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ABSTRACT

Climate change due to anthropogenic influences such as greenhouse gas emissions has
been a pressing problem for the existing water resource infrastructure. The intensity and
frequency of extreme precipitation have increased across various parts of the world and are
expected to increase further by the end of the 21% century. Consequently, more frequent
storm sewer flooding is likely to be experienced in future decades, leading to property
damage, disrupting transportation and other services, and putting inhabitants at risk of
flooding. Since heavy rains can trigger flash floods, there is a critical need to account for
these anticipated shifts in precipitation patterns when planning for flood risk management
and building resilient infrastructure in the Town of Willoughby (Hydrologic Unit Code,

HUC-12) of the Lake Erie Basin.

The goal of this research is to derive insightful information on the potential impacts of
climate change on the Town of Willoughby's water resources to take mitigation measures
and minimize such impacts. The study employed observed historical data from Hopkins
International Airport and the output of regional climate models (RCMs) and general
circulation models (GCMs) from the Coupled Model Intercomparison Projects (CMIPs)
Phases 5 and 6. The quantile mapping method was utilized to correct for biases in the CMIP
data, and the Gumbel Extreme Value Type-I distribution was used to reflect the excessive
rainfall occurrences for the Town of Willoughby. From CMIP5, three models were used in
the analysis, and only one scenario, Representative Concentration Pathways (RCP) 8.5,
was considered. For CMIP6, three models were selected, and four different scenarios were
incorporated into the study, namely, Shared Socioeconomic Pathways (SSP), ssp126,

ssp245, ssp370, and ssp585. Finally, intensity duration frequency (IDF) curves were
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developed using various climate models and scenarios, analyzing them for a series of
durations and return periods to investigate the impacts of changes in the climate on

precipitation patterns.

The findings showed that even for 2-year return periods, the worst-case scenario for both
RCP8.5 and SSP585 under CMIP Phase 5 and Phase 6, respectively, could have an impact
on the current water management system with an increase in hourly precipitation intensity
ranging from 9 to 26%, whereas the 100-year return period showed an increase in the range
of 16 to 46%. The multi-model ensemble (MME) approach of both CMIP models for the
worst-case scenario, i.e., RCP8.5 and SSP585, showed a rise in precipitation intensity of
9% to 39% in the near future (2020-2059) and 20% to 55% in the far future (2060-2099),
depending on the various rainfall durations and return periods. The RCP8.5 scenario under
CMIPS5 models predicted a higher intensity of rainfall (up to 28% depending on the return
period and rainfall durations) than the scenario SSP585 under CMIP6 models. The analysis
of the various SSP scenarios (SSP126, SSP245, and SSP370) from CMIP6 has predicted
an increase of 2-22% in the near future and 6-40% in the far future, with SSP126 showing

the lowest increase and SSP245 and SSP370 following the increasing order.

This finding highlights the risk of extreme precipitation and recommends coordinated
efforts by policymakers and planners to determine the most comprehensive approach to
water management and infrastructure. This is critical to endure and adapt to the effects of
climate change and ensure resilient infrastructure for future extreme rainfall events. In
conclusion, this study focuses on the need for revised IDF curves to better manage the risks
connected with climate change and its possible effects on the Town of Willoughby’s water

resources. Engineers, policymakers, and any other individuals might use the future IDF
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curves generated in this study as a vital tool in mitigating the risks associated with extreme

precipitation events.

Keywords: General Circulation Models (GCMs); Coupled Model Inter-Comparison
Project (CMIP); Quantile Mapping; Bias Correct; Gumbel Extreme Value Type-I

Distribution
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Chapter 1: Introduction

Over the last few decades, climate change studies have become a topic of research interest
for water resources engineers and climatologists. The frequency of extreme precipitation
occurrences has indicated an increasing frequency globally (Du et al., 2022; Martel &
Mailhot, 2018) and regionally (Berg et al., 2013; Groisman et al., 2005a; Kourtis &
Tsihrintzis, 2022a; Madsen et al., 2009a). More frequent extreme rainfall occurrences have
been documented in numerous studies in the United States (Gershunov & Cayan, 2003;
Karl et al., 1995; Karl & Knight, 1998), Australia (Sun et al., 2014; Westra et al., 2015),
India (R. Zhang & Delworth, 2006), Europe (Cioffi et al., 2015), and China (Zhai et al.,
2005). Ground-based observations conducted in the U.S. reveal a substantial surge in
extreme rainfall events over the course of the last century (Degaetano, 2009; Hao et al.,
2013; Kunkel et al., 2013; Thomas R. Karl et al., 2009). The Intergovernmental Panel on
Climate Change (IPCC) Assessment Report (IPCC, 2007) found that trends in extreme
precipitation are very likely to maintain an upward trajectory after using a range of general

circulation models (GCMs) to estimate future climate with different emission scenarios.

