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This report presents the results from PEARL Task 4.3 on Advanced uncertainty methods and tools
for early warning, elaborated jointly by the project partners NTUA, DHI, UNSA and HYDS. Several
aspects of uncertainty have been explored associated with the measurement of precipitation and
various components of an Early Warning System (EWS). The main sources of uncertainty in EWS
along with the most important methodologies and tools for their analysis have been discussed.
Methodologies have been categorized by source of uncertainty while their strengths and
shortcomings have been addressed and references were given for further research (Section 2). After
that, a methodological framework for the quantification of uncertainty in precipitation forecasts,
combining numerical weather predictions and satellite estimates has been presented in Section 3.
In the same section a methodology for addressing radar precipitation uncertainty in nowcasting has
been introduced and uncertainty propagation in model chains has been analysed identifying critical
uncertainty propagation issues and bottlenecks. Finally, in Section 4, the above methodologies have
been applied in two case studies in the cities of Marbella, Spain and Greve, Denmark. The EWS of
Marbella demonstrates the ability of the system for uncertainty reduction by continuous adjustment
of forecasts utilizing updated real-time information. In the Greve case study, uncertainty is quantified
in probabilistic terms and visualized using innovative uncertainty visualization tools.
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At a time of global changes, the world is striving to adapt to inevitable and profound alterations. The
increasing numbers of forest fires, severe and more frequent floods are already taking place. Climate
change may cause additional environmental stresses and societal crises especially in regions
already vulnerable to natural hazards and prone to social conflicts. Between 2000 and 2016, severe
events in Europe affected more than 1 million people, causing around 1500 human deaths and
resulting in 20 billion euro direct economic losses (CRED, 2016). To mitigate and reduce these
impacts, various risk management frameworks and plans have been issued, both in European and
regional levels (e.g., European Commission, 2007, 2004), aiming to improve the prevention,
protection, preparedness and emergency response to such events. In this framework, multi-hazard
early warning systems have a key role to play in the prevention of damages and fatalities by informing
local authorities about imminent events and hence allowing for advance warning of affected
populations.

According to International Strategy for Disaster Reduction of United Nations (UNISDR, 2009), an
Early Warning System (EWS) is defined as “The set of capacities needed to generate and
disseminate timely and meaningful warning information to enable individuals, communities and
organizations threatened by a hazard to prepare and to act appropriately and in sufficient time to
reduce the possibility of harm or loss”. An effective and people-centered EWS is compiled by the
integration of four key elements (WMO, 2015): i) Risks Knowledge, ii) Monitoring and Warning
service, iii) Dissemination and iv) Emergency response capacity. The role, objectives, and
functionalities of each element are presented in Figure 1. The key idea behind early warning is that
the earlier and more accurately we are able to predict short- and long-term potential risks associated
with natural and human induced hazards, the more likely we will be able to manage and mitigate a
disaster’s impact on society, economies, and environment.

Hazard Data & Forecasts Risk Information

Systematicly collect data and undertake risk assessments
= Arethe hazards and vulerabilties well known?

= What are the patterns and trends in these factors?

= Are risk maps and data widely available?

Develop hazard monitoring and eary warning services

= Are the right parameters being monitored?

= |s there sound scientific basis for making forecasts?

= Can accurate and timely warnings be generated?
Coordination

— o o o &

v

-
b -

Communication & Dissemination Mechanisms

Collaboration

Preparedness & Early Response

Build national to community response capabilities

= Are response plans up to date and tested?

= Arelocal capacities and knowlege made use of?

= Are people prepared and ready to react to warnings?

Communicate risk information and early warnings
= Dowarnings reach all of those at risk?

= Are the risks and the wamings understood?

= |sthe wamning information clear and actionable?

Figure 1: The main elements of a people-centered EWS (source: WMO, 2015)
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The efficient implementation of any EWS requires the synergy of the above four components, based
on an appropriate legislative and legal framework, along with the close collaboration of many
agencies and actors (e.g. International bodies, National and Local governments, Regional
institutions and organizations, Communities, NGOs, Science community, Media, Private Sector).
Failure of any part of the system will imply failure of the whole system. For example, accurate
warnings will have no impact if they are not issued in sufficient lead time, if the population is not
prepared or if the alerts are received but not disseminated by the agencies receiving the messages.

The core of any EWS is the forecast service that collects, processes and analyses the various data
and information to produce forecasts on the characteristics of a forthcoming flood event. During the
last decades, many forecast services of different complexity and sophistication have been
developed, tailored to the special characteristics of the hazard and the focal area (Alfieri et al., 2012),
as well as the interplay between different hazards such as floods and fires (Kochilakis et al., 2016).
The spatial and temporal extent of the different water-related hazards is summarised in the top panel
of Figure 2. The bottom panel presents the corresponding meteorological inputs that are used in the
forecasting process along with a qualitative assessment of their skill towards the forecast lead time.

Onset and duration after trigger event

Minutes Hours Days Weeks Months

Local - -
Land slide/debris flow
Surface water/Flash floods
Coastal floods

Regional |
Y

Observational 4 m
based
Nowcasting/blending

Monitoring

Event size

Riverine floods

Deterministic forecasts

Model based

Lead time

ing skill

Figure 2: Spatio-temporal extent of water-related hazards and the corresponding
meteorological input for forecasting (source: Alfieri et al., 2012)

According to Borga et al. (2011) and Collier (2007), the forecast service of a Flood EWS is typically
composed by: i) a precipitation detection system, typically consisted of remote sensing (radar,
satellites) and ground rainfall and water-level gauges, ii) a regional and global weather prediction
model, able to provide short-range meteorological forecasts and iii) hydrological and/or hydraulic
models to simulate the response of the catchment, at a wide range of time scales, over predictions
(Figure 3).

°PEARL 12



pearl ©

Preparing for Extreme And Rare
events in coastal regions

Meteoro-
logical
forecast

Meteoro-
logical
data

Model | Field data |

choice A
- /

Model Calibration & Modelling &
™| validation | ] Up-dating

> Forecast = Evaluation

Hydro-
logical
data

sensing
data

Figure 3: Main components, data and tasks of a complete Flood EWS (Arheimer et al., 2011)

However, each of the above EWS components is subjected to considerable uncertainties and errors
that cascades from one process to the next, i.e., from atmospheric conditions and observations to
rainfall forecasts, from rainfall to runoff forecasts, and from runoff to flood inundation forecasts
(Pappenberger et al., 2005b). The quantification of uncertainty at each step of the process along
with the study of cascade effect in model chain is of high importance towards the accurate and timely
detection of severe flood events.

In the next section (Section 2), the main sources of uncertainty in EWS along with the most important
methodologies and tools for their analysis are discussed. In the same section, methodologies are
categorized by source of uncertainty while their strengths and shortcomings are addressed and
references are given for further research. In Section 3 a methodological framework for the
quantification of uncertainty in precipitation forecasts, combining numerical weather predictions and
satellites estimates, is presented. The methodology has been applied for the Greve region producing
ensemble forecasts and in Marbella (Spain) to build an EWS. Finally, the application of the
methodologies in two case studies in the cities of Marbella, Spain and Greve, Denmark is discussed
in Section 4.
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Precipitation is the key factor that drives the hydrometeorological circulation and it is the most
important element of the global water and energy cycle, and the driving force for one of the most
devastating natural hazards, that is, floods (Nikolopoulos et al., 2010). Three-fourths of the energy
absorbed by the earth’s atmosphere is derived from the latent heat released from condensation of
water vapour (Meischner, 2004). However, the simulation and forecast of precipitation events is
rather a hard task due to the high spatio-temporal variability of the physical process (Alemohammad,
2015). This is in principal the main source of uncertainty in the forecast chain and consequently the
lack of efficiency of any EWS which depends on the lead time where accurate weather forecasts are
available. The importance of accurate representation of the spatial variability of rainfall on simulating
floods/ flash floods have been demonstrated by several studies (Zoccatelli et al 2010; Lobligeois et
al., 2014). Moreover, recent studies have shown the importance of accurate rainfall estimates at
small spatial scales for the prediction of debris flow/landslide initiation (Nikolopoulos et al. 2014).

Towards more accurate predictions, modern flood and flash flood EWS demand for improved
guantitative measurements of precipitation, at temporal scales of minutes and spatial scales of a few
square kilometres. This is of high importance especially in urban catchments and small watersheds,
which are characterized by particularly fast response, and hence require even higher resolution of
the rainfall products (Dabbert et al. 2000). During last decades, different techniques have been
developed to provide precipitation forecasts at different spatial extents, temporal analysis and
forecast range. These techniques are based mainly on Numerical Weather Predictions (NWP),
weather radar and satellite estimates, as well as on their blending.

Nowcasts refer to short-range (up to 6 hours ahead) precipitation forecasts (Golding, 2000). Until
recent years, such predictions have been based on extrapolation techniques that use radar and
satellite observations to capture the spatio-temporal dynamic of precipitation field and forecast the
motion of a discrete set of rain objects (Alfieri et al., 2012; Borga et al., 2011; Collier, 2007). The
error in estimates is typically adjusted using real-time measurements from ground rain-gauges.
Forecasting extrapolation techniques can be grouped into those that use correlation techniques,
those that track the centroid of an object and those that use NWP wind advection techniques (Bowler
et al., 2004). Other approaches concern the use of artificial neural network methods and Bayesian
statistical techniques (Hapuarachchi et al., 2011).

Although this type of methods successfully simulate and forecast the precipitation field at coarser
spatial and temporal scales, they show some weaknesses in developing convection of rainfall fields
in new areas and capturing cell splitting and decay, that usually control heavy and rapid rain
dynamics and hence, flash floods (Borga et al., 2011). Until recently, NWP provided forecasts over
a coarse spatial grid (12 km or larger) which it was not possible to capture very localized processes
(Collier, 2007). As has already mentioned above rainfall products at finer temporal and spatial scale
is vital in forecasting of flood events in urban catchments and small watersheds where fast and
localised phenomena are evolved. Predictions on finer temporal resolution (lower than 1 hour) and
spatial resolution (a few kilometers) achieved with the new generation of NWP models, which offer
the prospect of producing useful forecasts of convective storms on scales applicable for flood
prediction (Lean and Clark, 2003). The accuracy of predictions was further improved and the
uncertainty bounds were narrowed down by combining NWP forecasts with radar estimations. A
characteristic operational forecast system that follows this data assimilation approach is the Nimrod
precipitation nowcasting system (Golding, 1998) of the UK Met Office that combines radar advection
with NWP to provide precipitation forecasts from 1 up 6 hours lead time (Collier, 2007).

°PEARL 14



pearl Q

P p gr r Extreme And Rar
astal. regio

Although, assimilation of radar-data on NWP improves the accuracy of predictions, the high
stochastic and complex nature of the atmosphere does not allow the exact prediction of its state
(Lorenz, 1969). To take into account these uncertainties, ensembles of many NWPs, known as
ensemble prediction systems (EPS), rather than single deterministic forecasts, are used. At a second
step, the EPS feed into the hydrological model to produce a set of different flood prediction scenarios.
The use of ensembles enables the improvement of the accuracy of general weather forecasts at
medium-range (Tracton and Kalnay, 1993) and at short-range lead times (Du et al., 1997) and
(Collier, 2007). EPS are typically derived using several perturbations (from 10 to 50) of the initial
conditions of the model according to a Monte Carlo sampling approach. According to (Buizza et al.,
2005), typical ensemble perturbation approaches are : i) the error breeding method, ii) the perturbed
observations method, iii) the singular vectors method and iv) the ensemble Kalman Filter method. A
typical operational EPS system is the Short-Term Ensemble Prediction System (STEPS), which
merges an extrapolated nowcast with different downscaled NWP model forecasts in order to provide
the probability of precipitation (Bowler et al., 2004).

2.1.1 Forecast and satellite precipitation uncertainty

In this subsection our focus is on the investigation of precipitation uncertainty that results from
Numerical Weather Prediction (NWP) models and provide as reliable as possible surface
precipitation estimates to subsequent models (e.g. runoff, flood forecasting) based on NWP and
satellite data.

Operational NWP systems consist of global atmospheric models which run typically at horizontal
resolution ranging from 20 to 50 km and of mesoscale limited area models with horizontal resolution
ranging from 5 to 10 km. As the trend for increasingly higher resolutions continues, following the
improvement of the dramatic increase in computational power, state-of-the-art non-hydrostatic
limited area models running at operational basis may achieve today very high horizontal resolutions
of 1-3 km. Based on the NWPs, meteorological agencies issue periodically rainfall forecasts for
specific areas with a very dense horizontal grid spacing. The forecasting period may vary from hours
up to a few days, typically with a time step of one hour.

When examining single rainfall events, one may observe the very high spatio-temporal variability of
the process. This is typical especially for major storm events, which are of particular interest in this
project as they are more likely to cause floods, depending on the characteristics of the drainage area
and the event. While the relevant characteristics of a hydrosystem are usually sufficiently known
(main hydrographic network, drainage system) and change very slowly over time, rainfall events
cannot be reliably predicted in the sub-grid temporal and spatial scale needed to feed the rainfall-
runoff models. Forecasts in the highest resolution provided today by weather agencies are typically
given in 1hr/2km, which leaves open the question of the distribution of the actual event within a given
temporal and spatial frame. This information however is substantial for the assessment of flood risk
in many hydrosystems and can hardly be addressed in a deterministic way.

