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Abstract

Urban stormwater management is put under pressure by increasing urbanisation and climate
change leading to more frequent urban flooding. Such flooding can introduce ecological and
public health issues by releasing contaminated water into the environment. Upgrading
traditional grey infrastructure and implementing blue-green infrastructure (BGI) can be limited
in their applicability for flood mitigation making Real-Time Control (RTC) an increasingly

popular alternative due to its cost-effectiveness and potential performance benefits.

This thesis investigated the accuracy of rainfall forecasts and examined how forecast-informed
RTC procedures could reduce flooding frequency and overflow depth while minimising
negative side effects. The rainfall forecast accuracy was assessed based on three key properties:
rainfall depth, forecast horizon, and mean forecast intensity. Using the insights from this
assessment, three forecast-informed RTC procedures were designed to enhance the flood

mitigation performance of a reactive RTC.

With perfect forecast data, flooding was completely prevented for two of the procedures, which
used the longest but distinct horizons. The procedure using the shortest horizon was not able to
prevent every flooding event due to the restriction in pre-emptive water release ahead of the
forecasted rainfall events. The forecast accuracy analysis showed that the accuracy declined
with increasing rainfall depth and lengthening horizon. Furthermore, the results indicated a shift
from underestimation to overestimation of the rainfall depth as the mean forecast intensity
increased. Applying the real forecast data, all designed forecast-informed procedures
demonstrated reduction in total overflow depth of up to 70%, with the reduction linked to pump
operation. However, the flood mitigation performance did not align with the expected results
based on forecast accuracy, indicating that the procedures’ logic and implementation played a

significant role in determining their effectiveness.

The findings highlight the trade-offs inherent in using forecast-informed RTC procedures,
particularly the balance between the uncertainties of longer forecast horizons and the need for
sufficient lead time to take preventive action. By addressing these challenges, this thesis
provides practical insights to inform the design and implementation of advanced RTC systems,

marking a critical step toward more sustainable and resilient urban water management.
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1 Introduction

1.1 Problem Analysis

Events where rainwater cannot enter the drainage system and pond on the streets are defined as
urban pluvial flooding, simply called pluvial flooding since urban areas and cities are
particularly susceptible to these situations (Jha et al., 2012; Palla et al., 2018; Rosenzweig et
al., 2018). Many cities are already affected and are experiencing negative consequences of
pluvial flooding. The risk and vulnerability of people and places are expected to get worse,
according to the current projections of climate change, owing to increased peak runoff events
due to changing rainfall regime (Schmitt & Scheid, 2020) and urbanisation (Ashley, 2007; Azizi
etal., 2022).

Effects of climate change are already being experienced and will continue to cause significant
stress in the future. The Netherlands is sensitive to climate change, and knowledge about the
future climate is of great importance. Issues related to climate changes are further exacerbated
in urban areas by the lack of permeable surfaces, limited drainage capacity, and ageing
infrastructure. Uncertainties and variations are present in different climate scenarios; however,
the same tendencies are observed (EEA, 2020; KNMI, 2014; Portner et al., 2022):

- Increase in mean temperature;

- Average precipitation and extreme precipitation will increase during the winter;

- Mean precipitation will decrease while the intensity of extreme precipitation will
increase during summer;

- Sea level will continue to rise, and the rate will increase.

In addition to climate change, urbanisation intensifies the pressure on urban water management
by reducing the infiltration potential due to construction of impermeable surfaces and straining
the sewer network capacity. Changes in land use and land cover alter the natural water cycle
through impervious surfaces such as asphalt, concrete, and brick, increasing the runoff volumes
and decreasing the response time. Urbanisation and the concentration of population and wealth
put pressure on existing drainage systems and increase the likelihood of them being
overwhelmed. The urbanisation has been rapid and extensive, causing an unsustainable urban

development that greatly exacerbates the susceptibility to flood risks (Acosta-Coll et al., 2018;



Jian et al., 2021). Therefore, inhabitants are more often exposed to floodwater inflicting health

and safety issues, while buildings and properties can be subjected to significant damage.

Notwithstanding the evident negative effects of urban pluvial flooding and expected
exacerbation, less attention has been given to pluvial flooding in research compared to other
types of flooding. Reasons for the lack of focus are expanded on by Rosenzweig et al. (2018).
Firstly, urban pluvial flooding has been taken for granted and viewed as a problem with pre-
existing solutions and has been assumed to occur due to failure in the drainage system.
Secondly, difficulty in predicting urban areas’ hydrological response to precipitation events and
lack of observational data has restricted the focus. The reliability and accuracy of available data
IS questionable, making it difficult to assess the impacts and occurrence of pluvial flooding.
Thirdly, urban pluvial flooding is assumed to only induce limited impacts, fostering little
attention. These repeated and systematic flooding events are often left out of the assessments
despite the importance of the cumulative impacts. However, there are multiple examples of how
urban flooding can cause more severe impacts such as contaminant and pathogen exposure,

property damage, and disruption of transportation networks (Falconer et al., 2009).

Although there has been a lack of recognition in the scientific literature, in recent years urban
pluvial flooding and available mitigation methods have started to receive more attention. One
of the most common methods for mitigating urban flooding is upgrading traditional grey
infrastructure (Chen et al., 2021), which includes updating storage facilities, pipe networks, and
pump stations. The performance can be further improved by supplementing grey infrastructure
with additional measures, resulting in more sustainable practices. One of these practices is blue-
green infrastructure (BGI), such as water retention basins (Robinson et al., 2010) and green
roofs (Stovin et al., 2012). BGI aims at restoring the natural water cycle and is contributing to

address flooding challenges (Casares et al., 2024).

However, financial constraints, including costs related to implementation and upgrading the
system, but also growing operational and maintenance costs, can make these two methods
inapplicable. Similarly, the methods can be unsuitable due to spatial constraints, either not being
sufficient space available or not being feasible to implement at the specific location. Moreover,
the static control grey infrastructure and BGI offers may become insufficient and reduce the
flood mitigation performance due to the anticipated increased pressure on urban water systems
due to climate change and urbanisation. Therefore, there are clear challenges related to the use

and improvements of grey infrastructure and BGI in existing drainage systems. Butler and
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Davies (2011) emphasise that the methods need to be cost-effective and acceptable technical
improvements. In addition, the impacts must be assessed while continuing to search for
sustainable solutions. This highlights the necessity for other methods, with Real-Time Control

(RTC) becoming a new, sustainable, and alternative solution for flood mitigation.

Generally, in stormwater engineering, adaptation to mitigate disturbances and limit loss of
functionality is done through resilience design aimed at minimising flood duration, magnitude,
and impacts (Li & Burian, 2023). RTC is one method for improving the resilience of
infrastructure against the uncertain future conditions, and in recent years, it has gained traction
as a method to prevent urban pluvial flooding (Kéndler et al., 2020). Additional benefits of
implementing RTC can include reduction of combined sewer overflows (CSOs), reduction of
peak flows, diminishing urban flood volume, and improving water and stormwater quality
(Beeneken et al., 2013; Borsanyi et al., 2008). These advantages emphasise RTC’s potential as
a transformative approach for enhancing urban water systems and addressing the challenges

posed by increasingly variable conditions.

An RTC approach enhances flexibility and adaptability, by treating the urban drainage system
(UDS) as a dynamic entity, capable of handling the highly variable loading conditions it faces.
An RTC system utilises real-time data about the urban water system and possibly rainfall
predictions to optimally operate existing infrastructure: ensuring adequate capacity within the
system by proactively managing space within the infrastructure. Given that RTC does not
require additional static investments and only entails minor expansions of the pre-existing
sensor network within an urban water system, it can be considered a cost-effective solution
compared with more traditional methods (Sun et al., 2023; Xu et al., 2022). By implementing
and operating RTC strategies effectively, both the storage capacity of the UDS and urban
surface water alike can be utilised more efficiently. For heavy rainfall events, RTC can
potentially mitigate urban flooding by selective discharge of water before the onset of
forecasted rainfall, thereby increasing the urban water system’s water retention capacity for the
event. This form of proactive RTC relies on information about the future storm events, provided
through rainfall forecasts (Stinson, 2005; Sun et al., 2023). Combining rainfall predictions with
real-time observations of the urban water system enables informed control strategies to be

implemented.

Although combining real-time observations of the urban water system with rainfall forecasts
can theoretically enhance the performance, the accuracy of precipitation forecasts can have
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significant impact. Parameters such as localisation, timing, and intensity play crucial roles in
influencing the effectiveness of RTC relying on forecast data (Xu et al., 2020). Weather
forecast’s ability to accurately predict future weather states decreases with an increasing
forecast horizon (Imhoff et al., 2022). Consequently, finding a balance between acting with
ample lead time (using longer forecast horizons) and accurately predicting rainfall (using
shorter horizons) becomes necessary. Understanding this trade-off is contingent on the specific
case study, yet a systematic evaluation of these trade-offs is currently lacking in the existing

scientific literature.

1.2 Objective

The aim of this thesis is twofold: (1) to assess the quality and accuracy of rainfall forecasts; and
(2) to explore the potential of mitigating urban pluvial flooding using forecast-informed RTC.
Forecast-informed RTC strategies are developed based on the quality and accuracy of the
rainfall forecasts, with the objective of temporarily reducing the surface water levels to
accommodate larger rainfall depths and mitigate urban pluvial flooding. The inherent
uncertainties of the forecast data are expected to influence the effectiveness of RTC systems.
Therefore, a balance between the forecast-related uncertainties, the flood mitigation
performance of RTC, and potential negative side effects is critical. To address these aims, the
following research question and sub-questions are formulated:

Can a Real-Time Control strategy be designed to mitigate urban flooding and minimise

negative side effects?

What is the current frequency of flooding?
Can a Real-Time Control strategy mitigate urban flooding?

How does forecast accuracy affect the Real-Time Control strategy performance?

A w0 np e

Can the Real-Time Control strategy be adjusted to minimise the risk while maximising

the benefits?



1.3 Report Structure

The thesis begins with Chapter 2, which provides a literature review on urban pluvial flooding,
Numerical Weather Prediction (NWP), as well as RTC, including design options and reported

performance. Chapter 3 outlines the study area, and the rainfall datasets used in the analyses.

The thesis is divided into two distinct parts. (1) PART I focuses on the rainfall forecast
assessment and includes Chapters 4, 5, and 6. Chapter 4 describes the forecast properties
assessed and the evaluation metrics applied. Chapter 5 presents the results of the forecast quality
assessment. Chapter 6 concludes PART I by discussing the results and implications of
incorporating forecasts into an RTC strategy. (2) PART 1II focuses on the development and
evaluation of RTC strategies and begins with Chapter 7, which introduces the RTC strategies
and the methods for performance assessment. Chapter 8 presents the results of the RTC strategy
evaluation. Chapter 9 concludes PART II by discussing the RTC performance and influencing

factors.

Chapter 10 presents an overall discussion of the project, highlighting the limitations and
weaknesses of the developed methodology. Finally, Chapter 11 summarises the findings from

both PART I and PART II, answering key research questions, and provides a discussion of the

results.
Chapter 4 Chapter 5 Chapter 6
Methodology | Results Rainfall Conclusions
Chapter 2 Rainfall Forecast Forecast Rainfall Forecast
Literature Review I i
Chapter 3 1
Case Stud
Y Mg:;ii:gi; ) Chapter 8 Chapter 9
&y Results RTC  |Conclusions RTC
RTC
Chapter 11 Chapter 10
Project < Project «
Conclusions Discussions

Figure 1.1: Overview of thesis structure. Chapter 2 and 3 creates the foundation for both PART 7 and PART II. The results and
conclusions of PART [ are utilised in Chapter 7. Thesis discussions and conclusions combining PART 7 and PART II are

presented in Chapter 10 and 11.



2 Literature Review

This chapter reviews the relevant literature to provide insight into the principal concepts,
methods, and challenges associated with applying forecast-informed RTC for flood mitigation.
The review is structured to address three primary areas: (1) urban pluvial flooding, (2) NWP,
and (3) RTC systems. These areas are examined to identify knowledge gaps, establish the

theoretical context, and explore improvements that inform this thesis.

Section 2.1 presents urban pluvial flooding and its associated impacts, emphasising challenges
in determining and comparing severity and impacts. Section 2.2 examines NWP as a forecasting
technique, with particular attention on accuracy and events that are more difficult to forecast.
Lastly, Section 2.3 explores RTC systems, evaluating their design, implementation, and

reported performance in urban water management.

The review aims to establish a comprehensive understanding of the existing body of work while
identifying critical areas where further research is needed. This forms the basis for the

methodology and analyses presented in subsequent chapters.

2.1 Urban Pluvial Flooding

In most cities and urban areas, the frequency and severity of flooding has increased over the
past century. Urban flooding can be the result of several sources. Extreme precipitation
localised over parts of the urban area and subsequent runoff or high flows in major neighbouring
rivers generating urban flooding are common (Ashley, 2007). This thesis will focus on the urban
flooding events triggered due to local precipitation that exceeds the urban surface water

system’s capacity.

Slightly different terms have been used to describe and characterise flooding in urban areas due
to precipitation. Examples of the differences can be seen in Falconer et al. (2009), Rosenzweig
et al. (2018), and Brendel et al. (2020). Despite the discrepancies in literature, usual
characteristics include precipitation being the cause, a lack of capacity in the drainage system
for rainwater to enter, and subsequent ponding on the streets. However, some literature
differentiates between pluvial flooding and surface water flooding, with the latter including
flooding from open-channels and urban watercourses. In this thesis, the term urban pluvial

flooding will refer to flooding caused by overflowing canals. Moreover, attempts to categorise
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and differentiate flooding events in the Netherlands based on the potential impacts and severity

has been conducted by RIONED (2006). Three severity degrees of pluvial flooding are used:

1. Hindrance: small quantities of water on the street with a duration of 15-30 minutes with
no or minimal property damage.