Urban drainage design entirely relies on the intensity duration frequency (IDF) curve as a
fundamental tool for managing precipitation and flooding (Guo & Asce, 2006a). IDF
curves are often used in the engineering design fields of municipal stormwater management
and other areas across the world (Endreny & Imbeah, 2009; Haddad et al., 2011; Madsen
et al., 2002, 2009b; Willems, 2013a). Therefore, it is critical to review and update rainfall
characteristics for future climate scenarios (Cook et al., 2020a; L. Liu, 2023a; Martel et al.,
2021a; Mirhosseini et al., 2013). Statistical evaluations of historical data have traditionally

been used in the development of drainage systems with the assumption that the intensity
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and frequency of past events are a fair representation of what could occur in the future
(Grum et al., 2006; He et al., 2006; Papa et al., 2004). Since climate change is projected to
affect the frequency and intensity of extreme precipitation events, it is important to
examine this hypothesis and adjust during the design of the drainage infrastructure
(Mailhot et al., 2006). Several efforts have been made to promote the design of hydraulic
infrastructure that is resilient to climate change and to consider nonstationary factors in the
analysis of IDF curves (Cheng & Aghakouchak, 2014a; Noor et al., 2018, 2022; Ouarda et

al., 2019; Yan et al., 2019; Yilmaz & Perera, 2014).

The evaluation of precipitation data is essential for the management of water resources,
flood forecasting, and informed decision-making processes for operational warnings, as
rainfall is a significant climate factor that impacts the spatial and temporal distribution of
water availability (Debbage & Marshall Shepherd, 2019; S. Liu et al., 2018; Tiwari et al.,
2020; Weldegerima et al., 2018). Due to the limitation of sub-daily data, most research
evaluating the impact of extreme events in the US relies on the analysis of daily rainfall
data (Cook et al., 2020b; Z. Li et al., 2019; Moraglia et al., 2022; Sohoulande Djebou et
al., 2021; Sowby & Capener, 2023; Statkewicz et al., 2021; Weathers et al., 2023; N. Zhang
etal.,2019). Daily resolution is still extensively used for monitoring precipitation, although
it is not ideal for measuring alterations in extreme occurrences because most of these
occurrences last on a sub-daily and sub-hourly scale (Barbero et al., 2019; Meira et al.,
2022; Morrison et al., 2019; Pui et al., 2012). Because the peak inundation value heavily
relies on the temporal precision of the storm input, flood simulation models benefit from
the use of sub-daily rainfall data as opposed to daily data (Bruni et al., 2015; Hou et al.,

2020; Huang et al., 2019), and sub-daily data has a higher resolution, unique statistical



traits and displays different spatial and temporal patterns of variability when compared to

data that is aggregated on a daily basis (Trenberth & Zhang, 2018).

Despite the growing concern, there has been limited research on evaluating changes in
precipitation intensity, duration, and frequency in a nonstationary climate, particularly in
the great lake regions, especially on an hourly scale, where the lake effect leads to unique

precipitation patterns and variations.

Climate models and scenarios

The increase in greenhouse gas emissions into the Earth’s atmosphere, such as carbon
dioxide (CO2) and methane (CHa4), is the main cause of climate change. These emissions
come from various human activities, including the burning of fossil fuels for energy,
deforestation, and industrial processes. The accumulation of these greenhouse gases traps
heat in the atmosphere, leading to a rise in global temperatures and changes in climate
patterns. To understand and project the impacts of climate change, the IPCC plays a vital

role.

The IPCC assesses scientific research and provides comprehensive reports on the state of
the climate system, potential risks, and possible mitigation strategies. The IPCC relies on
GCMs to simulate future climate scenarios. Two major phases of these models are CMIP
(Coupled Model Intercomparison Project), Phase 5, and Phase 6. CMIP5 and CMIP6
involve a collection of climate models that simulate the Earth's climate system. CMIP5
used Representative Concentration Pathways (RCPs) to estimate future greenhouse gas

concentrations, while CMIP6 incorporates Shared Socioeconomic Pathways (SSPs)



alongside RCP scenarios. The IPCC utilizes these models and scenarios to project the rise

in global temperatures under different emission pathways.

