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Abstract

Floods are the leading natural disaster in many countries in terms of damage and losses
per year. Early prediction of such events can help prevent some of those losses. An early
flood warning system requires a short response time and relatively accurate flood hazard
precautions. Artificial neural networks (ANN) show a solid ability to deal quickly with large
amounts of measured data. For early warnings of floods, an ANN for outputting flood inun-
dation maps is developed based on multiple discharge inputs with a high grid resolution (4
m x 4 m). After testing different neural network training algorithms and network structures,
we found resilience backpropagation to perform best. Furthermore, by introducing clustering
for preprocessing discharge curves before training, the prediction quality could be improved.
Synthetic flood events are used for the training and validation of the ANN. Historical events
were additionally used for further validation. The results show that the developed ANN can
predict the maximum flood inundation extent. The mean squared error in more than 98 and
86% of the total area is smaller than 0.2 m? in the prediction of synthetic events and historical
events, respectively.

Besides the maximum inundation extent of flood events, a dynamic profile of the flood inunda-
tion area is also interested in flood precaution. It gives more details of the development and
propagation of the flood areas. A forecast system is planned to perform multistep forecasts
for 1 — 5 h after the flooding event has been triggered by a forecast threshold value. Thus, an
ANN developed for the real-time forecast of flood inundation with a high spatial resolution (4
m x 4 m) is extended to allow multiple forecasts. After training with 120 synthetic flood events,
the ANN was first tested with 60 synthetic events for verifying the forecast performance for
3h, six 6h, nine 9h, and 12h lead time. The model produces good results, as shown by more
than 81% of all grids having an RMSE below 0.3 m. The ANN is then applied to the three
historical flood events to test the multistep inundation forecast. For the historical flood events,
the results show that the ANN outputs have a good forecast accuracy of the water depths
for (at least) the 3h forecast with over 70% accuracy (RMSE within 0.3 m), and a moderate
accuracy for the subsequent forecasts with (at least) 60

Hydrodynamic modeling is a widely applied method for detailed urban flood events. Mean-
while, the development of hydrodynamic modeling enables the possibility of including differ-
ent drainage components in urban flood modeling, which also adds to the model structure
uncertainties. The extreme flash flood event of Simbach 2016 is investigated with seven dif-
ferent model structures of modeled drainage components. First, the 2D hydrodynamic model
PD-Wave is applied to model the surface flow. The 1D hydrodynamic model EPA-SWMM
to model the inflows boundary conditions and urban drainage systems. The maximum in-
undation depths from different model structures are compared. By comparing the model
performance, adding the sewer network could improve the model fit to the measured water
depth data from the gauge stations. Adding the drainage pumps and water treatment plants
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could slightly improve the model performance. The model performance drops slightly as the
structure includes the dam erosions, resulting from simplifying the breach processes. Overall,
the model structure uncertainty from the drainage components would have the larger in the
rivers and the downstream polders, with an uncertainty of water depth up to 0.5 m.

In hydraulic urban pluvial flood modeling, the incorporation of different drainage components
and means of coupling of different satellite areas have a high impact on the overall model
structure uncertainty. Probabilistic flood maps can help visualize the uncertainties from multi-
ple model structures and integrate the results from multiple model structures. Therefore, two
Bavarian cities are chosen for studying the model structure uncertainty. The probability flood
maps generated by three different weighting methods are applied to visualize the model struc-
ture uncertainty in both cities. Two new methods based on nearest map weights (NCW) and
inverted weighted distances (IWD) are proposed for generating more informative probabilistic
flood maps than the method considering overall equal weights (OW) of available checkpoints.
Based on the case studies, uncertainty in the flood inundation arising from model couplings
(20% — 70%) is more significant than drainage components (only up to 10%). Therefore, if
the number of the checkpoints is limited OW method is a good alternative. NCW is more
appropriate for localized analysis. IWD is more suitable for implementing a smooth transition
across the whole area while still accounting for the impact of localized checkpoints.
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Zusammenfassung

Uberschwemmungen sind in vielen Landern die gréBte Naturkatastrophe, was die Schaden
und Verluste pro Jahr angeht. Eine friihzeitige Vorhersage solcher Ereignisse kann dazu
beitragen, einen Teil dieser Verluste zu verhindern. Ein Hochwasserfriihwarnsystem erfordert
eine kurze Reaktionszeit und eine relativ genaue Vorhersage der Hochwassergefahr. Kin-
stliche neuronale Netze (ANN) zeigen eine solide Fahigkeit, schnell mit groBen Mengen von
Messdaten umzugehen. Fir die Hochwasserfriihwarnung wird ein ANN zur Ausgabe von
Uberschwemmungskarten entwickelt, das auf mehreren Abflussdaten mit einer hohen Gitter-
auflésung (4 m x 4 m) basiert. Nach dem Testen verschiedener Trainingsalgorithmen fir neu-
ronale Netze und Netzstrukturen haben wir festgestellt, dass die Resilienz-Backpropagation
am besten funktioniert. Daruber hinaus konnte die Vorhersagequalitat durch die Einfihrung
von Clustering zur Vorverarbeitung der Abflusskurven vor dem Training verbessert werden.
Synthetische Hochwasserereignisse werden fiir das Training und die Validierung des ANN
verwendet. Zur weiteren Validierung wurden zusétzlich historische Ereignisse herangezogen.
Die Ergebnisse zeigen, dass das entwickelte ANN das maximale Uberschwemmungsausmaf
vorhersagen kann. Der mittlere quadratische Fehler ist bei der Vorhersage von synthetischen
Ereignissen und historischen Ereignissen in mehr als 98 bzw. 86% der Gesamtflache kleiner
als 0,2 m2.

Neben dem maximalen Uberschwemmungsausmaf von Hochwasserereignissen ist fiir die
Hochwasservorsorge auch ein dynamisches Profil des Uberschwemmungsgebietes von In-
teresse. Es gibt nahere Auskunft iber die Entwicklung und Ausbreitung der Uberschwem-
mungsgebiete. Ein Vorhersagesystem soll mehrstufige Vorhersagen fir 1 — 5 h nach Auslé-
sung des Hochwasserereignisses durch einen Vorhersageschwellenwert durchfiihren. Dazu
wird ein ANN, das fiir die Echtzeitvorhersage von Uberschwemmungen mit hoher raumlicher
Auflésung (4 m x 4 m) entwickelt wurde, so erweitert, dass Mehrfachvorhersagen méglich
sind. Nach dem Training mit 120 synthetischen Hochwasserereignissen wurde das ANN
zunachst mit 60 synthetischen Ereignissen getestet, um die Vorhersageleistung fir 3h, sechs
6h, neun 9h und 12h Vorlaufzeit zu Gberprifen. Das Modell liefert gute Ergebnisse, was sich
darin zeigt, dass mehr als 81% aller Raster einen RMSE unter 0,3 m aufweisen. Das ANN
wird dann auf die drei historischen Hochwasserereignisse angewendet, um die mehrstufige
Uberschwemmungsvorhersage zu testen. Fiir die historischen Hochwasserereignisse zeigen
die Ergebnisse, dass die ANN-Ausgange eine gute Vorhersagegenauigkeit der Wassertiefen
fir (mindestens) die 3-Stunden-Vorhersage mit Gber 70% Genauigkeit (RMSE innerhalb von
0,3 m) und eine maBige Genauigkeit fir die nachfolgenden Vorhersagen mit (mindestens)
60% Genauigkeit aufweisen.

Die hydrodynamische Modellierung ist eine weit verbreitete Methode zur detaillierten Beschrei-

bung stédtischer Hochwasserereignisse. Die Entwicklung der hydrodynamischen Model-
lierung ermdglicht inzwischen die Einbeziehung verschiedener Abflusskomponenten in die
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stadtische Hochwassermodellierung, wodurch sich auch die Unsicherheiten in der Modell-
struktur erhdhen. Das extreme Sturzflutereignis von Simbach 2016 wird mit sieben ver-
schiedenen Modellstrukturen von modellierten Abflusskomponenten untersucht. Zunachst
wird das 2D-Hydrodynamikmodell PD-Wave zur Modellierung der Oberflachenstrémung einge-
setzt. Das 1D-Hydrodynamikmodell EPA-SWMM zur Modellierung der Zuflussrandbedingun-
gen und der stadtischen Entwasserungssysteme. Die maximalen Uberschwemmungstiefen
der verschiedenen Modellstrukturen werden verglichen. Der Vergleich der Modellleistung
zeigt, dass das Hinzufligen des Kanalisationsnetzes die Anpassung des Modells an die
gemessenen Wassertiefendaten der Pegelstationen verbessern kénnte. Das Hinzufligen
von Entwasserungspumpen und Wasseraufbereitungsanlagen kénnte die Modellleistung le-
icht verbessern. Die Modellleistung sinkt leicht, wenn die Struktur die Dammerosionen ein-
schlie3t, was auf eine Vereinfachung der Bruchprozesse zurtickzufiihren ist. Insgesamt wéare
die Modellstrukturunsicherheit durch die Entwasserungskomponenten in den Flissen und
den flussabwérts gelegenen Poldern am gréBten, mit einer Unsicherheit der Wassertiefe von
bis zu 0,5 m.

Bei der hydraulischen Hochwassermodellierung in stadtischen Uberschwemmungsgebieten
haben die Einbeziehung verschiedener Entwasserungskomponenten und die Art der Kop-
plung verschiedener Satellitengebiete einen groBen Einfluss auf die Gesamtmodellstruktu-
runsicherheit. Probabilistische Hochwasserkarten kénnen dabei helfen, die Unsicherheiten
aus mehreren Modellstrukturen zu visualisieren und die Ergebnisse aus mehreren Modell-
strukturen zu integrieren. Daher wurden zwei bayerische Stadte fir die Untersuchung der
Modellstrukturunsicherheit ausgewahlt. Die Wahrscheinlichkeits-Hochwasserkarten, die mit
drei verschiedenen Gewichtungsmethoden erstellt wurden, werden zur Visualisierung der
Modellstrukturunsicherheit in beiden Stadten verwendet. Zwei neue Methoden, die auf den
Gewichten der nachstgelegenen Karte (NCW) und den invertierten gewichteten Abstédnden
(IWD) basieren, werden vorgeschlagen, um informativere probabilistische Hochwasserkarten
zu erstellen als die Methode, die insgesamt gleiche Gewichte (OW) der verfligbaren Kon-
trollpunkte beriicksichtigt. Basierend auf den Fallstudien ist die Unsicherheit in der Uber-
schwemmung, die sich aus Modellkopplungen (20% - 70%) ergibt, bedeutender als die Abflusskom-
ponenten (nur bis zu 10%). Daher ist die OW-Methode eine gute Alternative, wenn die Anzahl
der Kontrollpunkte begrenzt ist. NCW ist besser geeignet fir eine lokalisierte Analyse. Die
IWD-Methode ist besser geeignet, um einen sanften Ubergang liber das gesamte Gebiet zu
implementieren und gleichzeitig die Auswirkungen der lokalen Kontrollpunkte zu berlcksichti-
gen.
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generalized likelihood uncertainty estimation
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Hydrologic Engineering Center’s River Analysis System
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LARSIM

LfU
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MSE
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NSE

ow
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PCA

PD-Wave

POD

RAM

RMSD

RMSE
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WBANN
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Large Area Runoff Simulation Model
Landesamt fir Umwelt, Environmental Agency
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model structure

mean-square error

nearest checkpoint weight
Nash-Sutcliffe efficiency

overall weight
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Parallel Diffusive Wave
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root-mean-square error

resilient backpropagation

sequential uncertainty fitting
support vector machine

Storm Water Management Model
United Kingdom

United States of America

wavelet bootstrap artificial neural network

wastewater treatment plant
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1. Introduction

1.1. Background

Flood is one of the most dangerous natural hazards hitting settlements which threatens the
safety of civilians and the integrity of infrastructures (Berz, 2001). Flooding is the leading
cause of damage and losses in many countries in the world (Kron, 2005). Furthermore, as a
result of climate and land-use changes, the flood vulnerability of some regions is expected to
rise greatly (Vogel et al., 2011).

Flood is the primary cause of loss and damage among natural phenomena in many regions
worldwide. According to Kron (2005), flood is defined as "temporary covering of land by water
as a result of surface waters escaping from their normal confines or as a result of heavy
precipitation.” By different characteristics, a flood could be further classified as river flood,
flash flood, storm surge, etc. River flood results from long-lasting precipitation for days and
weeks, with the precipitation volume exceeding the soil water capacity. As the water cannot
be infiltrated into the soil, it enters directly into the river, causing a rise in the water level in
the river. The overspilling water from the river channel can cause large inundated areas in
flat valleys. In narrow valleys, the rising water level brings higher momentum, damaging the
infrastructures with solid forces and sometimes transported sediments. Flash flood happens
when precipitation with high intensity falls quickly when the precipitation volume exceeds the
infiltration volume greatly. As flash flood is caused only by precipitation, it can occur on any
type of topography, including flat areas without river creeks. In this case, many flash floods
propagate rapidly, with the flooded area difficult foreseeable. Storm surges happen along
the coast or by the big lakes. Following tsunamis, storm surges can cause huge losses of
lives and properties. Overall, flood often leads to thousands of deaths in less developed
countries. Besides, it also results in massive economic losses. Since the 1990s, significant
flood hazards, e.g., the Yangtze in 1998 and 1996, Mississippi in 1993, Elbe and Danube
in 2002, all make the economic losses over tens of thousand dollars. Due to the scattered
flood hazard worldwide, better flood protections are a global demand rather than a regional
issue.

Human activities have been one of the driving factors for the increase in flood occurrences. In
some areas, the rising human settlements occupy the natural flood retention areas, enhanc-
ing the flood risks locally. The fast growth of population also raises the value of infrastructures
per area, which raises the total loss in a flood hazard. From the perspective of land use, most
floodplains are flat areas with easy access to water resources, suitable for transportation and
development.

Flood damages are also increasing dramatically, especially in recent decades, with the grow-
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ing intensity and frequency of flood events. The damage can cause even higher losses in
highly populated regions and countries. With the enhanced mobility and growing population,
the human settlements expanded to more expansive areas. Expanding human settlements to
those newly developed areas might contain unknown flood risks. Due to this reason, the flood
vulnerability is also rising dramatically in densely urbanized areas after the rapid urbanization
processes in many developing countries.

More dams and channels are built for flood drainage against the growing flood risks, which
requires a proper flood design. To fulfill this demand, an estimation of flood hazard-prone
areas with flood modeling could help evaluate and prevent losses.

1.2. Problem Statement

Flood modeling is practical for flood hazard quantification. While applying flood modeling to
its application, two aspects are worth paying attention to. The first is the rising demand for
real-time flood forecasting. Due to the high uncertainties of flood development processes,
the time for applying the proper flood mitigation measures is usually fixed into a tight time
frame to secure human life and finance. From this objective, a real-time flood forecast system
with a short running time to give an above-moderate accuracy would meet the growing need
for flood early warnings. The second is the uncertainty quantification for flood modeling. In
flood studies, flood models inevitably contain uncertainty due to simplifying modelings and
data errors. Typically, some uncertainties that originated from the choice of the model are
referred to as the model structure uncertainty. Therefore, the model results can be better
quantified and transferred by analyzing model structure uncertainties, which helps in further
decision-making in flood protections.

Based on these modeling techniques, flood risk approaches are evaluated historically in a de-
terministic manner (Di Baldassarre and Montanari, 2009). As the models become complex,
the uncertainty from the dynamic, stochastic, and uncertain nature of the climate, hydrologi-
cal, and river processes are omitted or simplified in the modeling processes. Uncertainty in
flood modeling rises from the model inputs, model parameters, and model structures (Sav-
age et al.,, 2016). In many cases, when modeling the same study area with different model
structures, the model with the best fit may not always be the one with the most complex
model structure (Butts et al., 2004). Therefore, a proper choice of the model structure would
reconstruct the historical event with better accuracy.

The modeling uncertainty in hydrological and hydrodynamic simulation can originate from
various sources. According to Butts et al. (2004), four sources of uncertainties occurs in
the flow modeling: random or systematic errors in the model inputs or boundary condition
data, random or systematic errors in the recorded output data, uncertainty due to sub-optimal
parameter values, and errors due to incomplete or biased model structures. In the past
studies, much research has been done on the first three kinds of parameter uncertainties. In
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contrast, the influence of the model structure on model performance and uncertainty is rarely
investigated.

There are several motivations to consider the model structures in flood simulations. First,
it is a practical simplification to consider the main flow processes while ignoring the other
processes in flood modeling. Second, as the flood modeling proceeds, new processes are
integrated into the earlier models to represent the flow mechanisms. From this perspective, a
quantify of the new model performance on the feedback of the more complex model structure
is helpful for the new model evaluation (Atkinson et al., 2002). Third, many model structures
are justified based on a specific dataset and data quality. As a new dataset becomes avail-
able, the evaluation of the adjusted model structures for the new dataset shows the impacts of
the new data set on the simulation results. Finally, analyses of model structures are essential
in model development and improvement.

The model structures can vary in different perspectives in flood modeling depending on the
modeler’s choice and assumptions. The commons differences are like (Butts et al., 2004):

different processes

different couplings

different numerical discretization

different spatial representation of grids and sub-catchments
different interpretation and representation of raw data

etc.

Specifically, the model processes are different at different levels in urban flood modeling.
Flood events can be modeled using surface runoff, one-dimensional hydrodynamic, two-
dimensional, or three-dimensional hydrodynamic models for different goals. In the context
of urban flood modeling, the sewer network drains massive amounts of water in urban flood
events. Therefore, the dual-drainage concept is implemented in most of the urban flood mod-
els (Djordjevic¢ et al., 2005) (Maksimovi et al., 2007) (Nasello and Tucciarelli, 2005). Generally,
the sub-surface drainage infrastructures are modeled independently from the surface systems
(Chen et al., 2016). Thus, the sub-surface sewer drainage system and drainage pumps, and
water treatment plants could be included in an urban flood model as model components. The
modeling of model component combinations produces various model structures with different
complexity. For coupled flood models, model couplings could also impact the results. For the
modeler, it would be helpful to understand this uncertainty from model couplings and the pros
and cons for the model coupling simplification on the boundary conditions.

For the representation and analysis of flood damages in flood modeling, flood maps are a
valuable tool to represent and analyze the spatial distribution of flood hazards from the output
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of flood models, visualizing the flood vulnerabilities and the risks. Flood maps can be clas-
sified into three categories for their contents: flood hazard maps, flood vulnerability maps,
and flood risk maps (Merz et al., 2007). Flood hazard maps show the flood intensity and
the exceedance probability; flood vulnerability maps present the consequences of floods on
both the economy and society; flood risk maps illustrate the spatial distribution of flood risks,
the losses multiplied by the consequences. Generally, flood inundation maps represent the
spatial occurrences of flooding areas. The inundation maps could be generated either in
deterministic or probabilistic approaches (Stephens et al., 2012). As for deterministic inunda-
tion maps, the set-up is usually based on a two-dimensional (2D) hydraulic model calibrating
some specific historical flood events to optimize the best-fit model parameters. Due to the
model simplification, significant model structure uncertainties are inevitable in the simulation
model, which should also be estimated to avoid the wrong assessment of the flood hazards.
The probabilistic approaches of flood maps have been developed recently to overcome the
limitation of a single model structure. The probabilistic inundation maps are generated from
multiple hydraulic models based on ensemble runs with sensitivity analysis.