2. Severe hindrance: large volumes of water on the street. Can cause tunnels to flood and
manhole covers to lift, 30-120 minutes duration.

3. Nuisance: water on the street on a larger scale and longer duration. Risks include
flooding in shops, damage to property and possibly serious disturbance to (economic)

infrastructure.

The first two categories primarily cause inconvenience and traffic disruption, as the water
remains confined to streets without causing significant property damage. Disruption of day-to-
day activities due to flooding of roads, pavements, cycle paths, and railways falls under the
hindrance and severe hindrance categories. Nuisance, defined as the most severe category,
includes property damage beyond what is accounted for in the less severe categories. However,
there is no clear quantitative difference between the suggested categories, raising questions
about their practical utility. Additionally, they focus predominantly on small, frequent events,
overlooking the increasing frequency and intensity of extreme rainfall projected by climate
models (EEA, 2020). This focus may be inadequate for addressing future flood risks.
Consequently, more severe impacts on property, the environment, and public health are

anticipated, particularly in urban areas with aging infrastructure.

2.1.1 Pluvial Flood Impacts

Multiple methods to distinguish and differentiate between flood impacts have previously been
utilised. Firstly, impacts can be classified as either tangible or intangible (Velasco et al., 2016).
This is related to whether the impact can be expressed in monetary value (tangible) or not
(intangible). Secondly, differentiation between direct and indirect impacts is utilised relating to
how a flooding event is experienced. Direct impacts are caused by immediate physical contact
of flood water, whilst indirect impacts relate to losses outside the flooded area (Martinez-
Gomariz et al., 2020). Thirdly, impacts can be distinguished into exposure and vulnerability.
Exposure includes the amount of people and assets directly impacted by the event, while

vulnerability can be described as the severity of the experienced impacts (Rosenzweig et al.,



2018). Combining the probability of flooding and potential consequences results in a flood risk

that can be assessed (European Commission, 2007; Vergouwe, 2016).

There are three primary ways in which pluvial flooding affects cities: through its impact on the
population, on the economic sector, and on physical infrastructure (Zevenbergen et al., 2011).
Pluvial flood impacts caused by infrequent, extreme local precipitation events were investigated
by van Riel (2011), leading to the creation and definition of several categories of pluvial flood
impacts, which were later adapted. Similar attempts to categorise flood impacts have been made
(e.g., Moftakhari et al., 2018). Common for the different attempts is that they all include
economic losses due to damage to infrastructure, property, lower productivity, failure of
services, threats to public health, and general discomfort and nuisance for citizens. The
distinction between the flood impact categories and their definitions, from van Riel (2011), are

used, and the relationship between impacts and stakeholders is shown (Table 2.1).

- Material impacts: Damage to physical objects triggered by direct contact with rainwater.

- Economic impacts: Induced costs due to changes or interruptions in economic activities
or productive capacity.

- Health impacts: Include impacts to physical health from either direct contact with
floodwater or the clean-up process. Can also encompass mental health impacts resulting
from the flooding experience.

- Discomfort: The total inconvenience and nuisance resulting from a combination of

multiple pluvial flood impacts.

Stakeholder Impact categories

Population ‘ Material impacts, health impacts, and inhabitants’ discomfort
Economic sector ‘ Material impacts, economic impacts

Physical infrastructure ‘ Material impacts, economic impacts, and inhabitants’ discomfort

Table 2.1: Stakeholders and associated impact categories.

2.1.1.1 Material Impact

Pluvial flood is characterised by small water depth and small direct damage. Although pluvial
floods usually have minimal material impacts, the cumulative material risk and cost can become
large over time. Due to the frequent nature of these events the costs can exceed those of less

frequency with more severe impacts (Rosenzweig et al., 2018). Material impacts caused by
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pluvial flood in lowland areas mainly involve cleaning expenses and the occasional replacement
of carpeting on the ground flood. ten Veldhuis (2011) reported that in cases where the water
depth reaches 10 cm, the material damage per flooded building can range from €1000 to
€30,000 for residential, commercial, and public buildings, but seldom surpasses
€3500/household. This information was derived from the low ranges of stage-damage functions
from previous studies in Germany and the Netherlands. The cost relates to cleaning and repair
costs. Additionally, a slightly higher minimum (€2000) was assumed for commercial and public
buildings due to higher cleaning costs. Nevertheless, other impacts, like temporary road closure,
disruption in transit service, and inconvenience for pedestrians, are more common and are

important for small events (Moftakhari et al., 2018).

2.1.1.2 Economic Impact

Economic risks are considered as indirect impacts, as they can represent lost opportunities.
Examples of economic risks include interruption of business activity, and disruption and delay
in traffic. Pluvial flooding can heavily impact communities, businesses, and citizens. Several
studies estimating economic risks have been conducted. An attempt to quantify damages in
monetary values and number of affected people was carried out by ten Veldhuis (2011),
demonstrating that the economic risk can be significant. Whilst the monetary value of flooding
and ponding of roads are significantly lower than the material risk, a very high number of people
are affected. Similarly, Martinez-Gomariz et al. (2019) assessed the economic risk through
business interruptions to the economic sector. It was found that economic risks were

approximately 30% of the material risks in terms of monetary value.

2.1.1.3 Health Impact

The health impact category can be divided into physical and mental health effects. Physical
effects include mortality, injuries, and illness related to the event itself or the clean-up process.
Mental health impacts, which occur due to the experience of being flooded, can include stress,
depression, and PTSD (Fewtrell et al., 2008; Hammond et al., 2015). Physical injuries, whether
minor or major, can occur from stumbling or falling due to objects hidden in the water.
Additionally, when the capacity of combined sewer systems is exceeded, contaminated water
can overflow onto the surface. This overflow, a mixture of waste and stormwater, might contain

bacteria and contaminants that can cause illness (Moftakhari et al., 2018; Sterk et al., 2008).



2.1.1.4 Discomfort

In addition to material, economic, and health impacts, pluvial flooding can cause significant
discomfort for inhabitants. This type of impact is individual and intangible, making it
challenging to specify and quantify. Discomfort encompasses the overall perceived and
experienced stress, inconvenience, hindrance, and nuisance affecting cars, cyclists, and
pedestrians. Factors such as age, gender, education, knowledge, and personal experience play
crucial roles in shaping the perceived and experienced discomfort. Furthermore, the level of
discomfort can be influenced by public warnings, as well as the communicated probability and
severity of the flood (Netzel et al., 2021).

While the severity is categorised based on duration and water quantities, impacts are
differentiated by whom they affect within the cities and on the type of consequences they cause.
However, the challenges of determining and comparing the severity and impacts of floods
remain an issue. This thesis focuses on small and frequent events, which are typically
characterised by small depths, thereby limiting the tangible impacts. Despite this, the intangible
impacts can be significant, especially for low-return-period rainfall events, as they contribute

to the overall inconvenience and discomfort.

Quantification of flood-related impacts and severity is beyond the scope of this thesis.
Nevertheless, the projected increase in flooding emphasises the need to consider associated
risks and implement potential mitigation measures. The literature stresses that while high-
intensity, low-frequency rainfall events result in more severe impacts, it is the low-intensity,
high-frequency events that often lead to considerable cumulative costs and negative
consequences over time. Public acceptance of these frequent flooding events depends not only
on their frequency but also on the ability to provide adequate warnings. Therefore, for
maintaining public trust and confidence in governmental actions, improving and implementing

rainfall forecasts for reducing the flooding frequency through mitigation measures are essential.

2.2 Numerical Weather Prediction

NWP is one of the most common forecast methods available. The method computes and
predicts the future weather using the current atmospheric state. Using partial differential

equations (PDEs) describing the conservation laws, the future characteristic values of the
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atmosphere can be estimated. Two conditions are necessary to successfully predict the
upcoming weather (Coiffier, 2011; Pu & Kalnay, 2018):

I.  Accurate characterisation and knowledge of the atmosphere at the initial state.
Il.  Sufficient and accurate knowledge of the physical laws from which the state of the

atmosphere develops.

The future state of the atmosphere is calculated in two separate stages using a numerical model.
The continuous behaviour of the atmosphere is regulated by establishing a system of PDEs. The
equations are discretised before they are analytically solved with an appropriate algorithm
(Coiffier, 2011). The discretisation of PDEs introduces some error in space and time, a
truncation error. This truncation error combined with the chaotic nature of the atmosphere can
make small initial errors grow rapidly and deteriorate the forecast quality in a very short time
(Buizza, 2019).

However, advances in NWP and the introduction of ensemble prediction have improved the
quality and accuracy of forecasting (Buizza, 2019). Forecast ensembles provide a range of
possible future scenarios instead of a single deterministic forecast, offering probabilistic
estimates into event occurrence. While large variations among ensemble members complicate
categorical forecasting, high agreement allows for reasonably confident predictions. This
approach provides the user with more comprehensive and valuable information, as the users are
supplied with the outcome ranges and associated probabilities. By enabling confidence-based
responses, binary decisions which rely on thresholds can support adaptive management
strategies and help mitigate risks while avoiding unnecessary measures during lower-

probability events.

Since the introduction of ensemble prediction, the forecast skills have increased. This can be
proved objectively and quantitatively by comparison of the forecasted weather and the actual
weather that occurs (Bauer et al., 2015). Forecast skill is measured using the anomaly
correlation coefficient (ACC), which quantifies deviations of forecasts from the climatological
average state of the atmosphere. The historical mean values are subtracted from both the
forecasted and observed data, and the correlation formula determines how closely the anomalies
align. This calculation is performed at the 500 hPa level. Higher ACC values indicate better
performance, with values above 60% typically considered skilful and outperforming random
predictions (Simmons & Hollingsworth, 2002).
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However, the overall forecast skill is dependent on both the forecast horizon, shorter horizons
increasing the accuracy (Figure 2.1), and the type and scale of the event, with small and intense

events (convective rainfall) difficult to predict due to the necessary resolution (Bauer et al.,
2015; Imhoff et al., 2022).
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Figure 2.1: Evolution of forecast skill at 3-, 5-, 7- and 10-day ranges for northern and southern hemisphere (Bauer et al., 2015)

Urban flooding is most often caused by these convective rainfall events (Walczykiewicz &
Skonieczna, 2020). The inferior forecast skill of these events may limit the potential for flood
mitigation when incorporated into the decision-making process. As the horizon lengthens the
uncertainty increases, and it becomes important to determine the optimal forecast horizon
before including forecasts in flood mitigation strategies. Ashok and Pekkat (2022) reported that
the optimal forecast horizon for many flood warning and forecasting studies is between 6 and
48 hours. Imhoff et al. (2022) noted that most early warning systems for floods use NWP
models with 12- to 72-hour horizons. While improvements in rainfall forecasts can lead to better
hydrological predictions and early warning systems, Jabbari et al. (2020) found that the forecast
performance does not significantly depend on the horizon when it is below 36 hours. However,
despite the inherent forecast errors and horizon-dependence, inclusion and consideration can

reinforce the management strategies (Gaborit et al., 2013).
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2.3 Real-Time Control

Changes in rainfall patterns and urbanisation magnify the vulnerability of infrastructure, people,
the environment, and property. The aim of water management is to minimise negative impacts
in terms of both quantity and quality (Beeneken et al., 2013; Jacobs, 2012). Improvements and
incorporation of rainfall forecasting techniques into management strategies may negate impacts
associated with increased flooding. Vis et al. (2003) compared raising the dikes with two
alternative resilience strategies for flood prevention in the Netherlands and found that the
alternative strategies offered greater flexibility. One example of an alternative and resilient
strategy is RTC, which has gained popularity for flood protection, due to its improved

adaptability, flexibility, and cost advantages with minimal efforts (Ké&ndler et al., 2020).

The literature of RTC mostly is focused on only wastewater volumes in UDS (Garcia et al.,
2015). However, there are differences between RTC in UDS and in surface water systems,
which can include system complexity and infrastructure constraints. UDS face challenges
managing both stormwater and wastewater, balancing flood prevention and overflows to the
environment. Research (Bilodeau et al., 2018; Gaborit et al., 2013) have shown that
implementing RTC for outflow from detention basins increased performance, and it can be
assumed that RTC applied to an urban surface water system may exhibit somewhat similar
behaviour in terms of their functioning in flood management. Although most studies focus on
RTC implemented in UDS, the same principles can be adapted for surface water control,
offering flexibility and efficiency in flood prevention strategies. Consequently, the following
subsections primarily address RTC in UDS, reflecting the dominant area of research, while

recognising its broader potential.

2.3.1 RTC Design Options

It has been demonstrated that RTC does work in practice through many large-scale studies
(Schutze et al., 2004). RTC utilises current information about the UDS to optimally operate
existing infrastructure to reach the established objective. However, the performance and
efficacy are influenced by the implementation. Implementation of RTC can be divided into
three steps (van der Werf et al., 2022). The first step involves establishing the overarching RTC
strategy, which includes defining the objective function, designing the architecture, and

determining the potential positioning of new actuators. The second step focuses on the RTC
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procedure, which identifies the optimal settings within the system. Finally, the third step
concerns the RTC algorithm, which dictates how the optimal settings are implemented by the

actuators.

The RTC performance refers to its capacity to enhance system functionality in accordance with
the established objective. The RTC performance can be evaluated using either a data or model
driven approach (van Daal et al., 2017). A model-based method entails running simulations of
the system using different rainfall events with and without implemented RTC rules. For the
data-driven method, datasets with sufficiently comparable characteristics are gathered with and
without RTC implemented to determine the impact on the system’s functioning. Moreover, the
RTC performance can be divided into three types (van der Werf et al., 2022). The actual
improvement possible for an implemented RTC strategy, which can only be assessed using
data-driven methods, defined as the Implemented RTC Performance. The Theoretical RTC
Performance can be calculated using a model-based method. The theoretical RTC performance
assumes ideal functioning of the RTC and can be regarded as the upper-bound of the practical
performance. Last is the Maximum Potential Performance defining the absolute upper limit of
what could be achieved with any RTC strategy for the studied catchment. There can be
considerable difference between the theoretical and practical performance, and studies should

explicitly mention what type of performance was assessed.

