apping  ission         ater  od   ata 

(SRTMSWBD; Farr et al., 2007); and  

c. the MOD44W 250-m binary mask (Carroll et al., 2009), this was used to fill in any 

gaps in the 3 arc seconds land water mask caused by lack of coverage of the other 

two dataset and.   

3. Open water value (Qpow) is empirically derived from the persistent open water cover 

fraction (fpow) and average Qobs values observed in the Lake Victoria region.  

4. Dry land value (Qdry) dry land conditions are calculated using climatological data which is 

derived from the 61 day median of Qobs , as well as the tree cover area fraction and a 15 

day average Normalized Difference Vegetation Index (NDVI) climatology on a 0.05° 

latitude x 0.05° longitude grid (VIP, 2011). The dataset provides 15-day average NDVI on a 

0.05° latitude x 0.05° longitude grid (~5.55 km x 5.55 km). The 61 day median is calculated 

using a time centred approach, which means it calculates the median over the 30 days 

before and the 30 days after, in this case, Qobs. Further seasonal wetlands flags are used 

to identify locations where climatological data could be influenced by regular flooding and 

are therefore unreliable as a measure for dry land. In wetland locations the climatology 

calculations are adjust according to the type of wetland. Types of wetlands include longer 
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duration seasonal wetlands, shorter-duration seasonal floodplains, and irregularly flooded 

saltpans.  

The flooded fraction also takes into account an atmospheric correction, precipitation and freezing 

conditions detection, removal of sudden spikes in the data (short duration large scale events) 

referred to as false positives and removal of low value noise by using a minimum detection flooded 

fraction. More information is available in (AER, 2017) .  

To calculate the water fraction a DTM is used together with a flood fraction threshold to create a 

binary grid where cells are either flooded or not flooded on a 90m by 90m grid, which is the DTM 

resolution (Farr et al., 2007). The last step is to calculate the water fraction on the 10 km by 10 km 

grid, in which the proportion of the 90 by 90 metre cells which were classified as flooded in the 

binary grid are used to generate values between zero and one, where one represents the situation 

where all cells are flooded in the binary grid and 0 were no cells were flooded in the binary grid. An 

example of the water extent for the Africa for 28 September 2003 is shown in Figure A.39:.  



 
 

254 
 

 

Figure A.39: Example of AFED water extent map for 28 September 2003.  
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E. Appendix for Chapter 5  
The Q-Q plot, or quantile-quantile plot, is a visual check to establish if set of data 

conforms to a distribution like the generalised Pareto distribution. If the data generally 

follows the linear line the distribution can be assumed.  

 

Figure A.40: Quantile-quantile (QQplot) of the generalised Pareto distributions of the 95th 
percentile - AFED 
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Figure A.41: Quantile-quantile (QQplot) of the generalised Pareto distributions of the 95th percentile 
- GloFAS 

 

 



 
 

257 
 

F. Appendix for Chapter 7 
This Appendix was published as supplementary material in the Journal of Flood Risk Management as: Boelee, L., Lumbroso, D.M., 

Samuels, P.G. and Cloke, H.L., 2019. Estimation of uncertainty in flood forecasts—A comparison of methods. Journal of Flood Risk 

Management, 12, p.e12516. https://doi.org/10.1111/jfr3.12516  

 

 

Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Bayesian 

forecasting 

system (BFS) 

(Krzysztofowicz, 

1999) 

Statistical None provided Methods will 

working with any 

deterministic 

catchment model 

Probabilistic 

forecast in the 

form of a 

predictive density. 

As post-process fixed on 

a deterministic 

hydrological model, with 

an integrator which 

allows input uncertainty 

to be merged. 

Meteorological uncertainty and 

hydrological uncertainty as an 

aggregate, created using a 

Bayesian formulation.  

Hydrologic 

uncertainty 

processor for 

probabilistic river 

stage forecasting: 

precipitation-

dependent model 

(Krzysztofowicz 

and Herr, 2001) 

Statistical National Weather 

Service - 

application tested 

on the forecast 

point Eldred, 

Pennsylvania 

located on the 

Allegheny river. 

Catchment size is 

1,430 km2. 

Hydrologic model 

consisting of a 

continuous 

antecedent 

precipitation 

index, unit 

hydrograph, base 

flow producer and 

stage-discharge 

conversion.  