1.3. Research Objectives, Questions, and Hypothesis

One of the objectives of this study is to set up an efficient neural network model to replace the
conventional 2D hydraulic model for producing flood inundation maps for fluvial floods. For an
intermediate urban area, a flood simulation using hydrodynamic modeling takes several hours
or days to evaluate the flood hazard, which is time-consuming for precautions for flood events.
Luckily, with the help of a neural network model, a forecast result can be given within several
minutes, enabling an early estimation of the future flood damages. Thus, the related peoples
and authorities would have enough time to react with proper countermeasures. Therefore,
the main objectives are:

To choose the network structure and proper algorithm for network tuning
To validate the forecast results with a testing dataset
To apply the network for historical flood event forecast

Specific questions will be addressed in work:

Which algorithm performs better at the neural network training for flood forecast?

At which accuracy can the neuron network forecast reach? Can the forecast results from
the neuron network be compared with the simulation results from hydraulic models?

The model structure uncertainty is further included in this study to quantify the uncertainty in
flood modeling. The uncertainty analysis generally gives the confidence range of the flood
model results. The case will be analyzed with further details for the flood risk based on the
analyzed uncertainty range. Therefore, the main objectives are:

Multistep Flood Inundation Forecast with Artificial Neural Network 20



To model flood events with different model structures
To quantify the model performance using suitable statistical variables

To represent the model structure uncertainty in visualization

Specific questions will be discussed in work:

Which type of model structures has higher impacts on the flood simulation?

How large is the model structure uncertainty in different simulation outputs?

1.4. Dissertation Structure

This dissertation is organized into eight chapters. The first chapter introduces the research
issues regarding the flood forecast and flood modeling uncertainties, the objectives and the
hypothesis are presented. Chapter 2 summarizes the state of the art of research background,
from different approaches for flood forecast to various studies about the flood model uncer-
tainties. Chapter 3 gives an overview of the three study areas, namely Kulmbach, Simbach,
and Baiersdorf, respectively, for flood inundation forecast using artificial neural network and
model structure uncertainty studies. Chapter 4 presents the study of artificial neural networks,
focusing on the network setting for the forecast. Chapter 5 elaborates the similar methodol-
ogy for multi-step flood forecast compared the results among different forecast time frames.
Chapter 6 introduces different approaches for constructing hydrodynamic urban flood models
by modeling different drainage components and model couplings. Chapter 7 analyses the
model structure uncertainties from drainage components and model couplings and visualizes
the results using probabilistic maps. Finally, Chapter 8 summarizes the majority of findings of
the dissertation and points out the possibilities for future works.
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2. State of the Art

2.1. Modeling Methods of Urban Flood Inundation

Various numerical models are widely used for urban flood modeling (Henonin et al., 2013).
The typical approach for flood models is through modeling of physical flooding processes.
The urban flood inundation modeling can generally be classified into several types: rapid
flood spreading, one-dimensional sewer, one-dimensional overland, two-dimensional over-
land, coupling sewer overland (Bulti and Abebe, 2020). The choice of the hydrodynamic
urban flood inundation modeling is considered counting several factors, such as the repre-
sentation capability of the flooding process, the output forms and quality, the simulation time,
and the requirement for input data.

The rapid flood spreading model takes the total flood volume as the input data (Liu and Pen-
der, 2013). The model simulates the expansion of the flood water by equalizing the water lev-
els in neighboring cells of the terrain (Yang et al., 2015). The model calculates pre-calculation
routines and inundation routines. First, it delineates the terrain topography for determining the
flow routing. Second, it spreads the water volume among the neighboring grids from the low-
est elevation to the highest elevation. The simplification of the model enables a simulation
time of fewer than two minutes (Liu et al., 2015). However, the model can only produce the
final state of the inundation, which lacks the development of the flooding process (Fritsch
et al., 2016).

One-dimensional sewer model simulates the stormwater by simplifying the system for simu-
lating the surcharge or drainage of the underground drainage network (Mark et al., 2004). It
models conduits as links and manholes as nodes. The one-dimensional Saint-Venant flow
equations are applied to simulate the procedure, using the sewer network and the terrain
data. In the calculation, the virtual storage volumes in the sewer network need to be esti-
mated, which adds to the model uncertainty (Jiang et al., 2015). Nevertheless, the precision
of the one-dimensional sewer model is suitable for emergency cases as well as early warn-
ings (Gharbi et al., 2016).

A one-dimensional surface model simulates the surface flow in one dimension. It models
the floodplain as a set of nodes and the flow paths as the links in between (Leandro et al.,
2009). First, the automatic tool delineates the terrain data to set up the one-dimensional
model. Then, the same equation in the one-dimensional sewer model solves the system.
The model produces some inundation characteristics within the delineated flow channels
with this approach. Unfortunately, the model cannot deal with multiple flow directions or flows
surcharging upon street curbs, which jump over the pre-set flow paths.
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A two-dimensional surface model considers the two orthogonal flow directions and simulates
the process of flow propagation. First, it generates the mesh of the flood plain based on the
terrain data. Then, The two-dimensional shallow water equations in a discretized form solve
the hydraulic process. Overall, the two-dimensional surface model can generate the flood
inundation areas and the flow dynamics, e.g., water depth and velocity. The results from the
two-dimensional surface model are relatively higher. Usually, the digital terrain model used
here should include more building features and urban details, while a resolution of 5 meters
or less is recommended for this demand (Mark et al., 2004). However, the 2D surface model
fails to represent the channel flow with a width below the resolution of the terrain model,
ignoring some stormwater drainages in this case. On the other side, the 2D surface model
also requires high resolution of the digital terrain model. Besides, the computation expense
is relatively higher up to hours or days.

The coupling of the different hydrodynamic models expands the model capabilities in urban
flood simulation. 1D — 1D sewer — surface model joins a one-dimensional surface model with
a one-dimensional sewer network model, which enables the model of the flows between the
surface water and the water in the drainage system. The boundary conditions at the coupling
interfaces can be set as bi-directional links (Mark et al., 2004) or uni-directional inlets (Lean-
dro et al., 2009). The 1D — 1D sewer — surface model usually has a low computation time of
less than one hour. However, it fails to calculate the inundation of sewer surcharges beyond
the pre-defined flow pathways (Henonin et al., 2013). A 1D — 2D sewer — surface model in-
terconnects the underground 1D sewer network with the 2D surface. With the integration of
the sewer networks, the results from the 1D — 2D model are usually more accurate than the
2D surface model, as the behavior of the sewer drainage system could be simulated (Hankin
et al., 2008). A complete flood profile could be calculated through this model, including sewer
surcharge points, water depths, flood extents, and flow velocity. The high data requirements
and the relatively long computation time would be the restrictions for applying the 1D — 2D
sewer — surface model (Bamford et al., 2008).

2.2. Data-driven Models for Flood Forecast

All approaches require field measurements for defining the model parameters. Besides, the
prohibitive high computation costs and the requirement for detailed datasets further restrict
the application for real-time forecasting (Vogel et al., 2011). With the advances in high-
performance computing, graphics processing units (GPU) nowadays are capable of faster
2D simulation in much larger areas (Kalyanapu et al., 2011). Although these scalability tech-
niques reduce the simulation time significantly, it is still unacceptably high in many cases for
real-time early warning systems.

The development of computer technologies enables the access and analysis of a large amount
of data, prompting the development of data-driven models. Data-driven approaches can be

a feasible alternative for established flood simulation models (Mosavi et al., 2018). Unlike
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conventional numerical models, data-driven models require input/output data only. The fast-
growing trend of data-driven models has shown their high performance even for non-linear
problems (Maniak, 2016). Unlike physical-based models, data-driven models do not require
field measurements for determining (physically based) model parameters, which alleviates
the burden on the users for data gathering and model setup. ANN can be a helpful tool for
modeling if properly applied. Indeed some of the pitfalls are the likelihood of over-fitting or
under-fitting the data and insufficient length of the data sets, which may lead to erroneous
model results (Zhang, 2007).

Data-driven models are being applied more widely in flood precaution and forecast. For ex-
ample, various short and long-term flood forecasts have been developed using neuro-fuzzy
(Dineva et al., 2014), support vector machine (SVM) (Bermudez et al., 2019), support vec-
tor regression (Gizaw and Gan, 2016) (Taherei Ghazvinei et al., 2018) and artificial neural
network (ANN) (Kasiviswanathan et al., 2016).

An artificial neural network is a popular approach in flood prediction (Abbot and Marohasy,
2015) (Elsafi, 2014), to cope quantitatively with the complicated behavior of flood parameters.
Some works have successfully applied ANN for forecasting water levels. Dawson and Wilby
(2001) applied ANN to conventional hydrological models in flood-prone catchments in the UK
in 1998. Since then, many studies about flood forecasts in catchment scales arose (Chang
etal., 2018a) (Yu et al., 2006). Thirumalaih and Deo (1998) compared the water level forecast
results along a river using backpropagation, conjugate gradient as well as cascade correla-
tion. Coulibaly et al. (2000) combined Levenberg-Marquardt Backpropagation (Marquardt,
1963) with cross-validation to prevent the under-fitting and overfitting in daily reservoir inflow
forecasting. Sattari et al. (2012) applied a backpropagation network and a time lag recur-
rent network, having reached a similar forecast accuracy in reservoir inflow. Humphrey et al.
(2016) joined a conceptual rainfall-runoff model with a Bayesian artificial neural network for
improving the accuracy of the neural network. Sit and Demir (2019) used discretized neural
networks for the entire river network in lowa. By including more location information, they
could enhance the forecasting results. Bustami et al. (2007) applied a backpropagation ANN
model for forecasting water level at gauging stations. Tiwari and Chatterjee (2010) compared
different types of ANN predictions of water levels at gauging stations, namely a wavelet-
based, a bootstrap-based, and a hybrid wavelet-bootstrap-ANN (WBANN). They showed that
the WBANN model was more accurate and reliable than the other three ANNs. For flood
inundation forecast, Simon Berkhahn et al. (2019) trained an ANN with synthetic events of
spatial rainfall data for 2D urban pluvial inundation. Chang et al. (2018b) applied a mix of
SVM and GIS analysis to expand point forecasts to flooded areas at a sub-catchment scale.
Chu et al. (2020) proposed an ANN-based framework for flood inundation prediction based
on single inflow data for a 20 m x 20 m grid resolution.
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2.3. Model Structures for Urban Flood Modelling

Various hydraulic models have been developed for urban pluvial flood simulation in the recent
50 years, from one-dimensional to three-dimensional, simple to complex (Nkwunonwo et al.,
2020). Based on these modeling techniques, flood risk approaches are evaluated historically
in a deterministic manner (Di Baldassarre and Montanari, 2009). As the models become
complex, the uncertainty from the dynamic, stochastic, and uncertain nature of the climate,
hydrological, and river processes are omitted or simplified in the modeling processes. Uncer-
tainty in flood modeling rises from the model inputs, model parameters, and model structures
(Savage et al., 2016). In many cases, when modeling the same study area with different
model structures, the model with the best fit may not always be the one with the most com-
plex model structure (Butts et al., 2004). Therefore, a proper choice of the model structure
would reconstruct the historical event with better accuracy.

There are several motivations to consider the model structures in flood simulations. First,
it is a practical simplification to consider the main flow processes while ignoring the other
processes in flood modeling. Second, as the flood modeling proceeds, new processes are
integrated into the earlier models to represent the flow mechanisms. From this perspective, a
quantify of the new model performance on the feedback of the more complex model structure
is helpful for the new model evaluation (Atkinson et al., 2002) (Farmer et al., 2003).

Specifically, in urban flood modeling, the model processes are different in many ways. In
the context of urban flood modeling, the sewer network drains massive amounts of water
in urban flood events. Therefore, the dual-drainage concept is implemented in most of the
urban flood models (Djordjevi¢ et al., 2005) (Maksimovic et al., 2009)(Nasello and Tucciarelli,
2005)). Generally, the sub-surface drainage infrastructures are modeled independently from
the surface systems (Chen et al., 2016). The modeling of model component combinations
produces various model structures with different complexity.

The sewer drainage system has an important influence on urban flood modeling. By integrat-
ing the sewer drainage system, an urban flood model also models the processes of the chan-
nel flow in urban drainage systems. Therefore, the model considers the water-transporting
and surcharging of the drainage system in flood events by implementing the dual drainage
concept (Djordjevi¢ et al., 1999). Classified by the relation to the drainage types, the urban
area can be divided into several types (Schmitt et al., 2004):

surface areas
single drainage areas
distinct surface drainage components

closed underground sewers
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Surface areas behave differently in a flood event. Single drainage areas turn rainfall into
surface runoff, affected by surface features. Distinct surface drainage components put the
surface runoff to the underground sewer systems. Closed underground sewer represents
sewer network facilities under the urban area. By connecting the surface and underground
sewer networks, bi-directional connections allow water exchange between the surface and
the sewer network.

Besides the dual-drainage concept, the 1D hydrodynamic model is also applied for modeling
the inflow upstream in urban flood modeling. Compared to the urban area, the upstream
catchment usually has a much larger area. As flood details in the upstream are far from
the constructed area, detailed modeling with 2D would undoubtedly lead to an unaffordable
computational expanse. The modeling of the upstream catchment with 1D modeling hence
becomes an alternative. However, this approach gives the discharge volume at the 1D-
2D interface as the inflow boundary condition of the 2D models. Consequently, the model
structure uncertainty also increases as the model structure grows.

2.4. Model Uncertainties in Urban Flood Modelling

Uncertainties in hydrology studies are inevitable due to the unknown dynamics in surfaces
and sub-surfaces processes (Mirzaei et al., 2015). Therefore, two steps are introduced into
urban flood modeling, namely identification of model uncertainties and quantification of model
uncertainties (Beven et al., 2015).

According to Merz and Thieken (2005), the model uncertainties could be classified into natural
and epistemic uncertainties. Natural uncertainty originates from stochastic processes, while
epistemic uncertainty arises from a lack of understanding of the modeled processes.

Data and boundary condition uncertainties appear widely in the hydrological modelings. River
bed profiles and flow paths are usually simplified in mathematical representation. As a result,
the boundary and initial conditions can hardly be measured and remain unknown. Besides,
many hydrological cases have data scarcity problems, with some assumptions and interpo-
lation to fulfill the model requirement. All these cases cause disagreement of the model from
reality. The model uncertainty quantification is an exciting topic among researchers, as it
helps to understand better the outputs from the models. Especially in flood risk assessment,
five sources of epistemic uncertainties are significant. They, therefore, should be considered:
the assessment of rainfall or snowmelt input, the flood occurrence frequency, the percentage
of the contribution that the flood inputs to the flood runoff, the outline of the flood inundation,
and the flood damage assessment (Beven et al., 2017).

In the previous studies, various model uncertainties have been investigated, e.g. model struc-
tures (Apel et al., 2009), model parameters (Bates et al., 2004), model inputs (Abily et al.,

2016), and validation data (Stephens et al., 2012). In a study of conceptual models, Enge-
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land et al. (2005) showed that model structure uncertainty has a more significant impact on
the results than the model parameter uncertainty. Kavetski et al. (2002), and Chowdhury
and Sharma (2007) studied model uncertainty by adding noise to input data and set up an
empirical formulation for parameter errors.

Statistical probability methods and the quantification of uncertainty sources are applied in the
modeling processes (Beven et al., 2015). One typical approach, sensitivity analysis, is to
quantify the uncertain parameters with a more significant impact on the results (Hall et al.,
2005). The sensitivity analysis deals with a single parameter at a time around a fixed value,
while the outputs are inspected for their changes (Tsubaki and Kawahara, 2013). Another ap-
proach, the "global method," samples the parameters varying in the whole feasible spaces,
while the outputs are checked for their ranges and distributions (Abily et al., 2016). Many
previous studies on model uncertainty focus on the uncertainty from model parameters, es-
pecially the most significant uncertainty caused by frictions (Hall et al., 2005). However, since
the uncertainty definition relies on statistical assumptions, the assessed uncertainties could
also vary due to the different methods (Pappenberger et al., 2008).

In the bayersian approach, an input function takes a sampling over the model parameters
to assess the uncertainty on the output. The method uses formal probability distribution for
input samplings and introduces formal likelihood measures to obtain confidence intervals of
the model outputs (Hall et al., 2011). Alternatively, the Generalized Likelihood Uncertainty
Estimation (GLUE) applies a more flexible likelihood to obtain the confidence intervals of
the model outputs (Beven and Binley, 1992). A lot of previous methods for probability flood
inundation predictions have been developed using GLUE (Aronica et al., 2002) (Romanowicz
and Beven, 2003).

For the errors in the input and the model structure, an error model for temporal correlation
of the residuals is also introduced for uncertainty quantifications (Yang et al., 2007), and
Schaefli et al. (2007)). By introducing improved likelihood functions for input and model
structure errors, integrated Bayesian uncertainty estimation (Ajami et al., 2007).

By comparison with five uncertainty analysis methods using Nash—Sutcliffe coefficient, Yang
et al.(2008) concluded GLUE produces a good prediction of uncertainty bands. The GLUE
approach was originated from the sensitivity analysis method by Hornberger and Spear
(1981). Afterward, due to its easy concept and implementation, the GLUE is applied to many
studies, e.g. flood inundation (Aronica et al., 2002) (Chau et al., 2005) (Goodarzi et al.,
2011), rainfall-runoff modelling (Beven and Binley, 1992) (Freer et al., 1996) (Lamb et al.,
1998), ground radar-rainfall estimation (Tadesse and Anagnostou, 2005), and distributed hy-
drologic modeling (McMichael et al., 2006) (Muleta and Nicklow, 2005). In a word, the GLUE
is becoming a popular tool for accessing model uncertainties.
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3. Study Areas

3.1. Kulmbach

Kulmbach is located in the middle of Upper Franconia in Bavaria by the river Main. The
city consists of northern and southern parts split by the White Main crossing it. About 27
thousand inhabitants live in this city. The city has a population density of 292 inhabitants per
km?2. The study area for flood prediction in Figure 1 has the area of 11.5 km2. On May 28,
2006, Kulmbach was heavily flooded from the river and streams nearby. This event triggered
decision-makers to review the initiatives of flood prevention for the city.
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Figure 1 Study area of Kulmbach

The Kulmbach catchment has an area of 1166.70 km? (by Gauge Mainleus, including Gauge
Kédnitz 313.60 km?, Gauge Kauerndorf 247.20 km?, Gauge Unterzettlitz 496.30 km?) with
an elevation between 288 m and 529 m. The catchment has four land-use types: 80.7%
vegetation area, 11.8% settlement area, 6.2% traffic area, and 1.3% water area. Seven
streams contribute to this area, namely the Red Main, Schorgast, Dobrach, White Main,
Kinzelsbach, Kohlenbach, and Mihlbach. A canal, Mihlbach, has been constructed in the
city center for flood protection. On the upstream, Schorgast is the major tributary joining with
White Main. In the downstream, Red Main and White Main are joined in the south of city
Kulmbach, forming the river Main, the longest tributary of the Rhine. The White Main has an
annual average discharge of 7.7 m%/s (Wasserwirtschaftamt Hof, 2012).
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3.2. Simbach am Inn

Simbach am Inn is located in the district of Rottal Inn of the administrative region of Lower
Bavaria in south-eastern Bavaria next to Austria. The river Simbach converges into the river
Inn in the city with an annual average discharge of 0.3 m3/s, which forms the local German-
Austrian border (Wasserwirtschaftamt Deggendorf, 2012). The population of Simbach city is
9813 (LfStat, 2019). The city Simbach covers an area of 47.33 km 2 with a population density
of 210 inhabitants per square kilometer. The flash flood event in 2016 has caused significant
damages and losses to the city, which triggered the local authority’s attention on flood pre-
vention. For the event reconstruction, the measurement data collected by the University of
Natural Resources and Life Sciences Vienna are used in the following studies (Hubl et al.,
2017). In Simbach city, the water levels at 14 checkpoints are used to validate the different
model structures for the goodness of fit to the historical event.