In addition, accuracy and reliability of hydrological modelling studies heavily depend on quality and
availability of precipitation estimates. Difficulties in representation of high rainfall variability over
regions with poorly covered or without any ground based sensors make satellite remote sensing
techniques attractive for meteorological and hydrological research. Over the past decade,
precipitation retrievals from earth-orbiting satellites have increased in availability and improved in
quality. Current satellite retrieval techniques are capable of producing precipitation retrievals on high
spatial resolutions; however, high uncertainties are associated with such high-resolution products.
Moreover, satellite-based rainfall measurements are now almost globally available at high spatial
resolution. These products have uncertainties that necessitate the use of error characterization and
correction procedures based on more accurate in situ rainfall measurements.
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Many satellites missions have been launched by different organizations associated with earth
observing missions. These include three main groups of on-board instruments used for precipitation
estimation:

e Infrared (IR) and Visible (VIS) bandwidth instruments that are mostly installed on the
Geostationary Orbit (GEO) satellites. These instruments are not used to directly estimate
precipitation intensities and rates. However, they are able to estimate precipitation with a
proper post-processing algorithm for cloud top or near cloud top emission observation.

e Based on satellite cloud top emission observations (i.e. temperature), it is possible to use the
Geostationary Operational Environmental Satellite (GOES) Precipitation Index (GPI)
algorithm for the precipitation estimation in the tropics. This method uses the Infrared (IR)
observations of cloud top temperature that is far removed from the physics of the precipitation
generation process.

e Finally, there are also instruments in IR and VIS bandwidths mounted on Low Earth Orbit
(LEO) platforms. These include the recently launched Moderate-Resolution Imaging
Spectroradiometer (MODIS) on-board of Aqua and Terra satellites and the Visible and
InfraRed Scanner (VIRS) on-board of Tropical Rainfall Measuring Mission (TRMM) satellites.

For hydrometeorological applications, there is a second group of satellite-based instruments, namely
are the Passive Microwave (PMW) or radiometers. Microwave frequencies are the most widely used
for precipitation retrieval on-board of LEO platforms. Two different approaches are applied for the
estimation of precipitation in relation with PMW instruments: a) The scattering of the background
emission (used as a reference from the Earth’s surface) by the precipitation ice particles and b) the
latent heat emission from precipitation droplets (the ground decreases the background microwave
radiation which droplets tend to increase). Nowadays, there are several PMW instruments in orbit
equipped with different features: Advanced Microwave Scanning Radiometer — Earth Observing
System (AMSR-E), Special Sensor Microwave Imager (SSM/I) and its new version Special Sensor
Microwave Imager/Sounder (SSMIS), Advanced Microwave Sounding Unit-B (AMSU-B), TRMM
Microwave Imager (TMI), and the recent launched Global Precipitation Measurement (GPM)
Microwave Imager (GMI). Each of these instruments has several channels that are capable of
detecting different types of precipitation. GMI is the most recent and advanced PMW instrument that
has 13 channels from 10 GHz to 183 GHz. PMW measurements of rainfall have their own unique
advantages as well as shortcomings. However, in order to overcome those common problems and
to obtain reasonably accurate rainfall estimation with a good spatial and temporal sampling
resolution, useful for studies of climate change and large-scale hydrological processes, it is
necessary to merge different types of measurements (Alemohammad, 2015; Nikolopoulos et al.
2013).

In order to produce better estimations of rainfall, researchers have tried to combine different types
of rainfall observations. Several models have been developed that combine satellite measurements
with ground base measurements, and provide rainfall estimations for both missing pixels and for
time periods for which no satellite measurements exist. The current limitations on accurate
estimation of extremes prevent us from designing short-term warning systems based on satellite
data. Future advances on precipitation estimates in detection of extremes may lead to a significant
improvement in early warning systems and hazard mitigation. Additional research efforts on
extremes evaluation using ground reference measurements (e.g., ground radars and gauges) is
necessary to understand to what extend one can observe extremes reliably (Sorooshian and
AghaKouchak, 2010). Traditionally, rain gauges have been used to measure surface rainfall rates.
Gauges are considered as the most accurate sensors for measurements over a limited area (nearly
a point), but their small coverage (especially over complex terrain and tropical regions) limits the
adequacy in representing the spatial structure of highly variable rainfall fields over large spatial
scales (Nikolopoulos et al. 2010). Weather radars, on the other hand, have the capability to monitor
precipitation at high spatial and temporal scales and they have stimulated great interest and support
within the hydrologic and meteorological community (Anagnostou et al. 2004). However, satellite
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sensors offer unique advantages in regions where other capabilities are inexistent or sparse. They
are able to detect extreme events more reliably in large scales than in small scales, since observation
noise has minor impact on large scale events. There is indeed a trade-off between resolution and
observation skill. Currently, the most common used resolution in satellite observations is 0.250/3hr.

Hydrological and hydraulic models support the transformation of meteorological predictions (e.g.,
precipitation, air temperature, wind speed, humidity etc.) into runoff forecasts and, as Serban and
Askew (1991) point out, are “the heart of any flow forecasting system”. In the EWS framework,
models of different complexity have been developed and employed during the last decades (see
reviews in Collier, 2007; Hapuarachchi et al., 2011). Data-driven models generate runoff forecasts
through simplified statistical cause-effect relationships (i.e., without any physical interpretation),
which are established from historic rainfall and runoff data. The main representatives of this category
are the Transfer Function models (Sene and Tilford, 2004) and the neural network-based
approaches (Chiang et al., 2007; Kim and Barros, 2001; Piotrowski et al., 2006; Sahoo et al., 2006;
Sahoo and Ray, 2006). The data-driven models are easy to set-up and find applicability especially
in cases where the physical processes of the under study catchment are unknown. However, long
series of observed data are required in model calibration, while the derived relationships are case
specific providing a coarse representation of the phenomenon.

In contrast to the black-box approach of data-driven techniques, physically-based (i.e., use of
physical laws) and conceptual models (i.e., use of semi-empirical equations) aim to represent the
main components and processes of hydrologic cycle of a catchment. Lumped hydrological models
(i.e., the whole basin is treated as homogeneous) found wide applicability in flood forecasting thanks
to their parsimonious structure which represents the phenomenon with only a few parameters, the
lower computational burden and the low requirements for data (Hapuarachchi et al., 2011).
Characteristic examples of such models are the Sacramento soil moisture accounting model (SAC-
SMA model; Burnash et al., 1973), used by the US National Weather Services to produce flash flood
guidance, and the Hydrologiska Byrans Vattenavdelning (HBV) model (Bergstrom, 1976; Kobold and
Brilly, 2006). During the last years, the increased computer capacity along with the greater availability
of data pave the way for the implementation of spatially semi-distributed and distributed models in
the EWS: the HL-RDHM model (Koren et al., 2004), the TOP-MODEL model (Berenguer et al., 2005;
Beven and Binley, 1992), the TOPKAPI model (Bartholmes and Todini, 2005; Ciarapica and Todini,
2002) the LISFLOOD model (De Roo et al., 2000; Pappenberger et al., 2008, 2005b; Thielen et al.,
2009), the MARINE model (Estupina-Borrell et al., 2006), the TREX model (England et al., 2007).
Distributed modeling enables simulation at finer temporal and spatial scales and hence it can be
considered as more suitable in flash flood applications. Moore et al. (2006) suggests that for extreme
events, distributed models may give more plausible results than lumped models. However, the high
computational burden along with the high demands for observed data may restrict their operational
applicability.

Since hydrological modeling is never accurate, all models are subject to varying degrees of
uncertainty. In order to enhance the reliability and credibility of the model output, estimations of these
uncertainties should be incorporated in the deterministic forecasts (Montanari and Brath, 2004;
Tolson and Shoemaker, 2008). Further to the inherent complexity of natural systems, the total
uncertainty in the output of hydrological models can be generally associated with the following factors
(Efstratiadis and Koutsoyiannis, 2010): (a) measurement errors; (b) use of over-parameterized
model structures, whose complexity is inconsistent with the available information about the system
behaviour; (c) inappropriate representation of the temporal and spatial variability of model inputs,
which are obtained either from processed data (e.g. discharge records based on stage information)
or point observations (e.g. precipitation, temperature); (d) poor identification of initial and boundary
conditions; (e) non-informativeness of calibration data with regard to the entire system regime; (f)
use of statistically inconsistent fitting criteria (e.g. error metrics not accounting for heteroscedasticity);
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(g) weaknesses of nonlinear optimization algorithms on rough and high-dimensional response
surfaces; and (h) inconsistent assumption of parameters constant in time whilst the environment is
changing, e.g. due to urbanization, deforestation, stream lining and other human interventions.

The total error in model predictions is often attributed into three main sources of uncertainty
(Montanari and Koutsoyiannis, 2012; Pianosi and Raso, 2012; Tolson and Shoemaker, 2008):

1. Measurement error: it derives from the imperfect or infrequent measurement of data
(i.e., flow or rainfall data) used in model calibration and validation, and as initial or
boundary conditions.

2. Parameter uncertainty: it is defined as the uncertainty in model parameter vector and is
related with the accuracy and availability of observations, the calibration procedure and
the structure of the model.

3. Model structural uncertainty: also known as ‘model error’, it derives from the inability
of the model to perfectly represent the real physical mechanism.

Although a lot of work has been conducted during the last decades on the estimation and
assessment of model uncertainty, this scientific field still remains active and challenging. Many of
the developed techniques, adopting the assumption of decomposition of total error into individual
components, try to identify and assess a specific source of uncertainty. For example, see McMillan
et al. (2011, 2010), Montanari and Di Baldassarre (2013), Di Baldassarre and Montanari (2009),
Sikorska et al. (2013) for uncertainty in input and output data; Ebtehaj et al. (2010), Shrestha et al.
(2014), Tolson and Shoemaker (2008), Vrugt and Robinson (2007b) for parameter uncertainty
assesment; and Efstratiadis et al. (2015), Montanari and Brath (2004), Montanari and Grossi (2008),
Sikorska et al. (2015) and Montanari and Koutsoyiannis (2012) for structural uncertainty. However,
the distinction between different sources of uncertainty is rather a hard task and requires
assumptions on the statistical properties of the individual errors (Sikorska et al., 2015). As an
alternative to ‘decomposition’ approach, the estimation of global predictive uncertainty of
deterministic model can be based directly on ‘model residuals’, i.e., studying the stochastic and
statistical properties of the errors between observed and predicted values (Pianosi and Raso, 2012).
A comprehensive review on uncertainty assessment techniques and their underlying assumptions
can be found in Montanari (2011) and Beven (2009).

The complexity and non-linearity of hydrological models does not allow for the analysis, estimation
and propagation of uncertainties via analytical methods. This process typically involves probability
theory and Monte-Carlo (MC) sampling techniques, Bayesian statistical methods, machine learning
techniques and fuzzy set theory. The most popular, MC-based, uncertainty assessment method is
the ‘Generalized Likelihood Uncertainty Estimator’ (GLUE), developed by Beven and Binley (1992).
This approach rejects the idea of an “optimum model” or parameter set in favor of the “equifinality
concept” that assumes that many parameter set or model structures may have an equal likelihood
to produce acceptable or “behavioural” simulations. The general GLUE methodology is evolved as
follows:

Initially, different candidate model structures are identified along with the parameters that
most affect the output. Then, prior distributions of models’ parameters are used to generate
a large number of parameter sets via a MC-type sampling process. In the case that prior
knowledge on parameters’ distribution is not available, simple uniform random sampling is
employed. The models are run for each generated parameter set and the model outputs are
compared with the available calibration data. A quantitative measure is then used to assess
the performance of each model, based on the model residuals. Different likelihood measures
(e.g., Nash-Sutcliffe coefficient) or combinations of them can be used (see Beven and Freer,
2001 for a list of potential measures), while the only requirement is that the measure should
increase monotonically with increasing goodness of fit and that “non-behavioural” models
should have a likelihood of zero. The models and their corresponding parameter sets that
provide a likelihood measure that reaches a minimum threshold are retained and allowed to
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contribute to the distribution of predictions. The predictions of each simulation are weighted
by the likelihood measure associated with that simulation, according to a standard procedure:
Initially, the calculated likelihoods are rescaled to produce a cumulative sum of 1.0. At each
time step t the cumulative distribution function of simulated discharges is then constructed,
using the rescaled weights, with the highest discharge associated to a probability of not
exceedance equal to 1. The uncertainty bounds (prediction limits) at each time step can be
derived from the cumulative distribution function. The implementation of the above general
methodology requires from the modeler to make subjective decisions at each step of the
process (Beven, 2012):

the model or models to include in the analysis

the feasible range for each parameter value

the sampling strategy for the parameter sets

an appropriate likelihood measure or set of measures
the conditions for rejecting models

The main advantage of the GLUE methodology is the flexibility to account for different sources of
uncertainty (Montanari, 2005). For instance, by considering different parameter sets or model
structures, one can explicitly assess parameter uncertainty or structural uncertainty, respectively. By
using different input and output data, the effect of measurement errors can be estimated. However,
this flexibility and subjectivity in the choice of various components have raised a lot of criticism and
discussion around GLUE method (e.g., see Montanari, 2005; Montanari and Koutsoyiannis, 2012;
Tolson and Shoemaker, 2008 and the reviews therein). Further to the high computational burden
imposed by the great number of required simulations (Shrestha et al., 2014), the method has been
mainly criticized for the use of informal likelihood measures for statistical inference and for the choice
of the threshold of some likelihood measure upon which models are considered as acceptable. One
of the main issues is the fact that prediction limits generated by GLUE are not equivalent to statistical
confidence limits. For example, Montanari (2005) showed, via a series of hydrological modelling
experiments, that the 95% of GLUE prediction limits include only 62% of the observed data. The
main argument against these objections relies on the fact that the use of formal likelihoods requires
assumptions about the nature of the errors, which can be rarely justified in hydrological modeling
(Liu et al., 2009). To overcome these issues Beven (2006) introduced the “limits of acceptability”
approach as an alternative framework to assess models as behavioural or non-behavioural.