Probabilistic 

forecast in the 

form of a 

predictive density. 

As post-process fixed on 

a deterministic 

hydrological model, with 

an integrator which 

allows input uncertainty 

to be merged. 

Meteorological uncertainty and 

hydrological uncertainty as an 

aggregate, created using a 

Bayesian formulation.  

https://doi.org/10.1111/jfr3.12516
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Bayesian system 

for probabilistic 

river stage 

forecasting 

(Krzysztofowicz, 

2002) 

Statistical National Weather 

Service - 

application tested 

on the forecast 

point Eldred, 

Pennsylvania 

located on the 

Allegheny river. 

Catchment size is 

1,430 km2.  

Hydrologic model  Probabilistic 

forecast in the 

form of a 

predictive density. 

The BFS consists of the 

Precipitation Uncertainty 

Processor (PUP), 

Hydrologic Uncertainty 

Processor (HUP) and an 

Integrator (INT). It is a 

post-process which can 

be fixed on a 

deterministic 

hydrological model 

Precipitation uncertainty and 

hydrological uncertainty as an 

aggregate, created using a 

Bayesian formulation.  

Bayesian system 

for probabilistic 

stage transition 

forecasting 

(Krzysztofowicz 

and Maranzano, 

2004) 

Statistical Eldred, 

Pennsylvania with 

a catchment area 

of 550 miles2 

(1,430 km2).  

Lumped 

hydrologic model 

Three 

dimensional 

predictive density 

plots.  

Runs as a post process 

to a forecasting system.  

Using a Bayesian formulation 

of the HUP, PUP and INT  to 

produce probabilistic river 

stage forecast which takes 

precipitation uncertainty and 

hydrological uncertainty into 

account.  

GLUE method for 

estimation of 

flood inundation 

probabilities 

(Romanowicz and 

Beven, 2003) 

Ensemble 13km of the 

downstream area 

of the River Culm, 

Devon, UK.  

Coarse element 

flood inundation 

model 

Probabilities from 

flooding 

Running the multiple 

versions of the model.  

Parameter uncertainty is 

estimated using the GLUE 

method.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Cascading model 

uncertainty 

(Pappenberger et 

al., 2005) 

Ensemble Muse catchment, 

upstream of 

Maaseik, 

Belgium, 

21,000 km2.  

Rainfall-runoff 

and routing using 

LisFlood and 

flood inundation 

model using 

LisFlood-FP.  

Probabilistic flood 

maps and 

ensemble 

hydrographs.  

Rerunning of the rainfall-

runoff, routing and flood 

inundation models for 

the total ensemble 

consisting of 3120 

members.  

Meteorological uncertainty 

using ensemble rainfall 

forecasts.  Parameter 

uncertainty using an ensemble 

created with the Generalised 

Likelihood Uncertainty 

Estimation (GLUE) for both the 

rainfall runoff and flood 

spreading models.  

Dual state-

parameter 

estimation of 

hydrological 

models using 

ensemble Kalman 

filter (Moradkhani 

et al., 2005) 

Ensemble Leaf River basin, 

Mississippi, USA 

Hydrologic model 

(conceptual 

rainfall-runoff) 

Ensemble 

forecast 

presented using 

uncertainty 

bands.  

Rerunning of the 

hydrologic model.  

An ensemble of parameter and 

state (initial condition) 

uncertainty is created using 

the Ensemble Kalman Filter.  

Multi-model 

ensembles 

hydrologic 

prediction using 

Bayesian model 

averaging (Duan 

et al., 2007) 

Combination Three basins Bird 

Creek River basin 

(2,344 km2), Leaf 

River basin 

(1,924 km2), 

French Broad 

River basin 

(766 km2) USA.  

Three 

hydrological 

models (SAC-

SMA, SWB and 

HYMOD) 

Ensembles 

presented as 

hydrographs with 

confidence 

intervals.  

Running the multiple 

models and statistical 

post process.  

Model structural uncertainty by 

an ensemble of three 

hydrological models tested 

with three configurations of 

ensemble post processing 

using Bayesian Model 

Averaging.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Treatment of 

uncertainty using 

ensemble 

methods: 

Comparison of 

sequential data 

assimilation and 

Bayesian model 

averaging (Vrugt 

et al., 2008) 

Combination Leaf River 

watershed, 

Mississippi, USA. 