The Simbach catchment has an area of 36.38 km?, with an elevation between 551 m and 334
m. In our study, the Tributary Area Antersdorfer Bach and Kirchberger Bach of 26.92 km? are
modelled with 1D surface runoff model and the Simbach city center of 9.73km? is modelled
with 1D-2D dual drainage model. The catchment has four different land-use types: 83.1%
vegetation area, 12.1% settlement area, 4.5% traffic area, and 0.3% water area. The city lies
in the south of the catchment. The catchment has into two tributaries: the Antersdorfer Bach
and Kirchberger Bach. The average channel slope of Antersdorfer Bach is 1.3%, and the
average channel slope of Kirchberger Bach is 1.2%. The two streams converge to the river
Simbach. As a comparison, the average slope of Simbach in the city area has an average
slope of 1%. In the south of the city, two water pumps control the floodplain of River Simbach,
and one water pump controls the floodplain of River Erlach.

3.3. Baiersdorf

Baiersdorf lies in Middle Franconia in the northwest of Bavaria, between Erlangen and Forch-
heim. River Regnitz flows through the west of the city of Baiersdorf.

The Baiersdorf catchment has an area of 49.45 km? with the inhabitants more than 15 thou-
sand. lts elevation varies between 256 m (west) and 548 m (east). The catchment has
four land-use types: 77.32% vegetation, 13.85% settlement, 6.58% traffic, and 2.25% water.
Within the Baiersdorf catchment, several satellite urban areas are distributed in the east, e.g.,
Poxdorf, Effeltrich, Hagenau, Igelsdorf, Langensendelbach, Brauningshof, and Adlitz, while
the city is in the south of the catchment. Only the flows from the adjacent hills contribute to
the flooding and further leave the catchment into the River Regnitz.

An extreme flood event hit Baiersdorf on 21st, July 2007, causing significant disruption in
transportation and a total loss of 86 million euros. Since then, Baiersdorf city has invested
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more in flood protection measures. In Baiersdorf city, the water levels at 18 checkpoints from

the flood event 2007 are used to validate the different model structures for the goodness of fit
to the flood event.
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4. Prediction of Maximum Flood Inundation Extents

4.1. Methodology

This section introduces the methodology for maximum water depth prediction of flood events.
The methodology would start from the algorithm for neural network training. After that, we
introduce the input and output patterns. Next, clustering methods will be discussed as a pre-
processing for the training event database to test for better model performance. Finally, the
model evaluation method is presented at the end of this section.

4.1.1. Artificial Neural Network and Resilient Backpropagation Algorithm

The ANN applied in this work for modeling the study area is a forward-feed neural network
(FNN) (Nawi et al., 2007), producing and transmitting the data in a network structure. The
fundamental element of the neural network is the neuron. Each neuron collects values from
the previous layer by summing up the values multiplying the weight on each input arc, and
storing the results on itself. Through multiple layered neurons, information is proceeded by the
weights and transferred over the network, finally reaching the output layer. Seven inflows give
the input layer upstream contributing to the urban area of Kulmbach from the event database
(more details in Section 4.2). The output layer generates from the raster flood inundation map
from the event database.

Backpropagation is an algorithm widely applied in neural network studies for optimizing the
weights in forward-feed neural networks (Nawi et al., 2007). The procession consists of two
phases: the training phase collects a part of data from the existing database, tuning the model
by changing the weights on input arcs to minimize the bias on the output layer; the recalling
phase produces the new outputs for the testing inputs. The rest individuals in the training
dataset are used to evaluate the network performance. The total bias between the output
of ANN and the observed values defines as the error function. The weights are modified
automatically using the function below to reduce the error function in each iteration. The
chain rule is applied here for minimizing the biases, namely written as:

oL B oL . 00; . Onet;
8wij N 801 8neti 8wij

where

L is the is error function of the model.

wj; is weight from 4 'th neuron to j 'th neuron.
O; is output of the model.

net, is weighted sum of the inputs of neuron .
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wij(t + 1) = wij(t) — € (42)

where
e is the learning rate taken as 0.01 in our training.

The learning rate scales the gradient in each iteration of the weight update. Therefore, it is
critical to pick up the correct value. A high learning rate will miss the optimal point, while
a low learning rate would slow the training process. Herein, we apply the gradient descent
algorithm to calculate the update of the weights. To speed up the convergence of the iteration
in Formula 4.2, resilient backpropagation as defined in (Saini, 2008) is applied, which treats
the update of weights differently depending on the derivative of the error function. A higher
alternative learning rate ™ could speed up the iterations if the error gradient remains in
the same direction in neighboring time-steps and a lower alternative learning rate = when
approaching the optimal weights.

oL oL
+ . L (+ — __ . _
A=) g0 g1 >0
oL oL
Ajt) =4 n-Ayt—1) ,=—(t)- (t—1) <0 (4.3)
J 8’(1]@‘ Gwij
At —1) ,else
oL
ij
wij(t) = wij(t —-1)— Aij(t) ,aaL(t) >0 (4.4)
wij
0 ,else

inwhich 0 < n~ < 1 < n™. In our study these were set constant and equalto = = 0.5,n" =
1.2.

Due to the total number of pixels (resolution of 4 m by 4 m) in the city of Kulmbach, a sin-
gle hidden layer would exceed 365 thousand elements. Therefore, for a lower storage re-
quirement and a shorter ANN model training time, the study area is subdivided into 50 x 50
squared grids, each grid having its independent ANN (the output layer has 1400 elements)
(Figure 4). A similar strategy was used by Berkhahn et al. (2019) for an ANN for flood
prediction having rainfall as input.

4.1.2. ANN Network Input and Output
The inflows of the seven streams, taken from the boundary conditions for the hydraulic model
from the synthetic event database, are inputted for ANN training. The training—validation of
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Figure 4 Neural network setups for maximum inundation prediction

the 50 x 50 ANN aims to replace the hydraulic processes within the marked study area (see
Figure 1). The ANN receives the same input discharge inputs, namely the seven hourly
discharge inflow volumes. Each ANN aims to generate the inundation map for one sub-
divided area, after training with the same inflows the inundation map within the sub-divided
areas from the synthetic event database at a high resolution. Only the water depth is to be
generated as the outputs.

4.1.3. Fuzzy C-Means Clustering and Principal Component Analysis
Clustering

We apply clustering to the discharges training dataset to further enhance the ANN behavior.
Therefore, we can reduce the size of the training dataset while still keeping the main rep-
resentative events. This approach can reduce the training time and minimize the overfitting
effects. Fuzzy C-means clustering (FCM) (Tilson et al., 1988) is a widely used clustering
method, which avoids the deficit of the sub-clusters with certain similarities within its com-
ponents (Mukerji et al., 2009). In FCM, every event is given a membership u, indicating the
relation between the event and a certain cluster. If a membership is equal to zero, the event
has nothing in common with a specific cluster; if the membership is one, the event is at the
cluster center. Once a cluster is set up, the membership u can be calculated by the follow-
ing equations and the events’ distances. For cluster ¢ and event j, the membership u;; is to
quantify distances between events and cluster centres.

uj € [0,1]

n
Zuijzl, 1<j<n
i=1
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where

c is number of clusters, 2 < ¢ <n — 1.

v; is centroid of ¢ 'th cluster.

d;; is Euclidean distance between event j and its corresponding centroid.

The total sum of distances between events and the cluster centroids has to be the minimum
possible for optimal clustering. Therefore, the following objective function needs to be opti-
mized:

Jn(U, V) = Z > (uij)’di (4.9)

Two approaches are applied for deciding the clustering parameters: (a) conventional clus-
tering (by pre-selected hydrograph characteristic parameters); (b) dimension reduction meth-
ods. In the former, the clustering variables chosen were P(peak discharge value), T'(peak
time), V (total volume), V54 (volume in the first 24 hours). These can be applied individually
or combined. The latter clustering method is based on principal component analysis among
the hydrographs. The data are projected to several principal eigenvectors for dimensional-
ity reduction via PCA for further clustering with FCM. To determine the optimal number of
clustering ¢, we define the clustering performance index L(c).
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The optimal cluster number c can be determined by the maximum L(c).
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4.1.4. Model Evaluation

To evaluate the performance of the ANN prediction of maximum flood inundation in the study
area is based on the mean squared error (MSE) of each independent ANN. The inundation
maps from the synthetic events produced using dynamic model HEC-RAS are the observed
values for ANN validation. The synthetic events have been produced from FloodEvac-Tool
(Bhola et al., 2018). The model has been validated (Bhola et al., 2019). As each grid has its
independent training network, the MSE is evaluated using all the pixels in each grid.

1 n
MSE = — ) (T - S)? 4.11
- ; ) (4.11)
where
T is the predicted value.

S is the observed value.

To evaluate the overall behavior of the model across the training and validation data sets, the
average MSE is evaluated for the average accuracy.

N
1
avg. MSE™ = = > MSE (4.12)
n=1

where

m is the grid index.

n is the pixel index in a grid.
N is the total number of pixels.

4.1.5. Hydrodynamic Model HEC-RAS 2D

The hydrodynamic model applied as a benchmark for ANN prediction network is HEC-RAS
2D. The model, originally developed by U.S. Army Corps of Engineers, has been applied
broadly in diverse studies (Quirogaa et al., 2016) (Patel et al., 2017). 2D Saint-Venant and
diffusive wave equations are integrated in the solver of HEC-RAS 2D. For generating the
event database for the ANN predictions, the diffusive wave is chosen for its higher stability. The
mass and momentum are calculated using Eq. 4.13 and 4.14, 4.15. The barotropic pressure
gradient, equal to the bottom friction, drives the flow movement (Brunner, 2016).

OH Ohu Ohv

T T = 413

ot * Oz + y tq=0 ( )
H

975 +epu=0 (4.14)
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where H is surface elevation [m].

h is water depth [m].

u and v are the velocity in x-, y-direction [m/s].
q is the source/sink.

g is gravitational acceleration [m/(s?)].

cy is bottom friction coefficient [/s].

R is hydraulic radius [m].

|V'| is magnitude of velocity [m/s].

n is Manning roughness coefficient [s/m 1/3].

4.2. Data Preparation

This study develops a method for predicting the maximum flood inundation in an urban area
by backpropagation networks based on multiple inflow data for a grid resolution of 4 m x 4
m. Unlike most previous studies, this work focuses on applying ANN in an urbanized area to
produce high-resolution flood inundation maps from river flooding. Thus, only the real-time
discharges of the upstream catchments are needed to predict maximum flood inundation.

The synthetic event database is generated by the 2D hydraulic model HEC-RAS (Hydrologic
Engineering Center - River Analysis System, Davis, CA, USA) for various rainfall intensi-
ties, distribution, duration (Bhola et al., 2018). The synthetic events are built following two
stages. First, the hydrologic model LARSIM (Large Area Runoff Simulation Model) (Ludwig
and Bremicker, 2006) calculates the discharge hydrographs into the city area. LARSIM is a
hydrological model applied for flood forecasting at the Bavarian Environment Agency (Disse
et al., 2018). Afterward, the 180 convective and advective events are simulated with the 2D
hydraulic model HEC-RAS 2D to generate the flood inundation map database. The maps are
generated with high temporal resolution (15 min) and projected to a spatial resolution of 4 m
by 4 m. For further details of the generation of synthetic events, please refer to Bhola et al.
(2018).

4 3. Results and Discussion

This section compares different network settings, and the better combinations are selected
based on the model evaluation criteria given in Section 4.1.4. Different training algorithms,
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the numbers of hidden layers and neurons, grid resolution, are tested for improving network
performance. The results with and without pre-processing using FCM have been compared
afterward with the selected network settings. The configured networks are finally applied to
predict the synthetic and historical events.

4.3.1. Training Algorithm

Two training algorithms are applied for training the ANN model using the same training dataset
(Event #1~#120): resilient backpropagation (RP) and the conjugate gradient (CGF). After
that, both generated models are evaluated using the MSE over the remaining runs (60) in
the testing dataset (Event #121~#180) (see Figure 5). Figure 6 shows the MSE evaluated
over the training dataset just for comparison purposes. In Figure 5(a)(b), most grids have
the MSE lower than 0.2 m?, showing that both RP and CGF networks behave well in general.
Figure 6 shows the MSE from RP is mostly better than that of CGF.

Grid
Grid

Each grid is an ANN with houses in black (a) Average MSE among events by resilient backpropagation (RP) (b)
Average MSE among events by the conjugate gradient (CGF)

Figure 5 Model performances by two training algorithms in testing dataset

This section discusses the two training algorithms, resilient backpropagation and conjugate
gradient. Figure 5 and Figure 6 support that both algorithms do not show overfitting. Indeed,
similar MSEs from the training and testing datasets are visible. However, we still observe a
few grids with higher MSEs, suggesting that increasing the size of the training datasets could
further improve the performance. Figure 6 shows that the resilient backpropagation has a
lower standard deviation of the MSE for the testing dataset compared to that of the conjugate
gradient. Therefore, we choose resilient backpropagation as the training algorithm. This
observation is in line with other researchers who also described resilient backpropagation as
efficient with forward-feed neural networks (Bustami et al., 2007) (Chibueze and Nonyelum,
2009).
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Figure 6 Model performances by the two training algorithms in the training dataset

4.3.2. Number of Hidden Layers and Neurons

For better performance of the neural networks, the numbers of network layers and neurons
per layer are optimized using the error function with the training dataset. The layer number is
tested between two and six, while the neuron number is 10 to 30.

Table 1 Number of grids in each combination (number of layers and neurons) which outperform the others

Number of Layers

Number of Neurons 2 3 4 5 6

10 - 4.83% 1.21% 2.59% 3.62%
15 0.17% 7.0% 1.72% 2.24% 2.93%
20 1.55% 6.21% 1.38% 0.69% 1.90%
25 2.41% 3.28% 0.69% 0.86%
30 1.55% 5.00% 0.00% 1.21%

Gray: the optimal grid percentage larger than 13%.

Table 1 shows the number of grids in each combination (number layers and neurons) which
outperform all the others; it shows that 70% of all grids fall within the number of layers equal
to two or three layers.

The number of hidden layers and the number of neurons have a decisive impact on the effec-
tiveness of the neural network (Xu and Chen, 2008). Due to their critical importance, different
combinations of hidden layer numbers and neuron numbers were tested for an optimal com-
bination. The number of layers varies among two, three, four, five, and six, and the number of
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neurons among 10, 15, 20, 25, and 30, amounting to a total number of combinations tested
of 25. In Table 1, a grid is 'optimal’, once the error function reaches the minimum. From
the results, it is possible to conclude that most grids (70%) behave better with two or three
hidden layers. However, no general trend is visible between the number of neurons and the
number of hidden layers. The ’optimal’ occurs over all the combinations of hidden layers and
the number of neurons. When the layer number takes four, five, or six, it is possible to find
widespread ’optimal’ neuron numbers. For most cases (70%, where the layer number takes
2 or 3), the network with fewer neurons behaves better with only two hidden layers. However,
the network with more neurons behaves better with three hidden layers. Overall, the complex
dependency between hidden layers and neurons reflects the complexity in the input training
datasets. Our study used two hidden layers with ten neurons per layer.

4.3.3. Grid Resolution

The grid resolution comparison aims to verify if a finer grid improves the prediction perfor-
mances. Each grid is an individual ANN for the inundation prediction.
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(a) Average MSE among events in 50 x 50 grids by RP (b) Average MSE among events in 100 x 100 grids by RP

Figure 7 Model performance by numbers of ANNs in testing dataset

Table 2 Impact of ANN number on training

Grid size Wet grid Average MSE > (Average MSE > 0.1) %

0.1
50 x 50 485 19 3.92%
100 x 100 1679 82 4.88%

Wet grid: number of grids which have water
Average MSE > 0.1: number of grids with average MSE > 0.1

Two grid sizes are tested, namely one with 50 x 50 (each grid has 1400 pixels) and another
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with 100 x 100 (each grid as 350 pixels) grids (Figure 7). The former has 2500 ANN networks,
while the latter has 10000.

The results from the two grid size settings show the capability of the ANN to perform predic-
tions with small MSE (Figure 7). However, from the comparison of error, the 50 x 50 performs
better (see Table 2) and is computationally more efficient. Concerning the processing time,
the 100 x 100 (finer grids) takes two hours more only to initialize the network due to its higher
number of ANN. Furthermore, the 100 x 100 grid tends to have a larger MSE during the test-
ing phases, indicating more overfitting than the solution with 50 x 50. Therefore, testing for
different higher grids is unnecessary for over-fitting. On the other hand, a decrease in grids
produces less precise results. Therefore, giving more weight to the training efficiency with
less overfitting, our study decided to proceed with the 50 x 50 grid.

4.3.4. Fuzzy C-Means (FCM) Clustering

Here different results from clustering different sets of parameters obtained from the hydro-
graphs are evaluated using the index L(c) (Tilson et al., 1988). More significant numbers
indicate better parameter settings.
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(a) Conventional FCM criteria and their corresponding L(c) values. P (peak discharge value), T' (peak time), V/
(total volume), Va4 (volume in the first 24 hours). (b) Data preserving rate in relation to the numbers of principal
components. A minimum Data-preserving rate of 97.5% was selected as a good representation of the training
database

Figure 8 Determine cluster numbers and numbers of principal components

Figure 8(a) shows the relationship between the index L(c) and the clustering number, with
the selected parameters for fuzzy c-means clustering. Table 3 shows the spreads of the
90% confidence intervals of the clusters. According to Table 3, the clustering by four param-
eters (P, V, Vo4, T) produces the minimum spread, which is the best clustering parameter
combination for our studies. Figure 9 also shows that the 90% confidence interval of the four
clusters by conventional FCM according to the parameter combination of (P, V', Va4, T') is the
best choice. Besides the conventional FCM, FCM is also quantified based on principal com-
ponent analysis (PCA-FCM). By choosing seven components for clustering, we can represent
more than 97% of the original data (Figure 8(b)). Figure 10 shows the clustering results by
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Figure 9 Clustering of discharge curves in training dataset by FCM

PCA-FCM. The comparison in Table 3 shows that PCA-FCM generates smaller integrals of
the bandwidth area (i.e. the 90% confidence interval is shown in Figure 10) than those of
the conventional FCM. The integral of the bandwidth area is a measure of the spread of the
discharge curves in each cluster. An efficient clustering strategy will have a small spread.
Therefore, this study introduces the PCA-FCM clustering. Table 4 summarizes the sign of
the differences among the training results from 100 clustered events to those from original
unclustered 120 events and a random unclustered 100 events.