In real-time forecasting, the general GLUE approach has been also applied to produce uncertainty
bounds in predictions of hydraulic models (Aronica et al., 2002, 1998, Pappenberger et al., 2007,
2005a, Romanowicz and Beven, 2003, 1998). In this case, the uncertainty is attributed in the error
in upstream and lateral inflows, the coarse representation of floodplain geometry along with
infrastructures, the simplistic representation of flow processes, the rough estimation of roughness
coefficient and conveyance coefficients, as well as the errors in observed inundation maps with
which the model is compared (i.e., air photographs, ground mapping, radar mapping etc.).
Romanowicz and Beven (1998) applied the method to obtain the spatially and temporally varying
probabilities of inundation of all points on a floodplain, taking into consideration the structural error
of hydraulic model along with the uncertainties in the calibration of the parameter sets. Their method
allows the updating of the posterior distributions of the predictions, using Bayesian conditioning upon
the new available observations. It is worth noting that this process updates the likelihood of
predictions, avoiding the need to update neither parameter values nor state variables of the model.
The same authors proposed more recently a new framework to constrain the uncertainty in the
prediction of flood risk by conditioning conveyance parameters upon observations of maximum
inundation extend (Romanowicz and Beven, 2003). Their methodology has the following steps:

1. The number of hydraulic model parameters to be evaluated is chosen and, given the
floodplain geometry and boundary conditions for an event, many simulations are made using
parameter sets chosen randomly from prior distributions. For the first event, a uniform
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sampling via Latin Hypercube method is conducted, given that no information on parameter
distributions is available.

2. The predictions of maximum inundation for each realization are compared with the observed
inundation maps. The comparison is conducted on the basis of a fuzzy-type measure that
takes into account the uncertainty in the conversion of model predicted depths to inundation
widths. Any non-behavioural simulations are rejected and the posterior probability
distributions for the parameters are derived.

3. Posterior probabilities of inundation are calculated by forming cumulative distributions of
predicted inundation over all the retained behavioural realizations for all points of interest on
the floodplain.

4. Resampled marginal posterior distributions for the effective parameter values may then be
used as prior distributions for the new event.

5. Likelihood values from different events may be combined using Bayes equation.

A complete framework to cascade uncertainty from weather forecasts down to rainfall-runoff model
and in next step to flood inundation model was proposed by Pappenberger et al. (2005b). In their
work, 52 rainfall forecasts (i.e., 50 ensembles, one high resolution deterministic forecast and a single
control forecast at the coarser ensemble resolution) are used to account for meteorological
uncertainty. The GLUE concept was employed to identify the behavioural rainfall-runoff (LisFlood-
WB) and flood models (LisFlood-FP). Total uncertainty can then be estimated by combining all
rainfall inputs with runoff predictions and flood inundation predictions. However, such a process
would require significant computational resources due to the high number of combination and the
distributed nature of the models. To alleviate this high computational burden, the behavioural rainfall-
runoff simulations were classified into functional types (6 classes for the presented case study) and
only representative parameter sets for each type were combined with rainfall forecasts to provide
upstream discharge inputs (Pappenberger and Beven, 2004). These 52*6 runoff realizations form
the input to the flood inundation model and ten different sets of roughness coefficients are utilized to
account parameter uncertainty.

The GLUE procedure is usually employed and referred as an informal Bayesian approach (Smith et
al., 2008a). The rigorous Bayesian inference is based on the Bayes formula that combines the prior
distributions, which comprise prior knowledge, with a likelihood measure, with reflects how well the
model predicts the available observations, to form the posterior distributions of parameters and
model errors which are used to estimate the probability of predicting the next observation conditional
on the model (Beven, 2012). As new data becomes available, Bayes formula can be applied
sequentially by setting the posterior distribution at the end at one step as prior of the next step. The
main difference to the GLUE method lies on the specification of a formal likelihood measure which
implies explicit beliefs on the nature of the errors and hence assumptions about their statistical
descriptions (Montanari and Koutsoyiannis, 2012). Typically, a Gaussian error model is assumed,
implying that the residuals are normal-distributed, mutually independent and homoscedastic
variables. However, the structure of model errors often does not conform to these assumptions,
making the formulation of the likelihood measure a very challenging task around which a lot of debate
has been raised (e.g., see Beven, 2012, 2006; Montanari, 2007; Montanari and Koutsoyiannis, 2012
and the references therein). Typical examples of Bayesian-based methods for assessing and
estimating uncertainty are the Bayesian Total Error Analysis (BATEA) method by Kavetski et al.
(2006), the Differential Evolution Adaptive Metropolis (DREAM) approach by Vrugt et al. (2009), the
Maximum Likelihood Bayesian Model Averaging (MLBMA) by Neuman (2003) and the recently
developed Dynamic Uncertainty Model by Regression on Absolute Error (DUMBRAE) by Pianosi
and Raso (2012).

A general framework, named Bayesian Forecasting System (BFS), that takes into account both
precipitation and hydrological uncertainties in real-time forecasting was studied by Krzysztofowicz
(2002, 1999). The system produces short-term probabilistic river discharge forecasts combining
probabilistic quantitative precipitation forecasts with a deterministic hydrologic model to simulate the
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response of a river basin to precipitation. In the BFS, the total uncertainty is decomposed into
precipitation uncertainty, which is assumed dominant, and hydrologic uncertainty, which
encompasses all the other sources of uncertainty. The overall system is composed by three
structural components: i) a precipitation uncertainty processor that maps precipitation uncertainty
into output uncertainty under the hypothesis that there is no hydrologic uncertainty (Kelly and
Krzysztofowicz, 2000), ii) a hydrologic model uncertainty processor that accounts for hydrologic
uncertainty under the hypothesis that there is no precipitation uncertainty (Krzysztofowicz and Kelly,
2000), and iii) an integrator that blends the two sources of uncertainty into a Bayesian schema
(Krzysztofowicz, 2001). The hydrologic uncertainty processor evaluates the probability of occurrence
of the predicted flow rate via a Bayesian revision of prior information. The revision is based on the
assumption that model performance, in terms of residual quantiles, for future events will be similar
to that for similar past events. In this framework, model residuals for different forecast lead times
over a number of past events are used off-line to train the processor. The processor is updated after
each new event is occurred. The efficiency of the revision process depends significantly on the
appropriate selection of the prior distribution. In the initial schema, the latter is obtained via a linear
model that expresses future variables as a function of past ones. The posterior distribution derives
by incorporating the information provided by the prediction of the hydrological model. The processor
uses mixed distributions that are transformed into the multivariate Gaussian space through the
normal quantile transformation.

2.2.1 Data assimilation techniques for dynamic error correction

The dynamic correction of model errors to constrain uncertainty in predictions is of high importance
especially in real-time forecasting applications. In this framework, data assimilation techniques are
used to update model predictions at each time step taking into consideration the deviation of
forecasts from the observed values at previous steps along with real-time information on the current
state of the system. Several of such techniques have been developed, aiming to update different
variables, i.e., input variables, model states, model parameters and output variables (Madsen and
Skotner, 2005). In all cases, the ultimate target of any data assimilation technique is the minimization
of the forecast error (i.e., deviation of forecasts from observations) and the prediction variance
(uncertainty) at “N step ahead” lead time for which a decision is required (Beven, 2009). This is
achieved by updating either the error component directly or the parameters of the forecast model
itself, as new data becomes available.

In real-time flood forecasting applications, data assimilation is usually conducted via the Kalman filter
(KF) method and its extensions (the extended KF, the Ensemble KF, the Ensemble Kalman
smoother) and the Particle filter. The Kalman filter methodologies, originally proposed by Kalman
(1960) for the optimal control of linear systems, has been applied to update model states and model
parameters in hydrological models. A comprehensive description of KF application for data
assimilation on stochastic Transfer Function models is provided by Young (2002). As presented in
Figure 4, the KF is a recursive two-step procedure that updates a model as new data becomes
available, taking into account both model and data uncertainties. In the “predictor” step, the time
update equations are used to project forward in time the current state x,_,; and the model error
covariance estimates P,_,, S0 prior estimates for the next time step are obtained (X;, Py ). Then, in
the “correction” step, the posterior estimate x,, is obtained as linear combination of the prior estimate
and a weighted difference between the actual measurement at that time z, and the measurement
prediction Hx,,. The posterior estimates are used as input to predict the new a priori estimates at the
next iteration/step. The difference is weighted according to the Kalman gain K, that is updated each
time a new observation is occurred. The values of Kalman gain depends on the relative magnitudes
of observation and model error.

In the simplest case, the KF assimilation methodology can be applied to update directly the model
of the residuals between deterministic forecast and the observations. In this case the input data and
the parameters of the model are assumed correct, and the residuals represent the lack of knowledge
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on the true value of the system. If these assumptions do not hold then all sources of error should be
corrected in the updating. Alternatively, one can allow the gain coefficient to evolve as random
variable with values that will reflect whether the model is over- or under-predicting the observed
variable (Beven, 2009).

Measurement Update (“Correct’)

Time Update (“Predict”) (1) Compute the Kalman gain

(1) Project the state ahead _ p ygT T -1
et el K, = PLHT(HP,HT +R)
X, = Ax, _,+Bu,

(2) Update estimate with measurement g,

(2) Projci:t the error covariance ahead j;k = _’;{;;{ + Kk(zk — H_’;i;;t)
Pk = APk - IAT + Q (3) Update the error covariance

P, = (I-K,H)P,

Initial estimates for X, _, and P, _,

Figure 4: The Kalman filter recursive procedure

The above methodology, originally developed for linear models, was further extended to update and
correct parameter and states of non-linear models. The extended KF is based on the linearisation of
the time update equations around the non-linear model predictions between times t and t-1, using
the partial derivatives of the process and measurement functions. Although the linearisation
approach has been followed in some cases (Walker et al., 2001; Yeh and Huang, 2005), it is
characterized by some shortcomings that restrict its wider practical application. These concern on
the one hand the high computational burden in the case of large number of states and parameters,
and on the other hand considerable numerical instabilities in the case of highly non-linear models
(Beven, 2009).

A further extension of the KF procedure that overcomes the problems of the extended KF is the
Ensemble Kalman Filter (EnKF), first introduced by Evensen (1994). In general, the ensemble
approaches are evolved in a Bayesian framework where the posterior density of model states at
previous step t-1, p(X;_1|Y.—1), becomes the prior density at next step t, p(X;|X;—1, J:—1)- This density
is then updated via the likelihood function of new observations, p(7;|X;), and the posterior density,
p(x¢|9,),0f model states is obtained according to Bayes formula (Hutton et al., 2014). In the EnKF,
an ensemble of model states is obtained by randomly perturbating the input states according to a
Monte Carlo sampling procedure that reflects the current error covariance matrix at the start of the
period. At each updating step, the prediction-correction KF equations are applied to propagate each
ensemble member forward in time, updating the distribution estimates (i.e., typically the multivariate
normal is used) for model states and/or parameters (Beven, 2009). For the next forecasting step,
the sampling is based on the updated distributions. This process allows the calculation of model
error covariance from the ensemble sample directly, avoiding the high computational burden
required to propagate the error covariance matrix in non-linear cases. Further to weather forecasting,
the EnKF has been also applied to reduce predictive uncertainty in hydrological modelling
applications (Clark et al., 2008; Moradkhani et al., 2005b; Vrugt et al., 2006; Vrugt and Robinson,
2007a; Xie and Zhang, 2010) as well as hydraulic models (Madsen and Canizares, 1999; Sgrensen
et al., 2004; Weerts and El Serafy, 2006). Critical factors for the successful implementation of the
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EnKF methodology are the efficiency of sampling methodology and sufficiency of the number of
members in the ensemble. This is of high importance especially in real-time forecasting applications
where time constraints, along with the computational burden of model simulations, do not allow for
an exhaustive sampling. Advances in sampling strategies aiming to improve the performance and
efficiency of the original method were investigated by Evensen (2004, 2003). The Ensemble Kalman
smoother, developed by Evensen and van Leeuwen (2000), extends the original EnKF by allowing
the update of not only the current states in the model but also states at past time steps every time a
new dataset becomes available.

Further to the family of Kalman-type filters, another well-known method for the dynamic correction
and propagation of errors is the Sequential Monte Carlo approach, also known as Particle Filtering
or Bootstrap filtering. This process implements a recursive Bayesian filter by MC simulations to
update the state of the system (Arulampalam et al., 2001). The basic idea of the method is that the
required posterior density can be represented by a set of random samples (particles) with associated
weights and all estimates are based only on the samples and weights without requiring any
assumption on the nature of the distributions (in contrast with the KF-type procedures). As the
number of particles becomes very large, this MC process approximates the true posterior distribution
adequately. At the first time step all samples have equal weights. The weights, typically expressed
as a function of the likelihood measure, are updated as new observations are made available at the
next forecasting realisation to reflect how well each sample was modelling each observation. The
models are then propagated to the next forecast step and the weights are re-evaluated again (Beven,
2009). Various extensions and modifications of the original schema have been developed to cope
with the high computational burden imposed by the sampling procedure (see reviews by
Arulampalam et al. (2001) and van Leeuwen (2009)). In the framework of forecasting, application of
this process can be found in Moradkhani et al. (2005a), Salamon and Feyen (2010), Weerts and El
Serafy (2006) and Smith et al. (2008b).