CMIP6 improves upon CMIP5 by including SSPs in addition to the RCPs utilized in
CMIP5. CMIPS relied on four RCPs to define future greenhouse gas concentration
scenarios, while CMIP6 integrates qualitative and quantitative components through SSPs,
considering factors such as demographics, human development, policies, and natural
resources. This evolution enhances the robustness and significance of future climate
projections, providing a more comprehensive understanding of potential climate
conditions. Overall, CMIP6 is an extension and enhancement of the modeling strategy that
makes climate models more accurate and practical. CMIP6’s SSPs cover a wide variety of
potential futures. SSP126 represents a sustainability-focused pathway with strong
mitigation efforts aiming to limit global warming to well below 2 degrees Celsius by the
end of the century. SSP245 represents an intermediate emissions pathway with moderate
socio-economic development and emission reduction efforts. SSP370 portrays a scenario
of fragmented global development where regions prioritize their own interests, resulting in
higher greenhouse gas emissions. Lastly, SSP585 illustrates a high-emission route,
showing a prolonged dependence on fossil fuels and inadequate climate mitigation
initiatives. These diverse scenarios capture a spectrum of possible future trajectories,
allowing for a comprehensive assessment of the potential impacts of different socio-

economic and emission pathways on climate change.

Therefore, this study aimed to assess the effect of climate change on IDF curves and the
occurrence of extremes using the latest CMIP Phase 6 as well as the preceding version,

Phase 5, on a sub-daily scale. Since the comparison of both CMIP5 and CMIP6 models for
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IDF curve development has been limited, specifically exploring this aspect in the US or
the Lake Erie basin has not been reported. Additionally, the comparison of the IDF curve

from the output of CMIP Phase 5 and 6 models using various emissions has been reported.

Scope and objectives

The following are the key objectives of this research study:

I.  To estimate the IDF curve for the Town of Willoughby (HUC-12) using both
CMIPS5 and CMIP6 models under various climate change scenarios.
II.  To compare and assess the differences in the anticipated precipitation IDF curves

between CMIP5 RCP8.5 and CMIP6 SSP585.

Methodology for Objective I

a) Collect hourly climate data, including historical observations from the National
Oceanic and Atmospheric Administration (NOAA) and climate models using
CMIP 5 and 6;

b) Correct the bias of the climate data obtained from the climate models using the
observed historical data using the Climate Data Bias Corrector (CDBC);

c) Compute the extreme precipitation for different hours (1-hour, 2-hour, 6-hour, 12-
hour, and 24-hour);

d) Develop the IDF curve using the extreme precipitation data for a range of durations

and return periods.

Methodology for Objective 11



The steps for Objective I (a, b, and c) also apply to Objective II. The additional steps for

Objective I are as follows:

a) Construct the IDF curve using the extreme precipitation data for various durations
and return periods for CMIPS RCP8.5 and CMIP6 SSP585;
b) Analysis of the IDF curves of both CMIP models and identify and report the

disparities.

Thesis Structure

This thesis is structured into three chapters, with Chapter 1 providing an overview of the
background, scope, and objectives of the thesis. Chapter 2 focuses on the bias correction
of the climate data obtained from the climate models using the CDBC and calculates the
extreme precipitation events for different hours using the Gumbel Extreme Value Type-I
distribution. This chapter also explains in detail the theoretical background of the climate
models, the quantile mapping methodology for bias correction, and the Gumbel Extreme
Value Type-I distribution to accurately represent the extreme rainfall events in the Town
of Willoughby. Additionally, it develops the IDF curves that take climate change into
account and emphasizes the importance of IDF curves for engineers, who can use them to
more accurately predict the peak flow and volumes of runoff that drainage structures will
need to manage in various climate change scenarios. Furthermore, it describes the
development of the hourly IDF curve for the Town of Willoughby under various scenarios,
durations, and return periods, which is crucial for estimating the probability of precipitation

events with varying intensity and duration.



In Chapter 3, the conclusions drawn from this study and the recommendations for future
research to enhance the development of IDF curves under climate change for more
effective and resilient drainage structures have been discussed. Chapter 2 has been
structured in journal paper format and will be developed into a full-length article after
incorporating additional work in the future. As a journal article should be self-contained
and provide adequate background information, readers may encounter some repetitive

content in this chapter.