In the conventional FCM by hydrograph characteristic parameters of P(peak value), T'(peak
time), V (total volume) and V54 (volume in the first 24 hours), and their combinations were
tested. Figure 8(a) and Table 3 show that the potent combination of all four parameters cre-
ates the most compact clusters evaluated by the performance index. In the second approach
of PCA-FCM, we conducted PCA over the discharge curves (50 dimensions) to reduce their

Multistep Flood Inundation Forecast with Artificial Neural Network 41



300 - 300
* 90% con. interval |

2200 2 200
£ £
5] Q
50 50
g g
= =
£ 100 £ 100

0 10 20 30 40 50
time(h) time(h)

(@) (b)

300 300 -
* 90% con.interval‘

<2 200 <= 200
8 8
5] 5]
50 50
= =
v 5

Z 100 £ 100
a a

0

20 30 40 50
time(h) time(h)

(©) (d)

Stream Red Main (the biggest inflow) are clustered into four clusters (a—d).
Asterisks represent the 90% confidence intervals

Figure 10 Clustering of discharge curves in training dataset by PCA-FCM

dimension to the first ten orthogonal eigenvectors. The discharge inputs have a preserving
rate of 97% (Figure 8(b)) when represented with the first seven eigenvectors. Therefore, we
choose the first seven principal components for clustering into four groups in our research.
Compared to conventional FCM, we observe that five out of seven streams have a smaller
clustering spread (except Upper Schorgast and White Main), while the rest two are only

slightly larger.

It is crucial to verify that the clustering strategy is efficient. Therefore, we compare it with
three other strategies using the MSE:

+ the original training dataset, consisting of the original 120 events in the training dataset
from the synthetic database (RP120)

+ randomly select the 100 events from the 120 events (RP100)
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Table 3 Integral of the bandwidth of 90% confidence intervals of discharge inputs with FCM and PCA-FCM

Clustering Red Main Upper Dobrach  White Kinzels- Kohlen- Miihi-
Parame- Schor- Main bach bach bach
ters gast
P 20886 11916 327 14275 327 327 656
T 19808 10954 277 12624 277 277 551
% 18298 10056 229 11337 229 229 457
PV 20208 10799 285 12744 285 285 569
TV 19358 10844 275 12433 275 275 550
PT 18826 10447 283 12353 283 283 565
PV, T 17964 9494 271 11452 271 271 539
P,V Vo, T 17844 9405 244 11030 244 244 489
PCA 17311 9799 221 11378 221 221 443

Table 4 Sign of error difference between PCA-FCM clustered 100 events, original 120 events, and the randomly clustered 100
events

50h-Prediction Number of Grids
Positive Negative
Avg.MSE RP100C-Avg.MSE RP120
231 253
Positive Negative
Avg.MSE RP100C-Avg.MSE RP100
188 296

randomly select 100 events from the four clusters (RP100C)

The results show that the RP100C behaves slightly better than RP120, which means we can
achieve similar good predictions even with a clustered dataset with a smaller size. However,
the RP100C behaves much better than RP100; this shows that clustered individuals perform
better than random individuals with the same training database.

4.3.5. Maximum Flood Inundation Prediction for Synthetic Events

For the sake of representation of results, Figure 11 shows one example of the comparison of
the flood inundation maps of one single event, Event 180. It is visible that the flood inundation
maps from the ANN and the HEC-RAS database are very similar. The average and standard
deviation of MSE of every testing event in the whole area is calculated to study the overall
performance for 60 events in the testing set. In Figure 5(a), most of the area is displayed
blue, showing that the MSE is close to 0.1 m2. Overall, only 1.21% (7 out of 580) of total grids
have their MSE over 0.2 m?,

Figure 11 shows the validation of the results in the synthetic events using the whole testing
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Figure 11 Example of maximum flood inundation prediction in testing dataset

datasets. The majority of the predictions are accurate with MSE around 0.1 m2. In any case,
there are still more than 1.21% of grids with MSE larger than 0.2 m2. Since the terrain eleva-
tion is relatively flat (city center), the impact of a highly variable terrain in the ANN predictions
drops. This observation could also add to the good agreement found in our results. In any
case, the results show clearly that the ANN prediction is bounded by the local topography,
displaying a very similar inundation extent as the hydraulic model. Despite that, more sig-
nificant errors can occur in the water depths, particularly in the southwest of our study area.
However, the southwest is the farthest away from all the seven inflows (model inputs). Hence,
we can anticipate that this area would be more challenging to predict by the ANN model.

4.3.6. Maximum Flood Inundation Prediction for Historical Events

The historical discharges from the historical events are taken from Bavarian Hydrological
Services (Bhola et al., 2018). Two representative events are selected to validate the ANN
from the historical events. Feb 2005 is an example of advective precipitation with lower peaks
and longer duration, with an intensity of 2 — 3 mm/h. May 2013 is an example of convective
precipitation with higher peaks and shorter duration, with an intensity of 5 — 60 mm/h.

Figure 12 and Figure 13 show the MSE obtained for the prediction of the historical event in
Feb 2005 and May 2013. In Figure 12, the large MSE occurs mainly in the ponding area to
the southwest. On the other hand, figure 13 shows a larger MSE in the southwest than that
in Feb 2005.

Finally, the developed ANN predicts two actual events, 2005 and 2013. In the results, the

grids with larger MSE than 0.2 m? are 8.97% in 2005 and 13.62% in 2013. It shows that
our ANN provides an accurate prediction on water depth for more than 85% of the grids
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Figure 13 The error of ANN prediction of the Historical Event May 2013

for the actual events. In both of the synthetic events, we observed that the large MSE part
occurs in the southwest of the study area (see Figure 12 & Figure 13). Similar behavior
also occurs during the testing phase (Figure 5), since it is the area further away from the
significant inflows (see Figure 1). As the distance to the inflows (model inputs) increases, the
growing uncertainty causes the water depths prediction to deviate from the observed data.
However, the inundation extent is always well predicted. As in the results of the synthetic
events, the ANN can accommodate the flooded volume within very similar topographic limits
as the hydraulic model.
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5. Prediction of Multi-Step Flood Inundation

5.1. Methodology

This section describes the methodology for a multi-step flood inundation forecast. The data
and network structures are first presented. The method for hyperparameter tuning is then
explained. Finally, the artificial neural network is first trained and tested for the first interval of
the event (the forecast interval starting from time zero).

5.1.1. Data and Network Structure

Artificial neural networks are algorithms applied to map features into a series of outputs.
Through a structure of the input, output, and intermediate hidden layers, artificial neural net-
works can learn data relationships between input and output data (Sit et al., 2020). A feed-
forward neural network is applied in this work for modeling the study area, proceeding, and
transmitting data in a network structure (Nawi et al., 2007). One of the most widely used
ANN is the multilayer perceptron (MLP) (Sankaranarayanan et al., 2019). The MLP consists
of highly interconnected neurons organized in layers to process information. The neurons in
one layer are fully connected to the next layer. Each connection is then assigned a weight.
Each neuron collects values from the previous layer by summing up the values multiplying the
weight on each input arc, and storing the results on itself. An activation function transfers the
results from the hidden layers to the output layer, and a loss function is applied to measure
the fit of the neural network to a set of input-output data pairs.

fk ANN transfer D

2 hidden layers Output layer

10 nodes per layer (Flood inundation maps)

50X50 independent ANN grids

Figure 14 The forward-feed neural network setup for the multistep forecast

The input layer collects the seven inflows to the urban area of Kulmbach, given the hourly
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discharge intensity. The output layer takes the hourly raster inundation maps with a 4 m
x 4 m from the event database. The ANN has two hidden layers with ten nodes per layer
between the input and the output layers. The network training uses One hundred twenty
synthetic events from the event database (see Section 4.2). Afterward, the model validates
the other 60 events in the event database. The 2/3 of the date for training and 1/3 for testing
is a division found in the literature (Kohavi, 1995). Finally, the model is applied to forecast
three historical events. The activation function takes the widely applied sigmoid function for
the neural network (Jhong et al., 2018). Due to the high-resolution of the map (4 m by 4 m),
weights between the last hidden layer and the output layer would have been 1 GB RAM with
a dimension of the problem of more than 30 million. The optimization of these weights is very
time-consuming, even with the latest optimization techniques (Wang et al., 2013). Hence, a
"divide and conquer" strategy enables calculation in a single PC. In principle, the results of
the two strategies should be the same. Some alternative artificial network structures, such
as a convolutional neural network (CNN), could not be applied in this study. The network
size would require a massive number of hyper-parameters, which was beyond the memory
capacity of a personal computer for forecasting purposes (Kabir et al., 2020).

Furthermore, the time for training can be reduced with our strategy due to parallelization. The
estimated time for training all networks in parallel with four cores is six h. For shorter training
time and lower memory requirements, the study area is divided into 50 x 50 squared grids
(see Figure 14). A similar idea of splitting has been applied to a former study (Berkhahn
et al., 2019). Each grid had four independent ANNSs for intervals (3 h, 6 h, 9 h, and 12 h). In
total, 10,000 ANNs are trained to produce multistep forecasts.

5.1.2. Hyperparameter Tuning in ANN

To optimize weights in ANN, resilient backpropagation is a widely applied effective algorithm
(Saini, 2008).

According to Shamim et al. (2007) and Panda et al. (2010), backpropagation neural networks
outperform other methods in flood forecasting studies for their more efficiency and higher ro-
bustness. Berkhahn et al. (2019) compared the training algorithms for hyperparameter tun-
ing. The study showed that resilient backpropagation is more efficient than backpropagation
and Levenberg—Marquardt for maximum flood inundation prediction. The process has two
stages: the training stage gathers information from the flood event database, changing the
weights between layers to minimize the error on the output layer; the recalling stage gener-
ates the forecast for the rest of the events in the database for testing the model.

Formula 5.17 and Formula 5.17 show the scheme of a resilient backpropagation. The
gradient descent algorithm is applied to calculate the update of the network weights w;; from
7'th neuron to j 'th neuron, . It distinguishes the update of weights upon the derivative of
the model’s loss function L. The loss function L takes the mean square error (MSE). The
iteration stops once the loss function reaches its minimum (chosen 107 in this case).
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The learning rate is to scale the speed in each weight updating iteration. The larger alter-
native learning rate n ™ is chosen when the error gradient in the same signal in neighbouring
iterations and lower alternative learning rate n~ when the loss function is close to zero, ful-
filing 0 < n~ < 1 < ™. In our study, these were set constant and equal to n~ = 0.5,
nt =1.2.

5.1.3. Prediction of the First Interval of Flood Events

The ANN model is trained with the first 120 events in the synthetic flood event database (more
details in Section 4.2). The training extracts the time series of each event (starting from time
0).

_____ IF___W_$_____;F______+___“} Inundation

Forecast

[

ANN for Different Intervals

12h ANN

Discharge Inputs oh 3h &h sh 12h Time

Figure 15 Training of ANN forecast model using first intervals

The input inflow discharges are extracted from time 0 to X h (X takes the values from 3, 6,
9, 12). The output layer takes the output inundation maps at X h (X takes the values from 3,
6, 9, 12). The training of the networks uses the intervals of 3 h, 6 h, 9 h, and 12 h of the flood
events with the exact forecast lead times (see Figure 15). The ANN models only consider
the input flow values from the initial time step (blue bars of the events in Figure 15), but not
from the previous time steps. The continuous forecast concept was similar to the approach in
the framework FloodEvac, which successfully produced forecasts based on the selection of
pre-recorded flood maps (Bhola et al., 2018).
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After the training, the first interval forecast tests the rest of 60 events in the synthetic database.

5.1.4. Real-Time Forecasting for Multistep Forecast Intervals

The flood forecast starts when a specific discharge reaches the forecast threshold in this
work. If the start point occurs sometime later at time x, the beginning of prediction is also
shifted to time x accordingly. Finally, if all the discharge inflows fall below the forecast thresh-
old, the forecast is stopped. With this setup, the forecast can run in continuous mode.

forecast X h + S forecast

A A AL A """ """~ A~ 777 lnundation

Forecast

a

ANN for Different Intervals

Discharge Inputs 0 1 2 3 4 5 5 54X Time (h)

Yellow: Forecast 0 —3 h

Green: Forecast1 h—4h

Orange: Forecast2h—5nh

Black: General case of forecast Sh— X h +S5

Figure 16 Shift of ANN forecast models for multistep forecasts

The ANN receives the corresponding discharge inputs of an interval, just as in real-time
forecasts. After the forecast is complete for a particular step, the discharge forecast repeats
one hour ahead. The forecasts are done with the same ANN model, starting one hour later,
taking the discharge inputs from the next interval. This procedure repeats many times to
enable the continuous mode of flood forecasting. In this case study, the real-time forecast
proceeds with the ANN models trained to forecast at multiple steps of 1—5 h. Figure 16
shows the forecast from time 0 and the shift forward of the forecast intervals by one hour and
two hours.

For a more straightforward interpretation of the different forecast groups, we call each forecast
the "X h 45" forecast. The "X h" indicates the forecast interval of X hours, and the "+ S"
behind it shows the start time of the forecast.

5.1.5. Model Evaluation

The root-mean-square error (RMSE) is applied to access the ANN forecast performance in
the study area. The forecasts of the ANN are compared against the inundation maps pro-
duced by the 2D dynamic model (see Section 4.2). Hence the 2D dynamic model results
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are assumed as the observed values to enable the evaluation of the ANN. The events in
the database have been processed by the FloodEvac tool (Bhola et al., 2018) and validated
(Bhola et al., 2019).

1
RMSE =, | - Z(T - 5)2 (5.19)

where

T is the predicted value, water depth from the ANN model in our case. S is the observed
value, water depth from the hydraulic model (HEC-RAS) in our case. To assess the general
conduct of the model over the training and validation dataset, the average RMSE is also
calculated for the average accuracy in the testing dataset.

The following indices measure the correspondence between the ANN model and the hydraulic
model to quantify the forecast of inundation extent growth, namely probability of detection
(POD), false alarm ratio (FAR), and critical success index (CSI) (Li et al., 2009).

hit
POD= > (5.20)
hits + misses

false alarms
F = .21
AR hits + false alarms (5.21)

hits
I= .22
S hits + misses + false alarms (5.22)

A pixel with water depths under 10 cm is defined as a dry pixel, while over 10 cm as a wet
pixel. Hits count the wet pixels by the ANN forecast and the hydraulic simulation. Misses
counting the predicted pixels dry by the ANN model but simulated wet by the hydraulic model.
False alarms count the predicted wet by ANN model but simulated dry by hydraulic model.

5.2. Results and Discussion

Section 5.2.1 focuses on assessing the results for the same time interval for ANN training.
Section 5.2.2 focuses on the subsequent multistep forecast intervals. The aim is to verify
the hypothesis that the same ANNs can be used to forecast subsequent multistep intervals
successfully even though they are from the first interval.
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5.2.1. Water Depth Prediction of the First Intervals
Synthetic Flood Events

The ANN model is tested with the 60 synthetic flood events from the FloodEvac tool. First,
the ANN model for predicting the first intervals of flood events is set up for 3 h, 6 h, 9 h, and
12 h, using the discharge within the same time as the model input. After this, the RMSE with
the testing dataset (Event # 121 to Event # 180) evaluates the prediction performance using
the first intervals of flood events. Finally, the averaged RMSE was calculated for different
prediction times (3 h, 6 h, 9 h, and 12 h) to quantify the prediction performance of each ANN.
Table 5 shows the percentage of the accurate prediction ANNSs, classified by RMSE of 0.2
m, 0.3 m, and 0.4 m. For example, in Table 5, with the error threshold of 0.3 m, the accuracy
can be considered excellent with values above 80% for all the prediction durations.

Table 5 Numbers of grids with large errors and their percentages

Prediction Wet ANN 1 Doorstep Height 1.5 Doorsteps Height 2 Doorsteps Height
time [h] grid

ANN ANN ANN ANN ANN ANN
Grid with  Grid% Grid with  Grid% Grid with  Grid%
average with av- average with av- average with  av-
RMSE > erage RMSE > erage RMSE > erage
0.2m RMSE < 0.3m RMSE < 04m RMSE <
0.2m 0.3m 0.4m

3 300 47

6 417 174 58.27%

9 474 106

12 483 50

Gray: percentages larger than 70%.

Overall, the prediction performance of the first intervals of flood events shows that more
than 80% of the grids have errors smaller than 0.3 m. The accuracy table (see Table 5)
shows that the ANN has good accuracy in the water depth prediction of first intervals for
all the synthetic events in the testing dataset. This test validated the network structure and
the resilient backpropagation for solving the ANN. Since the network is initially trained with
the 120 events from the synthetic event database and validated with the rest 60 events, the
training events and the validation events bear more similarities, which could explain the good
performance of the prediction of the first interval of the ANN.

Historical Flood Events

After testing with the synthetic events, the ANN model performance is further tested with
the historical flood events. Afterward, the grid RMSE is calculated to evaluate prediction
accuracy on the three historical flood events of their first intervals. A value of 10 m®/s was
selected as the forecast threshold to initiate the forecasts in all three historical events. The
forecast threshold is chosen slightly over the average discharge of 9.2 m%/s of White Main
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(LfU, 2020) to avoid the low discharges from triggering flood warnings.
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Figure 17 Hydrograph of Event 2006

Table 6 Numbers of wet grids and accurate grid percentage for event 2006

Prediction Wet ANN 1 Doorstep Height 1.5 Doorsteps Height

2 Doorsteps Height

time [h] grid

ANN ANN ANN ANN
Grid with  Grid% Grid with  Grid%
average with av- average with  av-
RMSE > erage RMSE > erage
0.2m RMSE < 03m RMSE <
0.2m 0.3m

3 280 46

6 405 84

9 474 134

12 483 157 67.49%

Gray: percentages > 70%
Wet grid: water level > 0.1 m

ANN
Grid with
average
RMSE >
0.4m

ANN
Grid%
with av-

erage
RMSE <
04m

Historical Flood Event 2006 Figure 17 shows the discharge inputs for the historical flood
event in 2006. The first 3 h, 6 h, 9 h, and 12 h discharge curves are given to the trained
ANN as in Section 5.2.1. Figure 18 compares the prediction of the inundation map of the
first intervals of 3 h, 6 h, 9 h, and 12 h with the inundation map from the hydraulic model of
the historical flood event 2006. Table 6 shows the performance of the prediction for historical
event 2006, evaluated by average RMSE for each ANN. As the forecast interval increases
from 3 h to 12 h, the prediction accuracy drops, evaluated by grid percentages of RMSE.

From Table 6, 83% of grids have RMSE smaller than 0.2 m, and the rest of the grids have
RMSE around zero in 3 h prediction. For the 6 h prediction, 79% of grids have RMSE less
than 0.2 m. In the 9 h and 12 h predictions, the area with significant errors grows slightly
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(see Table 6). From Figure 18, the inundation maps from 3 h and 6 h predictions match
well with the hydraulic inundation maps. The 9 h and 12 h are less accurate, especially in the
southwest of the study area, which is further away from the location of the discharge inflows
and is, thus, likely less sensitive to the changes in the discharge inputs. In brief, the prediction
for flood event 2006 is precise, with more than 82% of grids having RMSE less than 0.3 m.