The architecture of the RTC defines how the actuators are controlled and implemented and can
be designed with local, central, or distributed control. The difference relates to how the
information is processed, handled, and actions determined. The simplest form is local control
where the measurements are obtained directly at the actuator site. There is no communication
between the actuators, and each is responsible for optimising its relevant part of the UDS and
consequently the whole system. Because of its simplicity, local control may represent a suitable
solution in cases with few actuators in the system. For more complex systems or if all actuators
must be operated jointly, a centralised control is required. The measurement data from local
sensors are communicated to a central control room and actuators are operated in a coordinated
manner (Schutze et al., 2004). However, the largest potential for centralised control comes from
large and complicated UDS (van der Werf et al., 2022). For large-scale and complex systems,
distributed control, a combination of local and central control, is common. Communication
between the actuators is incorporated, rather than a central controlling agent. Groups of
actuators find the best solution for each actuator. For each subsection throughout the system the
actuators are operated utilising only the information in this section (Garcia et al., 2015). The
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circumstances, benefits, and drawbacks of the different control architectures should determine

which one to use.

Selection of an appropriate control procedure is essential for developing an RTC for a
wastewater system. The RTC procedure refers to how the system determines the optimal
settings or setpoints for the actuators (Schitze et al., 2004). Procedures can be categorised into
heuristic and optimisation-based control (Garcia et al., 2015). A heuristic procedure relies on
extensive knowledge and experience of the system’s behaviour. Potential procedures and
setpoints are specified and refined through an iterative process involving a simulation model of
the system. In contrast, optimisation-based procedures evaluate the impacts of potential control
actions and compute the best settings for the actuators at each specified control time interval.
This approach allows for high accuracy in predicting the future state of the system due to model

updates based on current measurements.

A distinction can be made between reactive and predictive control based on how an RTC
strategy utilises information and determines the actuators’ setpoints. Predictive control has
several possible approaches, ranging from simple heuristic controls incorporating rainfall
forecasts (van der Werf et al., 2023) to more complex techniques like Model Predictive Control
(MPC). These advanced systems integrate multiple features, including online models and
weather forecasts, to adapt water systems based on real-time and predicted conditions (Meneses
et al., 2018). Rainfall forecasts can provide valuable information assisting in improving system
performance by emptying water from storage facilities before a storm (Sun et al., 2023).
However, the RTC performance can be affected by the forecast accuracy and reliability, which
tend to deteriorate with increased lead time (Garcia et al., 2015). In contrast, reactive control
responds only to current external events. These systems are simpler, and the benefits of
upgrading from reactive to predictive control need to be clearly identified to justify the added

complexity and costs.

Studies comparing different RTC designs and approaches have shown that both simple and
complex procedures can achieve the desired objective. When both types of procedures are
effective, preference is frequently given to the simpler approach (Kroll et al., 2018).
Performance evaluation typically involves optimisation to identify the best possible strategy
and procedure. Although an optimal solution may not be achievable within the given
constraints, a suboptimal control decision can still be effective RTC. The key is to ensure that

the chosen control decision does not cause worse performance than the no-control scenario
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(Schutze et al., 2004). Despite the challenges associated with RTC, it can be a valuable method

for enhancing the performance of sewer and water systems.

2.3.2 RTC Benefits

RTC can improve the performance of existing UDS. Despite its usefulness and cost-efficiency,
implementing RTC procedures remains challenging for wastewater operators (Kroll et al.,
2018). This difficulty arises because RTC is often perceived as too complex and expensive to
implement without case-specific investigation. However, compared to conventional systems,
the additional expenses of RTC are relatively limited, and it offers considerable benefits
(Beeneken et al., 2013). These benefits typically fall into one of three categories: volume-based,
pollution-based, or impact-based (van der Werf et al., 2022). A volume-based RTC strategy,
for instance, aims to reduce the total CSO or flooding volume, while pollution-based and

impact-based strategies incorporate contaminants and their associated impacts, respectively.

Currently, the configuration of UDSs limits operators’ control during rainfall and subsequent
flooding events. Significant storage capacity might exist within the system, but poor utilisation
and management often lead to urban pluvial flooding. RTC has been shown to reduce urban
flood risk with various designs, as demonstrated by several studies. For example, Mounce et al.
(2019) investigated an RTC based on fuzzy logic to mitigate urban flooding by utilising the
existing spare capacity in urban drainage networks. The study employed expert knowledge to
develop fuzzy logic rules, expressed as if-then statements. Frequent water-level measurements
were used to adjust a flow control gate, thereby minimising local flooding and optimising
network storage during rainfall events. The results indicated a reduction in local flooding, with
an average reduction in flood volume of 66% after optimisation compared to cases without gate

control, and a 25% reduction for unseen test rainfall events.

Similarly, the beneficial effects of RTC on urban flood risk mitigation using movable gates
have been evaluated (Maiolo et al., 2020). A previously validated distributed real-time system
was applied to a highly urbanised catchment with a combined sewer system that suffers from
undersized pipes, low slopes, and frequent rainwater discharge. The study considered various
scenarios based on the positions and number of movable gates, including the current
uncontrolled situation, to evaluate the RTC performance. Findings showed that implementing

the RTC strategy improved the system performance by reducing total flood volume and hours
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flooded. The storage capacity of the conduits was better utilised, demonstrating that RTC can

be a viable solution for minimising urban flood risk.

Additionally, RTC strategies involving pumping stations to reduce CSO spills and mitigate
flooding have been developed. Nielsen et al. (2010) evaluated a global control RTC strategy by
calculating the reduction in overflow volumes. This strategy used a simple rule-based control
to determine when to switch upstream pumps on or off as a storage basin filled up. Control
functions were based on total inflow to a wastewater treatment plant, water levels in basins and
critical parts of the system. The implementation of this RTC at nine pumping stations and the
introduction of seven gates led to a 40% reduction in overflow volume without increasing the
flood frequency. Moreover, the obtained results from the project only represents the absolute

minimum for the control potential.

In a similar vein, Tian et al. (2022) explored the flood mitigation capabilities for an
optimisation-based RTC approach. This predictive approach utilised rainfall forecast and real-
time data of the system to determine whether control actions were necessary. When action was
deemed necessary, pumps were activated to balance the water volume both upstream and
downstream, minimising CSO and flooding. The optimisation model showed a reduction in
flood volumes compared to the currently used rule-based water-level RTC system. The
improved performance was partly attributed to using the entire rainfall events rather than only
current information. However, the study emphasises that the optimisation model is an ideal

method and used to produce an upper-bound performance estimate in the study.

2.3.3 RTC Related Risks

Regardless of the benefits, the implementation of RTC can introduce associated risks that must
be considered. Information failure, actuator failure, and forecast error are among the main risk
factors in an RTC (van der Werf et al., 2022). Potential failures in the system can increase
flooding frequency and volumes, in addition to negatively impacting public health, biodiversity,
and the environment. To minimise these consequences and improve system reliability, fault

diagnosis can be incorporated to detect potential failures as they occur.

Information failure occurs when decisions are made based on inaccurate, incomplete, or
uncertain data. Sensors collect and communicate information about the system’s current state,

including actuator setpoints and predicted rainfall, to determine whether actions are necessary
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in accordance with the established RTC objectives. The RTC performance can be compromised
by poor data quality or a failure to communicate essential information to the control agent
(Campisano et al., 2013). Actuator failures can occur despite high-quality information and may
deteriorate system performance. Ensuring system safety and reliability requires that actuator
failures are properly addressed. These failures are often difficult, if not impossible, to predict
due to uncertainty regarding when, what type, and which actuator might fail (Tao, 2004). In the
event of an actuator failure, increased spills and flooding may occur, even during dry weather
flows, with risk escalating as the number of actuators increases. Although such failures have

not yet been reported, they remain a significant threat (van der Werf et al., 2022).

For an RTC with a predictive approach, rainfall forecasting is crucial. Forecast errors have the
potential to result in performance loss for the RTC. Typically, forecast errors are classified into
three types (Habets et al., 2004): localisation, timing, and intensity. Localisation errors occur
when the rainfall is predicted for one area but falls in another, potentially causing uncontrolled
overflows or unnecessary actions. The response of a catchment is influenced by both preceding
events and the precise timing of the current event, emphasising the critical role of timing errors.
Timing is especially important when managing storage capacity in advance of rainfall. If a
rainfall event occurs earlier than predicted, the RTC might underperform, though long horizons
can mitigate timing errors. Finally, intensity errors can impact flood mitigation efforts.
Underestimation of intensity can reduce flood mitigation performance, especially for large
events, while overprediction can result in unnecessary actions. The choice of forecast horizon
can help minimise the effects of these errors, ensuring that actions are taken neither too early
nor too late. Despite the influence of forecast accuracy and errors, RTC generally outperforms
conventional systems (Xu et al., 2020). Continued monitoring can help prevent negative side

effects and ensure optimal RTC performance.

RTC is recognised as a cost-effective and alternative method for flood mitigation. However, its
effectiveness depends heavily on implementation and strategy design. Approaches range from
simple designs, such as operating one actuator based on measurement of the existing system
(e.g., water level) and predefined thresholds informed by expert knowledge, to more complex
systems involving multiple actuators that rely on interdependencies and forecast data. The
perceived effectiveness of RTC can also be influenced by the method of performance
assessment, as the maximum theoretical performance potential may appear significantly higher
than the practical potential if the tested approach is not feasible due to costs, complexity, or
data inaccuracy. Therefore, adequate time and consideration must be devoted to the design and
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implementation of RTC systems, with particular attention to how the performance is assessed,
ensuring fair comparisons with alternative methods and procedures. The reviewed literature
focused primarily on RTC applications for flood mitigation and CSO reduction implemented in
UDSs. Despite operational and structural differences, implementation of RTC in surface water

systems is also expected to enhance the performance and reduce flooding.

Projected climate change and urbanisation are expected to increase the frequency of flooding
in urban areas, affecting a growing number of people with consequences ranging from material
damages to health impacts and discomfort. Improvements in weather forecasting and the
integration of this information into innovative strategies offer opportunities to prevent flooding
and minimise negative side effects. One such strategy becoming increasingly popular is RTC,
particularly predictive RTC, which combines rainfall forecasts with real-time observations of
water systems and has demonstrated effectiveness in mitigating flooding and reducing CSOs.
Most research on volume-based control has been applied to UDS, while studies on RTC for
receiving water bodies and surface waters primarily focus on pollution-based and impact-based
control (e.g., Meng et al., 2017; Xu et al., 2010). However, urban canals (so-called singles)
provide storage capacity that may be utilised more efficiently to mitigate flooding through RTC
strategies, comparable to how detention ponds have been employed in prior studies.
Nonetheless, the uncertainties related to RTC design and implementation emphasise the
importance of case-specific investigations to evaluate practicality in terms of benefits, risks,

and costs.
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3 Case Study

This chapter introduces the study area where the designed RTC procedures were implemented
and investigated. The first section covers the area’s location and details the responsibilities for
water management. The second section presents the rainfall datasets, highlights their

differences, and explains how they were discretised for use in various parts of the thesis.

3.1 Study Area

Rotterdam, one of the largest cities in the Netherlands, is located in the delta where the rivers
Rhine, Waal, and Meuse meet the North Sea. The city is divided into a northern and a southern
section by Nieuwe Maas. Additionally, Rotterdam has several urban canals that receive runoff
from rainfall and, at times, untreated wastewater. Water quality in and around Rotterdam is
managed by the waterboards Hoogheemraadschap van Delfland, Hoogheemraadschap van
Schieland en de Krimpenerwaard, and Waterschap Hollandse Delta. The city of Rotterdam is
responsible for maintaining and operating the open water bodies and sewer systems, while the
Dutch federal government (Rijkswaterstaat) oversees the Nieuwe Maas (Arup, 2019; van der
Werf, 2023).

This mix of stakeholders can present challenges for implementing optimised control strategies,
particularly when changes in discharge affect catchments managed by different institutions.
However, this issue falls outside the scope of this thesis. van der Werf et al. (2023) has explored
heuristic RTC strategies for Rotterdam’s UDS, providing a foundation for further research. In
this thesis, the focus is on the northern part of the city, centred around Rotterdam Centraal
(Figure 3.1). The exact study area was selected to align with the forecast data’s location and

resolution while also covering Rotterdam’s city centre.
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Figure 3.1: Placement of study area within the municipality of Rotterdam. Study area is made up of 9 forecast pixels and 83

pixels for the observed data to cover the same area.

3.2 Rainfall Data

In this case study, two types of precipitation data were used: (1) a rain-gauge adjusted radar
dataset; and (2) the HARMONIE-AROME forecast dataset provided by the Royal Netherlands
Meteorological Institute (KNMI; see dataplatform.knmi.nl for online access). HARMONIE-
AROME is an NWP model that provides a 48-hour forecast, updated every 6 hours. However,
the data becomes available only after approximately 3 hours due to calculation time. This
forecast data has a spatial resolution of 2.5 km, and 9 pixels were used to cover the study area.
In contrast, the radar rainfall data, adjusted using validated rain-gauge data from the KNMI
network, is updated every 5 minutes but becomes available with a one-month delay. This dataset
has a finer resolution of 1 km per pixel. To cover the same area as the forecast data, 83 pixels
were used due to differences in spatial resolution and coordinate reference systems (CRS)

between the datasets.
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The rainfall data spans three years, from 2019 to 2021. The rain-gauge adjusted dataset is
continuous for the entire period, whilst the forecast data has some missing days throughout
these years. Additionally, forecasts before February 2019 and after September 2021 are
excluded from the analysis due to the unavailability of the data for these periods. In total, 24,070
forecasts were analysed across the study area. The exact distribution of forecast data for the

nine forecast pixels is provided (Table 3.1).