Catchment size is 

1,950 km2.  

Eight conceptual 

watershed 

models (ABC, 

GR4J, HYMOD, 

TOPMO, 

AWBM,NAM, 

HBV and SAC-

SMA).  

Ensemble 

streamflow 

hydrographs and 

hydrographs with 

confidence 

intervals.  

Running the multiple 

models and statistical 

post process.  

Structural model uncertainty 

using an ensemble of 

hydrological models. The 

ensemble results are then both 

post processes using Bayesian 

model averaging and 

assimilated using the 

ensemble Kalman Filter.  

Bayesian 

forecasting 

system (BFS) 

(Reggiani and 

Weerts, 2008)  

Statistical River Rhine 

upstream of 

Lobith, the 

Netherlands, 

catchment size is 

160,000 km2.  

Hydrological and 

hydrodynamic 

model.  

Probabilistic 

forecast in the 

form of a 

predictive density. 

The BFS consists of the 

Precipitation Uncertainty 

Processor (PUP), 

Hydrologic Uncertainty 

Processor (HUP) and an 

Integrator (INT). It is a 

post-process which can 

be fixed on a 

deterministic 

hydrological model 

Meteorological uncertainty and 

hydrological uncertainty as an 

aggregate, created using a 

Bayesian formulation.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

A model 

conditional 

processor (MCP) 

to assess 

predictive 

uncertainty in 

flood forecasting 

(Todini, 2008) 

Statistical The River Po, 

Italy. Catchment 

size is 70,000km2.  

A hydraulic model 

and two statistical 

models (lag-1 

Markov models). 

Probabilistic 

forecast 

presented using 

uncertainty 

bands.  

The Model Conditional 

Processor (MCP) is an 

extension and 

generalization of the 

HUP processor and can 

be implemented as a 

post-process.  

Aggregate of the uncertainty 

created by combining models 

with  observations and the 

predicative probability is 

derived from the joint 

probability distribution.  

Predictive 

uncertainty 

assessment in 

real time flood 

forecasting 

(Todini, 2009) 

Statistical and 

Combined 

Lake Como Stochastic 

dynamic 

programming 

approach 

Probabilistic 

forecast 

presented using 

uncertainty 

bands. 

Review of the HUP and 

the MCP. Present an 

application of the MCP 

where is uses 

meteorological 

ensembles.  

 ggregate of the ‘total’ 

uncertainty as well as 

Meteorological uncertainty 

when ensembles were 

incorporated.  

Uncertainty in 

distributed flash 

flood forecasting 

for semiarid 

regions 

(Yatheendradas 

et al., 2008b) 

Ensemble Walnut Gulch 

experimental 

Watershed, south 

eastern Arizona, 

USA. Catchment 

size is 150km2.  

rainfall runoff-

model  

Ensemble 

hydrographs 

Rerunning of the rainfall-

runoff model.  

Meteorological uncertainty of 

the radar rainfall, parameter 

uncertainty of the rainfall runoff 

model and initial condition 

uncertainty by looking at the 

soil moisture conditions. 

Uncertainty was assessed 

using a variance-based 

comprehensive global 

sensitivity analysis and the 

Generalized Likelihood 

Uncertainty Estimation 

framework (GLUE).   
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

A 1-10 -Day 

Ensemble 

Forecasting 

Scheme for the 

Major River 

Basins of 

Bangladesh: 

Forecasting 

Severe Floods of 

2003-07 - T. M. 

(Hopson and 

Webster, 2009) 

Ensemble Brahmaputra and 

Ganges Rivers, 

Bangladesh. 

Catchment size is 

1.5∙106 km2 

Semi-distributed 

Model and 

Catchment 

Lumped Model 

Ensemble 

hydrographs.  

Rerunning of the 

hydrological models.  

Meteorological uncertainty 

using an ensemble NWP, 

model structure uncertainty 

using a multi model system of 

hydrological models. Initial 

conditions uncertainty is 

reduced by using model 

updating procedures.  

Uncertainty 

assessment via 

Bayesian revision 

of ensemble 

streamflow 

predictions in the 

operational river 

Rhine forecasting 

system (Reggiani 

et al., 2009) 

Combination River Rhine 

catchment 

upstream of 

Lobith. 

Catchment size is 

160,000 km2.  