Historical flood event 2013 Figure 19 shows the discharge inputs for the historical flood
event in 2013. It shows that the initial discharge curves are below the forecast threshold of 10
mS/s; therefore, the start of the prediction at 9 h is marked with a red line when one discharge
hits the forecast threshold. Figure 20 compares the prediction of the inundation map of the
first intervals of 3 h, 6 h, 9 h, and 12 h with the inundation map from the hydraulic model of
the historical flood event 2013. Table 7 shows the performance of the prediction for historical
event 2013, evaluated by average RMSE for each ANN. The forecast performance is slightly
better than that of the event 2006.

For the historical flood event 2013, the discharge forecast threshold for the forecast start was
reached later, signaling that the discharge forecast threshold is indeed effective in starting
and stopping the forecast. Therefore, the start of the forecast is picked up at a later moment
in time once one discharge crosses the forecast threshold of 10 m3/s for a second time. The
red line in Figure 19 marks the new start of the forecast (red line). This event is nine hours
later after the first forecast signaled by the ANN. Table 7 shows that the ANN model achieved
high accuracy for the flood event in 2013. For the 3 h prediction, 96% of the grids have RMSE
less than 0.2 m. 6 h prediction has 82% grids with RMSE less than 0.2 m. From 3 h and 6
h prediction of event 2013, the ANN performs better than the event 2006. Overall, the event
of 2013 is also well predicted, with over 78% of grids having RMSE less than 0.3 m. Similar
to event 2006, the predicted flood inundation maps of 3 h and 6 h intervals are similar to the
hydraulic inundation simulations (see Figure 22).

Historical flood event 2005 Figure 21 shows the discharge inputs for the historical flood
eventin 2005. Figure 22 compares the prediction of the inundation map of the first intervals of
3 h, 6 h, 9h, and 12 h with the inundation map from the hydraulic model of the historical flood
event 2005. Table 8 shows the prediction performance of historical event 2005, evaluated
by average RMSE for each ANN. As the forecast interval increases from 3 h to 12 h, the
prediction accuracy drops. The grid percentage of RMSE can evaluate this.

5.2.2. Multistep Water Depth Predictions for Realtime Forecast
Historical flood event 2006 Table 9 shows the forecast for multistep forecast intervals of the

event in 2006. The forecast for the event in 2006 has good accuracy for all the intervals.

Table 9 shows the forecast accuracy of the historical flood event in 2006. The forecast of
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Table 7 Numbers of wet grids and accurate grid percentages for the flood event in 2013

Prediction Wet ANN 1 Doorstep Height 1.5 Doorsteps Height 2 Doorsteps Height

time [} grid ANN ANN ANN ANN ANN ANN
Grid with Grid% Grid with Grid% Grid with Grid%
average with av- average with  av- average with  av-
RMSE > erage RMSE > erage RMSE > erage
0.2m RMSE < 0.3m RMSE < 04m RMSE <

0.2m 0.3m 0.4m

3 285 9

6 405 72

9 474 134

12 483 175

Gray: percentages > 70%
Wet grids: water levels > 0.1 m

Table 8 Numbers of wet grids and accurate grid percentages for the flood event in 2005

Prediction Wet ANN 1 Doorstep Height 1.5 Doorsteps Height 2 Doorsteps Height

. h .

time [} grid ANN ANN ANN ANN ANN ANN
Grid with  Grid% Grid with  Grid% Grid with  Grid%
average with av- average with av- average with  av-
RMSE > erage RMSE > erage RMSE > erage
0.2m RMSE < 03m RMSE < 04m RMSE <

0.2m 0.3m 0.4m

3 280 65

6 405 165 59.26%

9 474 216 54.43% 148 68.78%

12 483 244 49.48% 168 65.22% 107

Highlighted in gray: the percentages > 70%
Wet grid: water level > 0.1 m

Event 2006 shows a good accuracy in 3 h, 6 h, and most of 9 h (over 70% grid with RMSE <
0.3 m). However, it is visible that as the multistep forecast shifts further away from the original
start used for the model training (X h + 5 h forecasts in Table 9), the ANN model performance

decreases.

Historical flood event 2013 Table 10 shows the forecast for multistep forecast intervals of
the event in 2013. The forecast of Event 2013 has good accuracy for all the intervals, with a

similar performance as Event 2006.

The discharge forecast threshold of the flood event from 2013 exceeds shortly at the begin-
ning. Hence, the forecast is deactivated and reactivated again when the discharge exceeds
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Table 9 Sub-sequential forecast accuracy percentages for the flood event in 2006

Starting Prediction interval [h]
point[h]

3 6 9 12

+1
+2
+3

+4

+5 69.29% 66.88% 68.12%

Gray: percentages > 70%

Table 10 Sub-sequential forecast accuracy percentages rate for the flood event in 2013

Starting Prediction interval [h]
point[h]

3 6 9 12

67.91%

+4 68.78% 67.29%

77.34% 66.46% 66.67%

Gray: percentages > 70%.

the forecast threshold of 10 m3/s for the second time, namely 9 hours after time 0 (the first
time the forecast window was activated). From the second starting point, all other forecasts
for every forecast for X h + 1 hto X h + 5 h. Table 10 shows the forecast accuracy of the
historical flood event of 2013. From this table, the ANN model performs similarly to the flood
event in 2006. The forecast of the 2013 flood event has good results in 3 h, 6 h, and most of
9 h (over 70% of the grid with RMSE < 0.3 m).

Historical flood event 2005 Table 11 shows the forecast of multistep forecast intervals of the
event 2005. The 3 h forecast of event 2005 still has a good accuracy of over 70%. However,
the ANN model produces less accurate results for the 6 h, 9 h, 12 h forecasts.

Table 11 shows the accuracy percentage of the grids evaluated by the RMSE less than 0.3
m. With the changing of the forecast starting point, all the forecasts of different intervals have
similar RMSE as the forecast of the first intervals. It is noticeable that the model provides
a good forecast (over 70% grids with RMSE < 0.3 m) for 3 h intervals for all starting points.
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Table 11 Sub-sequential forecast accuracy percentages for the flood event in 2005

Starting Prediction interval [h]

point[h] 6 9 12

+1 69.95% 66.89% 63.15%
+2 68.23% 64.77% 61.70%
+3 67.00% 63.08% 60.25%
+4 66.50% 60.97% 60.25%
+5 61.08% 58.65% 60.25%

Gray: percentages > 70%

This observation shows that 3 h ANN trained for the first interval is applicable to forecast
subsequent intervals with a slight drop in the overall accuracy. However, the forecasts of 6
h, 9 h, and 12 h show a poor performance (Table 11). Similar to the other events, most of
the errors occur in the southwest of the study area (Figure 22). However, in this particular
event, the errors are substantially more significant at the southwest; hence it causes poor
performance of the ANNs.

In all three historical events, the forecast accuracy decreases as the forecast interval in-
creases from 3 h to 12 h (see Tables 9 — 11). One exception occurs in the event 2006
between 9 h and 12 h, where the 12 h forecast has higher accuracy than the 9 h forecast.
From the discharge curve (see Figure 17), unlike in other events, the two major discharges
are falling after the peak value, which could be the reason for the higher accuracy at 12 h in
this case.

5.2.3. Forecast of Inundation Extents

Figure 23 evaluates the ANN performance of the forecast of inundation extent (water depths
over 0.1 m) growth with three indices. The status of wet/dry produces the following three
indices for the likelihood between ANN and the hydraulic model. The probability of detection
(POD) represents how well the ANN forecasted the same inundation extent as the hydraulic
model. The false alarm ratio (FAR) measures the discrepancy of the ANN forecast to the
hydraulic model. The critical success index (CSI) is the ratio between the correct forecasted
inundation and the join of both the inundations (hits + misses + false alarms), showing the
general correctness of the flood extent forecast of the ANN model. According to the veri-
fication criteria in another study (Bernhofen et al., 2018), CSI over 0.7 (see Figure 23) is
considered a good fit for the benchmark, and over 0.5 (see Figure 23) is a sufficient fit. The
lines in the figures show how these three indices change as the multistep forecasts advance
in time.

The statistical analysis proposed by Li et al. (2009) evaluates the forecasts of flood inundation
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extent growths. Figure 23 shows three indices, POD, FAR, and CSI, for measuring the
forecast performance of the flood inundation extent. Analyzing the POD index (see Figure 23
a, d, ), itis clear that for the 3 h ANN forecast, the accuracy decreases slightly as forecasts
proceeds from 3 h + 0 hto 3 h + 5 h. In other words, the accuracy of the 3 h ANN network is
more sensitive to the shift of the forecast intervals than the 6 h, 9 h, and 12 h ANN networks.
The 3 h network achieves the best forecast performance for the first interval (training interval
same as the forecast intervals). When moving forward for multistep forecast, shifting each
hour decreases the POD by a value that varies between 0.08 to 0.1. This value means that
8% to 10% of the inundation extent displayed by the hydraulic model is missing in the ANN
forecast. In any case, except for the event of 2005, the POD exhibits values above 70% for
the first 2 hours of the forecast.

The FAR index (see Figure 23 b, e, h) indicates the false-alarm percentage of the ANN fore-
casted flood inundation extents. In all three events, it is noticeable that the area percentage
with false-alarms decreases in all the forecast networks when the forecast interval moves
forward. It shows the ANN forecast produces more percentage of false alarms at the early
stage in a flood event, concerning the flood inundation is relatively small at the beginning.
As a result, the number of outer pixels is more significant than that of inner pixels, causing a
higher number of false alarms. Moreover, the decreasing trends of POD and FAR show that
the ANN model tends to change from overestimation to underestimation when the forecast
starts to shift from 0 — 5 h.

The CSlindex (see Figure 23 c, f, i) shows the percentage of agreement of the ANN forecasts
of the flood inundation extent to the hydraulic model. The ANN predicts better the flood
inundation extents for two events of 2006 and 2013 than for 2005. The CSI from 2006 and
2013 is close to 0.6. For 2005, the CSl is around 0.4 showing a poor accuracy forecast in the
flood inundation extent forecast.

It is noteworthy to mention that the ANN shows an expectable performance of water depth
prediction decreasing with lead time (see Tables 9 —11). However, if we focus on the inunda-
tion extent, it seems contradictory, as the 12 h prediction shows good performance (see CSI
and POD in Figure 23). The latter apparent contraction could be due to the flood inundation
extent confined by the topography. The topography limits the size of the inundation, making it
easier for the ANN to predict it better.
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Figure 23 Performance of the forecast of inundation extent growths by three indices
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6. Model Structure Uncertainty

6.1. Methodology

This section introduces the mathematical principles of the model coupling of 1D SWMM and
the 2D overland flow model P-DWave. Conceptually, SWMM generates the inflow hydro-
graphs for the coupled model of SWMM and P-DWave of the urban area. First, the two mod-
els are coupled uni-directionally at the coupling boundary. Afterward, the evaluation criteria
and the model structure uncertainty quantification are introduced.

| swum | | PDwave || || |
1D Rainfall 2D Overland 1D Dynamic
Runoff Flow Routing Flow Routing
Modelling
Runoff Surface Water Manhole Water
Hydrographs Level Level
wSewerInfiow) |Linking] (Seveer Infiov)

——————— points
S-eVVe r-S-u rzh?irae
Outfall Drscharge

Sewer Surcharge
Outfall Drscharge

Figure 24 Model coupling scheme

Figure 24 shows the primary workflow and the interactions between the model components.
The green module represents the 1D SWMM model for upstream inflow calculation; the pink
module represents the 2D P-DWave for 2D overland flow routing; the violet module represents
the underground sewer network modeled by the 1D SWMM model. Uni-directional coupling
is implemented at the inflow points, and bi-directional couplings occur at all the manholes.

Figure 25 shows the spatial localization of the different models in the Simbach catchment.
The tributary Antersdorfer Bach and Kirchberger Bach (with a total area of 26.92 km2. The
urban area of 9.43 km? is modeled by coupled 1D/2D model using P-DWave for the city
center. The two stars on the map represent the coupling junctions between the models.
Implementing the 1D modeling for the upper stream area reduces the 2D modeled area;
thus, the computational time is reduced dramatically for this case study.
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6.1.1. 1D Dynamic Rainfall-Runoff Model SWMM

The one-dimensional rainfall-runoff model applied in this study is the stormwater manage-
ment model developed by the United States Environment Protection Agency (USEPA). The
model is based on Saint-Venant Equation with routing in pipes, channels, pumps, and storage
systems.

Hydrology

SWMM considers the rainfall-runoff process into the surface runoff by rainfall and snowmelt,
with infiltration, evaporation, and initial abstraction. The mass conservation is written as:

od .
E—z—e—f—q (6.23)

where d is the depth [m], ¢ the time [s], ¢ the rate of rainfall and snowmelt [m/s], e the evapo-
ration rate [m/s], f the infiltration rate [m/s] and g the runoff rate [m/s].

Several infiltrations are implemented in the SWMM model: Horton’s method, a modified Hor-

ton method, the Green-Ampt method, and the Curve Number method (Rossmann and Huber,
2016). In this study, Horton’s method is applied, written as:
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fo = foo + (fo = foo)e ™" (6.24)

fO - foo
kq

F(t,) = /O - fodt = fooly + (1 — e Fate) (6.25)

where f,, is the infiltration capacity of the soil [mm/s], f is the minimum infiltration capacity
[mm/s], fo is the initial infiltration capacity [mm/s], t is the time [s], k4 is the decay coefficient
[s'] and F(t,) is the cumulative infiltration capacity at time ¢,, [s]. Due to numerical stabilities,
the original form of Horton’s method in Equation 6.24 is replaced by its integral form in Equa-
tion 6.25 in SWMM. Further information about the infiltration methods of SWMM are available
in Rossmann et al. (2016).

Hydraulics

The routing process in SWMM model is calculated in pipes or channels. The model offers
kinematic wave or dynamic wave for this calculation. In each step, the momentum is updated
in all the channels by:

dQ dA 9dA dH
— =2V — —V*— A— —gA 2
dt 2V dt v dx t9 dx gASy (6.26)

where x is the distance [m], ¢ is the time [s], A is the flow cross-sectional area [m], V' is the
velocity, Q is the flow rate [m3/s], H is the hydaulic head of water in the conduit (Z + Y)
[m], Y is the conduit water depth [m], S is the friction slope and g is the acceleration of the
gravity [m/s?]. In the finite difference form, the spatial step dz takes the length of the link L.
In the continuity equation:

dH >Q

—_— 6.27
dt Z Ags + Astore ( )

where H is the water head at the node [m], Ag is the surface area at the nodes and the
half-length of each link [m?], As;ore is the node storage [m?] (Rossmann, 2017).

To solve the water head H and the node discharge @ in Equation 6.27 and Equation 6.26,

SWMM uses an implicit backward Euler scheme. The time step should fulfill the Courant-
Friedrichs-Lewy condition to ensure the numerical stability (Rossmann, 2017):
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L Fr
< — ——— .
At < |V|(1+Fr)cr (6.28)

where Fr is the Froud number and Cr is the Courant number.

When a node is surcharged, the Equation 6.26 has no value to update. Therefore, Equation
6.27 is used for the water head update:

AH = —2¢ (6.29)
>

SH

If the surcharging is over the node’s maximum depth H,,.x, the node becomes flooded with
the overflow rate Qovi:

Qo =05(D Q"+ Q"+4) (6.30)

Further details of the SWMM models are available in Rossmann et al. (2017).

6.1.2. 2D Dynamic Rainfall-Runoff Model PD-Wave
P-DWave is a two-dimensional diffusive model for rainfall-runoff simulations. The detailed
information about the model is published in Leandro et al. (2014).

The model is based on the two-dimensional shallow water equation. The continuity equation
and the momentum equation are written as:

dh
o= V(uh) =R (6.31)

du

= @Vju+ %(hVu) +gV(h+2) =gS; (6.32)

where u = [uy uy]T is the depth-averaged flow velocity, h is the water depth, g is the
gravitational acceleration, z is the height of the river bed, v, is the eddy viscosity, R is the
source/sink term and Sy =[Sy,  Sy,]7 is the bed friction vector.

The P-DWave model neglects the forces with only the gravity and the friction left. Thus, the
momentum equation 6.32 is modified to:
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gV(h+2z)=gSy (6.33)

The bed friction is calculated with Manning’s formula:

n?|uluy
173
Sp=1|" (6.34)
n?|uluy
h4/3

where the V(h + z) = [Sy» Swy]T is the water-level surface gradient vector, with S, =
[d(h+z)/dx d(h+z)/dy]". The modulus of the averaged flow velocity over depth is written
as:

h2/3 /Im
lu| = — 2 (6.35)
n
I =82, + 50, (6.36)

The continuity equation 6.31 is discretized with an explicit first-order finite volume scheme on
a regular grid. Finally, the cell-centered controlled volume is applied for the spatial domain.

ht+1 ht
A TI Z hijui;Lij = R (6.37)

A; is the cell area, L;; is the contact area between the cells, u;; and h;; are the flow velocity
and water depth which is calculated by the following equations:

hi+ h
hij = er i (6.38)
iy I 6.39
T | (639

u;; is the normal flow velocity to the cell contact surfaces. I,,;; = (Swa?z + Swyrty) is the
vector of the surface gradient multiplied by the normal vector at the contact surface n =
[riz  13y]T. For the numerical stability of the explicit discretization scheme, the condition for
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the time step must be fulfilled. For this purpose, the equation is reformulated by replacing
a;; = u;jL;j. Thus, Equation 6.37 is rewritten as:

4 4
At At
R (RO WO I 2 60
1 j=1 1 j=1
2/3
0 = o Iy L (6.41)
T i g

For a regular mesh with A; = Az?, the limitation for At is written as:

\/wai' \/Sw i
At < max { min {2Am2nijd}, min {2Ay2nijy’j}, Atmin} (6.42)

,J h?j/ 3 1,3 h?j/ 3

During the flood event, the cell states are changing between the wet state and the dry state,
causing a movement of the boundary conditions. For the sake of it, the parameter ¢ is
introduced to the continuity equation:

R —pt 1 &
I EE— AL —+ XZ Z (ﬁjhijUijLz‘j =R (6-43)
j=1

¢ takes the value 1 if the water depth is greater than 0 in the next time step. ¢ takes a value
between 0 and 1 to avoid the water depth from getting negative values.

1 R >0
¢=¢1.4= Ax?  hi+ RAt W~ 0
At S0 hijuigLig

(6.44)

For more details of mathematical descriptions of the PD-Wave model, please refer to the
article Leandro et al. (2014).

6.1.3. 1D-2D Model Coupling of SWMM and P-DWave

SWMM 5.1 integrated the Dynamic Link Libraries (DLL), which enables the linage to other
models (Leandro et al., 2016). This implementation can attach the 2D overland model with
the standard SWMM model for bi-directional communication. In this way, the coupled 1D/2D
model can exchange the water depth between the P-DWave model and the SWMM model at
all the linked nodes at each time step.
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A detailed description of the SWMM-P-DWave can be found in the publication (Chen et al.,
2016). The first routine links 1D-SWMM and 2D-P-DWave models bi-directionally. Depending
on the hydraulic heads, the discharge is determined by either a weir equation or an orifice
equation.

cwWhopv2gh ,if hip<Z
Q= 2DV 492D 1D 2D (6.45)

coAmn\/29(hap + Zop — hip) it hip > Zap

where @ is the discharge between the 1D and 2D models, c¢,, is the weir discharge coeffi-
cient, w is the weir crest width [m], A4, is the manhole area [m?]. Surcharging discharge is
calculated by the following equation:

Q = —coAmn\/29(hip — Z1p — hap) (6.46)

The second routine synchronizes the two models. From the consideration on efficiency, the
time step in 1D model At;p is larger than the time step in the 2D model Aty p. To synchronize
the models, the synchronize time T, is set to the 1D time step At;p and the 2D time step
Atsyp is adjusted at every synchronization.