Location in study area Pixel Centre Coordinate Number of forecasts
number (EPSG:4326)

Lower Left | 1 51.8980, 4.4400 2682
Lower Middle | 2 51.8980, 4.4770 2673
Lower Right | 3 51.8980, 4.5140 2665
Centre Left | 4 51.9210, 4.4400 2679
Centre | 5 51.9210, 4.4770 2674
Centre Right | 6 51.9210, 4.5140 2669
Upper Left | 7 51.9440, 4.4400 2681
Upper Middle | 8 51.9440, 4.4770 2674
Upper Right | 9 51.9440, 4.5140 2673

Table 3.1: Total number of rainfall forecasts evaluated and their distribution over the study area.

3.2.1 Rainfall Discretisation

The rainfall data are used in two different ways in this case study, one for the forecast quality
assessment and the other for assessing the flooding frequency, the reactive RTC, and the
forecast-informed RTC strategies. For the forecast assessment, the rain-gauge adjusted radar
product is discretised to match the forecasts. This first discretisation method does not consider
whether it is raining or not, the only objective is to match the events to correspond to one
forecast, so it has the same duration, start, and end. Consequently, because of the forecast
properties, overlapping and representation of the same hours in different events is present. The
second discretisation method is based on the rain-gauge adjusted radar dataset. The rainfall is
separated into individual events to allow for an event-based assessment. This is done by
discretising the dataset using a minimum inter-event time (MIT) of 12 hours, corresponding to

the approximate emptying time of the system (van der Werf et al., 2023).

22



The MIT discretisation simplifies model simulations by ensuring that the available water

storage capacity remains unaffected by preceding events. Over the three-year period, the rainfall

was discretised into 1,036 events where both forms of rainfall data were available, which were

used to assess whether RTC can mitigate urban pluvial flooding. This number of events was

further reduced to 877 by excluding those where discrepancies in rainfall depth occurred due to

gaps in the forecast dataset, as these inconsistencies impacted the calculation of rainfall depth.

These remaining events have a return period of up to 2 years (Figure 3.2). However, the events

are not evenly distributed across the study area, showing significant variations in the number

of events, rainfall depth, and event intensity (Table 3.2).

Event Distribution Based on 12 Hour MIT
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Figure 3.2: Event distribution of evaluated and relevant rainfall statistics (from Beersma et al., 2019). Each event is separated

by at least 12 consecutive hours without rainfall.
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Pixel Number of  Total Mean Max Depth Max Mean
Number Events Rainfall Rainfall (mm) Intensity (mm/hr)
(mm) (mm)
1262 2142.26 8.18 69.71 3.54
2 | 120 859.76 7.16 67.21 2.05
3199 900.58 9.10 69.71 4.97
4| 85 774.62 9.11 97.77 2.99
536 358.88 9.97 65.07 2.96
6 44 575.86 13.09 71.73 4.99
7111 1142.11 10.29 96.09 1.93
8 |52 582.78 11.21 92.93 1.87
968 692.83 10.19 51.55 2.35

Table 3.2: Event distribution across the study area detailing key statistics, including total rainfall depth, the average rainfall

depth per event, the event with the largest total depth, and the event with the highest average intensity. Only events where the

rainfall depth, duration, and start and end times align between the different approaches are included.
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PART I: RAINFALL FORECAST

This first part of the thesis focuses on the quality of the rainfall forecasts. Chapter 4 explains
the developed methodology for assessing the accuracy of the rainfall forecasts, including the
assessed forecast properties and evaluation metrics. Chapter 5 presents and evaluates the
obtained results. Chapter 6 concludes this part with a discussion of the results, focusing on how
forecast accuracy is influenced by the forecast properties, and exploring the implications for
incorporating these insights into forecast-informed Real-Time Control (RTC) strategies.

4 Methodology Rainfall Forecast

This chapter describes the forecast quality assessment methodology, beginning with the metrics
used to evaluate errors and uncertainties in rainfall forecasts, as well as typical factors
contributing to these issues. Three key forecast aspects — rainfall depth, forecast horizon, and
forecast intensity — are selected for evaluation, with a detailed explanation of why and how each

aspect is assessed.

4.1 Quality Assessment

The literature review revealed that forecast errors are commonly separated into three types
(location, timing, and intensity). To address these errors, several forecast properties can be
evaluated to assess the accuracy and performance of rainfall forecasts. In this thesis, the forecast
errors associated with the intensity category are evaluated. Intensity errors are particularly
important as they directly influence the overestimation or underestimation of total rainfall
depth, with accumulated depth being a critical factor in determining whether flooding occurs
(Di Matteo et al., 2019).

In contrast, timing errors are more critical for systems using short horizons but become less
significant with increasing forecast horizons (Xu et al., 2020). Similarly, location errors pose
challenges, especially for convective rainfall events, where accurately predicting the correct
location is difficult, often resulting in misses in smaller catchments (Imhoff et al., 2022).

However, these issues are less central in this evaluation. Instead, intensity-related forecast
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errors emerge as the main contributor to forecast uncertainty on both hourly and daily scales

(Shahrban et al., 2016). For this reason, intensity errors are prioritised in this thesis.

Key aspects of the forecast accuracy that are evaluated in this thesis include total rainfall depth,
forecast horizon, and forecast intensity, as these factors significantly influence the magnitude
and variability of intensity errors. The forecast quality of a Numerical Weather Prediction
(NWP) model cannot be sufficiently assessed using only one metric (Shrestha et al., 2012). To
achieve a robust evaluation, multiple commonly used metrics are applied. Three binary
measures — probability of detection (POD), false alarm ratio (FAR), and specificity (SPC) — are
used to assess the forecasts’ quality. POD represents the fraction of events correctly predicted
as exceeding the threshold. FAR indicates the proportion of false events where rainfall is
forecasted but does not occur. SPC measures the fraction of non-events accurately predicted,
where both the forecasted and observed rainfall are below the threshold. Additionally, root-
mean-square error (RMSE) is employed to assess the average magnitude of forecast errors,
while depth difference is used to identify whether forecasts overestimate or underestimate
observed rainfall depth. The different evaluation methods used are listed and described (Table
4.1).

Acronym Name Description
POD Probability of Detection Fraction of events correctly forecasted
FAR False Alarm Ratio Fraction of forecasted events that are actually
non-events
SPC Specificity Fraction of non-events correctly forecasted
RMSE Root-Mean-Square Error Average error magnitude
Depth Difference Measure between observed and forecast

rainfall depth

Table 4.1: Evaluation metrics and their descriptions as applied in this thesis (based on Ashok & Pekkat, 2022).

4.1.1 Rainfall Depth

The forecast’s ability to correctly predict rainfall depth is investigated using the method
described by van der Werf et al. (2023). The datasets are transformed into binary values using
various thresholds of rainfall depth. For every rainfall forecast, the rain-gauge adjusted radar

rainfall for the same period is considered. Each updated prediction compares the accumulated
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rainfall depth for the forecast and observed rainfall to the threshold value, with exceedance
corresponding to a True and non-exceedance to a False. By applying the method to both
datasets, it becomes possible to examine whether the predictability of events varies with rainfall
depth. The effectiveness of binary predictions is assessed by calculating the POD, SPC, and
FAR as follows:

POD = e (4.1)
TP+ FN '

SPC = N (4.2)
" TN + FP '

FAR = kP (4.3)
~ FP+TP '

TP (true positives) is the number of correctly predicted events, FN (false negatives) is the
number of wrongly predicted events, TN (true negatives) is the number of correctly predicted

non-events and FP (false positives) is the number of wrongly predicted non-events.

4.1.2 Forecast Horizon Influence

Insight from the literature suggested that typical forecast horizons for early warning systems
range between 12 and 72 hours. Additionally, horizons shorter than 48 hours, but longer than 6
hours was considered optimal, despite being reported insignificant performance improvements
when the horizon was reduced from 36 hours. However, as the forecast horizon increases, larger
uncertainties are expected. Understanding the influence of forecast horizon accuracy can impact
the choice of horizon to be used within the RTC and is valuable information for the user (Imhoff
et al., 2020). To assess and quantify the difference between the forecast estimates and observed
rainfall depths over the entire horizon, the following metrics are applied: RMSE and depth

difference.

N
1
RMSE(R) = = ) (k) = 9:i(h))? (4.49)
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N
Depth dif ference(h) = %E(yi(h) - yi(h)) (4.5)

Where N is the total number of samples in the dataset, y;(h) is the rain-gauge adjusted radar
rainfall for the i*" observation at hour h, and 9;(h) is the forecast prediction for the it"
observation at hour h. For the calculations, the cumulative rainfall for the congruent hours of
the forecast and observed rainfall are utilised. The timing becomes less important when using
the accumulated rainfall, as the focus shifts to the cumulative rainfall depth over the forecast
horizon. The horizon is determined by considering the time difference between the evaluated

hours and the start of the forecast.

From a user perspective, it is beneficial to detect whether rainfall will occur as early as possible.
To achieve this, the influence of forecast horizons on POD, FAR, and SPC are evaluated, as
these categorical verification scores are less sensitive to large errors compared to continuous
verification scores (e.g., RMSE) (Shrestha et al., 2012). Combining POD, FAR, and SPC with
different forecast horizons might provide insight into whether lead time impacts the probability
of detecting rainfall events of different magnitudes. Equations 4.1-4.3 are modified to include
the different horizons, which correspond to the forecast update frequency of 6 hours. However,
an intensity threshold is now utilised instead of rainfall depth. This change is done because
altering the forecast horizon changes the period over which rainfall accumulation is measured.
Additionally, earlier studies (e.g., Jee & Kim, 2017) have employed intensity-based thresholds
to compare various forecast horizons. As a result, the same depth can represent different levels
of event intensity depending on the accumulation period associated with each forecast horizon.
In other words, because the accumulation period varies with different horizons, the depth

threshold values might be interpreted differently.

4.1.3 Forecast Intensity

Research (Fu et al., 2011) has shown that rainfall characteristics have a significant effect on
flood risk management in conventional drainage systems, with average intensity being one of
the most important characteristics. The rainfall intensity decreases as the duration of the event
increases (Figure 4.1). Consequently, heavy storms are associated with a short duration, whilst

drizzle can last for a long time (Butler & Davies, 2011). The mean forecast intensity, the depth
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difference, and their correlation are used to evaluate forecast accuracy. The depth difference,
calculated using Equation 4.5 over the entire horizon, is paired with the associated mean
forecast intensity. By relating the depth difference to forecast intensity rather than the observed
intensity, knowledge can be gained into whether the forecasts better predict high- or low-
intensity events. Additionally, the impacts of forecast intensity on underestimation and
overestimation can be assessed. Based on the equation, underestimation is associated with a
positive depth difference, while overestimation is exhibited as a negative depth difference.
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Figure 4.1: Typical intensity-duration-frequency curves from Butler and Davies (2011).
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5 Results Rainfall Forecast

This chapter presents the results of the rainfall forecast assessment, with each of the subsections
focusing on a key aspect of the analysis. The first subsection presents the results on the
forecast’s predictability based on cumulative rainfall depth. The second subsection focuses on
how the forecast horizon influences predictability, in addition with the impact on forecast
errors. The final subsection presents the relationship between the mean forecast intensity and

the difference between predicted and observed rainfall depth.

5.1 Quality Assessment

5.1.1 Rainfall Depth

The ability of forecasts to correctly predict rainfall events, based on exceedance of threshold
values, is visualised (Figure 5.1). The results show a clear trend: the forecast is significantly
better at predicting smaller rainfall depths compared to larger rainfall events. The POD for an
event with a cumulative rainfall depth of 1 mm was 0.85, while this POD value declined to 0.1
for a 40 mm threshold. The SPC and FAR exhibit different behaviour; they both increased as
the threshold rose. When the threshold was 1 mm, SPC and FAR were 0.82 and 0.09,
respectively, but at 40 mm, SPC rose to 0.995 and FAR increased to 0.93. The histogram shows
the distribution of the observed rainfall, with most events having a total rainfall depth of 1 mm
or less. This distribution may be affected by the discretisation method used for the rainfall
events. The observed events were discretised to match the forecasts, resulting in precipitation
being represented across multiple events due to overlapping hours and the updating frequency

of the forecasts.
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POD, FAR, and SPC for Different Thresholds
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Figure5.1: POD, FAR, and SPC values for different threshold rainfall depths with a set horizon of 48 hours. Rainfall histogram

shows relative abundance of data points per 1 mm threshold interval.