Hydrological and 

routing models 

Post processed 

ensemble 

forecast.  

Running the multiple 

models and statistical 

post process.  

Meteorological uncertainty 

which is created by running a 

weather ensemble through the 

operational forecasting system 

of the river Rhine. Followed by 

a post process which assesses 

the ensemble uncertainty 

using a Bayesian framework.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Assessing 

uncertainties in 

flood forecasts for 

decision making  

(Dietrich et al., 

2009) 

Ensemble The operational 

system used is 

designed to deal 

with catchments 

ranging from 

100 km2 and 

10,000 km2, 

paper includes 

example of Mulde 

river basin 

Rainfall runoff 

model 

(ArcEGMO) 

Hydrographs with 

probability using a 

weighted 

ensemble.  

Rerunning a model 

multiple times 

Meteorological uncertainty by 

running a super ensemble 

through the rainfall runoff 

model, parameter uncertainty 

by running different versions of 

the rainfall runoff model with 

different parameter settings.  

Ensemble flood 

forecasting using 

bootstrap based 

artificial neural 

networks 

(BANNs) (Tiwari 

and Chatterjee, 

2010) 

Ensemble Mahanadi River 

Basin, India. 

Catchment size is 

141,589 km2.  

Multiple artificial 

neural networks 

representing the 

rainfall-runoff 

relationship 

created using 

bootstrapping 

Hydrological 

forecasts with 

confidence 

bounds.  

Rerunning of the artificial 

neural network 

Quantification of parametric 

uncertainty in flood 

forecasting.  

The model 

conditional 

processor (MCP) 

approach (recent 

developments) 

(Coccia and 

Todini, 2011) 

Statistical The River Po, 

Italy. Catchment 

size is 

70,000 km2.  

Hydraulic model Probabilistic 

forecast 

presented using 

uncertainty 

bands.  

The Model Conditional 

Processor (MCP) is an 

extension and 

generalization of the 

HUP processor and can 

be implemented as a 

post-process.  

Aggregate of the uncertainty 

created by combining models 

with  observations and the 

predicative probability is 

derived from the joint 

probability distribution.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Superposition of 

three sources of 

uncertainties in 

operational flood 

forecasting chains 

(Zappa et al., 

2011) 

Ensemble The Verzasca 

River, 

Switserland. 

Catchment size is 

186 km2.  

Hydrological 

model 

Ensemble 

hydro-graphs 

presented using 

percentiles 

bands.  

Rerunning of the 

hydrological model 

Meteorological uncertainty 

using ensemble weather 

predication. Initial conditions 

uncertainties using an 

ensemble approach in the real-

time assimilation of weather 

radar precipitation and the 

hydrological uncertainties 

using an ensemble created by 

the equifinal parameter 

realisation (Monte-Carlo 

sampling of 7 parameters).  

Quantile 

Regression (QR)  

(Weerts, 

Winsemius and 

Verkade, 2011) 

Statistical United Kingdom 

various basins 

between 32-

1,000 km2.  

Rainfall-runoff 

models (PDM, 

MCRM, TCM), 

routing model 

(DODO), 

hydrodynamic 

model (ISIS) 

Probabilistic 

hydrograph with 

confidence 

intervals.  

Quantile Regression is 

implemented as a post 

process on a 

deterministic forecast 

Total or end uncertainty by 

comparing observed to 

forecasts as an aggregate.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Uncertainty in 

flood forecasting: 

A distributed 

modelling 

approach in a 

sparse data 

catchment 

(Mendoza, 

McPhee and 

Vargas, 2012) 

Ensemble Caution River, 

Chile. Catchment 

size is 2,688 km2.  

Hydrologic model 

(TopNet) 

Ensemble 

hydrographs.  

Rerunning of the 

hydrological models.  

Meteorological and initial 

condition ensemble created by 

the perturbation of input 

(precipitation) and model initial 

conditions (soil moisture and 

water table depth) derived 

from the NWP forecast 

(precipitation and 

temperature).  

Effect of different 

uncertainty 

sources on the 

skill of 10 data 

ensemble low 

flow forecasts for 

two hydrological 

models (Demirel, 

Booij and 

Hoekstra, 2013) 

Ensemble Moselle River, 

France 

Two hydrological 

models (GR4J 

and HBV) 

Ensemble 

hydrographs 

presented with 

uncertainty bands 

and boxplots.  