AtQD = min { (TsyncAtlD Z AtQD), Ath} (647)

6.1.4. Rainfall Data

The rainfall data is obtained from the YW-RADOLAN data from the German Weather Ser-
vice(DWD)(Winterrath et al., 2018)organized per gauge with a spatial resolution of about
1km and a temporal resolution of 5 minutes.

45
40 — Kirchberger
Bach Area

E 3 —— Antersdorfer
g a0 Bach Area
’u—:“: 25 —_ ity Area
T
= 20
,‘E 15
(1]
© 10

5

0 .,

000 3:.00 6:00 9:00 1200 1500 18.00

Figure 26 Rainfall intensities on the 1st of June 2016

Multistep Flood Inundation Forecast with Artificial Neural Network 70



Figure 26 shows the rainfall intensity on 1st, Jul. 2016 of the event. The peak intensity of the
whole catchment, Simbach city, the Antersdorfer Bach, and the Kirchberger Bach are 35.04
mm/hr, 29.58 mm/hr, 39.11 mm/hr and 30.77 mm/hr, between 11:50 and 12.25 (CET).

6.1.5. 1D Catchment Inflow Modelling

The 1D SWMM model models the discharge inflows entering the urban area. Due to the
data scarcity on event 2016, the 1D catchment modeling is calibrated using an extreme rain-
fall event in 2015. After that, the model is further tested for 2016 before reconstructing the
historical event.

Figure 27 Sub-catchments and open channels for the rainfall-runoff simulation
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Figure 28 Observed discharge and precipitation between 01.06.2015 and 03.06.2015

Figure 27 shows the splitting of the catchment Simbach am Inn into 103 smaller sub-catchments
for flow path routing. The flows are modeled as open channels with 15m and a depth of 10
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m to ensure the water stays within the channel profile even in extreme events (Leandro et al.,
2009).

Figure 28 presents the documented precipitation and discharge on a gauge station from Jun
1st, 2015, for the model calibration. The discharge is accessible on the LfU website (LfU,
2020).
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Figure 29 Observed discharge at the gauge station of Simbach am Inn between 31.5.2016 and 02.06.2016 (LfU 2020)

Table 12 Rainfall-runoff parameter calibration

Parameter Default Event 2015 Event 2016
Min. Infiltration Rate 0.5 5 0.462

Max. Infiltration Rate 3 11 16

Decay constant kp 4 2 0.416
Pervious Area Roughness 0.1 0.075 0.065
Conduit Roughness 0.01 0.068 0.105
Impervious Area % 25 4 4

Figure 29 shows the missing documented gauging station hydrograph of the 2016 event. The
parameters are calibrated for the 2015 rainfall event and adjusted for 2016. Using distributed
precipitation data, an ensemble of 150 samples runs with different parameter sets for the
realistic inflows. The parameter set best fitting the discharge hydrograph at the gauging
station is used for the following studies, see Table 12.

6.1.6. Model Structures of 1D/2D Modelling

In the urban area modeling, seven different model structures are set up to assess the model
structure uncertainty. The model structures include sewer systems, dam erosion, rain pumps,
pump failure, open wastewater treatment plant (WTTP), and street erosions.

Table 13 lists the seven model structures for Simbach floods. MS1 only considers the inflows

for 2D surface runoff; MS2 adds the sewer system to the first structure; MS3a adds the
rainwater pumps in Folder Erlach and Simbach to MS2. MS3b applies the pump failure in
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Table 13 Summary of the conducted simulation scenarios

Inflow Sewer Rainwater Pump WTTP Street
Pumps failure Open Erosion
MS1 v/ X X X X X
MS2 v v X X X X
MS3a v/ v/ v X X X
MS3b v/ v/ v/ v X X
MS3c v v v v v/ X
MS4a v X X X X v/
MS4b v/ v/ v/ v/ v v

Simbach at 13:00. Scenario 3c includes the modeling of the wastewater treatment plant
(WTTP) in Polder Erlach with 50 m?. Finally, MS4a models the erosion of the street curb at
Schulstrasse based on M1. MS4b models all the mentioned components, including the sewer
system, pumps, and WTTP. All the runs start from 00:00 and end at 20:00.

6.1.7. 1D Sewer Network Modelling for Simbach Case

Figure 30 shows the SWMM sewer network for 1D/2D model coupling in Simbach city. Ac-
cording to the information from the local operator, the rainwater pumps Simbach |, Simbach
II, and Erlach | are modeled with pump rates of 600 I/s, 1250 I/s, and 1500 I/s. The entire
sewer network consists of 1525 manholes and 51.8 km of conduits. In addition, 36 outfalls in
the urban area let the water surface.

6.1.8. 2D Surface Flow Modelling for Simbach Case

As a Balance between the model efficiency and model accuracy, a cell resolution of 5 m x
5 m is applied for the study (Mark et al., 2004) (Gallegos et al., 2009). The underpasses,
the B12, the bridge, and the railway underpass are modeled as open channels. The heights
of all the streets in the DEM are reduced by 0.1 m as the street canalization. The buildings
are raised for 5 m in the DEM to create the blockage for the flows (Mark et al., 2004) (Schu-
bert and Sanders, 2012). For the DEM erosion modeling, 14 DEMs are generated in series
according to the documented data (Hibl et al., 2017). As the dam break process remains
undocumented, the height reduction is assumed to change linearly during the process.

Boundary Conditions The study area includes the whole catchment Simbach (see Figure
25). The river Inn bounds the southeast boundary of the catchment Simbach as a free outflow.
The rest areas end by the catchment boundary; therefore, a close boundary is assigned.
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Figure 30 Sewer network with important features in Simbach

6.1.9. Uncertainty Assessment in Model Structures

For quantifying model structure uncertainties, the maximum water depth, the flood propaga-
tion speed, the flooding extent, and the discharge at the gauge stations/sewers are compared
to show the model differences.

The simulation values are compared with the documented maximum water depths from the
historic event to show the model’s goodness of fit at the gauge stations. Three indices are
used to quantify the model fits: the Nash-Sutcliffe-Efficiency (NSE) (Nash and Sutcliffe, 1970),
the Root-Mean-Square-Error (RMSE), and the Mean-Average-Error (MAE).
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(v — vi)? (6.48)

n ol — )2
RMSE = \/21:1(3/#%) (6.49)
n A
MAE = W (6.50)
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Figure 31 Specific locations in Simbach

The average water depth within a particular area is compared. This part analyzes the follow-
ing areas: the whole area, the total area flooded by the flash flood, the city center orographic
left (Kreuzberger Weg), and right of the Simbach, Polder Simbach, Polder Erlach, and the
B12.

Besides, the discharge volumes at the gauge stations are also checked to quantify the model
uncertainty. Since the P-DWave model uses the regular square mesh for discretization, the
discharges at the gauge station are measured either vertically or horizontally across the cell.
This assumption would likely underestimate the discharge volume, but it is still enough to
compare different model structures.

6.2. Data for Model Performance Evaluation

The documented water levels at 14 points in Simbach city are used for the model evalua-
tion.
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Figure 2 shows the location of the 14 checkpoints. Checkpoint 1 lies upstream of the street
dam at Schulstrasse. Checkpoint 2 is on the top of Highway B12. Checkpoint 3 is in the river
channel before the artificial channel. After the artificial channel, checkpoints 4 and 5 are by
the bridge at Passauerstrasse. Checkpoints 6, 7, and 8 lie north of the railway inside the
city. Checkpoints 9 and 10 are in the Polder Simbach. Checkpoints 11 to 14 are distributed
between Kreuzberger Weg and Wilhelm-Diess-Strasse in the north of the Polder Erlach.

6.3. Results and Discussion

6.3.1. Rainfall-Runoff Model Calibration

The model is calibrated according to the documented discharge at the gauge station with 100
sample runs. In addition, due to the missing extreme discharge peak value, the model is also
calibrated according to the event 2015 with 15 sample simulation runs.
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& 100
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Figure 32 Calibrated discharge input curve of Simbach 2016 and comparison to observation

Figure 32 shows the discharge curve after the calibration on SWMM parameter. Figure
32 demonstrates the newly chosen hydrograph at the gauge station as compared to the
hydrograph from the 2015 calibration. The peak discharge of 194 m®/s at the gauge station
occurs at 13:25. The hydrographs are used as the input inflows for the sewer-surface coupled
model.

After the rainfall model calibration by the rainfall event 2015, the model validation with the
extreme event in 2016 reaches an NSE over 0.7. The high NSE is because a long-term cali-
bration is omitted due to the extreme computation run time. Therefore, the incomplete dataset
and the underestimated peak volume of 2016 limits the goodness of fit. Besides, the rainfall
duration and the rainfall intensity have exceeded the 2015 event by volume. Furthermore, the
rainfall-runoff model does not consider the dam erosion at 12:40 into consideration, limiting
the simulation results of the total discharge volume.
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6.3.2. Maximum Water Depth in Coupled Model Structures and Structural
Uncertainty

This section compares seven 1D/2D coupled model structures for Event 2016 in Simbach with

dam erosion and sewer system couplings. The model structures are evaluated by comparing

them to the measured parameters from the event.

Model Structure 1

The first model structure includes neither dam erosion nor sewer networks. To omit the ran-
dom oscillation and for better visualization, areas with water depth higher than 0.1 m are
displayed as the inundation area. The maximum depth at Schulstrasse (CK 1) is 0.2 m higher
than the observed water depth. The water depth on the B12 (CK 2) is underestimated by 0.4
m. The maximum water depths at the Passauer Bridge (CK 4 and 5) are overestimated by
0.7 m and 0.5 m. On the north side of the railway, CK 6, CK 7, and CK 8 are underestimated
by 0.4 m to 0.8 m. The water levels in Polder Simbach (CK 9 and CK 10) are underestimated
by 0.9to 1.1 m. CK 11, 12, 13 are underestimated by 0.2 to 0.3 m. CK 14 is slightly overesti-
mated by 5 cm. The RMSE, NSE, and MAE are 0.559, 0.908, and 0.464, respectively. Figure
33 shows the maximum depths of Model Structure 1.

Figure 33 Maximum water depths MS 1

Model Structure 2

Model Structure 2 added the sewer system based on Model Structure 1. Therefore the system
applied the dual drainage concept, enabling the water exchange between the surface and
underground sewer networks.
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Figure 34 Maximum water depths MS 2

Figure 34 shows the maximum water depth in Model Structure 2. In the urban area, the
inundation areas are significantly smaller than Model Structure 1, showing that the sewer
network drains surface water underground. Schulstrasse (CK 1) is overestimated by 0.2 m.
B12 (CK 2) is underestimated by 0.4 m. The drainage channel is overestimated by 0.1 m. The
maximum water depths at the Passauer Bridge are overestimated by 0.5 to 0.7 m. Similar to
Model Structure 1, CK 6, CK 7, and CK 8 are underestimated by 0.4 m to 0.8 m. The water
depth in Polder Simbach (CK 9 and CK 10) is overestimated with a reduced error from 0.7 to
0.9 m. The gauge stations by the river (CK 11, 12, 13) are underestimated by 0.3 m to 0.4 m.
CK 14 accurately matches the observed value with a difference of 4 cm.

Model Structure 3a
Model Structure 3a combines the rainwater pumps in Polder Simbach and Polder Erlach with

the sewer system.

Figure 35 shows the maximum depths of the model structure. Compared to Model Structure
1 and 2, the overestimated water depth in Polder Simbach is reduced (Model Structure 1: 0.9
m to 1.1 m; Model Structure 2: 0.7 m to 0.9 m; MS 3: 0.6 m to 0.7 m). As a result, the errors
of the water level in the east are around 10 cm less.

Model Structure 3b

Model Structure 3b models the pump failure at 13:00. The checkpoints in the polder show a
water depth increase of 2 cm and 3 cm.
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Figure 35 Maximum water depths MS 3a

Figure 36 Maximum water depths MS 3b

Figure 36 shows the maximum depths of the Model Structure 3b.

Model Structure 3c

Model Structure 3c implements the pump failure at 13:00 and a water treatment plant.

Figure 37 shows the maximum depths of the Model Structure 3c. Compared to Model Struc-
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Figure 37 Maximum water depths MS 3¢

ture 3b, the errors in maximum depths are reduced by 0.7 m and 0.5 m at the Passauerstrasse
(CK 4 and 5). Model Structure 3c performs similarly to Model Structure 3b near the railway
(CK 8, 7, and 8). The water depths in the eastern of the city are lower in 2 cm to 10 cm com-
pared to 3b. The water treatment plant drains this portion of the water to the sewer drainage
system.

Model Structure 4a

Model Structure 4a implements the dam erosion at Schulstrasse without a sewer system or
pumps.

Figure 38 shows the maximum water depth of Model Structure 4a. The maximum water
depth at the dam erosion (Schulstrasse) is underestimated by 0.22 m and 0.5 m at B12. The
gauges at the open channel upstreams (CK 3), at the Passauerstrasse bridge (CK 4), and
nearby (CK 5) are overestimated by 0.5 m, 0.9 m, and 0.7 m. The inundation depths in the
west side of the river (CK6, CK7, and CK8) are underestimated by 0.39 m to 0.75 m. As
the sewer and pump systems are omitted in the model structure, the water depths in Polder
Simbach (CK9, CK10) are 0.9 to 1.1 m higher than the measured values. CK11, CK12, CK13,
and CK14 match the measured values with an error smaller than 0.17 m.

Model Structure 4b

This model structure combines the sewer network, the pump system, the wastewater treat-
ment plant, and the dam erosion.
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Figure 38 Maximum water depths MS 4a

Figure 39 Maximum water depths MS 4b

Figure 39 shows the maximum water depths. The water depth on the B12 is underestimated
by 0.36 m compared to the measured data. CK 3, 4, and 5 overestimated the results by
47 cm, 97 cm, and 0.69 cm. The checkpoints in the city center (CK 6, CK 7, CK 8) are
underestimated by 0.4 m to 0.8 m. Compared to MS 4a, CK 9 and 10 are 25 cm and 28 cm
less estimated. The modeled sewer network reduces the water depths in the eastern of the
city; thus, the maximum depths there (CK 11, 12, 13, and 14) are underestimated by 14 cm
to 33 cm.
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Summary of Model Structures

Over the seven structures reach the largest average RMSE and MAE of 0.594 m and 0.496
m and the smallest NSE of 0.896. The best-performed model structure has an RMSE, MAE,
and NSE of 0.493 m, 0.429 m, and 0.928 from the MS 3c, with the complete sewer system
coupled, but no dam erosion included.

Table 14 Goodness of fit of seven model structures Simbach

RMSE NSE MAE
MSH 0.559 0.908 0.464
MS2 0.535 0.916 0.463
MS3a 0.496 0.928 0.429
MS3b 0.511 0.923 0.438
MS3c 0.493 0.928 0.429
MS4a 0.594 0.896 0.489
MS4b 0.568 0.905 0.496

The maximum depth in the retention area upstream is underestimated and delayed in the
simulation of the model structure with dam erosions. The reason could be the model of the
street embankment and the breach processes. The model structure models the streets as
open channels with curbs on both sides, allowing the water to flow out. Thus the water would
less cumulate before the dam erosion. As a simplification, the dam erosion is assumed to
follow a linear interpolation over time, inducing an error in the model structure.

Generally, the water depth in the city area in the north of the railways is underestimated,
while the Polder Simbach is overestimated. The water level in the eastern part of Simbach
is slightly overestimated due to the orthogonal grids, which include only the perpendicular
flow in the discharge volume. Nevertheless, the most complex Model Structure 4b achieves
the best performance overall. The possible reason could be that the drainage system is not
accurate enough to represent the reality, or other factors, such as the mud blockage.

6.3.3. Inundation extent
The area with a maximum water depth of over 0.1 m is defined as the inundation area. The
outlines of the inundation area are compared to show the model structure differences.

Figure 40 shows the extent difference of MS 3c (with dam erosion) and MS 4b (without dam
erosion).

Figure 41 and Figure 42 show the detailed comparison in the upper- and downstream of

River Simbach in the city. In Figure 41, the differences in the flood extent significantly occur
in the underpass of the PAN4, the street curbs along Schulstrasse, and the B12 underpass.
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Figure 41 Flood extents of MS 3c and MS 4b, upstream

Overall, Model Structure 4b has a slightly wider extent than Model Structure 3c. However, in
most areas, two model structures produce similar outlines.

6.3.4. Impact of Sewer System and Dam Erosion on Maximum Water Depth
The maximum depth differences of Simbach city are presented here.

Figure 43 presents the difference in the maximum water depths between MS 3c and MS
1. Figure 44 shows the difference in the maximum water depth between MS 4b and MS
4a. The two couplings with the sewer network and the pump system increase their drainage
capacities with a decrease of 0.38 m and 0.27 m in the urban area. By checking the maximum
depth in MS 2, the difference of 0.38 m between MS 3¢ and MS 1 is subdivided by 20 cm
through the rainfall pumps (the difference between MS 3 and MS 2) and 18 cm through the
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Figure 44 Impact of the sewer system on the maximum depth (MS 4b minus MS 4a)
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sewer system.
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/. Probabilistic Flood Map

In hydraulic urban pluvial flood modeling, different choice of modeled components and mod-
eling couplings makes a great variety of modeling the same area, causing a difference in
model structure uncertainties. A probabilistic flood map is a helpful tool for visualizing the
uncertainties from multiple model structures for quantifying the uncertainties and integrat-
ing the results from multiple model structures. In this work, two Bavarian cities are chosen
for different sources of model structure uncertainty, Simbach is modeled with seven differ-
ent modeled components, and Baiersdorf with seven model couplings. The probability flood
maps generated by three different weighting methods are applied to visualize the model struc-
ture uncertainty in both cities. From the result, all three probabilistic flood maps show more
potential flooding areas; thus perform better than a single deterministic flood map. Based
on the study cases, the uncertainties from model couplings (up to 22%) are more significant
than those from modeled components (up to 10%).

7.1. Methodology

7.1.1. Probabilistic Inundation Map

This study applies the probabilistic flood map proposed by Di Baldassarre (Di Baldassarre
et al., 2010). The procedure tests the simulation from different 2D flood models based on the
historical flood data to measure fit and combines the multiple models with their fits as a new
model. This approach would reduce the uncertainty from a specific model structure. Thus, to
avoid the incorrect assessment of flood hazard events.

In this study, seven model structures model the drainage components in Simbach, and an-
other seven model structures model the coupling details in Baiersdorf. Both the study cases
are analyzed with their probabilistic inundation maps by the three methods for the two histori-
cal flood events (see Section 7.1.8 for details). All the weights for generating the probabilistic
inundation maps apply the model goodness of fit of the simulated maximum water level to the
measured maximum water level on the checkpoints.

7.1.2. Probabilistic Inundation Map Extent
The probabilistic inundation map is the weighted results of flood maps of different model
structures.