The results show a decline in predictability for larger events, as indicated by the drop in POD
with increasing thresholds. While POD decreases, SPC increases, reflecting an improved ability
to correctly identify non-events. This is accompanied by an increase in false alarms as the
threshold rises. Typically, SPC and FAR have an inverse relationship: false positives lead to a
rise in FAR and a drop in SPC. For both SPC and FAR to increase, there must be a substantial
increase in the correct identification of non-events (true negatives). This situation occurs when
most of the data comprises non-events, and the forecast becomes more effective at identifying
them as the threshold increases. The histogram reveals that a large portion of the rainfall events
has depths smaller than 1 mm. Consequently, as the threshold increases, the number of actual
events decreases, while the number of non-events increases (Table 5.1). Therefore, while false
alarms increase, the correct identification of non-events increases even more significantly.
Thus, although the forecast is less effective at detecting actual events (lower POD) and results
in more false alarms (higher FAR), it identifies non-events more accurately (higher SPC). This
suggests an overestimation of occurrence and possibly an underestimation of depth for higher
thresholds. Results from higher threshold values should be used with care, as only a few cases

occur.
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Threshold [mm] Observed Exceedances Forecast Exceedances POD FAR  SPC

0.0 | 24070 24070 1.0 0.0 0.0

1.0 16534 15411 085 0.09 0.82

5.0 | 11103 9142 0.70 015 0.89
10.0 | 6568 4877 056 025 0.93
15.0 | 3703 2619 044 038 0.9
20.0 | 2092 1298 032 049 097
25.0 | 1050 633 021 064 098
30.0 | 504 314 0.16 0.74 0.99
35.0 191 192 012 088 0.99
40.0 | 85 126 011 093 1.0
45.0 | 17 75 0.0 1.0 1.0

Table 5.1: Number of observed and forecasted events equal or greater than the specific threshold and associated POD, FAR,
and SPC.

The obtained results are consistent with previous research. The ability of nowcasting (2-hour
horizon) to accurately predict rainfall depths has been studied (van der Werf et al., 2023).
Despite the significantly shorter horizon, POD and SPC exhibit the same trend, decreasing and
increasing with thresholds, respectively. Longer horizons, up to 9 days, have also been
evaluated (Shrestha et al., 2012). In these cases, POD still decreased for higher thresholds, while
FAR increased. Therefore, accumulated rainfall depth can be a useful metric for forecasts and

their application in an RTC strategy, irrespective of the forecast horizon considered.

5.1.2 Forecast Horizon Influence

Further investigation into the predictability of cumulative precipitation depth across different
forecast horizons was carried out (Figure 5.2). The same trend is observed: POD declined, while
FAR and SPC increased with higher intensity thresholds across all the considered forecast
horizons. Similarly to the results of the entire horizon in subsection 5.1.1, this behaviour may
be explained by the significant increase in true negatives as higher thresholds are considered.
Upon examining the results, longer horizons perform better in predicting events and not issuing
false alarms at lower thresholds. However, SPC is lower, indicating worse performance in
predicting non-events. As the threshold increases, shorter horizons become more advantageous:

POD becomes higher and FAR lower. The opposite is true for SPC, where long horizons are
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better at predicting non-events for high intensities, and short horizons better for low intensities,
though the difference is negligible. The figure shows that the point at which shorter horizons
outperform longer ones occurs when the intensity is just above 0.2 mm/hr. As the intensity
increases further, the difference in POD and FAR between the forecast horizons become more
pronounced, while the difference in SPC decreases. Moreover, the difference in predictability

is relatively small for 48- to 30-hour horizons but becomes larger for 24- to 6-hour horizons.

POD, FAR, and SPC Using Mean Rainfall Intensity for Varying Forecast Horizons
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Figure 5.2: POD, FAR, and SPC across different intensity thresholds for forecast horizons corresponding to the forecast update

frequency.

When different rainfall thresholds are considered, the predictability varies between forecast
horizons depending on the size (depth/intensity) of the rainfall event. Predictability decreases
with increasing thresholds across all horizons, but shorter horizons perform better for intense
rainfall. This shift in effectiveness has been similarly observed in prior studies (Jee & Kim,
2017). For a static threshold of 0.5 mm/hr, POD decreased and FAR increased for lead times
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of 18, 12, and 6 hours, while another study (Shrestha et al., 2012) found that FAR decreased
with increasing thresholds for 1- and 2-day horizons, before rising again for longer lead times.
At lower intensities, the FAR values for the 1- and 2-day horizons in that study are comparable
to those in this study. However, for larger thresholds, their results demonstrated superior
performance compared to those presented in this study, with significantly lower FAR values.
This is desirable as it helps limit false warnings, thereby maintaining public trust in weather
services and civil protection authorities (Pirone et al., 2023).

The observed dynamics can partially and possibly be explained by the used datasets. The events
were discretised independently of observed rainfall and were only adjusted to match the forecast
duration, start, and end. As a result, events without any rainfall are included in the evaluation,
increasing the number of observed true negatives and the SPC. Similarly, POD can be
artificially improved by issuing false alarms, which increases the number of hits (Yang et al.,
2016). For longer horizons, timing becomes less important, as these provide more time to detect
the rainfall (Xu et al., 2020), while for shorter horizons, a single hour with rainfall could
potentially exceed the assessed threshold. These differences regarding how different intensities
and horizons evaluate various rainfall depths can potentially explain the observed differences
in POD and FAR. However, it should be noted that if the thresholds were to be transformed to
depths, longer horizons would always show preferable performance purely because of the
increased rainfall accumulation period. Therefore, the data, type of threshold, and horizon must

be considered when assessing the results and their usefulness.

The influence of the forecast horizon can also be observed using the metrics (1) depth
difference; and (2) RMSE between the forecasted and observed precipitation depths. For the
initial hours, the forecasts are relatively accurate with respect to cumulative rainfall depth, but
uncertainty steadily increases as the horizon lengthens. The mean RMSE remains below 4 mm
for the entire horizon; however, significant variations between forecasted and observed rainfall
are evident from the 75% and 95% confidence intervals (Cls). Assessing the depth difference
(Figure 5.3a), minor underestimation is indicated by the positive mean depth difference of the
cumulative depth. The large variation in the Cls suggests lower precision as the forecast horizon
lengthens. Moreover, the 75% and 95% Cls show that underestimation tends to have a greater
absolute value compared to overestimation. Although both over- and underestimation occur,
the magnitude of error is larger for underestimation. This large range of error may limit the
effectiveness of using cumulative rainfall depth alone in a control strategy, although the mean
is relatively close to zero.
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Forecast Accuracy Dependence on Forecast Horizon
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Figure 5.3: RMSE and depth difference, defined as observed minus forecasted rainfall, for cumulative rainfall depth over the
entire forecast horizon.

The results confirm that forecast accuracy depends on both the forecast horizon and rainfall
depth. As the forecast horizon extends, the magnitude of error in accumulated rainfall depth
increases, aligning with previous research (Jang & Hong, 2014; van der Werf et al., 2023; Yang
et al., 2021), which demonstrated increased uncertainty with longer lead times. As the horizon
increases, the range of error grows due to reduced similarity between forecasted and observed
events. For shorter horizons, underestimation of events predominates, but as the horizon
lengthens, both over- and underestimation may occur, consistent with earlier studies (Heuvelink
et al., 2020; Jabbari et al., 2020; Pirone et al., 2023).

The differences between the obtained results and those from previous research may be
attributed to factors such as model resolution, catchment size, forecast horizon, and event types.
Generally, forecast performance improves with finer resolution, though this can also lead to
overestimation of rainfall, reducing the overall forecast skill (Ashok & Pekkat, 2022). Lower
resolution models show a more rapid decline in heavy rainfall prediction accuracy as forecast
horizon increases. Additionally, small catchments are more sensitive to rainfall system location,
increasing the relative error (Heuvelink et al., 2020). Therefore, it is important to consider the
combined effects of resolution, catchment size, and forecast horizon when assessing forecast
accuracy. Nonetheless, real-time forecasting systems appear to benefit from shorter horizons,

as uncertainty tends to increase with longer lead times.
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5.1.3 Forecast Intensity

The relationship between mean forecast intensity and accumulated depth difference has been
investigated (Figure 5.4). Since mean intensity is a product of duration, it also provides insight
into forecast depth. Both underestimation (positive depth difference) and overestimation
(negative depth difference) of cumulative rainfall depth are observed. A clear trend emerges:
underestimation occurs with low forecast intensities, while overestimation is prevalent when
the forecast has a high mean intensity. As the forecast predicts larger events, both the frequency
of overestimation and the depth of overestimation increase. The box plot, where the box
represents the interquartile range (IQR) and the whiskers indicate the 95" percentile, shows that
the range of error also expands with increasing intensity. When the mean forecast intensity is
low, the data exhibit low variability and depth difference compared to the observed events. This
pattern can be explained by the distribution of forecasts intensities (Table 5.2), where more than

half of the forecasts have intensities below 0.1 mm/hr.

Depth Difference by Mean Forecast Intensity
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Figure 5.4: Depth difference between forecast and observed cumulative rainfall depth in relation to mean forecast intensities.

Depth difference is calculated as observed minus forecast rainfall depth.

For this dataset, the forecasts demonstrate to be more accurate in predicting smaller rainfall
events. Low intensities show a smaller depth difference and range of error between the forecasts
and observed events, despite the presence of more outliers. However, forecast intensities below
0.9 mm/hr exhibit both overestimation and underestimation of the cumulative depth. On

average, the forecasts tend to overestimate the depth when the intensity reaches 0.5 mm/hr.
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Previous studies, such as Van Steenbergen and Willems (2014), have reported increased
forecast rainfall error with larger rainfall depths, which is consistent with the results obtained
in this study. Specifically, large depths are overestimated, and small depths are underestimated
by the forecasts. However, other studies, such as Jabbari et al. (2020), have reported different
results. Their comparison of NWP forecasts with rain-gauge observations for three heavy

rainfall events revealed a tendency for the forecasts to underestimate the precipitation.

The findings suggest that the model does not accurately predict intense rainfall but can be
advantageous for less intense events. The relationship between depth difference and mean
forecast intensity might be particularly useful in an RTC strategy. By focusing on the forecasts
rather than the observed events, decision-makers can gain valuable insights into the uncertainty
associated with the forecasts. This approach allows for better-informed decision-making,
enabling the implementation of timely actions or the decisions to wait until forecasts become

more accurate.

Intensity Bin ~ Number of Mean Depth Min/Max Max over-/
[mm/hr] Forecasts [-] Difference [nm] Observed Depth  underestimation
[mm] [mm]
0-0.1 14823 1.813946 0.00/48.42 4.79 / 45.88
0.1-0.2 4254 2.780237 0.00/51.33 9.30/42.88
0.2-0.3 2258 1.567630 0.00/54.35 14.45/41.10
0.3-0.4 1344 0.396940 0.04 /49.86 18.59/30.40
0.4-0.5 721 -2.767065 0.38/48.82 22.86 / 28.56
0.5-0.6 329 -6.816935 0.10/41.76 27.41/13.85
0.6-0.7 137 -7.769724 0.52/ 47.67 32.29/14.95
0.7-0.8 73 -12.817205 0.72/43.62 37.60/7.57
0.8-0.9 45 -21.653702 0.56 / 43.83 43.26 / 3.23
0.9-1.0 31 -25.921589 0.86/42.53 46.27 [ -3.27
>1.0 55 -39.668071 1.05/42.42 94.26 / -8.64

Table 5.2: Number of forecasts and the differences between forecasted and observed values for specific intensity ranges. The

negative values for underestimation actually indicate overestimation.

The focus of Part | was assessing the inaccuracy, uncertainty, and errors existing in the forecast

data. To evaluate the accuracy of the NWP model, the forecast data was compared against
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observed rainfall derived from the rain-gauge adjusted radar dataset. It was assumed that the
radar dataset is correct and representative of the actual events. However, radar-based rainfall
estimates are affected by issues such as beam blockage, attenuation, and errors introduced
during gauge adjustments (Overeem, Buishand, et al., 2009; Overeem, Holleman, et al., 2009).
Therefore, it is important to consider these issues when interpreting the results, as they can

contribute to the observed differences between the forecasted and actual rainfall.

Additionally, discretising the events to match the forecast data can potentially influence the
results as events without predicted or observed rainfall are included in the evaluation. This
approach ensures consistency in event comparisons, although it may amplify the perceived
forecast inaccuracy. Furthermore, rainfall was considered to occur when the depth exceeded 0
mm and does not account for uncertainties such as measurement noise or model limitations. For
comparison, Shrestha et al. (2012) applied a higher threshold (0.1 mm/3hr), accounting for
detection limitations. Consequently, the utilised discretisation and threshold, and their

combination, may inflate the observed true negatives and skew the performance metrics.

While the methods used provide a practical framework and valuable insight into forecast
performance, it is important to acknowledge the limitations, especially when comparing the
results with other studies. Therefore, future studies should consider using other discretisation
methods and applying different rainfall thresholds to better capture the true performance of
rainfall forecasts.
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6 Conclusions Rainfall Forecast

It was demonstrated that the overall forecast accuracy was dependent on the rainfall depth, the
forecast horizon and the forecast intensity. The ability to correctly predict rainfall decreased
while there was a rise in false alarms as the rainfall depth increased. This may present a problem
when incorporating forecast data into the decision-making process of an RTC designed to
mitigate flooding, as total rainfall depth is an important factor influencing the occurrence of
flooding. The RTC performance may be limited when relying on forecasts with low accuracy

and large errors, making inclusion of forecasts questionable in these instances.

Similar behaviour with decreasing POD and increasing FAR was observed for all considered
forecast horizons. By using intensity as thresholds, rather than depth, events with similar
characteristics were compared. Events with low intensities were more easily predicted with long
horizons while shorter horizons were suggested to be preferable when the intensity increased.
This may limit the potential benefits of including rainfall forecasts in RTC strategies as the
short horizon necessary for correct predictions of intense events, most often causing flooding,
restricts time for preventive action. However, the combination between horizon and intensity
can represent quite small and normal events which have limited impacts on the surface water
level considered in this thesis. Additionally, by transforming the intensity thresholds to depth
thresholds, longer horizons were significantly better at predicting depths large enough to cause
flooding. This is likely due to the decreased importance of timing between the forecasted and
the observed rainfall, indicating that longer horizons may be preferable in predicting flood

causing depths.