The following Table 1 summarizes the types of uncertainty in each phase of an Early Warning
System (EWS) and maps it to state-of-art tools and methods as well as indicative references which
attempt to address the problem.
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Table 1: Tools and methods relevant to address uncertainty in EWS
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Relevant Source of Methods and Indicative References
EWS Uncertainty
phase
Error in NWP Ensemble Methods (see reviews in Tracton and Kalnay (1993),
(stochastic Bowler et al. (2004), Buizza et al. (2005), Cloke and
physics and initial | Pappenberger (2009), Hapuarachchi et al. (2011)):
conditions) .
e Error breeding
- e Perturbed observations
§ e Singular vectors
% e Ensemble Kalmar Filter
v Errorin Extrapolation methods: Alfieri et al. (2012); Borga et al. (2011);
3 Nowcasts — Collier (2007)
3 Satellite and .
S d Ensemble Methods: Bowler et al. (2004)
o radar
§ precipitation Bayesian Methods: Hapuarachchi et al. (2011)
% uncertainty Assimilation methods (see Beven, 2009):

Kalman Filter

Extended KF

Ensemble KF

Ensemble Kalman smoother
Particle filter

Hydrological/Hydraulic Modelling

Measurement
Error

(See Section 2.2)

McMillan et al. (2011, 2010); Montanari and Di Baldassarre
(2013); Di Baldassarre and Montanari (2009); Sikorska et al.
(2013);

GLUE: Beven and Binley (1992), Pappenberger et al. (2007,
2005a)

Bayesian Methods: DREAM, Vrugt et al. (2009); Krzysztofowicz
(2002, 1999)

Parameter
Uncertainty

(See Section 2.2)

Efstratiadis et al. (2015); Montanari and Brath (2004); Montanari
and Grossi (2008); Sikorska et al. (2015);

GLUE: Beven and Binley (1992), Romanowicz and Beven
(2003, 1998), Aronica et al. (2002, 1998), Pappenberger et al.,
2007, 2005a;

Bayesian Methods: DREAM, Vrugt et al. (2009); Krzysztofowicz
(2002, 1999)

Structural
Uncertainty

(See Section 2.2)

Montanari and Koutsoyiannis (2012);

GLUE: Beven and Binley (1992), Romanowicz and Beven (2003,
1998), Aronica et al. (2002, 1998), Pappenberger et al., 2007,
2005a;

Bayesian Methods: DREAM, Vrugt et al. (2009); Krzysztofowicz
(2002, 1999)
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Total Uncertainty
(See Section 2.2)

Montanari and Koutsoyiannis, 2012;
GLUE: Beven and Binley (1992);

Bayesian Methods: BATEA, Kavetski et al. (2006); MLBMA,

Neuman (2003); DUMBRAE, Pianosi
Krzysztofowicz (2002, 1999)

and Raso (2012);
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The proposed in this study spatial and temporal resolution (1km/1hr) may be ideal for monitoring
storms that lead to flash floods. An open question remains how reliable and accurate such data can
be, particularly for sensitive applications (e.g., flash flood warning, decision making, etc.). Due to the
importance of high resolution and reliable precipitation data to current and future research and
applications, there is a need to investigate more multi-spectral and multi-satellite precipitation
retrieval techniques in order to obtain the best possible approximation of precipitation with the
highest resolution possible. As we now stand at the doorstep of a global-scale precipitation mission,
named Global Precipitation Measurement (GPM) we are expecting improvements in the accuracy of
precipitation estimation (available online at http://gpm.gsfc.nasa.gov/; Smith et al. 2007). Even
though GPM does not directly contribute in producing high resolution precipitation estimations, it
may be used for downscaling to finer resolutions or training of the high resolution IR-based
precipitation estimates. In this case, Geostationary Operational Environmental Satellite-R (GOES-
R) can provide the spectral information required to produce precipitation data with spatial (2km) and
temporal (15 min) resolution (Sorooshian and AghaKouchak, 2010).

The first step in this study has been the selection of the National Oceanic and Atmospheric
Administration (NOAA) Climate prediction center (CPC) MORPHing method (CMORPH) 8-km/1/2-
hr gauge-adjusted (Joyce et al. 2004) satellite data (i.e., in our study between the 2002 and 2011).
This method exhibits the best consistency among 10 different satellite rainfall products and as the
proposed methodology of this study it could be also applied to the future satellite high-resolution
precipitation products (i.e., GPM). Besides the precipitation satellite observation methods,
gquantitative rainfall forecasts from numerical weather prediction (NWP) models can be employed by
a hydrological model for generating flood predictions (Nikolopoulos et al. 2013; Nikolopoulos et al.
2010). Nevertheless, the accuracy of precipitation fields derived from NWP forecasts suffers from
spatiotemporal and amplitude errors depending on the model physics, dynamics, and model
configuration (Schwartz et al. 2010; Bray et al. 2011). Generally, NWP initialized with analysis data
can provide a reliable estimation of the synoptically forced rainfall, while satellite observations can
better represent the convective rainfall temporal variability (Ebert et al. 2007). Zhang et al. (2013)
used the Weather Research and Forecasting Model (WRF) with data assimilation to downscale
satellite rainfall estimates for hydrological applications. Their results show that the WRF Ensemble
Data Assimilation System can lead to improved high-resolution precipitation estimates when adding
satellite observations into the system.

Finally, this study uses the non-hydrostatic high-resolution WRF NWP modelling system (version
3.7.0), with the dynamical core of Advanced Research WRF (WRF-ARW) (Matsangouras et al. 2015)
addressing different storm types (low, medium and deep convection precipitation) and ground
stations (i.e. rain gauges) used for the statistical evaluation (both satellite and NWP estimates). The
simulation runs have been initialized using operational data with 0.25° spatial resolution and 6-h
temporal resolution fields from the European Centre for Medium-Range Weather Forecasts
(ECMWF) analysis. The WRF simulations have been performed in a two-way interactive mode with
35 vertical levels and a three domain configuration, in which the coarsest spatial resolution is 6-km
and two nested domains have the resolution of 3-km and 1-km, respectively. One would intuitively
argue that the reliability and accuracy of forecasts depends not only on the quality and resolution of
weather prediction models but also to a high degree on the density and quality of input like ground
observations, soundings at smaller scales and satellite observations on larger scales.
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a) Uncertainty analysis methodological framework
In this section we present the applied methodology addressing the aspects mentioned above.

Step 1: Production of additional realizations (i.e. ensembles) using statistical methods

The first step in this procedure is to match the estimates (in our case these are the deterministic
forecasts) with the reference (either radar or satellite) precipitation data and bring them to a common
spatial and temporal resolution fitting grid (Figure 7) in order to determine the error statistics.

Given a precipitation forecast of an event at a dense or very dense horizontal grid resolution (e.g.
1h/10km), a methodology has been developed providing a set of additional realizations with respect
to the probability distribution of a number of parameters influencing the event. More specifically, for
each storm event the following actions have been taken:

a) Disaggregation of all forecasted data to match the spatial and temporal resolution of the
reference rainfall observations i.e. radar, measuring stations, based on the weighting factor
data matching methodology from Kirstetter et al. 2012

b) Comparison of the forecasted with the reference rainfall data

¢) Independent evaluation and ranking of each time step of the forecasted precipitation data
with respect to their predictive accuracy, and

d) Statistical comparison of satellite data with NWP by plotting their corresponding quantiles (Q-

Q).

A fixed cumulative distribution function (CDF) bin with cumulative probability values ranging from
0.05 up to 0.95 has been defined to determine the corresponding NWP and Satellite hourly rain rate
quantiles. An adjustment function based on power-law has been introduced for best fit of the NWP
versus the satellite hourly rain rate quantiles:

Y = a Xk [Eq. 1]

The least squares approach has been used as fitting method.

This is similar to what in Zhang et al. 2013 has shown, where the Y and X represent the NWP forecast
and Satellite hourly rain rates (in mmh-?) respectively. The estimated parameters (a and k) of the
function have unique and distinct values for each deterministic forecast. This way a number of
relationships (i.e. adjustment functions) has been produced, based on the available storm events.
The range of these relationships represents the forecasting uncertainty (in space and intensity) as
each relationship gives a different forecasted field.

Step 2: Error analysis and evaluation of the precipitation forecasts

The evaluations of the high-resolution deterministic and ensemble precipitation prognoses (based
on the CMORPH-rainfall observation retrievals) are based on rainfall observations from the ground
stations. The proposed error assessment approach based on metrics such as the mean field bias
adjustment and the pdf matching has been applied on the satellite datasets (see section 3.3).
Additional events, not used in the first phase, have been selected for error analysis. The adjustment
functions elaborated in the step 1 have been used to adjust the respective NWP deterministic
forecasts and create several forecast realizations (ensembles). Finally, a number of error metrics
have been defined including two common verification scores, the bias score (BS) and the Heidke
skill score (HSS). Based on these indicators, the precipitation ensembles have been evaluated
against time series collected from rain gauge stations.
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The proposed methodology will be applied in the coastal study area of Greve in Denmark (Figure 1).
This region often suffers from heavy precipitations, floods and storm surges. Eighteen different
precipitation events ranging from low, moderate to severe storms have been selected to run NWP
models with precipitation forecasts. Table 2 shows the NWP integration periods of the selected
events which vary from 6 to 72 hrs. The model output files were analysed at hourly time intervals.

Table 2. Time periods of WRF simulation

WRE Simulation Starting time Ending time Duration (h)
1 01 Aug 2002 1800 UTC 02 Aug 2002 0000 UTC 32
2 09 Jan 2007 0000UTC 11 Jan 2007 0000 UTC 48
3 05 Jul 2007 0000 UTC 06 Jul 2007 0000UTC 24
4 26 Jul 2007 1800 UTC 28 Jul 2007 0000 UTC 48
5 28 Jul 2007 0000 UTC 30 Jul 2007 0000 UTC 48
6 10 Jun 2009 0600 UTC 11 Jun 2009 0000 UTC 18
7 11 Jun 2009 0000 UTC 14 Jun 2009 0000 UTC 72
8 17 Aug 2010 0000 UTC 18 Aug 2010 0000 UTC 24
9 02 Jul 2011 1800 UTC 04 Jul 2011 0000 UTC 30
10 29 Jun 2012 0600 UTC 01 Jul 2012 0000 UTC 18
11 24 Sep 2012 0600 UTC 24 Sep 2012 2300 UTC 18
12 25 Sep 2012 0000UTC 27 Sep 2012 0000 UTC 48
13 15 Jun 2013 0600 UTC 17 Jun 2013 0000 UTC 18
14 10 Sep 2013 1200 UTC 11 Sep 2013 0000 UTC 12
15 14 Jul 2014 0000 UTC 15 Jul 2014 0000 UTC 24
16 31 Aug 2014 0000 UTC 01 Sep 2014 0000 UTC 24
17 13 Sep 2014 1200 UTC 14 Sep 2014 1200 UTC 24
18 19 Sep 2014 1200 UTC 19 Sep 2014 1800 UTC 6

For the verification of the precipitation estimates, the Danish Meteorological Institute (DMI) has
provided in-situ precipitation observations from rain gauges. They are located, as shown in Figure
5, within or close to the NWP simulation domain. The number next to some of the rain gauge symbols
indicates the station code. Only stations with bold codes have been used in this case study as only
for these stations time series for the selected period, 1976 until 2012, were available. The black
shading box with the dotted line delineates the selected domain of NWP simulations
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Figure 5: Map showing the study area with the location rain gauge stations operated by the
Danish Meteorological Institute (DMI).

Figure 6 shows time series of the rainfall rate (mmhr?) for the selected rain gauges, used for the
evaluation of the error in the rainfall estimates, resulting from the high-quality, rain gauge-adjusted
CMORPH satellite retrievals. CMORPH is a satellite rainfall algorithm that uses motion vectors
derived from half-hourly interval geostationary satellite IR imagery to propagate the relatively high-
quality rainfall estimates obtained from earth orbiting satellite-based passive microwave (PMW)
sensors (Joyce et al. 2004). The dynamic morphological characteristics (such as shape and
intensity) of the precipitation features are morphed at consecutive times between PMW sensor
samples by performing a time weighted linear interpolation. This process yields spatially and
temporally continuous areal precipitation that has been guided by IR imagery and yet is independent
of any IR temperature—based inversion to rainfall rate (Kidd et al. 2012).

However, there are certain issues with this technique as highlighted by Joyce et al. (2004): (i) the
algorithm may miss precipitation estimates that are developed over an area between satellite (PMW)
overpasses and (ii) the current snow-screening process gives nonzero rainfall estimates to the snow
or ice areas, thus causing inauthentic observations over areas that are usually associated with high
elevations and mountainous terrain. These deficiencies introduce uncertainties to the CMORPH
precipitation estimates, which propagate in flood prediction when these estimates are used as input
to a hydrologic model. Nevertheless, as indicated by several satellite error studies (Stampoulis and
Anagnostou 2012; Kidd et al. 2012; Bitew et al. 2012; Dinku et al. 2007), the CMORPH methodology
results in better precipitation estimates than other satellite products.

D 4.3: Guidelines for uncertainty propagation analysis
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Figure 6: Hourly rainfall (mm) measurements from 2007 until the end of 2012 taken from the eight selected different rain gauge stations
(shown in Figure 5) that has been used for data validation and error assessment
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The selected domain that has been defined in this study follows two criteria: (i) it is small enough to
focus on the area of interest (i.e. covering the whole watershed in Greve) and therefore to represent
the distinctive precipitation features associated with the satellite CMORPH-retrievals, and (ii) at the
same time, it is large enough to follow intense rainfall events in the study area. This is significant in
order for the WRF-CMORPH relationships to be specified based on the characteristics of the
selected storm events.