2 Lijwi;
C; =& (7.51)
T Y L

where w;; is the simulation result of Cell j in the i’th model structure, as each cell with bit
inundation information (0 for dry and 1 for inundated); L;; is taken from the different weighting
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functions defined in Section 7.1.3, 7.1.4 and 7.1.5; C is the inundation probability in Cell j
after weighting. All these cell values in the probabilistic inundation map range from 0 to 1,
representing the inundation probabilities of evaluated model structures.

7.1.3. Probabilistic Inundation Map by Overall Weights (OW)

The first method evaluates model structure uncertainty following the suggestion from (Di Bal-
dassarre and Montanari, 2009) the Generalized Likelihood Uncertainty Estimation (GLUE)
(Beven and Binley, 1992):

F; — min(F;)
Loo—p - D i 7.52
K " max(F;) — min(F}) (7.52)

where the F; is the measure of fit of Model Structure ¢, with a value representing a better
model fit. max(F;) and min(F;) take the maximum and the minimum of the model fit from the
model structures. Therefore, after normalization by Formula 7.52, the likelihood weight L;;
takes the homogeneous value L; for all the cells, ranging [0, 1].

This study chooses the Nash-Sutcliffe efficiency coefficient (NSE) to measure the fit on the
measured maximum water depth at the checkpoints.

S (i — )2
F=1-2=_ (7.53)

For Model Structure i, where p is the number of checkpoints, hi,f is the simulated maximum
water depth at checkpoint &, k" is the observed maximum water depth at checkpoint k, and
ho) is the mean of the observed maximum water depth overall checkpoints. The NSE ranges
from negative infinite to one when a value closer to 1 represents a better fit of the model
structure to the measured water depth at the checkpoints.

7.1.4. Probabilistic Inundation Map by Nearest Checkpoint Weights (NCW)

For a flood near a checkpoint, it is reasonable to rank the better-fit model structure higher by
that checkpoint. Thus, the weighing of the probabilistic inundation map follows the rank of a
model structure fit inside each patch for the nearest checkpoint.

The error is normalized to let the normalized performance (NP) range between 0 and 1 to

coordinate the errors from different checkpoints, while 0 for the best-fit model. The normalized
performance of model structure i at checkpoint k is calculated by:
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ebF — min, eb*

NP =1 —

(7.54)

max; eb* — min; etk

where min; e“* and max; ¢“* are the minimum and maximum water level differences at
checkpoint k from all the model structures. e®* is the water level differences at checkpoint
k of model structure i, calculated by the difference of simulated water depth K from Model
Structure i at Checkpoint & and the observed water depth k¥ at Checkpoint &, defined by:

ek = |hik — pk| (7.55)

The minimum and maximum errors are calculated among all the different model structures.
The weighting function takes the normalized performance at the nearest checkpoint.

Lij = NP#0) (7.56)
The nearest checkpoint ]%(j) of any raster cell j is calculated:

~

k(j) = argmingd(j, k) (7.57)

where d(j, k) represents the Euclidean distance between a raster cell j and a checkpoint
k.

7.1.5. Probabilistic Inundation Map by Inverted Weighted Distances (IWD)

To combine the information of the model fits from different checkpoints, the third method
considers the model structure goodness of fit on all checkpoints. By rescaling the normalized
performance with the inverse of the distance to the checkpoint, the model gives a higher
impact if one cell is closer to a checkpoint. Performance is measured by:

P NPk
> o
k=1 d(]7 k) if i .
» T tjis not a checkpoint
L=y - (7.58)
k=1 d(]’ k)
NP“®_if j is Checkpoint k
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7.1.6. Taylor Diagram

For visualization of the model performance, three measures, namely, correlation, root-mean-
square (RMSE), and the ratio of variance, are applied to the Taylor diagram for data rep-
resentation (Taylor, 2001). The Taylor diagram helps visualize the relative merits between
model structures and track the statistical significances as model structure changes. The Tay-
lor diagram displays the model performance at the gauge stations relative to the observed
maximum water depth in this work. The measured water depth was taken as the reference
value in the diagram to quantify the model performance. In addition, the diagram allows us to
visualize the uncertainty range and similarities among the different model structures.

7.1.7. Hydraulic Models for Urban Flood Modelling

In recent decades, different hydraulic models have been developed for urban flooding, with
growing quality and complexity in the model structures (Mignot et al., 2019). The shallow
water equations are widely applied in the hydraulic simulations of the physical processes of
the water flows in urban floods (Henonin et al., 2013).

1D Hydraulic Models

One-dimensional hydraulic models solve the Saint-Vernant continuity and depth-averaged
equation in the longitudinal direction (Dimitriadis et al., 2016). Therefore, 1D models have
higher computation efficiency, requiring less effort for model construction and calibration.
Furthermore, the relatively low computational complexity enables the 1D model for extensive
floodplains. Therefore, 1D hydraulic models are preferred for the most water in the catchment
flow within the given flow path, such as street profiles or pre-defined river/sewer channels
(Mark et al., 2004).

Among all the 1D hydraulic models, the Storm Water Management Model (SWMM) has been
widely used for designing urban flood estimation since the 1970s (Rawls et al., 1980). The US
Environmental Protection Agency developed the open-source program in 1971 for hydrology
and water quality models in the world (Obropta et al., 2008). The model has been successfully
applied in flooding analyses in various scales, from street blocks to catchments/mega-cities
(Gironas et al., 2010).

2D Surface Hydraulic Models

Two-dimensional (2D) hydraulic models solve the Saint-Vernant continuity and depth-averaged
equation in the longitudinal and latitude directions. According to Hunter et al. (2008), 2D
models are suitable to model complex flow paths with high-speed shallow-water flows in ur-
ban areas. Although 2D hydraulic models are computationally more expensive compared to
the 1D model (Leandro et al., 2009), 2D models can produce the flood profiles resulting from
flow ponding and rerouting in the urban area. Thus, 2D models are preferred for heavy flood

Multistep Flood Inundation Forecast with Artificial Neural Network 89



surface simulation in urban areas with streets and other complex infrastructures.

The 2D Parallel Diffusive Wave Model (P-DWave) (Leandro et al., 2014) is applied here. The
model solves simplified shallow water equations by neglecting the inertial term and uses an
explicit numerical form for discretization. Together with the scalability methods, the equation
simplification increases the model performance in urban flooding simulation, enabling the
model to deal with refined resolutions (less than 10 m).

Coupling of 1D and 2D Hydraulic Models

According to the impact of rain on the city, urban floods may cause (a) directly a large amount
of precipitation above the city beyond the capacity of urban structures or (b) the precipitation
on the large upstream area exceeding the infiltration capacity. Considering the water for
the input to the urban hydraulic model in different forms, the water from case (a) could be
the meteorological input to the hydraulic model, while the water from the case (b) could be
calculated from a preliminary hydrologic or hydraulic model, for the hydrographs at the city
boundary (Paquier et al., 2015). Different concepts of modeling a catchment could build
different model structures for the same study area.

The dual drainage concept is widely implemented in urban flood simulations. The model
based on this concept consists of the surface and the underground parts. The surface part
contains channels, flow paths, and retention basins, and the underground part contains sewer
systems of manholes, inlets, and control structures (Djordjevi¢ et al., 1999). The coupling of
1D models with 2D surface runoff models enables the simulation of surcharges of storm
sewers as well as estimation of inundation depth (Huong and Pathirana, 2013). Besides, the
bi-directional links built at the manholes allow the water to enter the drainage network and
surcharge when the drainage system is saturated.

In this study, the 2D model P-DWave and the 1D model SWMM are coupled in some of
the model structures within the urban area. The water levels are exchanged dynamically at
manholes to coincide with the 2D surface runoff and 1D sewer drainage models.

7.1.8. Study Area and Materials

In this work, two study areas, Simach and Baiersdorf, are chosen to study model structure
uncertainties. Simbach suffered from an extreme flash flood event in 2016. The city has
several infrastructures, e.g., sewers, water treatment plants, pump systems, which could be
included or excluded in a model, generating different model structures. Thus, Simbach is
used to analyze model structure uncertainty from different modeled components. Further-
more, seven satellite cities surround Baiersdorf on its upper catchment within 5 km. Open
drainage channels and sewer drainages connect the satellites and the Baiersdorf City. The
less concerned flood inundations between the cities could be modeled by 1D instead of 2D
to simplify the computational complexity. Thus, Baiersdorf is used to analyze model structure
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uncertainties from model couplings.

Simbach am Inn 2016

The flash flood event in 2016 has caused significant damages and losses to the city, which
triggered the local authorities’ attention on flood prevention (Hubl et al., 2017). The mea-
surement data collected by the University of Natural Resources and Life Sciences Vienna are
used in the following studies (Htibl et al., 2017). In Simbach city, the water levels at 14 check-
points validate the different model structures for the goodness of fit to the historical event (see
red points in Figure 2).

Seven different model structures (MS) are implemented and calibrated to model the Simbach
flash flood event. MS 1 models the urban area with a 2D surface runoff model. MS 2 im-
plements the 1D/2D model in the urban area as 1D/2D dual drainage model. MS 3 adds
rainwater pumps in Polder Erlach and Simbach based on MS 2. Furthermore, MS 4 adds
the pump failure based on MS 3. MS 5 includes the wastewater treatment plant based on
MS 4. MS 6 simulates the erosion of the street embankment based on MS 2. Finally, MS 7
includes all the mentioned model parts, the 1D/2D coupled model with pumps, pump failure,
wastewater treatment plant, and street erosion modeled. Table 15 shows the summary of the
seven model structures for studying the uncertainty with different modeled components.

Baiersdorf 2007

Figure 3 shows the study area Baiersdorf for the model coupling studies. The colored area
represents Baiersdorf City, the satellites, and the south flood plain. Besides, the map also
shows the sewer network within the catchment. Data from the eighteen gauge stations eval-
uate and weigh the model structures, plotted as red points on the map.

The following seven different model structures (MS) are constructed to study the model struc-
ture uncertainty from model couplings. The MS differ in the surface runoff by the model
dimension for the urban and the upstream area, 1D-sewer networks, and the connections
between urban satellites. MS1 models the upstream catchment as a 1D model and the urban
area as a 1D/2D model, a coupling model of urban surface (2D), and the urban sewer system
(1D). One-way links connect the upstream and urban parts. MS1, MS2 (1D & 1D/2D model
— Satellites 2D Independent) further models the satellite villages upstream with a 2D surface
model with one-directional connections on their boundaries. Different from MS2, in MS3 (1D
& 1D/2D model -— Satellites 2D Dependent), the satellite villages in the upstream are simu-
lated with the 2D surface model with bi-directional connections on the boundaries. Based on
MS2, MS4 (1D & 1D/2D model — Satellites & South Floodplain 2D Independent) increases
the 2D model area in the south between the satellites. Based on MS3, MS5 (1D/1D & 1D/2D
model -— Satellites & South Floodplain 2D Dependent) also increases the 2D model area in
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Table 15 Summary of the model structures of Simbach

Inflows Sewers Rainwater Pump WTTP Dam
Pumps Failure Open Erosion

MS 1 7/ X X X X X
(2D)

MS 2 v v X X X X
(1D/2D)

MS 3 v v v X X X
(1D/2D)

MS 4 v/ v v v X X
(1D/2D)

MS 5 v v v v v X
(1D/2D)

MS 6 v X X X X v
(2D)

MS 7 v v v v v v
(1D/2D)

the south between the satellites. MS6 (1D/2D model -— Whole extent 2D) models the whole
extent by 2D surface runoff models coupled with the sewer network. Finally, MS7 (2D model
— Whole extent 2D) models the whole study area using the 2D surface runoff model. Table
16 presents the summary of all the seven model structures of Baiersdorf.

7.2. Results and Discussion

7.2.1. Probabilistic flood inundation map of uncertainty on modeled
components

This section shows the uncertainty in the flood map from the different drainage components

of Simbach 2016, based on 7 model structures from Table 15. Two methods (NCW, IWD)

are applied for generating the probabilistic flood inundation map of the Simbach flood event

2016 according to the goodness of fit of the models, compared to the method (OW).

The first probabilistic inundation map (Figure 45) is calculated based on the overall weights
(OW). The NSE values of the simulated water depth to the observed data from 14 checkpoints
weigh the flood maps from the seven model structures. In Figure 45, the white pixels (with
probability 0) are dry in all the model structures, while the brown pixels (with the probability

Multistep Flood Inundation Forecast with Artificial Neural Network 92



Table 16 Summary of model structures of Baiersdorf

City Sewers Satellites South Upstream
Floodplain
MS 1 2D v 1D 1D 1D
MS 2 2D v 2D independent 1D 1D
MS 3 2D v 2D dependent 1D 1D
MS 4 2D v 2D independent 2D 1D
MS 5 2D v 2D dependent 2D 1D
MS 6 2D v 2D 2D 2D
MS 7 2D X 2D 2D 2D

2D independent: one-directional inflow on the satellites’ boundary
2D dependent: bi-directional connection on the satellites’ boundary
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Figure 45 Probabilistic inundation map of Simbach weighted by the overall weights (OW)
of 1) are wet in all the model structures.
The second probabilistic inundation map (Figure 46) is calculated based on nearest check-
point weights (NCW). The NCW normalizes the weighting factor of the goodness of fit at the
nearest checkpoint. The goodness of fit takes 1 for the best and 0 for the worst.
The third probabilistic inundation map of Simbach (Figure 47) is calculated based on inverted
weighted distance (IWD). Instead of weighting by the model fit from the nearest checkpoints,

the weights here take the goodness of fit at all checkpoints inverted weighted by inverted

Multistep Flood Inundation Forecast with Artificial Neural Network 93



Flooding Probability N

[ Jo-o1 MMo3-04[ Jos-o7 M os-1 .
[ o1-02[Jo4-05 Jo7-08 i W E
I o2-o0.3 [ o5-0.6 [ 08-0.9 Ji !

0 195390 780 1,170 1,560 1,950 2,340 Meters

(a)

Figure 46 Probabilistic inundation map of Simbach by the nearest checkpoint weights (NCW)
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Figure 47 Probabilistic inundation map of Simbach weighted by Inverted Weighted Distances (IWD)

weighted distance.

Comparing the three different methods to display the flood inundation maps in Simbach, OW,
NCW, and IWD (see Figure 45, 46 and 47), it is possible to observe that these are similar.
The only exceptions are the two large uncertain flood areas in method NCW (Figure 46) and
one large uncertain flood area in method IWD (Figure 47), which are visible in the city center.
At the same time, method NCW (Figure 46) and method IWD (Figure 47) show uncertain
flood areas in the west of Simbach city (the zoom-in area), the first method OW does not.
These two methods can better display the uncertainty of the flooded area arising from the
model structure of drainage components. Generally, for the uncertain inundation areas, NCW
(Figure 46) shows a higher inundation probability than OW (Figure 45), which shows that
the map weighted by the nearest checkpoints can capture a larger uncertainty than the first
method (OW). Comparing the impact on the inundation depths by different drainage compo-
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nents differs locally. If the weighting function depends solely on the overall weighting (OW),
local differences disappear because a constant factor weights the map. The definition of the
weighting function also explains the differences found for the inundation uncertainty area be-
tween NCW and IWD: NCW weighting uses the goodness of fit of the nearest checkpoints,
highlighting, therefore, more local differences of each model structure.
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Figure 48 Histograms of the percentage of inundation probabilities

Figure 48 shows the histograms of the percentage of inundation probabilities in the study
area by three different methods to estimate the probability of inundation. A probability equal
to one means that all the model structures agree on the wet areas. The inundation probability
more negligible than one represents the uncertain inundation extent, dry in some of the model
structures and wet in other model structures. The percentage of the uncertain extents reveals
the model structure uncertainties.

Figure 48 shows the Taylor Diagram of the seven model structures for flood modeling of event
2016 in Simbach. The Taylor diagram presents the standard deviation, the correlation coef-
ficient, and the root-mean-square standard deviation (RMSD) of the seven model structures.
From the diagram, all the model structures have a similar correlation coefficient around 0.96,
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Figure 49 Taylor Diagram of the different model structures compared to the measured water levels in Simbach

a standard deviation around 0.5 m, and an RMSD around 0.9 m. The seven model struc-
tures have a similar performance based on overall goodness of fit, validated by the observed
data.

In Figure 48, around 90% of the inundation area has an inundation probability of 1. Therefore,
the uncertainty from the drainage components could affect at most 10% of the inundated
area for Simbach. For detailed analysis within the urban area, consideration of the drainage
components impacts the simulation results. Figure 49 shows the goodness of fit from seven
model structures at the 14 checkpoints in a Taylor diagram. The correlation and the standard
deviation to the observed maximum water level show that all the model structures have similar
overall performance. In this extreme flood event of Simbach, the flood volume exceeds the
urban drainage capacity greatly. The drainage system carries a small percentage of the total
flooded volume (0.9 — 5.2%). The overwhelmed status of the drainage component and the
lower drainage efficiency is responsible for the low impact of the model structures in their
performance (Figure 49), as well as in the flood inundation uncertainty (Figure 48).
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Figure 50 Histograms of uncertain water depths in the seven model structures, Simbach
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Figure 50 shows the percentage of uncertain water depths of the seven model structures with
different drainage components for the event 2016 in Simbach. The uncertain water depths
are defined as the maximum water depths minus the minimum water depths among the seven
model structures to represent the spread of the structure uncertainties. From the histogram,
68.17% of the inundation area has a small uncertain water depth within 0.2 m. 28.49% of
the inundated area is independent of the drainage components (uncertain inundation impact
less than 0.1 m). Besides, 11.29% of the inundation area strongly depends on the drainage
components, where the different drainage components can result in water depths of more
than 0.5 m.

The observation is further quantified in Figure 48, among all the four inundation levels (0.1
m, 0.2 m, 0.5 m, 2 m), around 90% of the inundation area has the inundation probability of
1. In other words, The uncertainty from the modeled components could affect about 10% of
the inundated area, with a probability between 0 and 1 on the maps as the model structures
differ only in the sewer system, dam erosion, and pipe system (see details in Table 15).
Therefore, modeling those drainage components only has local impacts in the urban area.
Even though, Figure 48(d) shows inundation depth over 2 meters has a wide probability
distribution between 0 and 1. It shows that the drainage components also cause a water
depth difference within these areas. Therefore, a proper choice of the modeled components
within the urban area is essential for accurate simulation results of these water depths. Figure
49 shows the goodness of fit from seven model structures at the 14 checkpoints in a Taylor
diagram. By checking the correlation and the standard deviation to the observed maximum
water level, it is noticeable that all the model structures have the similar overall performance
to the observed values.

7.2.2. Probabilistic flood inundation map of uncertainty on model couplings
This section shows the uncertainty flood map of the different modeled coupling, based on
7 model structures from Table 16. Three different methods generate the probabilistic flood
inundation map of the Baiersdorf flood event 2007 according to the goodness of fit of the
models.

Figure 51 is calculated based on the overall weights (OW). The NSE values of the simu-
lated water depth to the observed data from 18 checkpoints weight the flood maps from the
seven model structures. In Figure 51, the white pixels (with probability 0) are dry in all the
model structures, while the brown pixels (with probability 1) as inundated in all the model
structures.