The assessment of the forecast horizon also revealed that longer horizons decreased the forecast
skill. The RMSE between the forecast and observed dataset increased almost linearly over the
horizon and there could be significant difference between the two datasets. A small
underestimation of the cumulative rainfall depth was also shown, despite the depth difference
being relatively close to zero. However, there were large variations in the two datasets, with
both overestimation and underestimation observed. This increases the difficulty of including
rainfall forecasts in an RTC strategy as large overestimation and underestimation errors can be
expected when considering the entire horizon. Furthermore, it was shown that the depth was
underestimated when the mean forecast intensity was low and overestimated with high forecast

intensities. These results were only based on the full horizon of the forecasts, shorter horizons
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may perform differently and should be considered in future research. Underestimation of the
depth may prevent suitable actions to be carried out while overestimation of the depth may
result in unnecessary action. Therefore, moderate intensities should be considered as the median
depth difference was close to zero despite demonstrating both over- and underestimation.
Additionally, these event intensities correspond to cumulative depths sufficient to cause

flooding.

Despite the limitations and drawbacks found in the assessment of the forecast data, the results
can be used to determine how the forecasts can best be included in a forecast-informed RTC.
Firstly, Yang et al. (2016) reported that a false alarm rate below 0.5 is generally tolerable when
using forecast data issuing urban inundation alarms. As the FAR increases with the rainfall
depth and forecast horizons, this restricts the use of very large depths in combination with long
horizons. Secondly, the increased uncertainty with longer horizons suggests that shorter
horizons would be more effective for implemented RTCs, provided they are still long enough
for the proactive measure to have its full effect. Thirdly, it has been reported (Walczykiewicz
& Skonieczna, 2020) that the intensity of events has a large influence on whether urban flooding
occurs. Therefore, forecasts with reasonable intensities have been used in the developed RTC
procedures. These procedures aim to achieve a compromise between the forecast accuracy, the

possibility for flood occurrence and providing sufficient lead time for preventive action.
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PART II: REAL-TIME CONTROL

This part of this thesis focuses on developing and evaluating forecast-informed Real-Time
Control (RTC) strategies. Chapter 7 explains the RTC methodology, which includes the design
of the surface water system model, the reactive RTC, and the forecast-informed RTC
procedures. In the design of the forecast-informed RTCs, the results of the rainfall forecast
analysis have been incorporated into the methodology, guiding the creation of the pumping
rules. Chapter 8 presents the different RTCs’ performance and improvement potential. Chapter
9 concludes this part by discussing the benefits and drawbacks of RTC implementation, along

with the factors influencing its performance.

7 Methodology RTC

This chapter presents the developed methodology used for the RTC procedures. The first
section outlines the design of the conceptual surface water system model, its operation, key
parameters, and how the results will be utilised. Section 7.2 builds on the surface water model
by introducing a reactive RTC strategy, explaining the modifications made to the model, and
presenting the performance metrics used for evaluating the RTC performance. The final section
introduces the design of the forecast-informed RTC procedures, which are based on the results

of the forecast assessment, along with the parameters used to assess their performance.

7.1 Surface Water Model

To examine the frequency and total overflow depth of urban pluvial flooding, a conceptual
bucket model representing the urban canals of Rotterdam is designed. This model operates on
a mass balance principle, where the volume of the bucket depends on the inflow and outflow.
The mass balance is simplified to consider only rainfall as the inflow, while the outflow includes
overflow and the water pumped out of the system, as these are the most important contributing

factors during a rainfall event (Equation 7.1).

AV (t) = Rip(t) — Pyye (t) — Overflow(t) (7.1)
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Groundwater infiltration, seepage, and evaporation are not considered, as they are assumed to
be negligible. While these factors are not always negligible, their significance depends on the
specific system and conditions. During the evaluated events, which involve short-term, intense
rainfall causing flooding, the rates of infiltration, seepage, and evaporation are much smaller
compared to the inflow and outflow, limiting their impact on urban pluvial flooding dynamics.
Additionally, infiltration is reduced in urban contexts due to impermeable surfaces. Seepage is
also limited by the short durations of high water levels and insufficient time for prolonged

seepage to occur. Furthermore, well-lined or impermeable canals can further restrict seepage.

Evaporation is influenced by factors such as high temperatures, solar radiation, and prolonged
dry spells, which are typically absent during rainfall events. Event-based assessment does not
account for the time between the events, eliminating the influence of extended dry spells. Cooler
weather and cloud cover during the events also reduce evaporation rates. However, for the
continuous evaluation, these factors could play a more significant role and may need to be
considered.

The total water depth in the model is 100 mm, with an initial water level of 80 mm, and a surface
water storage capacity of 20 mm. When the accumulated rainfall exceeds this capacity, flooding
and overflow occur. The entire rainfall depth over a pixel is assumed to contribute to the urban
canal, meaning that any rainfall event with a depth greater than 20 mm results in flooding. To
assess the flooding frequency without any measures in place, an event-based assessment is
conducted using rainfall events obtained from the minimum inter-event time (MIT)
discretisation. The frequency of flooding is determined by counting the number of events where
rainfall depth exceeds 20 mm. Additionally, the total overflow depth from these events is
aggregated to determine the average overflow depth. Furthermore, the analysis explores the

relationship between event intensity, duration, and the likelihood of flooding.

7.2 Reactive RTC

Building on the flooding frequency and overflow depth assessment, the simplified bucket model
of the urban canals is further utilised to evaluate whether a reactive RTC strategy can mitigate
urban pluvial flooding. The primary objective of the RTC approach is to prevent flooding by
maintaining a constant surface water level. This is achieved by activating a pump as soon as the

water level exceeds the initial 80 mm threshold, which corresponds to 20 mm of remaining
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storage. Essentially, water is pumped out of the system when the available storage falls below
20 mm. The pump operates in a binary fashion — either off or on — at a capacity of 0.7 mm/hr.
This pump capacity is large for a surface water pump, which typically has a capacity of 0.4
mm/hr. A higher pump capacity increases the rate at which water is removed, reducing the
likelihood of flooding. The higher capacity allows for faster water removal, reducing the risk
of overflow, particularly when the rainfall intensity exceeds the capacity of smaller pumps. This
factor should be considered when assessing the results.

To assess the performance of the reactive RTC, which will act as a baseline for later
comparisons and analyses, three key factors are considered: flooding frequency, total overflow
depth, and water level fluctuations. The frequency is evaluated by counting the number of
overflow events across the study area using the reactive RTC strategy. This is then compared
to the number of rainfall events with depths greater than 20 mm. Total overflow depth is
assessed by summing the overflow for each event and comparing these values across scenarios.
Finally, the water level is examined by analysing the overall variation in water level throughout
the three-year simulation period.

7.3 Forecast-Informed RTC

To assess whether the theoretical RTC performance can be improved by incorporating rainfall
forecasts, the previously described model of the urban canals and reactive RTC are utilised. The
control strategies are designed to reduce the frequency and volume of flooding caused by
precipitation. The forecast-informed RTCs employ a heuristic-predictive approach, utilising
forecast properties in the decision-making process to determine whether to activate the pump
and mitigate potential urban pluvial flooding. A decision is made for each forecast using a
rolling horizon approach (Shishegar et al., 2019). This method allows for dynamic scheduling,
as the decision is re-evaluated whenever a new prediction becomes available, thus creating the
possibility to account for forecast errors, which decreases with shorter forecast horizons (Xu et
al., 2022) (see also subsection 5.1.2). The concept is illustrated schematically (Figure 7.1).
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Figure 7.1: Concept of rolling horizon adapted from Shishegar et al. (2019).

To implement this strategy effectively, three forecast-informed procedures have been
developed based on the obtained results in Part I (Table 7.1). The evaluated forecasts
demonstrated increased uncertainty with longer horizons and larger depths (Chapter 5). The
procedures have been designed to account for this uncertainty and inaccuracy by utilising
different forecasted rainfall depths and forecast horizons while keeping the false alarm rate at

an acceptable level below 0.5.

For Procedure 1 and 2, an approximate intensity of 0.42 mm/hr is selected, corresponding to 20
mm of rainfall over a 48-hour horizon and 10 mm over a 24-hour horizon. Procedure 3 uses a
lower rainfall depth of 8.4 mm with a shorter horizon of 12 hours, matching the pump capacity
of 0.7 mm/hr. Higher mean forecast intensities were not used because of the limited number of
forecasts with these intensities (see Table 5.2). Additionally, these high forecast intensities were

shown to be poor in predicting correct rainfall depth with large overestimations.

In all procedures, the pump is activated if the rainfall threshold is exceeded. Additionally, the
procedures allow for pump activation even if the rainfall threshold is not reached, but the water
level exceeds the initial level of 80 mm as a precautionary measure, identical to the reactive
RTC strategy. When the pump is activated based on the water level, it is evaluated every hour,
unlike the 6-hour interval used for rainfall forecast evaluations. With the procedures in place,
the next step involves applying them to the rainfall forecasts over the study period to assess

their performance.
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Procedure Forecast properties Description
ID

1 | Total predicted depth over Pump activated if predicted rainfall > 20
entire forecast horizon mm or water level >80 mm.
2 | Total predicted depth over first  Pump activated if predicted rainfall > 10
half of forecast horizon mm or water level >80 mm.

3 | Total predicted depth over first Pump activated if predicted rainfall > 8.4

quarter of forecast horizon mm or water level >80 mm.

Table 7.1: Description of developed forecast-informed rules used by the RTCs.

In the performance evaluation of the forecast-informed RTC procedures, the reactive RTC
serves as the baseline. The evaluation is conducted in two ways: (1) an event-based assessment,
utilising the MIT-discretised rainfall events; and (2) a continuous evaluation over the entire
period. The event-based evaluation focuses on flood mitigation performance by comparing the
flooding frequency and overflow depths of the individual events. Events that cause flooding are
further investigated by examining their characteristics. However, discretising the rainfall into
individual events may influence the results and misrepresent reality. For instance, pumping may
occur at the end of one event in anticipation of future rainfall, resulting in a lower water level
that is not accounted for in the following event, where the water level is reset to 80 mm. This
issue is addressed by the continuous evaluation, which spans over the entire three-year period.
When forecast data is missing (e.g., after September 2021) the reactive RTC logic is applied.
The continuous evaluation includes total overflow depth, changes in water level over time, and
the percentage of time the water level remains below the target. Additionally, it examines the
pump’s operation, such as number of activations and total hours of pumping. Lastly, the RTC
procedures are evaluated under the assumption of a perfect forecast to determine their

maximum theoretical potential.
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8 Results RTC

This chapter presents the results related to the forecast-informed RTC, reactive RTC, and the
conceptual model of the urban canals of Rotterdam. It begins with section 8.1 presenting rainfall
events with depths sufficient to cause flooding, their frequency, and relationship between
duration and intensity. Following this, the results of the reactive RTC are presented,
highlighting its potential flood mitigation capability. The final section presents the performance

of the forecast-informed RTC procedures and compares them to the reactive RTC strategy.

8.1 Flooding Frequency

The datasets included 877 events for which both forecast data and rain-gauge adjusted radar
data were available. These events were used to assess the theoretical flooding frequency.
Flooding occurred during 139 of these events, while for the remainder, the rainfall depth was
insufficient to cause overflow when no measures were implemented (Figure 8.1). Over the
three-year period, the total rainfall depth across these 877 events was 8,029.67 mm, yielding an
average event depth of 9.16 mm. When focusing exclusively on the theoretical flooding events,
which must have a rainfall depth greater than 20 mm, the total rainfall depth was 4,887.17 mm,
with an average event depth of 35.16 mm. Of this total, the overflow depth was 2,107.17 mm,

averaging 15.16 mm of overflow per flooding event.

Flooding and Non-Flooding Events Relation with Intensity and Duration
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Figure 8.1: Non-flooding and flooding events based on intensity-duration relationship. The rainfall events cover the three-year

period and have been discretised using an MIT of 12 hours.
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The study area consists of multiple pixels, each representing one data collection point, and a
single event may be observed in multiple pixels. These events exhibit minor variations in
rainfall depth, duration, and timing as the event moves across the study area. This is particularly
noticeable for the three events with the longest duration, each approaching 100 mm in depth.
Consequently, an event that covers more than one of the pixels may be regarded as the same
event but at different locations. Therefore, due to the division of the study area, a single event
might be recorded as up to nine separate events, exaggerating the observed flooding frequency

in this thesis.

Flooding can occur during both long-duration, low-intensity rainfall and short-duration, high-
intensity events. However, it has been reported (Di Matteo et al., 2019) that events with long
durations may limit flood control due to storage capacity being exceeded partway through the
event. As the event duration increases, a greater proportion leads to flooding when no control
measures are in place. Conversely, shorter duration events often do not cause flooding, as their
total rainfall depth remains insufficient to overwhelm the system. Additionally, several of the
observed rainfall events potentially causing flooding had a return period of less than twice a

year, highlighting the need for measures to reduce the frequency of flooding.

8.2 Reactive RTC Performance

The reactive RTC strategy, which activates the pump as soon as the water level in the urban
canals rises, demonstrated its effectiveness by reducing the theoretical flooding frequency and
total overflow depth. Using this strategy, 18 of the 877 evaluated rainfall events resulted in
overflow, with a cumulative depth of 89.87 mm (Figure 8.2). However, the distribution of
events and depths varies across the study area. The number of overflow events ranges from 0
to 3, and the depths from 0 mm to 23.17 mm, for pixel 4 and 9, respectively (see Chapter 3).
Despite this spatial variation, a significant number of rainfall events with the potential to cause
overflow were prevented. Furthermore, this approach provides a more realistic representation
of current practices in Rotterdam and highlights RTC’s effectiveness in mitigating urban pluvial

flooding.
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Overflow Events and Overflow Depths using Reactive RTC
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Figure 8.2: Rainfall events where overflow was not prevented using the reactive RTC. Bar chart shows the number of flooding
events and combined overflow depth for each pixel. (b) shows overflow depth for each flooding event when using the reactive
RTC against rainfall depth. Equality line represents overflow without pumping.