Rerunning of the 

hydrological models to 

create ensemble 

Meteorological uncertainty by 

using ensemble forecast, 

model structure uncertainty by 

using two hydrological models 

and parameter uncertainty of 

the hydrological model by 

using GLUE.  

Flood forecast 

errors and 

ensemble spread 

- A case study 

(Nester et al., 

2012b) 

Combination 43 catchments in 

Austria and 

Germany of 

various sizes.  

Hydrological 

models (rainfall 

runoff) and 

hydraulic models.  

Ensemble 

hydrographs and 

confidence 

intervals.  

Rerunning of the 

hydrological model to 

create ensemble and a 

statistical post process 

for the hydrological 

uncertainty. 

Meteorological uncertainty by 

using ensemble forecast and 

hydrological uncertainty by 

statistical analysis of the 

difference between modelled 

and observed.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

A non-parametric 

data-based 

approach for 

probabilistic flood 

forecasting (Van 

Steenbergen, 

Ronsyn and 

Willems, 2012) 

Statistical Three rivers in 

Belgium: 

Demer/Dender 

2,275 km2 and 

Yser 1,101 km2.   

catchment 

hydrological and 

river 

hydrodynamic 

and data-

assimilation (Mike 

11 software) 

Hydrographs with 

confidence 

intervals.  

Runs as a post process 

to an existing forecasting 

system.  

Total or end uncertainty as an 

aggregate by comparing 

observations to forecasts.  

Uncertainty in 

flood forecasting 

for data sparse 

catchment 

(Mendoza, 

McPhee and 

Vargas, 2012) 

Ensemble Cautin river, 

Southern Chile. 

Catchment area 

is 2,688 km2.  

Distributed 

hydrological 

model (TopNet) 

Ensemble 

hydrographs.  

Rerunning of the 

distributed hydrological 

model.  

Parameter uncertainty using 

different versions of the model 

and meteorological uncertainty 

using a weather ensemble.  

Dynamic 

uncertainty model 

by regression on 

absolute errors 

(DUMBRAE) 

(Pianosi and 

Raso, 2012) 

Statistical Rhone river, 

Switzerland and 

Inflow forecasting 

into lake 

Maggiore in Italy 

and Switzerland. 

Catchment sizes 

are not included.  

Semi lumped 

conceptual glacial 

hydrological 

model and a data-

driven lumped 

model.  

Statistical 

analysis of the 

performance of 

DUMBRAE.  

As a post process to any 

deterministic forecast 

model.   

Al sources of uncertainty as an 

aggregate by using dynamic 

uncertainty model by 

regression on absolute errors 

(DUMBRAE).  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

From HUP to 

MCP: Analogies 

and extended 

performances 

(Todini, 2013) 

Statistical The River Po, 

Italy.  

Hydraulic model Statistical 

comparison of the 

HUP and MCP 

results 

The Model Conditional 

Processor (MCP) is an 

extension and 

generalization of the 

HUP processor and can 

be implemented as a 

post-process.  

Aggregate of the uncertainty 

created by using the HUP and 

MCP post processors.  

Simultaneous 

calibration of 

ensemble river 

flow predictions 

over an entire 

range of lead 

times (Hemri, 

Fundel and 

Zappa, 2013) 

Combination Thur River, 

medium size sub 

catchment of the 

Swiss Rhine with 

a catchment size 

of 1,696 km2.  

Hydrologic model 

(Precipitation-

runoff-

evapotranspiratio

n HRU model). 

Ensemble 

hydrographs.  

Rerunning of the 

hydrological model to 

create ensemble and a 

statistical post process 

for the ensemble 

correction.  

Meteorological uncertainty by 

running ensemble forecast 

through a hydrological model. 

Statistical post processing is 

performed in the form of 

Bayesian model averaging and 

a Box-Cox transformation 

removes skewedness.  

Evaluation of a 

nonparametric 

post-processor for 

bias correction 

and uncertainty 

estimation of 

hydrologic 

predictions 

(Brown and Seo, 

2013)  

Combination 9 river basins 

located across 

the USA with 

catchment sizes 

ranging from 

1,020 km2 to 

4,421 km2.  

Eight hydrological 

models.  

Statistical 

analysis of the 

performance of 

the nonparametric 

post-processor.  