The eighteen storm events investigated in this study are distinct in terms of the rainfall intensities
and the spatiotemporal rain structures, providing a good representation of different storm types
occurring in the Greve coastal area. Figure 7 shows the accumulated rainfall maps for eight selected
storm events. In each pair, the left map is the one resulting from the CMORPH methodology, and
the right one from WRF prognoses.

The fitting relations between the WRF versus the CMORPH rainfall estimation are shown in the Q-
Q plots. They exhibit a non-linear relationship. Thus, as proposed in Zhang et al. 2013, a power-law
equation [Eq. 1] has been selected to relate the deterministic WRF rainfall estimates with the
CMORPH satellite estimates and produce for each rain storm additional relations (i.e. realizations)
of areal rainfall estimations. Table 3 shows the parameters a and k of [Eq 1] by event, which give
the best fit. It is important to note that the adjustment method does not correct the rainfall detection
error, which may be a significant factor in satellite rainfall underestimation over mountainous areas
and near the north and south boundaries of the satellite scan.
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Figure 7: Accumulated rainfall maps of some selected storm events with high (>20 mm)
rainfall
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Table 3: Fitting parameter values
Storm Date/Parameter a k

02 Aug. 2002 9.07 0.42
05 Jul. 2007 4.65 0.63
26 Jul. 2007 0.91 1.31
27 Jul. 2007 2.02 0.64
28 Jul. 2007 241 0.46
29 Jul. 2007 3.30 0.40
10 Jun. 2009 2.51 0.40
11 Jun. 2009 16.6 041
12 Jun. 2009 30.8 0.31
13 Jun. 2009 0.91 0.78
17 Aug. 2010 1.23 0.71
03 Jul. 2011 13.0 0.21
29 Jun. 2012 0.52 1.19
24 Sep. 2012 10.6 0.27
25 Sep. 2012 4.17 0.35
26 Sep. 2012 6.62 0.27
15 Jun. 2013 8.26 0.20
10 Sep. 2013 7.70 0.40
14 Jul. 2014 9.42 0.30
31 Aug. 2014 9.72 0.33
13 Sep. 2014 7.03 0.41
13 Oct. 2014 8.50 0.22
19 Oct. 2014 7.42 0.22

Overall, the 1-km resolution of WRF and the 8-km resolution of CMORPH rainfall accumulations
show similar patterns for the different storm events. Considering the fitting parameter values (as
shown in Table 3) and the respective Q-Q plots on Figure 8, three storm events (i.e. 05/07/07,
11/06/09 and 29/06/12) may indicate a linear relationship approximation between the datasets. They
show not only a strong linear but also an almost unbiased relationship (the fitting is close to the “1-
1” line) between the WRF deterministic prognoses and the CMORPH rainfall estimation. In the
contrary, the rest of the events show a strong non-linear relationship (i.e. power-law relationship).

WP4 — Task 4.3: Guidelines for uncertainty propagation analysis
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In order to account for uncertainty of satellite precipitation data, characteristics of error should be
investigated first. Understanding the spatial and temporal dependencies of errors plays a key role in
developing uncertainty models. Possible metrics used to understand the multivariate characteristics
of errors are the Probability distribution function (pdf) and the variance of errors. By providing reliable
information on products’ uncertainties, users can make adjustments to their modelling approach or
apply a decision making method “on-the-fly”. Therefore, the methodology presented in this study
needs to be statistically evaluated with new deterministic forecasts and compared with the
corresponding satellite and ground rainfall observations.

Ignoring the distribution information in bias adjustment procedure could potentially result in loss of
valuable information, especially with regard to the tails of the distribution. In hydrologic applications,
watershed response significantly depends on the tails of rainfall intensities. Therefore, PDF-based

adjustment techniques deserve more in-depth future research.

As mentioned in the previous sections, the time and space resolution of the satellite rainfall (i.e.
CMORPH, TRMM, etc.) estimates should be carefully selected to match with the deterministic
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forecast resolution. Similarly, the time and space resolution of the reference rainfall (|.e. ground
stations precipitation observations) should be carefully matched to the resolution of the deterministic
and ensemble forecasts. The validation analysis in this study is provided over the model output
domain. The ground station measurements are hereafter named “reference” data, while the rainfall
forecasts and ensembles will be referred as “estimates”.

At first, a number of error metrics for the statistical assessment of the methodology have been
selected including Bias, Mean Bias (MB), the relative Root Mean Square Error (rRMSE) of the
estimated versus the reference data. These statistical metrics are defined as follows:

Bias = (XX ref.— XN, est.) [Eq. 2]
MB——(Z L ref.— YN 1est) [Eg. 3]

\/Z 1(ref.—est.)?
_Z 1T€f

In addition, next to the basic statistical analysis, the Bias Score (BS) and the Heidke Skill Score
(HSS) have been used as verification scores. They estimate the performance of the “estimators” and
the different ensembles. To calculate these metrics, initially the reference and estimated rainfall rates
are averaged over the eight different ground stations. Then, the following occurrences are counted:
the number of hits (defined as H: estimator > threshold and reference > threshold), the number of
false alarms (defined as F: estimator > threshold and reference < threshold), the number of misses
(defined as M: estimator < threshold and reference > threshold), and the number of correct nulls
(defined as C: estimator < threshold and reference < threshold), for data pairs exceeding four
different rainfall rate thresholds: 0.5, 1.0, 1.5 and 2.0 mmhr.

relative RMSE = [Eq. 4]

BS is defined as the ratio of the number of occurrences that estimated rain rates exceed a specified
threshold versus the respective number from the reference rain rates:
H+F
BS = Eqg. 5
H+M [Ea. 5]
HSS is defined as the number of correct estimated occurrences minus the number of correct

estimated occurrences by chance divided by the total number of estimated occurrences minus the
number of correct estimated occurrences by chance:

_ 2(HXC—FxM)
H5S = (H+M)(M+C)+(H+F)(F+C) [Eq. 6]

Theoretically, the range of HSS is —oo to 1. A perfect precipitation estimator would have an HSS
value equal to 1, while HSS less than or equal to zero indicates that the technique gives mostly a
random estimation or has fewer hits than a random estimation. HSS is a widely used score because
it is simple, fairly easy to compute and it may explain more than one effect such as probability of
detection, false alarm rate, and occurrences by chance.

For validation purposes and statistical error assessment three events with different
characteristics have been selected: 01 - 02 August 2002, 05 July 2007 and 17 August 2010. The
time step of the reference time series if hourly. The results of each storm event are described in the
next sections.

a. The storm event of 15t August 2002

This event lasted only a few hours in the morning of the 01 August 2002. It was characterized by
intense rainfall mainly between 06:00 and 10:00 UTC (Figure 9a). Figure 9b documents the total
daily accumulated rainfall (mm) of the ground observations (continuous black line), the deterministic
forecasts (blue continuous line) and the different ensembles (grey shaded area) The grey area
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covers the spectrum of rainfalls from the smallest to the highest estimates and visualizes the
uncertainty of rainfall estimation.

In the same way, Figure 9a gives the rainfall rate as time series from eight different locations, which
correspond to gauging stations. From these two figures, it is evident that the ensembles envelope
the uncertainty of rainfall magnitude compare to the observations, which is very important for flood
forecasting.
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Figure 9: (a) time series of rainfall rates (mmhr?) and (b) total rainfall (mm) by station for the
event of 15t August 2002

Figure 10a and Figure 10b show a bias difference ranging between -60 mm and 75 mm and a mean
bias difference between -8 mm and 8 mm of the majority of the ensembles (black squares) with
respect to the ground station observations. The blue line indicates the bias difference of the
deterministic forecast. Figure 10c indicates a low (between 0.35 up to 0.95) relative rRMSE of almost
all ensembles, including the deterministic forecast. It is important to note that the bias is calculated
as the total reference rainfall (in mm) minus the estimated, one.
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Figure 10: (a) bias difference, (b) mean bias difference and (c) relative root mean square error
(rRMSE) of total estimation and reference for the event of 15 August 2002
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In addition to the above, the BS in Figure 11a and HSS in Figure 11b have been used in this study
to test the details of the deterministic and ensembles forecasts at different hourly rainfall rate
thresholds. It is clear that the BS values of the deterministic (the first value from the left side of the
x-axis) and the next ca. 12 ensembles representing the lowest rainfall rate thresholds are closest to
1, compared to the remaining ones. This means that those estimates show more similar behaviour
with the reference rainfall observations, especially for rainfall rate thresholds greater than 0.5 mmhr
1. In addition, the HSS plot shows the highest values (around 0.4) for rainfall thresholds above
0.5 mmhr?. This indicates that the ensembles forecasts, which achieve these scores, not only
perform best in estimating rainfall occurrence but also in terms of rainfall magnitudes.
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Figure 11: (a) HSS and (b) BS plots for various rainfall rates for the event of 15t August 2002

b. The storm event of 5" July 2007
The event of 5" August 2007 started in the early morning hours and lasted until the end of the day,
producing moderate rainfall rates with its peak intensity between 15:00 and 21:00 UTC (Figure 12a).
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Figure 12: (a) time series of rainfall rates (mmhr?) and (b) total rainfall (mm) by station for the
event of 5" July 2007

The deterministic forecast indicates high bias and mean bias difference as shown in Figure 13a and
Figure 13b. The bhias difference of the ensemble forecasts range between +/- 90 mm and the mean
bias +/- 15 mm. However, it has to be noted that for this event most ensemble forecasts
underestimate rainfall. The relative RMSE of most of the ensemble forecast is below the 50% with
the deterministic close to 100%, indicating a small error in the variability of the forecasts.
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Figure 13: (a) bias difference, (b) mean bias difference and (c) relative root mean square error
(rRMSE) of total estimation and reference for the event of 5" July 2007

The HSS in Figure 14a, is always above zero and most of the ensembles above 0.5 and close to
1.0, indicating that the deterministic and ensemble estimators are associated with low random error
and high probability of detection. This is associated with the high percentage of detection between
the estimator and the ground observations. This is also evidenced by the bias score (in Figure 14b)
in which the estimators (both deterministic and ensembles) exhibit a bias score of +/- 25% variability
around the value one.
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It is also significant that the first 8-9 ensembles, for rainfall rate thresholds above the 2.0 mmhr?,
exhibit a bias score close to one. Moreover, as it was expected, for almost 80% of the estimators,
the bias score is close to one, for rainfall rate thresholds above the 0.5 mmhr. However, it should
be noted that the selected ensembles with smaller rainfall rate thresholds, have better bias scores
compared to the ones with higher rainfall thresholds.
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Figure 14: (a) HSS and (b) BS plots for various rainfall rates for the event of 5th July 2007

c. The storm event of 17" August 2010

This selected rainfall event, shown in Figure 15a, started at 06:00 UTC on 17™ August 2010. It is
associated with moderate rainfall values, as shown in the time series of the rainfall rates in Figure
15a. Although there are no rainfall observations in the late afternoon hours, some ensembles
estimate some rainfall. After the 10:00 UTC the deterministic forecast exhibit similar rainfall values
to the observations, indicating low bias difference and mean bias difference (Figure 16a and Figure
16b). The range of values for most of the ensembles is +/-40 mm for the bias and +/-5 mm for the
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mean bias. In addition, the relative RMSE in Figure 16c is below 80% for most of the ensembles and
the deterministic forecast, indicating moderate relative error.
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Figure 15: (a) time series of rainfall rates (mmhr?) and (b) total rainfall (mm) by station for the
event of 17" August 2010
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Figure 16: (a) bias difference, (b) mean bias difference and (c) relative root mean square error
(rRMSE) of total estimation and reference for the event of 17" August 2010

The HSS score in Figure 17a indicates that almost all ensemble forecasts have values over 0.2 for
rainfall rates threshold above 1.0 mmhr, while most of the ensembles and the deterministic forecast
are also over 0.2 for the rest of rainfall rates thresholds. In addition, the bias score of all ensembles
and the deterministic forecast value shown in Figure 17b cover a range of +/-60% around the value
one, indicating that most of them have low to moderate bias dependence on rainfall. We also note
that most ensembles provide particularly good estimation only for the higher rainfall rate thresholds.
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Figure 17: (a) HSS and (b) BS plots for various rainfall rates for the event of 17th August 2010

As discussed in section 2 NWP models provide a precipitation forecasting for the following days with
temporal resolutions of about 1h and spatial resolutions ranging from 20-50 km to 1-3 km in the high-
resolution local models. However, this temporal and spatial resolution might not be enough to
capture the local phenomena like thunderstorms leading to urban floods or flash floods in small
catchments. In this context is where radar precipitation estimates and nowcasting can play a role in
anticipating potential dangers.

Although precipitation accumulation estimates based on radar observations may suffer from different
sources of error, they may also be the quickest way to obtain a reliable estimate of the accumulated
precipitation, and of the precipitation that may occur in the forthcoming few hours (by means of radar-
based nowcasting). This short-term forecasting is crucial for urban floods or flash floods where the
response times are usually very short.
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Wilson et al. (2010) evaluated eleven different radar nowcasting systems showmg that systems
based on linear extrapolation of the field precipitation were generally more accurate than weather
models and systems that perform a combination of meteorological models and extrapolation
(blending) up to 3 hours from time of forecast.

Radar nowcasting has the resolution of the radar precipitation observations (typically 1 km? and 5-
10 minutes time step) and the leadtime where the skills remain high is between 1-6 hours depending
on the radar domain and the local characteristics. The leadtime is limited compared to NWP models,
but the rapid update of the data when using nowcasting (nowcasts are recalculated every time that
new radar data is available) qualifies it for usage in EWS for prediction of short-term rain phenomena
with good results (see for example Berenguer et al 2005 and Berenguer et al 2011).