Chapter 2: Climate Change Effects on Rainfall Intensity-Duration-Frequency (IDF)
Curves for the Town of Willoughby (HUC-12) Watershed Using Various Climate

Models

Abstract

Changes in precipitation patterns due to climate change are projected to have profound
effects on several hydrological processes. The anticipated shifts in the intensity-duration-
frequency (IDF) relationship have an impact on the design of water infrastructure as well.
Consequently, it is crucial to understand the potential changes to the IDF to manage and
adapt to climate change's implications on water resources. This study delves into the
analysis of hourly observed as well as future precipitation data in the Town of Willoughby
(HUC-12) to examine the variations in IDF relationships over the 21% century. To
accomplish this, several regional climate models (RCMs) and general circulation models
(GCMs) from the Coupled Model Intercomparison Project (CMIP) Phases 5 and 6 were
used. The study evaluated three RCMs with historical and Representative Concentration
Pathway (RCP) 8.5 scenarios for each CMIPS5 and three GCMs with historical and Shared
Socioeconomic Pathways (SSP) (126, 245, 370, and 585) scenarios for each CMIP6. The
quantile mapping methodology was used to adjust the biases in the data extracted from the
CMIP models, while the Gumbel Extreme Value Type-I distribution was chosen to
accurately represent the extreme rainfall events in the Town of Willoughby. The results
suggest that the Town of Willoughby will experience an increase of 9-46% in the hourly
precipitation intensity under the worst-case scenarios of RCP8.5 for CMIP5 and SSP585
for CMIP6. This increase is expected to occur in both the near (2020-2059) and far future

(2060-2099), with a return period as low as 2 years and as high as 100 years when
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compared to the baseline period (1980-2019). The analysis suggests an increase range of
9-39% in the near future and 20-55% in the far future across various scenarios, return
periods, and rainfall durations for CMIP5 RCP8.5 and CMIP6 SSP585. In contrast to
CMIP6 SSP585 models, CMIP5 models predict rainfall with an intensity value that is up
to 28% higher, both for return periods and rainfall duration. Furthermore, the findings
demonstrate that under different scenarios of SSP126, SSP245, and SSP370 under CMIP6
models, rainfall intensity is predicted to increase with a range of 2-22% in the near future
and 6-40% in the far future as compared to the baseline period. The findings of this study
are expected to be helpful for the planning and design of hydraulic structures and urban
water resource infrastructures in the context of a changing climate by utilizing the updated

IDF relationships.

Key Words: General Circulation Models (GCM); Coupled Model Inter-Comparison
Project (CMIP); Quantile Mapping; Bias Correct; Gumbel Extreme Value Type-I

Distribution



Introduction

Future intensification of extreme precipitation events due to greenhouse gas emissions will
result in an increase in the frequency and length of rainfall events worldwide (IPCC, 2021).
Several studies have reported a significant rise in both total annual precipitation and the
frequency of extreme events (Allen & Ingram, 2002; Swain et al., 2020; Tabari, 2020;
Trenberth et al., 2003). More specifically, shorter-duration precipitation events are
expected to increase significantly across the world (Haerter & Berg, 2009; Lenderink &
Van Meijgaard, 2008). For example, hourly extreme precipitation events (Westra et al.,
2014) are expected to advance up to 400% in North America (Prein et al., 2017). Similar
trends can also be observed in the United States (Easterling et al., 2000; Groisman et al.,
2005b, 2012; Kourtis & Tsihrintzis, 2022b). The Intergovernmental Panel on Climate
Change (IPCC, 2014) also projects that over the 21% century, heavy precipitation will occur

in this area more frequently and with greater intensity.

Future high-intensity rainfalls triggered by climate change will have a more detrimental
effect on urban stormwater systems (Cook et al., 2020c; Thakali et al., 2016). Since rainfall
characteristics, such as intensity-duration-frequency (IDF) curves, are frequently utilized
to design water infrastructures, it is essential to gain a comprehensive understanding of the
alterations in extreme precipitation and subsequently revise the IDF curves in the future
(Guo & Asce, 2006b; L. Liu, 2023b; Martel et al., 2021b; Mirhosseini et al., 2013). The
IDF curve has been extensively used across the world for the design of hydraulic structures
including urban drainage, culverts, road bridges, and storm sewer systems (Abdulrasheed