Running the multiple 

models and statistical 

post process.  

Model structural uncertainty by 

an ensemble of multiple 

hydrological models. The 

ensemble results are then both 

post processes using the 

nonparametric post-processor. 

(This would also work with a 

probabilistic forecast).  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Quantile 

regression (QR) - 

Alternative 

configurations 

(Lopez Lopez et 

al., 2014) 

Statistical Upper Severn 

River in the UK, 

catchment size 

2,284 km2.  

Rainfall-runoff 

(MCRM), 

hydrological 

routing (DODO) 

and hydro 

dynamical routing 

(ISIS).  

Hydrographs with 

confidence 

intervals.  

Quantile Regression is 

implemented as a post 

process on a 

deterministic forecast 

Total or end uncertainty by 

comparing observed to 

forecasts as an aggregate.  

Validation of the 

Flood-PROOFS 

probabilistic 

forecasting 

system (Laiolo et 

al., 2014) 

Ensemble Valle dAosta, a 

small alpine 

region of northern 

Italy, multiple 

catchments size 

is in the order of 

10,000 km2.  

Hydrological 

model (rainfall-

runoff model 

DRiFt) 

Ensemble 

hydrographs 

presented with 

uncertainty bands 

and boxplots.  

Rerunning of the 

hydrological model to 

create ensemble 

Meteorological uncertainty by 

running ensemble forecast 

through a hydrological model.  

Towards 

improved post-

processing of 

hydrologic 

forecast 

ensembles 

(Madadgar, 

Moradkhani and 

Garen, 2014)  

Combination Sprague River 

basin of 

4,100 km2.  

Distributed 

parameter 

hydrologic model. 

Statistical 

comparison of the 

two post 

processing 

approaches.  

Running the multiple 

models and statistical 

post process.  

Uses hypothetical forecast 

ensembles as well as weather 

ensembles to represent 

meteorological uncertainty. 

Followed by a post process 

which assesses the ensemble 

uncertainty using one copule 

approach and one quantile 

mapping approach.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Impact of 

precipitation 

forecast 

uncertainties and 

initial soil 

moisture 

conditions on a 

probabilistic flood 

forecasting chain 

(Silvestro and 

Rebora, 2014)  

Ensemble Liguria Region, 

Italy. This region 

is divided into five 

sub regions each 

with an 

approximate size 

of 10,000 km2.  

Rainfall-runoff 

model (DRiFt) 

Statistical 

performance of 

the results.  

Rerunning of the rainfall-

runoff model.  

Meteorological uncertainty by 

using a small ensemble of 

expert rainfall forecast. Initial 

condition uncertainty by 

perturbations of soil moisture 

initial conditions. 

Propagation of 

hydro-

meteorological 

uncertainty in a 

model cascade 

framework to 

inundation 

prediction 

(Rodriquez-

Rincon, Pedrozo-

Acuna and Brena-

Naranjo, 2015) 

Ensemble Assessing the 

cascading of the 

meteorological 

uncertainty for the 

November 2009 

flood in southeast 

Mexico, 

catchment size 

5,021 km2.  

Distributed 

rainfall-runoff 

coupled to a 2D 

hydrodynamic 

flood inundation 

model 

Probabilistic flood 

extent maps and 

ensemble 

hydrographs (72 

ensembles) 

Rerunning of the 

coupled hydrological- 

inundation model.  

Meteorological uncertainty 

using an forecast ensemble 

and a hydrological  parameters 

uncertainty (using six sets of 

plausible parameters) 
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Transferring 

global uncertainty 

estimates from 

gauged to 

ungauged 

catchments 

(Bourgin et al., 

2015) 

Statistical 907 French 

catchments, 

representative of 

different climates, 

topographies and 

geologies in 

France. 

Hydrological 

model 

Hydrological 

forecast with 

confidence 

bounds.  

Applying a post process 

transferring uncertainty 

bands.  

Uncertainty as an aggregate 

by comparing observations (of 

donor catchments) to 

forecasts.  

Multivariate post 

processing 

techniques for 

probabilistic 

hydrological 

forecasting 

(Hemri, Lisniak 

and Klein, 2015)  

Combination Three catchments 

of the river Rhine 

with catchment 

sizes of 

50,196 km2, 

23,857 km2 and 

5,304 km2.  