The events in which flooding was not prevented had rainfall depths between 25 mm and 52
mm. Events with larger rainfall depths were successfully managed, making it evident that total
rainfall depth alone does not determine whether flooding is prevented. Additionally, the
flooding events that were not prevented had durations varying significantly, from 12 to 84
hours. The flooding events were typically characterised by high mean rainfall intensity, high
maximum rainfall intensity, or a combination of both, indicating that the pump capacity was
insufficient to manage the inflow (Figure 8.3 a). While both mean and peak rainfall intensity
influence flooding, the results suggest that peak rainfall intensity plays a more significant role.
For instance, the mean rainfall intensity varied from 0.44 mm/hr to 2.69 mm/hr, whereas
maximum rainfall intensity ranged from 6.47 mm/hr to 18.04 mm/hr. Moreover, flooding events
with longer duration and lower mean intensity generally exhibited a higher maximum intensity,

highlighting the importance of peak intensity in determining flooding outcomes.

The reduction in flooding frequency and overflow depth is attributed to the pump’s operation.
Over the study period, the pump was operational for a total of 10,119 hours, during which it

48



was turned on and off 2,646 times. Although operating the pump incurs costs, it provides
additional benefits, such as maintaining a stable water level. Continuous monitoring revealed
that the water level never dropped significantly below the target. However, during large or
intense rainfall events that exceeded the pump’s capacity, temporary rises in water level
occurred (Figure 8.3b). Despite these occurrences, the reactive RTC effectively reduced both

the frequency of flooding and the depths of overflows, while stabilising the water level.

Flooding Events and Water Level Measurements When Using Reactive RTC
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Figure 8.3: (a) Event duration vs. mean rainfall intensity for flooding events under the reactive RTC scenario. Marker size
represents maximum rainfall intensity, with larger markers indicating higher intensities. (b) Continuous water level over study
period for a single forecast pixel. Note that the number of flooding events differ between panels, as (a) includes all forecast

pixels.

8.3 Forecast-Informed RTC Performance

The flood mitigation performance was improved when perfect forecasts were used in the
forecast-informed RTC strategies (Figure 8.4). Procedure 1 and 2 demonstrated the best
potential and did not have any flooding events. On the other hand, Procedure 3 was not able to
prevent every flooding event, with 7 resulting in overflow and a cumulative overflow depth of

25.08 mm. It is evident that the design of the procedures influences the flood mitigation
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performance, with longer horizons and lower intensity thresholds appearing more effective. The
results suggest that the methodology for Procedure 3, with a 12-hour horizon and an intensity
threshold of 0.7 mm/hr, is too strict to prevent every overflow event. However, for the overflow
events that did occur, the depths were reduced, demonstrating potential while also indicating

that the issue lies with the procedure itself.
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Figure 8.4: (a) Number of overflow events and cumulative depth for an event-based assessment with perfect forecast data. (b)
Comparison of overflow depths between reactive RTC and RTC Procedure 3 using perfect forecast data.

The events that were not prevented and caused overflow in Procedure 3 were characterised by
a high peak intensity, ranging from 11.06 mm/hr to 18.04 mm/hr. Additionally, the mean
intensity of the events varied from 0.61 mm/hr to 1.93 mm/hr, with the total depth ultimately
reaching between 32.89 mm and 51.55 mm. The combination between precipitation peaks, the
pump’s capacity and forecast horizon, restricted the flood prevention potential despite using

perfect forecast data.

When using real rainfall forecasts, all three forecast-informed RTC procedures demonstrated
improvements in reducing both flooding frequency and overflow depth compared to the reactive

RTC (Figure 8.5). Among the procedures, Procedure 2 showed the best overall performance,
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with 6 flooding events and a total overflow depth of 26.93 mm. Procedure 1 followed next, with
8 flooding events resulting in a cumulative overflow depth of 32.33 mm. Procedure 3 showed
the least improvement, with 14 flooding events and a total overflow depth of 54.87 mm. Despite
having the most flooding events, Procedure 3 resulted in the lowest average overflow depth per

event (3.92 mm) among the three procedures.
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Figure 8.5: Total overflow depth and number of overflow events when using different RTC procedures. The forecast-informed

RTC procedures are shown with both real and perfect forecast data.

The failure to eliminate overflow events with Procedure 1 and 2 demonstrated that the flooding
events occurred due to forecast uncertainty as they were prevented with perfect forecast data.
However, for Procedure 3, some flooding events were due to forecast uncertainty, while others
resulted from the designed procedure, or a combination of both the procedure and forecast
inaccuracy. The combination between a relatively short forecast horizon and high rainfall
threshold limited the time available to sufficiently reduce the water level to mitigate flooding,

with the pump’s capacity too small for an optimal solution.

Examining the events that caused flooding, it is observed that the forecast-informed RTC
procedures never deteriorated the performance in terms of overflow depth when using real
forecast data (Figure 8.6). This was because the reactive RTC acted as a precautionary measure

within the designed forecast-informed RTC procedures. However, in some cases, the overflow
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depth was not reduced. Specifically, Procedure 1 had the same overflow depth for 3 events,
Procedure 3 for 6 events, while Procedure 2 reduced the depth for every flooding event. The
events that the reactive RTC failed to prevent but were mitigated by the forecast-informed RTC
procedures were characterised by high maximum rainfall intensity, ranging from 7.90 mm/hr
to 18.04 mm/hr. Mean rainfall intensity was shown to be less important, as the reactive RTC
already prevented the events with the largest mean rainfall intensity. Despite this, improvements
were observed for moderate (0.44 mm/hr) and high mean intensities (2.69 mm/hr).
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Figure 8.6: Each panel shows a comparison of overflow depths when using the reactive RTC versus a forecast-informed RTC.

The equality line represents the overflow depth for an event when the reactive RTC is applied.

As an example, the event with the highest maximum intensity (18.04 mm/hr) is examined
(Figure 8.7). This event demonstrated that flooding was prevented by Procedure 1 and
Procedure 2, whereas Procedure 3 only reduced the total overflow depth. Procedure 1 started
pumping first, as expected, due to its use of the longest forecast horizon. Additionally, the pump
remained active for 12 hours, indicating that two consecutive forecasts exceeded the rainfall
threshold. Both Procedure 2 and Procedure 3 started pumping at the same time, 6 hours after
Procedure 1, despite using different forecast horizons. As the event drew nearer, Procedure 2

carried out more pumping, while Procedure 3 did not. This behaviour corresponds to the
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observed rainfall data, as no rainfall is observed within a 12-hour window from this point. Just
as it started raining, the forecast exceeded the rainfall threshold for Procedure 2 and 3, activating
the pump. The forecast uncertainty resulted in Procedure 1 not being triggered here. It can also
be observed that most of the rainfall is predicted at the start of the event, with very little
difference between the 12-hour and 24-hour horizons in cases where both procedures activate
the pump simultaneously. The differences in pumping duration and timing were reflected in the
water levels: only Procedure 3 resulted in flooding, whereas Procedure 1 and Procedure 2

successfully lowered the water level sufficiently in advance, completely preventing flooding.

Event With Highest Maximum Intensity Starting 2020-06-17 18:00:00
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Figure 8.7: Performance of forecast-informed RTC in mitigating flooding for the event with the highest maximum intensity that
caused flooding using the reactive RTC. Annotations indicate where the pump is activated by the forecast for the different
procedures and predicted rainfall depth.

Uncertainty and inaccuracy in the rainfall forecasts can deteriorate the performance of the
forecast-informed RTC procedures. A lengthening forecast horizon increases the root-mean-
square error (RMSE), while overestimating rainfall depth commonly occurs when the forecast
predicts a high mean intensity. Overestimations can activate the pump unnecessarily, reducing
the water level when it is not required. This is evident in cases where the water level falls
notably below the initial level. An example of this is shown (Figure 8.8), where all procedures
overestimated the total rainfall depth, despite variations in forecast horizons and rainfall depth
thresholds, and in this case the reactive RTC operation was most desirable. At the event’s end,
all forecast-informed procedures triggered the pump again, even though there was no rainfall

for the next 12 hours (based on the MIT definition). This pump activation can be due to the
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used forecast horizons in Procedure 1 and 2, which are longer than the MIT. Other reasons may
be overestimation, poor timing, or poor location with the precipitation falling in a different

forecast pixel, as specifically represented with Procedure 3.
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Figure 8.8: Example of an event where forecast-informed RTC procedures resulted in excessive pumping compared to the
reactive RTC. Annotations indicate where the pump is activated by the forecast for the different RTC procedures and predicted

rainfall depth.

A common factor in events where the water level dropped more than, e.g., 10 mm below the
initial water level was small rainfall depth and low maximum intensity, with a few exceptions.
This aligns with previous research, indicating that forecasts with higher mean intensities tend
to overestimate the rainfall depth. Procedure 3, which used the shortest horizon and the highest
intensity threshold, was the most conservative in pumping. Compared to the other forecast-
informed RTC procedures, the pump was activated more frequently but for fewer hours and
prevented fewer flooding events. Consequently, Procedure 3 also resulted in the fewest
instances of unnecessary water level reduction. Procedure 1, with its 48-hour horizon, followed,
while Procedure 2, although most effective at preventing flooding, exhibited the highest

occurrence of unnecessary pumping.

The results from the continuous evaluation matched the event-based findings, showing that all
forecast-informed RTC procedures reduced overflow depth compared to the reactive RTC.
Specifically, the reactive RTC recorded an overflow depth of 183.61 mm, while Procedure 2,

which had the best flood mitigation performance, reduced this to 55.22 mm. Procedure 1
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followed with an overflow depth of 77.14 mm, and Procedure 3 had the highest overflow among
the forecast-informed RTCs at 130.41 mm. These outcomes are also reflected in the pump
operation of the different RTCs. Longer pumping durations resulted in better flood mitigation,
while the frequency of on/off switches declined with longer forecast horizons. For the reactive
RTC, the pump operated for 38,399 hours with 7,857 activations. Among the forecast-informed
RTCs, Procedure 2 had the longest pump operation at 38,582 hours and 7,262 activations,
followed by Procedure 1 with 38,551 hours and 7,539 activations. Procedure 3 had the shortest
pump duration, operating for 38,474 hours but with the highest number of activations at 7,680.

Incorporation of forecast data, their uncertainty and increased pumping resulted in longer
periods where the water level remained below the target of 80 mm, as well as lower minimum
water levels (Figure 8.9). The reactive RTC was below the target 88.43% of the time, followed
by Procedure 3 at 89.19%, Procedure 1 at 90.78%, and Procedure 2 at 91.34%. Although the
water level fell below the target for a significant portion of time in all cases, it was typically
only slightly lower due to the pump’s capacity and activation thresholds. The reactive RTC’s
lowest possible water level of 79.3 mm was used as a new threshold to assess how much time
each procedure spent below this level. This change reduced the percentage of time below the
target to 3.31% for Procedure 3, 10.38% for Procedure 1, and 11.88% for Procedure 2.
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Figure 8.9: Changes in water level for the different procedures. Where forecast data is missing, the reactive RTC has been

used.
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9 Conclusions RTC

Overall, the efficiency in mitigating urban pluvial flooding relied on the choice of threshold
and forecast horizon when using forecast-informed RTC procedures, as well as the forecast
accuracy. The first part of the evaluation demonstrated that a reactive RTC can be applied to
urban canals to effectively prevent flooding and the second part that incorporating forecast data
into an RTC increased this potential. However, uncertainties and inaccuracies in rainfall
forecasts limited the potential. A shorter horizon for the same intensity threshold improved
flood mitigation performance, as seen with Procedure 1 and 2. This is consistent with previous
findings (subsection 5.1.2), which revealed decreased predictability for moderate- to high-
intensity rainfall events when considering longer horizons. When the intensity threshold was
raised and horizon shortened (as in Procedure 3), fewer flooding events were prevented. This
decline may be attributed to (1) forecast uncertainty limiting the number of events exceeding

the threshold within the set horizon; or (2) insufficient time to adequately lower the water level.

While incorporating rainfall forecasts into the RTC facilitated in mitigating urban pluvial
flooding, forecast errors and uncertainties restricted the performance. With perfect rainfall
forecasts, the reactive RTC was improved, with forecast-informed Procedure 1 and 2
eliminating pluvial flooding. These results also indicated that Procedure 3, with a 12-hour
horizon, did not prevent all flooding events even with perfect forecast data. Therefore, while
forecast accuracy increases with shorter horizons, a strategy’s ability to prevent pluvial flooding
also depends on the lead time available before an event to take adequate action.