Even if this technique provides the best available forecasts for short term, radar-based nowcasting
techniques are not free of uncertainty. This is mainly due to the uncertainties in the radar estimates
themselves and to the fact that these techniques take into account the movement of the precipitation
but not its evolution. Recently, several techniques based on the ensemble concept have been
developed to represent the uncertainties in the radar estimates/forecasts (Germann et al., 2006,
2009; Llort et al. 2008, Pegram et al. 2011).

In this section, a methodology to represent uncertainties in radar precipitation fields and to generate
radar probabilistic nowcasts is presented, with the aim of generating probabilistic
hydrometeorological specific warning products in the identified potential high-risk areas of the
Marbella Pilot site.

3.4.1 Deterministic Radar nowcasting

The first operational nowcasting system was implemented in 1974 using data from a weather radar
of the McGill University (Austin and Bellon, 1974). Currently there is a variety of operational
nowcasting systems.

The simplest approach to make a very short-term rainfall forecast is simply to keep the last available
observation constant during forecasting time. This method is known as Eulerian persistence.

To improve such forecasts, the movement of the precipitation field produced according to the latest
observations is used. These motion fields not only provide a means for monitoring the precipitation,
such as rotation or translation, but also the convergence and divergence of the vectors that represent
the precipitation growth and decrease. This methodology is known as Lagrangian persistence.

To calculate the motion field of the precipitation the first studies were made simply by comparing two
precipitation fields. In those studies, as described by Wilson (1966), the average displacement vector
was obtained that maximizes the correlation between the two fields of precipitation. Rinehart and
Garvey (1978) introduced the TREC algorithm, implementing the method of cross - correlation but
in different subdomains of the precipitation field (which represent the resolution of the velocity field
for the different subdomains), thus obtaining a non-uniform and much more realistic field of motion.
Li et al. (1995) presented a postprocessing of TREC called COTREC to eliminate divergences
between different subdomains and produce a more comprehensive motion field (see Figure 18).
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Figure 18: Example of motion field obtained through the COTREC (Li et al. 1995) algorithm.

Once the motion field is known, Germann and Zawadzki (2002) compared two approaches to advect
the observations into the future. On the one hand the forward process (extrapolating forward), where
the field of precipitation is advected forward in time and on the other the backward process
(extrapolating backwards), which asks what value in the past should be assigned to the current
position; The authors concluded that the backward process is better in the sense that it is exhaustive
(a value can be predicted for every single pixel of the precipitation field). See Figure 19 as an
example of the nowcasting technique. The Figure shows, for two different events, the nowcasting
done at different leadtimes compared to the real measurements.

The two main sources of uncertainty in the radar nowcasting are the uncertainty in the motion field
(or evolution of it) and the uncertainty related to the evolution of the precipitation field (last
observations are not evolved in the process).

One of the first attempts to characterize these two sources of uncertainty through probabilistic
algorithms forecast was carried out by Andersson and Ivarsson (1991). They proposed to carry out
probabilistic forecasting by sampling different areas around a point of interest and advecting those
fields to the future. Based on this idea, Germann and Zawadzki (2004) proposed the method known
as local Lagrangian.
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Figure 19: Example of nowcasting. First and third columns show the observations, the
second and the fourth the forecasts at different leadtimes.
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3.4.2 Probabilistic Radar Nowcasting

In the Local Lagrangian method proposed by Germann and Zawadzki (2004) a single distribution
function is no longer obtained for the entire domain, but for each point of the domain. Apart from the
local (spatial) character of the algorithm, a hypothesis is imposed from a temporal point of view too.
It consists of thinking that the temporal evolution of the precipitation field remains constant over time
(Eulerian persistence).

In this method, a set of forecasts probability distribution functions (pdf) are determined for each point
of the domain as a function of subdomain size and threshold precipitation. It is therefore necessary
to have a methodology to choose for each forecast lead time the optimal subdomain in order to
minimize the error. Germann and Zawadzki (2004) described a methodology that uses the
Conditional Square root RANKED Probability Score (CSRR), based on the Rank Probability Score
(Wilks, 1995), as an estimate of the goodness of all probabilistic forecasts made. This estimator
provides a probabilistic error value between forecasts and observations associated with each
subdomain. As shown in the paper of Germann and Zawadzki (2004), the choice of the optimal
subdomain for each forecast leadtime is chosen according to the minimum value of the probabilistic
error (CSRR) for each subdomain sample.

Figure 20 shows by the example of two events how optimal sampling of subdomains typically
increases over forecast leadtime, reflecting the dependence of the subdomain size from the optimum
predictability of rainfall.
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Figure 20: Estimation of the optimal subdomain size as function of the leadtime by the
example of two events.
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Figure 21: Example of Local Lagrangian nowcasting. First and third columns show the
observations, the second and the fourth the probabilistic forecasts at different leadtimes.
(from Buil 2017).
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Figure 21 shows an example of the probabilistic forecasts obtained by the Local Lagrangian
technique with forecasts every 6 minutes up to a maximum of 2 hours. In this case a precipitation
threshold of 1 mm/h has been used. Two events typical for the Mediterranean climate (10-
11/07/2013 and 15/05/2013) have been selected. In the first two columns of Figure 21, observations
and probabilistic forecasts are presented for the period from 05/15/2013 11:00 am to 1:30 pm (90
minutes). The most intense precipitation of the first available observation is located in the central
zone of the domain and in a small area to the northwest registering weaker intensities. The
precipitation field moves in a northwest direction with increasing intensity, although two different
zones can be observed, one convective and the other stratiform. In the Local Lagrangian forecasts,
it is observed that at 18 minutes it is quite accurate and with precipitation probability values (>1mm/h)
of around 80-100%. This reflects little uncertainty in the forecasts since the optimum sub-domain
sample is 8x8 km? as shown in Figure 20. The forecast calculated based on the observation of about
one hour (54 minutes) shows how the forecast uncertainty increases and leads to a smoothing of
the probability field (optimal sample subdomain of 32x32 km?) and a decrease in the maximum
probability values. At 90 minutes the uncertainty in the forecasts has increased, in this case so much
that the optimum sub-domain sample has reached the maximum size, i.e. 64x64 km?. The predicted
probability field has been further smoothed with maximum values between 50-60%. The second
case, shown by the two columns on the right in Figure 21, is convective. It shows convective cells
formed independent of each other and spread in two areas of the domain, one in the northwest and
the other in the northeast. Throughout the two hours one can observe how the rainfall activity
concentrates gradually and moves to the south very slowly in parallel to the increase of precipitation
intensity (reaching values higher than 20 mm/h). The propagation of forecast uncertainty is similar
to the 15/05/2013 11:00 event, with a 80-100% accuracy for the first 18 minutes and lower values
later.

The smoothing of probabilistic forecasts with lower probability values as forecast lead time increases
is due to the very nature of the forecasting algorithm. This algorithm is conceived with the idea of
characterizing the uncertainty associated to the predictions of Lagrangian persistence through the
minimization of error (CSRR) associated to a subdomain. This optimal subdomain is unique for all
precipitation thresholds due to the definition of CSRR.

The main drawback of the Local Lagrangian methodology is that it predicts a certain probability of
precipitation only in those places where in the last observation sampled at the optimal subdomain
size, the probability is not negligible. Another drawback is that it does reproduce with a representative
probability value the initiation of convective nucleus.

Buil 2017 did a comparison of several probabilistic nowcasting techniques, including those based on
the generation of ensembles, concluding that the Local Lagrangian technique outperformed the other
techniques in almost all cases. Consequently, and since the main objective was to implement in real
time a technique able to provide probabilistic short-term rainfall forecasts based on radar, the Local
Lagrangian technique has been chosen for feeding the EWS developed for the Marbella Pilot site.

This subtask will explore error propagation in a model chain used for flood forecasting, In Figure 22
is shown an example of such a model chain that considers pluvial and fluvial flooding as well as
flooding from the sea. The model chain involves rainfall forecasts (see above), rainfall-runoff and
urban drainage models, forecast of open sea boundaries, and a hydrodynamic storm surge and flood
inundation model. The resulting uncertainty in the flood forecast is due to a humber of uncertainty
sources:

e Uncertainties in the system data used for setting up the different models, e.g. uncertainties
in the DEM, bathymetry, and drainage network

e Uncertainties in forecasts of model forcing (or boundary conditions), i.e. rainfall, open sea
boundaries, and runoff boundaries from upstream catchments
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e Model structural uncertainties, including process descriptions and model conceptualisations
in the entire model chain
e Model parameter uncertainties

StormGeo NWP
Rainfall forecast

Figure 22: Example of model chain considered in the project.

Ideally, the joint probability distribution of all the important uncertainty sources should be quantified
and used in the model chain to derive probability distributions of the model predictions of interest.
However, such an approach is not feasible due to complex, non-linear system dynamics and model
interactions. Instead Monte Carlo based techniques have been put forward. In these methods the
different uncertainty sources are represented by an ensemble estimate, and the ensemble is
propagated through the model chain to produce an ensemble of model predictions from which
probability distributions can be estimated. A major shortcoming of the Monte Carlo based approach
is the slow convergence to the true probability distribution, thus requiring a large ensemble that is
computationally intractable and may be infeasible for real-time applications. More efficient sampling
strategies exist, including Latin Hypercube Sampling, importance sampling such as the generalised
likelihood uncertainty estimation (GLUE) procedure (Beven and Binley, 1992), and Markov Chain
Monte Carlo sampling (e.g. Kuczera and Parent, 1998).

A computational efficient alternative for estimation of model prediction uncertainty is based on
statistical post-processing. This method does not rely on probabilistic descriptions of the different
uncertainty sources but lumps all uncertainties together by considering only the resulting uncertainty
in the model predictions of interest. An uncertainty model is estimated from historical time series of
model predictions (forecasts) and corresponding observations. This statistical model is then used as
a post-processor where prediction uncertainty is estimated conditioned on the model predictions.
Different post-processors have been developed and used in hydrological and meteorological model
applications, including the Hydrological Uncertainty Processor (Krzysztofowicz and Kelly, 2000),
Bayesian Model Averaging (Raftery et al., 2005), Model Conditional Processor (Todini, 2008), and
Quantile Regression (Weerts et al., 2011).

Model prediction uncertainty using statistical post-processing

In this project statistical post-processing was applied using quantile regression (QR) for estimation
of forecast uncertainty of the open sea boundary condition of the model chain shown in Figure 22.
To our knowledge this is the first time QR is used for coastal water level model predictions. With
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respect to the rainfall boundary condition of the model chain in Figure 22, post-processing of rainfall
forecasts has previously been analysed by René et al. (2013) and has not been applied in this study.

Below is given a brief description of the QR methodology applied. For more details and applications
of QR in hydrological modelling see Weerts et al. (2011), Lopez Lopez et al. (2014) and Muthusamy
et al. (2016).

The relationship between an observation and corresponding forecast can be expressed as:
S, =8, +e,

where s, is the observations, 3, is the deterministic forecast, and n is forecast lead time. The error
e, may be estimated by means of a probabilistic error model by conditioning the residual (dependent
variable) to the deterministic model forecast (independent variable)

en = f[84]
Once this relation is found, the error model can be applied without any additional data requirements

than the model forecast $,,. A linear functional form is here assumed, i.e.
en = ayS, +b,

QR determines the quantiles of the model residual conditioned on the model forecast. The regression
parameters for a given quantile r are estimated from
N

min Z P [en,i — (anSni + bn,r)]

where N is the sample size available for estimation, and p, is a weighting function
B {(‘L’ —1e,,; if e <0
T lrep; if en;>0

Individual QR equations are derived for different forecast lead times using samples of historical
forecasts and corresponding observations. The QR equations are then used to estimate forecast
guantiles conditioned on the model forecast for different lead times and quantiles, i.e.

Snt = §n + an,rgn + bn,r

In the application of QR described in Section 4.2 a Normal Quantile Transformation (NQT) is applied.
In this case the residual and model prediction variables are transformed using NQT and QR is then
applied on the transformed variables. The QR equations based on NQT are back-transformed and
used as post-processor.

3.5.2 Uncertainty analysis using Monte Carlo based methods

A typical method to assess the contribution of uncertainty of input variables into models’ output is
the Global Sensitivity Analysis (GSA). This method quantifies the contribution of variance of input
variables into output variance. A typical application of GSA method is presented below. The method
is based on Monte Carlo Markov Chain (MCMC) sampling techniques and uses Variance based
method for Global Sensitivity Analysis.

In the application, data provided from a high-resolution digital elevation model have been used for
estimating uncertainty. In addition, the deterministic algorithm (2D hydraulic code) is looked as black
box (Saltelli et al. 2000). The model function relies on arbitrary input variables with known distribution
while the output is considered as random variable.

The process of global sensitivity analysis goes through (i) uncertainty parameters definition, (ii)
uncertainty propagation and (iii) results variability study (Marrel et al., 2012). For the present
analysis, the Sobol method is used (Sobol 1990). The Sobol indices are defined as:

Si=Var[E(Y|X)]/Var(Y)

Where S; is the Sobol index of parameter i, E is the Expectation, Y is the output. First-order Sobol
indices indicates the contribution to the output variance of the main effect of each input parameters.
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Global sensitivity analysis has been applied in 1-D hydraulic modelling studies while for 2D models
is under investigation. In addition, the GSA asks for a special protocol and development of adapted
tools with very important computational resources available to use.