Mohammed et al., 2021; Elsebaie, 2012a; Kundwa, 2019; Rashid et al., 2012).
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The pressing need to reexamine the IDF curve arises from potential changes in intense
rainfall exacerbated by climate change (Singh et al., 2016). Some studies suggest that
proactively anticipating design modifications for hydraulic structures would decrease the
risk of future issues and uncertainties, resulting in successful and versatile project outcomes
(Prodanovic & Simonovic, 2007; Srivastav et al., 2014). Many scientists and professionals
have advocated for better knowledge of the possible change in the severity, frequency, and
volume of intense rainfall due to climate change (Hess et al., 2008; Hosseinzadehtalaei et
al., 2020; Peck et al., 2012a; Rodriguez et al., 2014; Trenberth, 2011). This understanding
is necessary since the existing drainage systems and hydraulic infrastructures are built to
handle historical rainfall time series data on the basis that past extremes can be used to
describe future extremes. This presumption is incorrect given the shifting frequency and
amount of intense rainfall triggered by changing climatic variables (Shrestha et al., 2017).
With these changes, historic IDF curves cannot be used to accurately represent future
climatic conditions. Therefore, a changing climate may result in an increase in demand that
water management infrastructure built to previous IDF norms may not be able to
accommodate (Peck et al., 2012b). Climate models that integrate greenhouse gas emissions
have become increasingly accessible and within reach to foresee future changes in the IDF

curve (Cook et al., 2020; Ghasemi Tousi et al., 2021; Lopez-Cantu et al., 2020).

To date, the climate models are the primary and most effective tools for past and future
climate simulations (Chen et al., 2020). However, the prediction of the future climate is
location-specific and varies depending on the type of general circulation models (GCMs)
and the scenario chosen. For example, according to Coupled Model Intercomparison

Project (CMIP) Phase 5 projections, the distribution of temperature and precipitation
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indices in the north-eastern US will undergo significant changes between 2041 and 2070
(Thibeault & Seth, 2014). Ragno et al. (2018) found that densely populated places may
experience up to 20% more intense and twice as frequent extreme precipitation events.
Cheng & Aghakouchak (2014) found that the assumption of extreme precipitation in a
stationary climate may lead to an underestimation of extreme precipitation of up to 60%.
Coelho et al. (2022) conducted a study using CMIP6 projections to assess the impact of
changing extreme precipitation on flood engineering design across the US. By 2100, the
northern region is predicted to experience an increase of 10—40% and the southern region,
20-80%. The study showed a meridional dipole-like pattern in the geographical
distribution of precipitation changes, with an increase of 10—-30% over the US (Almazroui
etal., 2021). The results from the CMIP6 models at Tucson, Arizona, show the likely threat
of future extreme events being disregarded in stationary-based design frameworks could
pose a significant risk to both safety and economy by more than 300% (Ghasemi Tousi et

al., 2021).

Limited studies have been conducted using predicted precipitation from CMIP6 models in
the US, and no future IDF curve has been developed in the Lake Erie Basin using CMIPS5
and CMIP6 climate models. As the precipitation pattern of the Lake Erie basin is complex
due to lake-enhanced precipitation and rainfall after the snowfall, the future IDF curve due
to climate change impacts is crucial in the Lake Erie basin to safely design urban drainage
infrastructure and other hydraulic structures. Since climate change effects are region-
specific, site-specific evaluations are required to boost local resilience to future extreme
precipitation events. As a result, the clear differences in the future IDF curve compared to

the existing IDF curve developed based on the historical observed data are needed in order
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to incorporate such information in urban drainage systems to design climate-resilient
infrastructures to mitigate the possible hazardous impact of climate change on
infrastructure. Therefore, the objective of this paper is twofold: 1) to derive the future IDF
curve for the Town of Willoughby (HUC-12) using both CMIP5 and CMIP6 models; and
i1) to compare and evaluate the differences in the projected precipitation IDF curves
between the two sets of models. The purpose of this paper is to give a thorough
understanding of the vulnerabilities associated with future changes in precipitation patterns

in the Town of Willoughby.

Theoretical Description

CMIPS5 Data Set

Multiple Representative Concentration Pathways (RCP) experiments have been used with
the North American Coordinated Regional Climate Downscaling Experiment (NA-
CORDEX) and CMIP5 model data to build various meteorological information at the
regional scale (Lee et al., 2014). The major benefit of NA-CORDEX is that it uses general
circulation models (GCMs) to drive simulations of various regional climate models
(RCMs) at higher resolutions (e.g., 50 x 50 km) (Rummukainen, 2016). Such information
is critical for accurately modeling the climate of regions with complicated topography and
small-scale events. The limitations of GCMs, i.e., coarser resolution (100 x 100 km), are
often resolved by regional climate model-based projections (Park et al., 2013), further
substantiating the assertion that RCMs are frequently used to address the shortcomings of

GCMs. Using the Western US as an example, Qian et al. (2010) demonstrated how the
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RCM reflects the actual spatial variability in precipitation and snowfall using regional

climate simulations at 40 km spatial resolution for the period (2040-2060).