Using real rainfall forecasts, Procedure 2 demonstrated the best flood mitigation performance,
as expected based on the forecast assessment. Its combination of rainfall depth threshold and
forecast horizon achieved the highest probability of detection (POD) and lowest false alarm
ratio (FAR) among the developed procedures. While the RMSE and depth difference of
Procedure 2 exceeded the values of Procedure 3, which operated with a 12-hour horizon, the
difference was smaller between these two horizons, than between the 24- and 48-hour horizons.
Procedure 1 ranked second best in flood mitigation, despite having the lowest POD and highest
FAR, in addition to the largest RMSE and depth difference. This emphasises the importance of
adequate lead time in performance. Procedure 3 had the most flooding events; however, 7 of
14 were due to limited lead time, making it the second-best when only considering flooding

events due to inaccuracy in the forecasts.
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Despite the forecast errors and uncertainties, improvements in flood prevention were
demonstrated when forecasts were integrated into the reactive RTC strategy. However, the
effectiveness of these strategies was limited by the design of the new procedures, data quality,
and pump operation. The frequency of pump on/off switches decreased whilst the pumping
hours increased in the forecast-informed RTC strategies compared to the reactive RTC. While
increased pumping reduces flooding frequency and total overflow depth, it is associated with
higher maintenance and energy costs, and frequent pump activation may damage the pumping
facilities (Jafari et al., 2018). This increased pumping activity was also reflected in the bucket
model’s water levels, where lower levels were observed alongside a higher percentage of time
below the target. Although the water level generally remained only slightly below the target,
larger deviations were also observed with the forecast-informed RTCs. While a lower water
level is beneficial in flood mitigation, it can also have potential negative impacts. Fluctuations
in water level in lakes and rivers are shown to affect the physical environment, biota, and
ecosystems (Leira & Cantonati, 2008), and similar effects may be expected in urban water
canals. Additionally, public perception of the area’s attractiveness (Stroble & Taylor, 2020)
may be influenced by visibly empty or almost empty canals. Therefore, a balance between the

benefits and drawbacks is necessary before implementation.
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10 Project Discussions

The reported outcomes from this thesis have been influenced by the developed methodology
and decisions. In the discretisation of the rainfall, based on the rain-gauge adjusted radar
dataset, an event was defined as having a depth larger than 0 mm. By using this threshold value,
an excessive number of minor or negligible rainfall events have been included in the analyses.
The inclusion of these may have skewed the results towards insignificant events, with the
impacts of these very small events on the operation being irrelevant and making the data less
meaningful for decision-making. This could have been prevented by filtrating out negligible
events by first determining a reasonable threshold. For comparison, Shrestha et al. (2012)
defined a rainfall event as any event exceeding 0.1 mm/3hr, excluding trivial events from their

evaluation.

A similar approach could have been beneficial in this case, where the chosen rainfall definition,
combined with using every forecast and observed event pairs — even when both reflect no
rainfall — may have influenced the outcome of the forecast assessment. By including non-events
in the assessment, the chosen performance metrics could be improved, as non-events are easier
to match. Furthermore, there could be a dominance of these non-events, potentially masking
issues and troubles in predicting actual rainfall events. The reliability of the forecasts may be
overestimated by reporting higher accuracy. As a result, the true value and limitations of the
forecasts become obscured, making it increasingly difficult to evaluate their performance in
critical, real-world applications. This can hinder the development of effective decision-making
strategies based on these forecasts. However, by using an increasing threshold to determine
rainfall events in the forecast assessment, these problems can be mitigated, especially for

critical, flood-inducing events.

In the evaluation of the forecast horizon’s influence, RMSE and depth difference was calculated
for every hour. This provided a continuous measurement of the changes in accuracy over the
entire forecast horizon and variations in trends and performance could be identified at specific
hours. Consequently, insights for different forecast horizons were offered, considered to be
valuable for tailoring operational decisions. However, POD, SPC, and FAR were only evaluated
for 6-hour intervals, corresponding to the forecast’s updating frequency. This decision was
made since the developed mitigation procedures were re-evaluated for each new forecast. In the

assessment, intensity thresholds were used rather than cumulative depth, to reduce the impacts
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of the horizon lengths on the result interpretation. Nonetheless, mean intensities that appear
similar may reflect very different hydrological impacts due to the variations of the considered
horizons. As such, extreme short-term rainfall may be diluted when averaged over a longer
forecast horizon, potentially underestimating their significance and obscuring details critical to

specific applications.

The mean forecast intensity was also applied to assess the correlation between the forecasted
and observed depth. This analysis was only carried out for the entire forecast horizon, possibly
losing valuable information. The obtained results may not be a true representation of the
relationship for shorter horizons. This approach does not capture the differences and nuances
of shorter and longer horizons and misses possible trends or shifts in performance. Additionally,
only considering the entire horizon may cause challenges in operational decisions as they rely
on specific forecast horizons, which have not been assessed by analysing only the entire

horizon.

Using NWP may have some limitations affecting the feasibility of designing RTC procedures
based on these predictions. In addition to the uncertainty and inaccuracies related to the
forecasts themselves, the output frequency may constitute a problem. The predictions are
updated every 6 hours, however; the necessary computational time is 3 hours. During the time
between the initiation of the forecast and the distribution to the users, significant changes to the
weather can occur, reducing the reliability. This discrepancy between the start of a forecast and
when it becomes available has not been considered in the second part of this thesis,

consequently leading to actions being taken at least 3 hours before it is possible.

The rainfall used for the event-based assessment of the RTC procedures are the result of using
an MIT of 12 hours, replicating van der Werf et al. (2023). This was recommended as it was
the approximate emptying time of the system. However, that study focused on RTC in an UDS
with a storage capacity of 10.13 mm. The approximate emptying time of the considered urban
canals in this thesis, based on the storage capacity and pump capacity, is 30 hours.
Consequently, there may have been an increase of smaller, separate events with reduced rainfall
depth. Discretising the events may have led to unnecessary splits (see Figure 8.8) affecting the
RTC performance based on the evaluation metrics. However, some of these errors were

mitigated in the continuous evaluation.
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When developing the forecast-informed RTC procedures, the forecasts were assumed to be
correct and were directly used. However, the performance may have been improved with more
complex procedures including the rainfall probability. This way actions could be delayed for
uncertain forecasts and events with low probability, possibly reducing unnecessary pumping
and percentage of time with water below the target level. Additionally, the model has been
simplified by assuming that the entire rainfall depth contributes immediately to the water level
without any water loss or time lag. This assumption neglects the natural delays and complex
processes, such as infiltration, runoff, and storage, that affect how rainfall influences water
levels. Typically, real-world systems show time lags in water flows, meaning that the water
level may rise more gradually and less than in these simulations. By adding the rainfall depth
instantly, the flood risk may be exacerbated. These weaknesses could be reduced by applying a
coupled model, integrating more components of the hydrological system and providing more

realistic predictions.

Furthermore, in the evaluation, infiltration, seepage, and evaporation have been excluded. This
oversimplification of the hydrological process might influence the flooding frequency and
overflow depths. By excluding these factors in the assessment, the model becomes more
computationally feasible and easier to interpret. For example, evaporation plays a role in
reducing water levels, especially during dry spells. By not considering this, the model may
overestimate water accumulation and peak levels during prolonged periods without rainfall.
This could lead to inaccurate flood forecasts, making them less reliable for decision-making in

real-word applications.

Developing forecast-informed RTC procedures based on the forecast assessment and its
uncertainty could lead to overly conservative or ineffective actions, such as premature or
unnecessary interventions. To mitigate this risk, having a backup measure — such as reactive
RTC — is essential to prevent performance deterioration. Furthermore, the outcomes obtained
in this thesis have been influenced by a combination of uncertainty and errors in both the
forecasts and the developed RTC procedures.
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11 Project Conclusions

Urbanisation, changes in land use, and shifting rainfall patterns intensifies the pressure on urban
water management and increases the risk of flooding. Conventional mitigation measures are
often limited by financial and spatial constraints which can be circumvented with RTC systems.
These systems require only minor expansions of the existing system and aims to utilise the
storage capacity of both the UDS and urban surface water system more efficiently. This
research investigated the errors and uncertainties related to long-term rainfall forecasts and their
accuracy’s effect on forecast-informed RTCs’ ability to mitigate urban pluvial flooding.

The first step in this thesis involved assessing and evaluating the accuracy and uncertainties in
rainfall forecasts using cumulative rainfall depth, forecast horizon, and forecast intensity. The
evaluation process required discretising events to align with the forecast data. Since each
forecast event had a fixed duration, multiple forecasts were sometimes needed to cover longer
observed events. By focusing solely on matching hours and areas, potential errors in timing
may have influenced the results. It was found that longer forecast horizons and greater rainfall
depths deteriorated the forecast accuracy. Larger depths were specifically associated with an
increase in false alarms and a decrease in the probability of correct predictions.

Although these trends were consistent across all evaluated forecast horizons, forecast
uncertainty intensified with lengthening horizons. Forecast accuracy was higher for small
rainfall depths in longer horizons, likely due to decreased importance of timing. However, since
these small depths were insufficient to cause flooding based on this case study’s setpoints, their
practical utility for flood mitigation is limited. Therefore, a shorter forecast horizon may be
more effective for flood mitigation. This can be supported by prior findings, with forecast
horizons shorter than 48 hours reported (Ashok & Pekkat, 2022) to be optimal. However, it has
also been demonstrated (Jabbari et al., 2020) that lead time dependency is nearly negligible for
forecast horizons under 36 hours, suggesting that using the entire 48-hour forecast horizon

examined in this study could be appropriate in real-world applications.

Additionally, the evaluation of forecast accuracy demonstrated a tendency to overestimate
rainfall depth when the mean forecast intensity was high, whereas low-intensity forecasts
generally underestimated the cumulative rainfall depth. Forecast accuracy is influenced by
characteristics such as rainfall intensity and event duration. Similar to Fabry and Seed (2009),

rainfall events with higher intensities were overestimated, while longer horizons were more
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skilful for longer event durations consistent with Imhoff et al. (2020). In retrospect, it would be
advisable to investigate the relationship between maximum forecast intensity and forecast
uncertainty. This is recommended because the flooding events that could occur were
characterised by high maximum intensities that significantly exceeded the pump capacity.
Additionally, Wasko and Nathan (2019) noted that large floods were a result of high rainfall
peaks. Furthermore, the results may have been influenced by the distribution of rainfall events,
with relatively few high-intensity events amplifying their effect. As such, these results should

be interpreted with caution.

The second part of this case study evaluated RTCs’ ability to mitigate urban pluvial flooding.
The reactive RTC, relying solely on in-situ measurement of the water level, proved effective
for the moderate-intensity rainfall events but showed limitations under more extreme
precipitation. Prior research (Di Matteo et al., 2019) has indicated that shorter-duration events
are generally less critical than longer events, as they tend to produce smaller rainfall depths.
This discrepancy in the impact of rainfall events may be influenced by available storage
capacity, which limits the system’s ability to handle longer, more intense storms. Similarly,
Liang et al. (2021) found that the critical event duration depended on the storage capacity of
the system. However, these studies relied on estimated design peak flows for given durations
and annual exceedance probabilities (AEPs) by taking the average peak flow from multiple
different temporal patterns, potentially obscuring the characteristics of individual rainfall

events.

Forecast-informed RTC solutions have been shown to enhance performance by incorporating
rainfall forecasts to overcome limitations of storage capacity (Sun et al., 2023). However,
similar to findings by Galelli et al. (2014) and Sun et al. (2024), it is evident from the developed
methodology and analyses that forecast-informed RTCs introduce additional complexity into
the decision-making, suggesting a trade-off between enhanced flood mitigation and increased
operational complexity. By incorporating rainfall forecasts, the RTC procedures enabled
proactive capacity management, consistent with Xu et al. (2020), who found that pre-emptive
water release ahead of forecasted rainfall events reduced uncontrolled overflows and lowered

the flood frequency.

The maximum potential overflow reduction achieved in this case study (70% for Procedure 2)
is in the upper region of previously reported (Li, 2020) reductions, which vary from 40% to
70% in flooding magnitude and peak water levels with RTC implementation. However, these
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results are influenced by the chosen control procedure and the system’s complexity. For
instance, more complex Model Predictive Control (MPC) systems have shown (Sadler et al.,
2019) flood volume reductions up to 78%, calculated by comparing total flood volume under
MPC and rule-based controls, which corresponds to the reactive RTC used in this case study.
Shishegar et al. (2019) also reported improved performance with 73 to 95% reductions in peak
flows across four different scenarios using an optimisation-rule-based model compared to a
static approach. The comparison with a static approach may have increased the reported
performance, as it represents a forecast-informed RTC-to-no-control comparison. Moreover,
the latter study employed 1 control point, and the former used 2, comparable to the single
control utilised in this analysis. This similarity in number of control points, may contribute to
the modest variations in reported performance despite increased system complexity, as

controllability is reported (van der Werf et al., 2022) to be a key variable in RTC efficacy.

Another reason for the discrepancy between observed and reported performance may stem from
the type of rainfall forecast employed, as the effectiveness of forecast-informed RTCs is highly
dependent on forecast accuracy. Numerous studies (e.g., Di Matteo et al., 2019; Sun et al., 2023)
use ideal rainfall forecasts to put emphasis on the RTC methodology, overlooking forecast
error, which constitute a significant source of uncertainty. As a result, the performance metrics
reported in these studies may appear inflated when compared to the realistic improvements
achievable through the use of actual forecast data and outcomes in this thesis. Therefore, it is
essential to utilise real forecast models in conjunction with real observed data. Assessing the
accuracy of the forecast data is critical prior to designing and implementing forecast-informed
RTC systems across various contexts to ensure comparable dynamics. Incorporating these
assessments into the methodology will enhance the reliability of results and ensure that findings

are relevant and applicable in real-word scenarios (van der Werf et al., 2023).

This thesis aimed at investigating RTC systems’ ability to mitigate urban pluvial flooding and
minimise negative side effects by incorporating rainfall forecasts into the decision-making,
thereby enhancing the urban water management strategies. The results indicated that forecast-
informed RTCs significantly improved the flood mitigation performance, achieving reductions
in overflow depth and flooding frequency compared to a less complex reactive RTC approach.
Moreover, the analyses revealed that the accuracy of rainfall forecasts plays a crucial role in

the effectiveness of RTC, despite the RTC procedures not being optimised.
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These findings underscore the importance of accurate rainfall forecasts in forecast-informed
RTC procedures to improve flood management. The insight from this research can inform
future policy decisions and guide the implementation of advanced RTC systems in urban
settings. Despite the promising results, this study faced limitations related to the simplified
bucket model of the urban canals among others. Future research should consider focusing on
more complex UDS and surface water systems and explore the application in diverse
geographic contexts. In conclusion, forecast-informed RTC strategies not only enhances the
flood mitigation efforts but also represents a critical step toward sustainable water management

in the face of increasing urbanisation and climate change.
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