Semi distributed 

rainfall-runoff 

models 

Hydrological 

ensemble 

forecasts and 

statistical 

comparison of the 

two post 

processing 

approaches.  

Running the multiple 

models and statistical 

post process.  

Meteorological uncertainty 

which is created by running a 

weather ensemble through the 

rainfall-runoff model. Followed 

by a post process which 

assesses the ensemble 

uncertainty using two copule 

approaches.  

Quantile 

Regression (QR) 

and Uncertainty 

Estimation based 

on local Errors 

and Clustering 

(UNEEC) (Dogulu 

et al., 2015)  

Statistical Brue (135 km2), 

Upper Severn 

(509.8 km2) 

Lumped 

numerical rainfall 

runoff models 

(MCRM and 

HBV), hydrologic 

and 

hydrodynamic 

routing models 

(DODO and ISIS) 

Hydrographs with 

uncertainty 

bands. The 

Quantile 

Regression is 

compared to 

uncertainty 

estimation based 

on local errors 

and clustering.  

As a post process to a 

forecast system.  

Total or end uncertainty as an 

aggregate by using quantile 

regression and uncertainty 

estimation based on local 

errors and clustering on the 

historical model residuals.  



 
 

271 
 

Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Flood forecasting 

on the Tocantins 

River using 

ensemble rainfall 

forecasts and 

real-time satellite 

rainfall estimates. 

(Fan et al., 2016)  

Ensemble Tocantins River, 

Brazil, with a 

catchment size of 

300,000 km2.  

Hydrological 

model (MGB-

IPH).  

Ensemble 

hydrographs and 

exceedance 

diagram table.  

Rerunning of the 

hydrological model.  

Precipitation uncertainty using 

ensemble forecasts.  

Quantile 

regression - 

Comparison of 

different 

configurations 

(Muthusamy, 

Godiksen and 

Madsen, 2016)  

Statistical Sava River, 

Slovenia with a 

catchment size of 

11,735 km2.  

Hydrological and 

hydro dynamical 

model (MIKE 11).  

Statistical 

comparison of the 

different QR 

configurations.  

Quantile Regression is 

implemented as a post 

process on a 

deterministic forecast 

Total or end uncertainty by 

comparing observed to 

forecasts as an aggregate.  

Predictive 

Uncertainty 

Estimation of 

Hydrological 

Multi-Model 

ensembles using 

pair-copula 

construction. 

(Klein et al., 

2016)  

Combination Two catchments 

in the Moselle 

river basin, 

tributary of the 

Rhine, Germany, 

France and 

Belgium. 

Catchment sizes 

are 3,222 km2 

and 23,857 km2.   

Two hydrological 

models 

(Representative 

elementary 

watershed model 

- REW and HBV) 

and one statistical 

model (Echo Sata 

Networks - ESN).  

Analysis of the 

model residual 

Running the multiple 

models and statistical 

post process.  

hydrological model structure 

uncertainty by running  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Three sources of 

uncertainty in 

ensemble 

hydrological 

forecasting 

(Thiboult, Anctil 

and Boucher, 

2016)  

Ensemble 20 catchments in 

Canada with 

catchment areas 

between 512 km2 

to 15,342 km2.  

20 different 

hydrological 

models 

Statistical 

analysis of the 

effect of the three 

different 

uncertainty 

sources on the 

forecast 

performance.   

Running multiple 

models, rerunning 

models and running the 

Ensemble Kalman Filter.  

Model structure uncertainty by 

running different hydrological 

models, initial conditions by 

running the Ensemble Kalman 

Filter and meteorological 

uncertainty by running a 

weather ensemble through the 

models.  

A real-time 

probabilistic 

channel flood-

forecasting model 

based on the 

Bayesian particle 

filter approach 

(Xu et al., 2017)  

Combination Upstream river 

reach of the 

Three Gorges 

Dam on the 

Yangtze River, 

China.  

Rainfall-runoff 

hydrological 

model and 

hydraulic river 

model.  

Hydrograph with 

uncertainty 

bands.  

Running the hydraulic 

model with data 

simulation algorithm 

Initial conditions uncertainty 

using the Bayesian particle 

filter.  
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Residual 

Uncertainty using 

instance based 

learning (Wani et 

al., 2017)  

Statistical Severn 

(10,459 km2) and 

Brue (135 km2).  