In the application, the investigation was conducted for uncertainties associated with HR topographic
data, used in hydraulic modelling (Abily, et al.2015). The following assumptions are made:
measurement errors in high-resolution topographic data and inclusion of data in 2D hydraulic codes.

In our application, a small industrial area was chosen covering 17.5 km?. In GSA method, the
hydraulic parameters of the model are the same for all simulations. The changes concern the digital
elevation model (DSM) for each simulation. Regarding DSM characteristics, the given data is
classified with horizontal and vertical mean accuracy of 0.2 m. The number of 3D polylines over this
area (17.5 km?) is over 1 200 000. The 3D classes are selected for creation of DSM since they are
affecting flow direction. There are 12 classes in the DSM. They include buildings, concrete vertical
structures above 2 m (walls), sidewalks, road gutter, etc. The 12 selected classes have been
aggregated in three groups: (i) buildings, (ii) "concrete" vertical structures (walls) and (iii) street
concrete features.

Tools used for delivering a numerous simulations are Promethée and 2D hydraulic Code
(FUllSWOF_2D). Promethee is a parametric environment developed by IRSN
(http://promethee.irsn.org/doku.php). This environment allows parameterisation of any numerical
code. On the other side, the FullSWOF_2D code is open source code (GPL- compatible license
CeCILL-V2) available on the website: http://www.univ-orleans.fr/mapmo/soft/FullSWOF/. This code
solves SWE using finite volume method over structured computational domain using hydrostatic
reconstruction method (Delestre 2010).

The method GSA aims to rank the input parameters effect on output variability. The steps for
performing GSA have four steps as presented in Figure 23.
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1 stepD - Rankinginput parameters variance effects on output variance

Figure 23: Process of GSA method applied to HR DSMs inclusion in 2D free surface modelling
codes. (Abily et al 2015)

The GSA method initiates with problem definition, selecting uncertain paremeters and assigning to
them probability density functions. Towards this, one spatial parameter Var.E was used to represent
topographical error. The error is randomly introduced in every point of HR DEM (1m), following
normal distribution. The two variables Var.S and Var.R were also taken into account. Var.S is ordinal
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parameter representing of flow direction affecting the ground structure, where Var.S1 is just DEM,
Var.S2 is Var.S1 with buildings included, Var.S3 is VarS2 with walls and Var.S4 is Var.S3 with
concreate street features. Var.R represents decisions made by the modeler with discrete values from
1to5.

In total 2000 simulations were performed and used in GSA. Uncertainty propagation (step C) is done
using Monte Carlo approach. In Step D, Sobol index calculation was conducted via post treatment
scripts, written in R language.

For the analysis 1500 simulations were used. The results are presented in Figure 24 below.
Averaged results from 1500 simulations for maximum water depths are presented in Figure 24a. The
output of local analysis is shown in Figure 24b,c,d. The convergence of mean is presented in Figure
24b. The confidence interval of 95% is obtained from 900 samples. Figure 24c illustrates the
importance of variance of maximum water levels.

Global sensitivity analysis used for computation of Sobel index is presented in Figure 24d. The
confidence interval has been estimated by running 1000 random simulations retrieved from the
database. The most influential parameters are Var.S and Var.R.

Finally the Sobol index maps are presented in Figure 25. As mentioned, the two parameters are
most influential (Var.s and Var.R). The dense urbanized parts of DEM introduces high variability (for
the donain of Var.S) in model output. The analysis also shows that for the low output variance Var.r
Sobol index is highest. As a conclusion the Var-R Sobol index value is important at the edge of flood
extent, close by river ben in not densely urbanized areas.

The index maps presented in Figure 25 represent the relative weight of each uncertain parameter
on variability of calculated overland flow. The results highlight uncertainty introduced by modeller
choices.
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Figure 24: Average of the 1,500 maximal water depth flood maps computed over a selected
sub-domain (a); local results at point 1 illustrating convergence check (b), results distribution
(c) and Sobol index (d)

Highest Sobol index
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Figure 25: Sobol index maps ranking the 3 input parameters variance proportionated to the
output (maximal water depth) variance.

®PEARL 53



pearl ©

Preparing for Extreme And Rare
events in coastal. regions

Marbella is a city that belongs to the province of Malaga and it is part of the “Costa del Sol”. It is
located in the south of Spain, in the region called Andalucia (Figure 26). The city covers an area of
117 km? and (according to the Spanish Statistical Office in 2015) 138,679 habitants live there with a
density of almost 1,200 hab/km?.

The city presents a typically Mediterranean topography with high slopes on the upper part of the
basin and very flat areas close to the sea.

Three main river streams cross the surrounding area: Guadalmina (28 km long, 68 km? catchment),
Guadaiza (22 km long, 45 km? catchment) and Rio Verde (35 km long, 150 km? catchment).

As a Mediterranean city, it benefits from a wet and warm winter and a dry and hot summer, with a
mean annual temperature of 18 °C.

The mean annual rainfall is 625 mm, most of which is observed during the autumn and winter. While
the duration of these events is not very long the rainfall intensity is often very high.

Many beaches and recreational ports are located along the 44 km coastline of Marbella city and its
surroundings. The main economic activity is tourism targeting wealthy tourists and therefore the local
infrastructure is characterized by high economic value. This fact is demonstrated by the presence of
high-class resorts, recreational ports, golf clubs and many other luxurious facilities.

Figure 26: Map showing the location of Marbella.

The municipality is highly vulnerable to flooding from extreme rainfalls. Therefore, the development
of a Flood forecasting system has highest priority for the city of Marbella.

Flood forecasting system based on radar nowcasting

An Early Warning System [EWS] for flood forecasting has been implemented in Marbella in order to
issue flood warnings. It uses radar precipitation estimates to calculate precipitation forecasts for the
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following 2h. Next to the forecasted rainfall intensities the system calculates also temporal
accumulations for different time supports (30 min, 1h, etc.). The system is capable to adjust its
predictions automatically based on incoming precipitation characteristics (direction and velocity) in
order to issue warnings (sent by SMS and e-mail) and in order to reduce false alarms. Details of the
radar-based EWS can be found in Llort et al. (2014). Figure 27 and Figure 28 show the radar-based
EWS (24h accumulated precipitation and rainfall intensity respectively). These images show one of
the most significant events observed in 2016, on the 25" November (used also for calibration
purposes in the hydraulic model), where warnings based on forecasted precipitation were issued
from the developed EWS.

H id romet Historical data Marbella-Centro p e a rl @

Daily rain accumulation
25/11/2016

443 1/m*

Thursday Friday Saturday Sunday Monday Tuesday

© 2016 Hydrometecrological Innovative Solutions S.L. Contact Credits Help Exit

Figure 27: Daily rain accumulation (observed by the radar network) for the 25th of November
2016.
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Figure 28: Rainfall intensity registered by the radar network on the 25th of November 2016.

Precipitation information from both rain gauges and radar (observed and forecasted) are used to
feed a hydraulic model to issue warnings over specific elements of the sewer network in real time.
In order to achieve this advanced techniques such as GPUs have been used for speeding up the
calculation. Details of the radar-EWS as well as its link with the hydraulic model will be available in
Deliverable 4.5 and are provided by Russo et al. (2017).

Methodology

The experimental module of probabilistic radar nowcasting has been tested in Marbella using the
aforementioned EWS. The methodology used is presented in section 3.4 applied by the AEMET
(Agencia Estatal de Meteorologia). The steps performed are described in the following subsections.

Data acquisition

In order to validate the developed probabilistic nowcasting prototype, data from the AEMET radar
network is acquired in real time. A conversion of the information to suitable input format is performed.

Radar data quality control and calibration

Due to different errors affecting radar precipitation estimates (see for reference Zawadzki 1984),
radar data undergo a quality control process aiming at improving the quality of the measurements.

The first applied quality control algorithms deal with the correction of non-meteorological echoes and
the underestimation of the precipitation due to beam blockages (interaction of the radar
measurement process with the topography and other elements). The schemas in Figure 29 illustrate
those errors.
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Figure 29: Schemas explaining the occurrence of errors due to the intersection of the radar
beam with the topography (ground echoes and orographic screening). (From Sanchez-
Diezma, 2001).

In this application, both the areas affected by orographic screening (blockage of the radar beam by
the orography) and the areas affected by ground echoes are corrected. Figure 30 shows the areas
affected by orographic screening and the areas affected by ground clutter as calculated using the
AEMET radar coverage. Those areas are not considered in the radar Nowcasting.
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Figure 30: AEMET radar network coverage and areas affected by orographic screening (in
purple, top figure) and areas affected by ground clutter (in red, bottom figure).
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In a second step, a statistical climatological calibration is calculated for each radar, in order to correct
the under/over-estimation due to equipment calibration failure. For this, long-term radar
accumulations are calculated and compared to rain gauge estimates in order to derive the
differences between them and estimate a linear correction factor to be applied to the radar estimates.

Meteorological radars do not measure directly the rain rate but the “Reflectivity”, i.e. the amount of
energy that is reflected by the droplets. Rainfall intensity and reflectivity are related through the Drop
Size Distribution [DSD], which is unknown.

Conversion from reflectivity to instant rainfall is done using a climatological Z-R relationship. In this
case, a Z-R relationship derived from the DSD studies, introduced by Marshall and Palmer (1948),
is used with Z=200-R*6. More detailed technical information about the algorithms that are applied
can be found in Sdnchez-Diezma (2001).

Calculation of radar Nowcasting

By means of cross correlation techniques, the precipitation movement field is calculated from the
last radar observations. This movement field is used to extrapolate the last observations in order to
provide forecasted precipitation fields for the next hours (see Berenguer et al. 2005 and Berenguer
et al. 2011 for a complete description of the technique).

Forecasting of precipitation with radar Nowcasting techniques cannot be used for large leadtimes,
as the forecasting ability decreases quickly with time. However, this technique provides the best
possible precipitation forecasting for the next 1-6 hours, and is capable to adjust the forecasts in real
time keeping them aligned with the last observations.

Figure 31 shows an example of the Nowcasting and the accumulation algorithms. The illustrations
show 1h accumulations for the event of 21st-22nd of April 2011 at different times for the full radar
coverage of the AEMET radar network. The red arrows represent the precipitation motion field
calculated in each time step and used to calculate the radar Nowcasting.
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Figure 31: Example of results of the Nowcasting and the accumulation algorithms.

4.1.1.4 Generation of rain accumulation fields

In order to calculate rainfall accumulation from the radar instantaneous precipitation estimates (both
observed and forecasted), the movement of the precipitation field is taken into account. A direct sum
of the instantaneous precipitation fields would provide non-realistic accumulations because the
precipitation between radar scans would not be taken into account. Sanchez-Diezma (2001)
provides several examples of this problem, an example of which is shown in Figure 32. With the
applied technique, the movement field between two subsequent observations is estimated, and then
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used to calculate all the intermediate states between observations (minute by minute rainfall fields).
The final accumulation field is then computed taking into account all the intermediate information.
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Figure 32: Estimation of rainfall accumulation using different techniques: taking into account
the motion field to calculate the rain accumulations (right) and without taking it into account
(left). The effect is clearer in the areas affected by convective cells (bottom: zoom of the top
image).

Results

No formal evaluation of the results has been done in the Marbella implementation. An extensive
comparison of probabilistic nowcasting techniques can be found in Buil (2017), showing that the
Local Lagrangian technique outperforms other options.

The process following the described methodology is running in real time in the Marbella Case study
and the corresponding EWS is publicly accessible from the PEARL Project page. Details of the EWS
system are provided in PEARL Deliverable 4.5 and have been presented in (Russo et al., 2017).

The coast of Greve Municipality in Eastern Denmark is one of the case study areas in the PEARL
Project. The case area is used as a laboratory for implementing and evaluating methods for coastal
flood risk management, which are identified and developed during the project.
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Figure 33: Map showing the location of Greve Municipality in Eastern Denmark, with the
extents of the case area outlined in green.

Greve is located about 20 km southwest of the Danish capital, Copenhagen. The municipality has a
total area of around 60 km?, with 9 km of coast to the southeast bordering the Baltic Sea at Kage
Bay (Figure 33). Its coast is the most densely built-up part of the Municipality, and comprises the
case study domain. The model area is characterized by relatively flat terrain with elevations varying
between 2 and 6 m above MSL.

The municipality is vulnerable to flooding from extreme rainfall and sea levels. In July 2007, a series
of rain events with an estimated return period of 500 years caused severe and destructive flooding
in Greve (Greve Kommune, 2007). Storm surges and general sea level rise also pose a threat to the
area due to its location in Kagge Bay (Vestergaard, 2011). Kgge Bay is 1 of 10 flood risk areas
identified in Denmark in the implementation of the EU Flood Directive (Naturstyrelsen og
Kystdirektoratet, 2011).

Flood forecasting system

An online real-time coastal flood forecasting system has been developed for Greve under the PEARL
Project. The system employs a 1D-2D hydrodynamic flood model, which uses NWP rainfall forecasts
and 3D hydrodynamic model water level forecasts as boundary conditions, to forecast flooding in
the area (Figure 34). The 1D-2D model was built using MIKE Flood FM, a modelling system
integrating one-dimensional and two-dimensional models into one dynamically coupled model (DHI,
2014a). It comprises a 1D model of the drainage system coupled to a 2D surface flow mesh model
of the coastal area. Representation of the drainage network in the flood model ensures simulation of
pluvial and fluvial flooding, and consideration of the drainage network’s influence in conveying
flooding from the sea further inland.
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Figure 34: A map showing the 1D-2D coastal flood forecast model for Greve. A 1D model of
the drainage system comprising of streams (red lines) and stormwater sewers (blue lines and
points) is linked to a 2D mesh model of the coastal area (coloured areas). The triangular
elements of the terrain mesh and open boundaries of the 2D model are also shown.