The second probabilistic inundation map (Figure 52) is calculated based on nearest check-
point weights (NCW). For each pixel in the area, NCW normalizes the weighting factor to
let the model structure with the best fit at the nearest checkpoint weight one and the model
structure with the worst fit at the nearest checkpoint weight 0.
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Figure 51 Probabilistic inundation map of Baiersdorf weighted by the overall weights (OW)
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Figure 52 Probabilistic inundation map of Baiersdorf by the nearest checkpoint weights (NCW)

The third probabilistic inundation map of Baiersdorf (Figure 53) is calculated based on in-
verted weighted distance (IWD). The weights here take the goodness of fit from all the check-
points with inverted weighted distance.

The three different methods, OW, NCW, and IWD, provide probabilistic flood inundation maps
for the event in Baiersdorf with clearer differences compared to the case of Simbach. The
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Figure 53 Probabilistic inundation map of Baiersdorf weighted by Inverted Weighted Distances (IWD)

method NCW (Figure 52) shows more uncertainty in the flood inundation than IWD (Figure
53), and IWD (Figure 53) shows more uncertainty than the OW (Figure 51). The method
NCW (Figure 52) shows more inundation mainly in the urban area in the city of Baiersdorf
than the method IWD (Figure 53). The method IWD (Figure 53) shows a larger inundated
area than the method OW (Figure 51) in the southwest downstream.

While the inundation uncertainty steaming from the model components is mainly visible in
the city center, the uncertainty from the model coupling is visible in both city centers and
the surroundings. From all three different methods, OW, NCW, and IWD, the areas with a
higher uncertain inundation probability (probability less than 1) distribute along or near the
city boundary. In Baiersdorf, the highest probability appears near the main city boundary
and in the zoom area (see orange areas in Figure 51, 52 and 53). The main city boundary
corresponds to the outer limit of the 2D model area. Since different model coupling struc-
tures produce slightly different discharges inputs into the 2D model area, higher uncertainty
appears first in the main city boundary (see blue areas in Figure 51, 52 and 53). These
differences propagate then further into the 2D model and become visible in areas away from
the boundaries (see purple and orange areas in Figure 51, 52 and 53).

Figure 54 shows the histograms of the percentage of inundation probabilities in the study
area by three different probability maps. The inundation probability equals one represents
the area inundated in all the model structures. The inundation probability more negligible
than one represents the uncertain extent, dry in the sum of the model structures and wet in
other model structures. The percentage of the uncertain extents reveals the model structure
uncertainties.
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Figure 54 Histograms of inundation probabilities Baiersdorf

The inundation probabilities further quantify the uncertain flood inundation areas in Figure
54. By looking at the percentage of the inundated area having no uncertainty (with the inun-
dation probability of 1), the model structure uncertainty from model coupling increases with
the increase of the flood depth. Especially for the inundation depths over 2 m, more than
75% of the area has a higher uncertainty arising from the different coupling structures. This
observation shows (in these two examples) that the uncertainty from model coupling is sev-
eral times larger than that from the drainage components (It now varies from 20% to 70%
depending on the method applied.) Therefore, the choice of the model coupling should be
planned carefully due to its higher impact on the overall flood inundation uncertainty.

Figure 55 shows the Taylor Diagram of the seven model structures for flood modeling of event
2016 in Baiersdorf. The Taylor diagram presents the standard deviation, the correlation coef-
ficient, and the root-mean-square standard deviation (RMSD) of the seven model structures.
From the diagram, all the model structures have a similar correlation coefficient of around
0.7.
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Figure 55 Taylor Diagram of different model structures compared to the measured values, Baiersdorf

The inundation probabilities further quantify the uncertainty of inundation areas in Figure 54.
By looking at the percentage of the inundated area having no uncertainty (with the inundation
probability of 1), the model structure uncertainty from model couplings emerges with the
growth of inundation depths. Especially for the inundation deeper than 2 m, more than 75%
of the area is uncertain due to the model structure of different couplings. This observation
shows, compared to the model structure uncertainty from the modeled components (with
90% uncertain area at all the inundation depths), the uncertainty from model couplings is
several times larger. Therefore, it is essential to consider the choice of the model coupling
due to its significant impacts on the inundation area. On the other side, to visualize the
uncertainty from the model couplings, the probability flood inundation maps are helpful to join
the information from different coupling model structures, thus giving a more precise estimation
of the inundation area.

Besides, the spread of uncertainty probabilities in model couplings is also broader in all the
inundation depths (see Figure 54). Therefore, the choice of proper model coupling is critical
for its wide-ranging impacts in the study area over all the water depths. In the Taylor dia-
gram (Figure 55), the model structure performance varies when constructed with different
couplings. The standard deviation of the seven model structures varies from 0.6 to 0.8. The
choice of more suitable model coupling could improve the goodness of fit to the observed
water depths on the checkpoints, significantly larger than modeling more components in the
study area with the same model coupling.

Figure 56 shows the percentage of uncertain water depths of the seven model structures
with different model couplings of event 2007 in Baiersdorf. The uncertain water depths are
defined as the maximum water depths minus the minimum water depths among all the seven
model structures to represent the spread of the structure uncertainties. From the histogram,
71.86% of the inundation area has a small uncertain water depth within 0.2 m. 28.4% of the
inundated area is independent of the model couplings (uncertain inundation impact less than
0.1 m). Besides, 4.47% of the area strongly depends on the model couplings, where the
different model couplings can result in water depths more than 0.5 m.
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Figure 56 Histograms of uncertain water depths from seven model structures Baiersdorf

7.2.3. The Advantages and Disadvantages of Probabilistic Inundation Maps
From all the probabilistic flood inundation maps, the certain flood areas (with the inunda-
tion probability of 1) in brown are calculated as the inundation by all the model structures.
The other colors show the flood areas with uncertainty (with the inundation probability be-
tween 0 and 1), the weighted probabilities of inundated from some model structures, and
non-inundated from other model structures. The probabilistic flood map gives more inunda-
tion information beyond a single flood inundation map from both study cases. From the Sim-
bach study case, it is also visible that the probabilistic map weighted by overall NSE does not
show much of the uncertain flood area, while the other two methods represent the uncertain
area. In this case, we can conclude that the weighting factors considering local errors would
be more suitable to identify some potentially inundated areas than overall weighting factors
in generating probabilistic inundation maps. Finally, the probabilistic flood maps based on
multiple model structures could overcome the limitation of a single flood model and improve
the flood extent simulation results.

On the other side, unlike the probability inundation map in other studies based on ensem-
ble runs (Papaioannou et al., 2017), the number of model structures in a study is usually
small, which causes the probability inundation map to be sensitive to the outlier of incorrect
model structures. Worse performance of one model structure would lead to the bias of the
outcome probabilistic inundation map in some areas. Therefore, a model performance test is
necessary before a model structure generates probabilistic inundation maps.
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8. Summary and Conclusions

8.1. ANN for Flood Inundation Forecast

A forward-feed network structure was applied and set up with a training dataset with 120
synthetic events and a testing dataset of 60 events to produce the maximum inundation depth
and compare it to the 2D hydraulic models. The two popular algorithms compared here,
namely resilient backpropagation and conjugate gradient can provide a relatively accurate
prediction of maximum inundation depths by evaluating the MSE in the study area. Besides,
Resilient backpropagation performed better than the conjugate gradient with a smaller MSE
on average.

The ANN topology selects two hidden layers and ten neurons per layer. The dependencies
from the interaction of these two parameters are complex since there is no single setting
that outperforms all the networks in this study. Therefore, it was impossible to find a clear
trend over the ANN with a simple set of network layers and neurons. However, 70% of our
networks performed better with two or three hidden layers. The comparison indicates that the
prediction of flood inundation extents by inflow hydrographs is more likely to be precise at a
low hidden layer number.

The network size for sub-dividing the area is also tested for performance evaluation. Both
settings, network sizes of 50 x 50 and 100 x 100 for the study area, produced minor errors.
However, the 50 x 50 grids have slightly smaller MSE with much less model tuning time,
hence being chosen in this study.

Two clustering methods, conventional FCM and PCA-FCM, were tested for reducing the test
dataset for performance. Both clustering methods capture the characteristics in each cluster
(by the trend of curves and confidence intervals). By checking the 90% confidence interval
over all the clusters, it could be inferred that the cluster spread of PCA-FCM was smaller than
the spread with the conventional FCM clustering. Hence, the former was preferred. The MSE
difference map of the clustering strategy showed that this strategy efficiently reduces the size
of the training set. Thus, clustering is helpful as the preprocessing of the training dataset. The
network could cover a broader range of inputs with the clustered data and avoid overfitting by
similar training data. Overall, in our case study, clustering enhanced the performance of the
ANN training by reducing the size of the training set and slightly improved the prediction of
maximum flood inundation.

The prediction results on the testing dataset are excellent. The prediction of maximum flood

inundation shows no visible difference from the synthetic events in flood extent and water
depth. By comparing the MSE, only 1.21% of the wet grids have values larger than 0.2 m?,
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suggesting that the prediction is successful over 98% ANN. Tests on historic events showed
that the prediction results of the flood inundation are still outstanding but with some localized
disagreements in the maximum water depths. Overall the prediction by grids, 91.03% in 2005
and 86.38% in 2013, was good, for which the MSE was smaller than 0.2 m?. However, it was
also noticeable that the model prediction quality decreased as the forecast area was further
away from the inputs.

The work above proved that resilient backpropagation networks could replace the 2D hy-
draulic model for flood inundation prediction, requiring only the discharge inflows as inputs,
which are easier to measure in real-time than the physical-based parameters of the hydraulic
model.

In the next step, the neural network performs multistep forecasts for one, two, three, four, and
five hours after the flooding event has started. The results show that it is possible to use
different ANNSs for the first forecast interval (time 0) to issue the multistep forecasts. First,
however, the quality of the forecast regarding the water-depths or the flood inundation extent
should be distinguished. The overall forecast performance of the water-depths was found
slightly better than the flood inundation extents. The performance was mainly affected by the
flood event from 2005, particularly close to the southwest end, far away from the location
where the input inflows are.

The flood predictions of the different first intervals were tested in synthetic and historical flood
events, namely that of 2005, 2006, and 2013. Resilient backpropagation networks are set up
and trained for forecast intervals of three, six, nine, and twelve hours. The model produces
good results for the 60 synthetic flood events, as over 81% of the grids have RMSE below
0.3 m. Concerning the water depths, the ANN model has a good performance for the Flood
Events 2006 and 2013 and a sufficient performance for the Flood Events 2005 in predicting
water depths. Generally, the error increases gradually as the forecast interval increases by
checking the inundation maps. For the far-end area away from the inflow inputs, the long-
distance may be responsible for a decrease in the forecast performance; therefore, it is likely
that the model requires other information than those of discharge to enhance the forecast
accuracy for those areas.

The ANN model was applied for the real-time forecast in 2006, 2013, and 2005. For this
purpose, the same ANN model was used for the forecast. The input discharge inputs were
replaced by the shifted intervals for 1 — 5 h after the event beginnings. The forecast shows
promising results in the flood events 2006 and 2013 for the real-time forecasts, with over 70%
of grids with RMSE less than 0.3 m. The forecast shows worse results in flood event 2005,
with only over 58% grids with RMSE less than 0.3 m. Overall, the forecast accuracy drops as
the forecast interval increases from 3 h to 12 h. The forecast accuracy also decreases as the
forecast progresses from X h +1 hto X h + 5 h. For the three historic flood events, the three
hours forecast is good, with more than 70% of the grids accurately forecasted. However, the
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quality of 6 h or longer intervals was more event-dependent.

Based on the analysis of POD, FAR, and CSlI indices, the multistep ANN flood forecast pro-
vides good results at the beginning and decreases as the forecast progresses. The forecast
switches from overestimating to underestimating when the forecast proceeds from 0 hto 5 h.
In our case, except for the event 2005, the three hours ANN trained by the first interval im-
proved the performances slightly with the sub-sequential forecast. The six, nine, and twelve
hours ANN trained by the first interval for sub-sequential interval forecasts would have an
accuracy depending on the actual flood events.

8.2. Probabilistic Flood Maps for Model Structure Uncertainty
Quantification

To better model the growing occurrences of urban flooding hazards, the coupled 1D/2D hy-
drodynamic models are conducted for investigating the model structure impacts the 2016
Simbach flash flood event. The sewer network, the dam erosion, the pump system (rainwater
pumps, pump failure), and the water treatment plant are modified in seven model structures
to test their modeling impacts. Meanwhile, a 1D rainfall-runoff model models the inflow to
Simbach city.

The statistical evaluation of all the model structures of model couplings showed satisfactory
results, with a maximum RMSE and MAE of 0.594 m and 0.496 m and a minimum NSE of
0.896. Therefore, the 1D rainfall-runoff model for the inflow generation and the model grid
size of 5 m by 5 m are validated suitable for the study. Furthermore, including dam erosion
into the model structure successfully improved discharge rates and wider flooding extent in
the city.

The sewer system reduced the average maximum water depth by 4.65%. The sewer system
drains 0.9% — 5.2% of the total network inflow. Meanwhile, 69% — 73% of the total volume
stayed on the surface, while 26% — 28% routed to the boundary of the study area. The
rainwater pumps drain 3.9% — 4.3% of the total net inflow out of the folder, which reduces the
maximum water depth in the Simbach Polder by up to 35 cm. For the model structure with
dam erosion, the dam water-path reduces the efficiency of the sewer system. For the area
only affected by local precipitation, the sewer network relocates a large amount of water to
the riverbed of Simbach and the Erlach Polder.

Besides the advantages of the sewer system, the stormwater drainage and emergency flood-
ing outlets also added to a massive volume of water relocation, which increases the water

level inside the riverbed and the inundation area.

It is crucial to realize that the current implementation of the model structure study added great
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uncertainty when introducing the different model structures. In our case, the wide spreads
of averaged maximum water depth and volume significantly impact the small changes in
modeled components. Furthermore, in extreme flash flood events such as Simbach 2016,
the discharge data are usually scarce. Consequently, the model validation would rely more
on the eyewitness observation, which adds to more uncertainties from the measurements.

Other similar case studies should also consider the necessity of drainage components mod-
eling. In our case, the model still gives good results on the water depth and the inundation
extent without modeling the dam break. Nevertheless, if the interest focuses more on the
complex interaction between the 2D overland flow and the 1D sewer system, dam erosion,
and pump systems modeling could increase the modeled system’s accuracy and increase
model complexity.

A probabilistic inundation map is a helpful tool for analyzing the model structure uncertainty of
hydraulic flood models. The model structure uncertainties herein are studied in two sources:
from modeled components and model couplings, respectively in the flood event Simbach
2016 and the flood event Baiersdorf 2007. Seven model structures of modeled components
and seven models of model couplings are set up and calibrated for the probabilistic inunda-
tion maps. Sixteen water gauges from Simbach and eighteen from Baiersdorf provide the
maximum water depths in the flood events, determining the weights in probabilistic flood in-
undation maps.

Three methods for calculating the probabilistic flood inundation maps weigh the goodness of
fit for the model structures: overall fit, fit at the nearest checkpoints and fit at all checkpoints.
To further quantify the model structure uncertainty of the original model structure, Taylor
diagrams help to show the performance of modal structures at the checkpoint data by root-
mean-square errors, standard deviations, and correlation coefficients. Changing the model
couplings could significantly impact the model fit at the observed checkpoint data from the
diagram. In contrast, the change in the modeled components did not affect much on the
results. In our case, improving the model couplings could shrink the standard deviation of
the errors to a quarter, which points out the importance of the coupling strategy in hydraulic
urban flood simulation. On the other side, modifying drainage components did not affect the
model performance much, probably due to the complexity of the model structures. Adding a
model component did not change much on the model performance, which could result from
either the local impacts or the extra uncertainties from adding the components themselves.

The probabilistic flood maps give more inundation information over the simulated flood events
than from a single deterministic flood map in the two study cases. With the different model
structures of the modeled components, about 10% of the inundation area is uncertain (with a
probability between 0 and 1), which is possible to neglect when applying a deterministic model
structure. In the study of model couplings, more than 20% of the inundation area is uncertain.
Based on these results, using multiple model structures and constructing probabilistic flood

Multistep Flood Inundation Forecast with Artificial Neural Network 106



maps in studies are essential means to overcome the limitation of a single model and obtain
a more accurate flood extent.

8.3. Outlook and Future Work

As the objective of the real-time flood forecast, the forecast model could give accurate wa-
ter depth profiles. However, due to the great variety of artificial neural network models, it is
possible to have a better choice of other neural network models. Future work could include
other neural network models, e.g., a recurrent neural network with long short-term memory,
to include the water depth information acquired from previous forecast steps for a multi-step
forecast. To further split the forecast time interval for finer temporal multi-steps could also
be another possibility to enhance the accuracy of the forecast. For instance, a Convolu-
tional Neural Network (CNN), a Generative Adversarial Network, and other networks could
be alternatives. On the other side, it is meaningful to include more dynamic processes when
processing multi-step inundation forecasts.

The model structure uncertainty analysis in this work proceeded on the two specific case
studies on drainage components and model couplings. Therefore, the model uncertain-
ties are strongly impacted by the local topologic features, the hydrologic characteristics,
and the local drainage infrastructures. Consequently, the model variants are also limited
to the drainage/couplings in the cases. Future works should extend to other areas with dif-
ferent drainage infrastructures and different coupling from urban planning to overview the
two sources of structure uncertainties. By comparison results from different study cases, the
uncertainty from drainage components and model couplings could be better quantified and
concluded. Besides, it is necessary to include and analyze other sources of model structure
uncertainties, e.g., different discretization of the urban terrain model, numerical schemes,
formations of one-dimensional surface models, and different land cover representations.

The precipitations applied to different areas are worth considering for flood inundation mod-
eling in multiple urban areas. The historical precipitation intensity is input for the simulation
to integrate the gauge station data. Thus, the inequivalent precipitation intensities in different
urban areas would also make a difference in comparing uncertainties. Furthermore, applying
the same return period’s precipitation would be interesting to assess the uncertainty at the
same hazard intensity for multiple urban areas.

Due to the heavy computational expenses of two-dimensional surface models, the model
structure could only evaluate the limited possible model structures at a time. Suppose the
time-consuming two-dimensional part could be modified. In that case, the simulation time for
a single model structure could be much shorter, which increases the number of model struc-
tures in our uncertainty analysis study. Consequently, future work could include replacing the
two-dimensional model with less expensive models. For example, it would be helpful to in-
clude only the rapid flood spreading model or some replicable indices from a one-dimensional
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model to reduce the computation efforts. Besides, if the Al-based model could achieve higher
accuracy in simulating the 2D surface model, it could be replaced for model structure uncer-
tainty analysis. The potential capability of generating hundreds or thousands of ensembles
enables the complete variants among model structures, making the uncertainty analysis less
biased. Besides, different visualization methods should be applied to more study cases for
further comparisons with more complex structural differences.

It is also necessary to include other measurements for the model performance in future stud-
ies. The performance evaluation depends on the water levels at the gauge stations; in our
case, fewer than twenty for both cases. Most cities can have a similar issue, that the total
number of gauge stations is limited, causing a high uncertainty in the measured water level
in an extreme flood event. Moreover, the gauge stations’ distribution is usually within the city
center, which reduces a lower weighing of the model fit in the suburban areas. Finally, a
more comprehensive evaluation of the inundation area could include inundation information
available from drones and cameras.
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