Lumped 

numerical rainfall 

runoff models 

(MCRM and 

HBV), hydrologic 

and 

hydrodynamic 

routing models 

(DODO and ISIS) 

Hydrographs with 

uncertainty 

bands. The 

instance based 

learning results 

are compared to 

Quantile 

Regression and 

uncertainty 

estimation based 

on local errors 

and clustering.  

As a post process to a 

forecast system.  

Al sources of uncertainty as an 

aggregate by using instance 

based learning, quantile 

regression and uncertainty 

estimation based on local 

errors and clustering on the 

historical model residuals.  

The role of rating 

curve uncertainty 

in rea time flood 

forecasting (Ocio 

et al., 2017)  

Combination River Oria, Spain 

with two 

catchments of 

796.5 km2 and 

69.6 km2.  

Conceptual 

distributed 

hydrological 

model (HBV) 

Hydrographs with 

probability bands, 

gauged data also 

included 

uncertainty band 

estimations.  

Model initial conditions 

and assimilation 

conditions are perturbed 

and the model is rerun. 

Algorithms are used for 

the perturbations and 

data assimilation.  

Uncertainty due to flow 

observations (rating curves) 

using the BaRatin method and 

the Voting Point method. 

These methods are combined 

with data assimilation.   
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Method or study 

reference(s) Method type 

Catchment 

location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

Performance of 

ensemble 

streamflow 

forecasts under 

varied hydro 

meteorological 

conditions 

(Benninga et al., 

2017) 

Combination Biala Tarnowska 

River catchment, 

a tributary of the 

Dunajec River 

and the Vistula 

River in Poland. 

Catchment size is 

956.9 km2.  

Lumped 

hydrological 

model (HBV).  

Ensemble 

hydrographs with 

statistical 

comparison of 

performances.  

Rerunning of the 

hydrological model and 

statistical processing of 

the ensembles.  

Meteorological uncertainty 

using an ensemble weather 

forecast and pre and post 

processing of the weather and 

flow ensemble using Quantile 

Mapping.  

(Foster, Bertacchi 

Uvo and Olsson, 

2018) 
Combination 

84 sub-basins in 

Northern Sweden 

Hydrological 

model (HBV) 

Analysis of the 

skill of the 

forecasts and 

forecast plots 

presented as 

boxplots.  

Three different input 

ensembles are created, 

run and merged into a 

forecast.  

Meteorological input 

uncertainty 

(Seo, Quintero 

and Krajewski, 

2018) Statistical 

Cedar River basin 

with an 

approximate area 

of 17000km2, 

Iowa, USA.   

Hydrological 

model, Hillslope-

Link model 

(HLM).  

Statistical 

analysis of the 

performance and 

box plots of the 

performance 

Statistical analysis of 

uncertainty as a post 

process.  

Al sources of uncertainty as an 

aggregate with a focus on 

uncertainty caused by the 

precipitation inputs.  

(Waller et al., 

2018) 
Statistical 

Lower Severn 

and Avond 

Rivers, 1524km2, 

UK.  

2D hydrodynamic 

model 

LISFLOOD-FP.  

Statistical 

analysis of the 

model residuals.  

As a post-process to a 

2D hydrodynamic flood 

forecasting system 

Input of input data, specifically 

uncertainty of satellite derived 

inundation data 
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location and size 

Models in the 

forecasting 

system 

Published 

outputs Implementation Uncertainty sources 

(Zarzar et al., 

2018) 

Ensemble 

Darby Creek, 

Philadelphia, 

Pennsylvania. 

River length is 

15km 

The hydrological 

model: Hydrology 

Laboratory-

Research 

Distributed 

Hydrologic Model 

(HL-RDHM). The 

hydraulic models 

used are: 

(1) the 

International 

River Interface 

Cooperative 

along with Flow 

and Sediment 

Transport with 

Morphological 

Evolution of 

Channels solver 

and (2) the two-

dimensional 

Hydrologic 

Engineering 

Center-River 

Analysis System. 

Probability flood 

inundation maps.  

Rerunning of the 

hydrological model and 

hydraulic models for the 

ensemble leading to a 

22 member ensemble.  

Meteorological unceratinty by 

using ensemble precipitation 

andn temperature forecasts 

and model structure 

uncertainty by running two 

hydraulic models.  

 

 