The 1D network model is relatively comprehensive and detailed, covering most of Greve. The model
employs a conceptual runoff model to calculate rainfall runoff in the area, and a 1D fully
hydrodynamic pipe flow model simulating water levels and flows in the drainage system. Forecasted
rainfall data obtained from StormGeo (SormGeo, n.d.) are used to calculate runoff, which is then
applied as input to the network model. Sea water level forecasts are applied as boundary conditions
to the 2D MIKE 21 FM model (DHI, 2014b) at its open boundaries to the sea. The 2D and 1D models
are linked at points where flow exchange between the two systems can occur, such as at drainage
outlets, stormwater inlets, unsealed manholes, and open channels.
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Figure 35: A deterministic flood forecast is issued by the system based on forecasted sea
water level (blue lines) and rainfall (red bars) time series in the study area
(http://greve.dhigroup.com/).

The system provides deterministic forecasts of spatially-distributed water levels and flows in the
model domain. A forecast is issued based on rainfall and sea level forecasts used as boundary
conditions (Figure 35). One-day flood forecasts are issued by the system every 4 hours, and
computation results are shown on a website, wherein static maximum water depths and time-varying
water depth animations are plotted on a map. The deterministic forecast comprises a single estimate
of future conditions, which do not include various sources of modelling uncertainty.

Probabilistic flood forecasting

Probabilistic forecasting provides information on the likelihood, in terms of probabilities of
occurrence, and may be used for uncertainty consideration in flood forecasting. This method gives
model prediction uncertainties, which communicates forecast uncertainties by providing a
confidence interval on the forecast. With this type of information, better decisions may be taken
regarding issuance of flood warning and/or evacuation. Probabilistic forecasts allow decision-makers
to set their own levels of uncertainty for launching emergency response options (Verkade et al.,
2013).

In this study, also presented in Diez (2016), improvement of the real-time coastal flood forecasting
system in Greve was investigated using probabilistic modelling. A probabilistic flood model, which
can quantify forecast uncertainties, was implemented and evaluated for the case area. The
technique applied provides information on total prediction uncertainty rather than on each individual
uncertainty source, such as input, model parameter, or model structure uncertainties.

Methodology

The probabilistic forecast methodology applied in the case study is based on the QR method
described in Section 3.5.1. QR equations are estimated from available historical records of water
level observations at a harbour in the area (Mosede harbour) and corresponding water level
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forecasts. However, before QR is applied, the model forecasts are bias corrected and updated with
observations at time of forecast, and the updated model forecasts are used in QR. The derived QR
equations are extrapolated from the harbour to the open sea boundary (see Figure 34), which are
used to force the 2D hydrodynamic model. Finally, quantile forecasts of water level at the open sea
boundary are applied in the model chain to produce probabilistic forecasts. In extreme storm surge
situations where flooding occurs the forecast system then provides probabilistic forecasts of flooding.

Bias correction and model updating

Bias correction involves correcting the difference (i.e. bias) between forecasts and measurements
at the time of forecast, and due to auto-correlation in the bias, the entire model forecast is updated.
In this study, the deterministic model forecast was bias-corrected and updated using the following
procedure:

1. Analyse the correlation between the initial residual (i.e. observation — forecast at time of
forecast) and the residuals for the following lead times. A linear regression equation is
estimated for each lead time n

2. Plot the correlation coefficient obtained in (1) for every lead time. Identify the data pattern,
and fit a function to the data to obtain a smoother regression.

3. Correct the deterministic model forecast 3, for different lead times using:

§correctedn =38, + f(eo)

where f(e,) is the smoothed function that estimates the residual at lead time n based on the
residual at time of forecast.

Error model extrapolation to model boundaries

In the study, the error model is derived based on data for one of the two harbours in the area where
forecast and observed data are available. Data availability was largely controlled by real
measurements, since forecasts could be obtained throughout the domain with the hydrodynamic
model.

Extrapolation of the error model at the harbour to the open sea boundaries is necessary in order to
use the probabilistic forecasts as forcing data for the hydrodynamic model. This is done by analysing
the functional relationship between the simulated water level values at the harbour and the model
boundaries.

For the Greve system, there was a linear relationship between simulated water levels at the harbour

and the model sea boundaries (see Figure 43). The error model at a boundary is given by:
ebound = g(n,v)a, + by

where e2%""4 is the adjusted error model at each boundary, é(n, 7) is the error model at the harbour,

and a, and b,, are the regression parameters obtained from a linear regression between water levels

at the harbour and at the model boundaries. This relation is calculated for every model boundary for

each lead time n and quantile of interest z.

Probabilistic flood mapping

The method for obtaining probabilistic flood maps for the case study involves the application of the
estimated QR model extrapolated to the model boundaries, used as forcing data for the 1D-2D flood
model, from which a set of (probabilistic) maps of water levels are obtained (Figure 36).
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Figure 36: lllustration of the process for obtaining probabilistic forecasts and flood maps in
the Greve Case Study.

The analysis starts when forecasts of sea water levels at the open sea boundaries are collected from
DHI's Water Forecast system (deterministic forecast). Then, the calibrated QR Model is extrapolated
to the boundaries and added to the deterministic forecast. Probabilistic water level forecasts for
different probabilities of exceedance (or quantiles) are obtained. Then, water level time series for
different probabilities of occurrence/quantiles (usually 5%, 25%, 75% and 95%) are created for a
lead time of interest in a file format useable by the flood model as sea level boundaries.
Corresponding flood maps for maximum water depths are obtained from flood model calculations.
The process is repeated for next time of forecast.

Data

The statistical post-processing method used for developing the forecast error model in the case study
requires a long time series of (water level) forecasts and observations in the model domain. However,
shortage in available data, as well as lack of extreme event data within the available dataset, were
recognized as limitations to the study.

Water level observations at two harbour stations were available from Greve Municipality (Figure 37).
Although measurements were available at two harbour stations, statistical analysis and development
of the error model were only performed for one location (Mosede harbour), as measured and
forecasted levels at both harbours were found to be very similar.

Water level forecasts from the Greve flood model were re-generated by re-running the flood model
(i.e. hindcasting) using past saved forecasted sea level boundary conditions obtained from the DHI
Water Forecast system. A summary of data that were available for the development of the error
model in Greve is shown in Table 4.
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Figure 37: The map shows water level measurement stations at Mosede and Hundige harbour
in Greve, and the flood model sea boundary. The coastal flood model domain is outlined in
black.

Table 4: Summary of available data for statistical post-processing in the Greve case study area.

Location Iltem Source Fre[?#iﬁTcy Available Period
DHI Water
Model sea Forecasted boundary | ¢ 0 oact (DKBS 30 24 Apr 2015 — 4 Apr 2016
boundary water level model)
Mosede Harbour Measured water level Greve Municipality 5 25 Jul 2009 — 14 Apr 2016
Hundige Harbour Measured water level Greve Municipality 5 19 Feb 2015 — 14 Apr 2016

Given the available dataset, the analysis was conducted using only about 1 year (24 Apr 2015 - 4
Apr 2016) of data, which was further split into training/calibration and verification purposes (Figure
38). This amounted to a total of 559 samples for training and 105 samples for verification.
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Figure 38: Plot of observed water levels at Mosede Harbour, showing the division of the
available dataset into training/calibration (red) and verification (blue) periods.

Results
Results that are presented in this section are based on Diez (2016).

Quantile regression

The QR method based on NQT was applied to the data at Mosede harbour. To evaluate the effect
of the bias correction and model updating QR was applied to both the raw data and the bias
corrected/updated data. Figure 39 shows the probabilistic water level forecasts resulting from the
QR error model without bias correction for four lead times during the verification period (18 April
2015 - 16 June 2015). The deterministic forecast (red line) tends to underestimate the observations.
The uncertainty increases with lead time, although not as much as expected, which is due to the
relatively large discrepancies between forecasts and observations at the beginning of the forecast.

Figure 40 shows the probabilistic water level forecasts with bias correction during the verification
period. The uncertainty band at the smaller lead times has become narrower as a result of the bias
correction. Figure 41 shows the RMSE of the water level forecast for different lead times of,
respectively, the deterministic forecast and the median quantile forecast based on the QR model
with bias correction. The QR bias correction model improves the forecast for all lead, with largest
improvements for lead times up to about 6 hours.
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Figure 39: Probabilistic water level forecasts at Mosede harbour without bias correction. The
blue shaded areas represent the 90% uncertainty interval, the red lines are the deterministic
forecasts, and the black dots, the observations.
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Figure 40: Probabilistic water level forecasts at Mosede harbour with bias correction. The
purple shaded areas represent the 90% uncertainty interval, the red lines are the deterministic
forecasts, and the black dots, the observations.
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Figure 41: RMSE of the deterministic forceast (black line) and the meadian quantile forecast
based on QR with bias correction (red line).
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Error model extrapolation to model boundaries

Figure 42 shows plots of forecasted water levels at Mosede harbour and at the open sea model
boundary for several forecast datasets, which indicate that they are very similar. Although there are
some differences among the time series, they seem to be linearly related. Scatter plots of the water
levels at the boundary and Mosede harbour are shown in Figure 43 for three different lead times.
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Figure 42: Sea water level boundaries and simulated values
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Figure 43: Scatter plots of simulated water levels at Mosede harbour and at model boundaries
for 12, 24, 48 hrs lead times.

Linear regression models were estimated for extrapolating the error model from the harbour to the
model boundaries, which are then used to derive probabilistic forecasts from deterministic forecasts

at the boundaries.
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Probabilistic flood mapping

No extreme storm surge events were available in the historical record used in this study. Therefore,
in order to illustrate derivation of flood maps from probabilistic sea level forecasts, synthetic extreme
sea level time series using a combination of the maximum forecasted water levels from the available
dataset in this study and maximum water level projections near Greve from earlier climate change
studies were used.

Estimates for mean sea level rise in Denmark by GEUS and DMI (2012) indicate that in Kgge Bay
mean sea level is projected to rise by around 0.75 £ 0.6 m (Figure 44). In addition, storm surges will
change due to changes in storm intensity and patterns. DHI has analysed changes in storm surges
in the inner Danish waters based on three regional climate model projections. Results for Kage Bay
are shown in Table 5. Based on these studies the most extreme estimates of storm surge levels for
different return periods are shown in Table 6.

Table 5: Changes in storm surge signal [m] in Kage Bay in 2100 based on the three regional climate
model projections for different return periods.

Return Period [yrs] | HIRHAM_ARPEGE | HIRHAM_ECHAMS5 HIRHAM_BCM Average
10 -0.14 0.14 -0.06 -0.02
50 -0.17 0.19 -0.07 -0.02
100 -0.18 0.21 -0.08 -0.02

Figure 44: Estimates of mean water level increase in year 2100 compared to today. The
location of Kgge Bay, near Greve, is shown. (Source: GEUS and DMI, 2012)

Table 6: Most extreme estimates for sea levels in Kgge Bay considering changes in storm surge
signal and mean sea level rise for different return periods T.

T [yrs] Clgrre_nt _Extreme Year_2100 Upper
tatistics [m] Estimates [m]
10 1.35 2.84
50 1.47 3.01
100 1.52 3.08
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Figure 45: Extrapolated deterministic and probabilistic ‘forecast’ water levels (bias-corrected)
derived using available forecast dataset with the highest water level values and climate
change projections for storm surge signal and mean sea level in Kgge Bay corresponding to
a future 100-year event.

A water level time series from the available forecast dataset was scaled to fit the water level of a
future 100-year event, resulting in the water level time series shown in Figure 45. This represents a

synthetic extreme sea level event, which was used as input to the Greve coastal flood model in order
to obtain a set of probabilistic flood maps for the area (Figure 46).
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Figure 46: Flood maps obtained from the synthetic deterministic and 90% confidence interval
water level time series.

Another way of presenting probabilistic flood maps is shown in Figure 47. Here, maximum flooding
from water levels of different probabilities of occurrence are shown together in one map, allowing
authorities to make more risk-based decisions in dealing with the potential flood event. This method
of flood risk presentation has been successfully used by weather and forecast agencies, such as
NOAA (Demargne, 2006). Examining the set of probabilistic flood maps obtained from this exercise,
flood characteristics are compared and summarized in Table 5. A difference of 1.93 km? (around
22%) in flooded area is observed between flood events with 5% and 95% probability of exceedance.
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Figure 47: Probabilistic Flood Maps for a selected time of forecast using the synthetic
forecast event.

Table 7: Comparison of total flood area [km?], and number of wet elements for maximum flood maps
obtained from deterministic and probabilistic water level events.

Probability Flood Area Total Wet Elements
5% 8.40 84 028
25% 7.80 77 921
75% 6.99 69 921
95% 6.47 64 693
Deterministic 7.21 70178

It should be noted that the synthetic storm surge event used in the probabilistic flood mapping
exercise was around four times larger than the largest event in the dataset used to estimate the QR
model. This could cause an unrealistic representation of the uncertainty bound since the model was
not trained for such large water level predictions. This further highlights the importance of having
training/calibration datasets that are long enough and contain a large variability of events for
developing the error model.

Summary

Despite the advantages of probabilistic flood maps, they require additional analysis and additional
simulation runs. Nevertheless, stochastic models based on QR are relatively easy to apply once the
error model has been built. QR, as a post-processor method, requires long training and verification
datasets, containing as much variability and range of events as possible. The user should be aware
that the efficiency of the stochastic model may decrease with events outside of the training data.
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Probability density function (PDF) plots of the WRF precipitation estimations compared to CMORPH
observations
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