In places with complicated topography where small-scale phenomena are critical for
accurately representing the region’s climate, NA-CORDEX’s use of GCMs to drive the
simulations of several RCMs is a major advantage. The NA-CORDEX has provided
simulated precipitation data for two periods, including historical (1980-2005) and future

(2006-2099) for CMIPS.

CMIP6 Data Set

The primary objective of CMIP6 is to provide multi-model climate forecasts based on
alternative scenarios that are influenced by a new set of emissions shared socioeconomic
pathways (SSPs) and land use scenarios that are directly related to societal concerns about
adaptation, mitigation, or the consequences of climate change (O’Neill et al., 2016). By
standardizing socioeconomic and technical assumptions across models, this new paradigm
closed crucial gaps in CMIP5's intermediate forcing levels and allowed for a more thorough
examination of various pathways. The World Climate Research Program (WRCP) has
provided simulated precipitation data for two periods, including historical (1980-2014)

and future (2015-2099) for CMIP6.

NA-CORDEX and WCRP both have the goal of improving our understanding of the
Earth’s climate and its potential future changes (Giorgi et al., 2009; J. W. Gutowski et al.,
2016; McGinnis & Mearns, 2021). While NA-CORDEX focuses on producing high-
resolution climate projections specifically for North America, WCRP is broader in its

focus, coordinating and conducting research on the fundamental science of the Earth’s
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climate system and its interactions with the environment globally (W. J. Gutowski et al.,

2021; Kirtman & Pirani, 2009).

In addition to retaining the CMIP5 emission trajectories RCP2.6, RCP4.5, RCP6.0, and
RCP8.5, the CMIP6 data also contains three brand-new emission paths: RCP1.9, RCP3 .4,
and RCP7.0. As a result, the new scenarios combine SSP1, SSP2, SSP3, SSP4, and SSP5
of five socioeconomic paths with various levels of emissions to form seven future SSP-
RCP scenarios, which include SSP1-1.9 (a very low range of scenarios) to SSP5-8.5 (a
combination of high societal vulnerability and a high forcing level). The combination of
RCPs and shared socioeconomic pathways (SSPs) is expected to make future scenarios

more realistic.

It is expected that CMIP6 simulations can reproduce historical climate variables, represent
smaller biases in sea surface temperature, and be more skillful in capturing the precipitation
pattern. The climate model simulations from CMIP6 seem to be more reliable than earlier
CMIPS in various aspects. Different scientists have reported the limitations of CMIPS5,
especially in various scenarios and GCM output, due to the large reduction in atmospheric
aerosol emissions for RCP scenarios. Since more realistic results can be expected at various
locations, especially for extreme precipitation, the application of the latest CMIP6 climate
data is more crucial for storm sewer drainage systems. In addition, the multimodal median
of CMIP6 (CMIP6-MMM) is expected to perform better than the individual model.

Therefore, several models were used for IDF curve development.

Bias Correction
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Before any form of analysis, it is crucial to retrieve the data from climate models like RCMs
and GCMs for a specific location based on latitude and longitude. Since it is not unusual
for climate models to produce frequently skewed results, it is necessary to adjust the
climate data for bias. This bias correction is essential and is recommended in several studies
(Bruyere et al., 2014; Donat et al., 2016; Xue-Jie et al., 2013) to ensure that the bias-
corrected data used in hydrological modeling and decision-making processes are accurate
and reliable, leading to appropriate results (Maraun et al., 2017; Mehrotra & Sharma, 2012;

Xu & Yang, 2012).

Out of the several bias correction methods, the quantile mapping method is the most
popular and widely used across the world (Acharya et al., 2013; Lafon et al., 2013; Wood
et al., 2004a). Quantile mapping is a technique used to reconcile climate model data with
historical observations by transforming the model’s data distribution to match the
observational data distribution, thereby reducing biases and increasing accuracy in climate
predictions (Abatzoglou & Brown, 2012; J. Chen et al., 2013; Gudmundsson et al., 2012;
Maraun, 2016; Maraun et al., 2010; Pierce et al., 2014; Tabari et al., 2021). The efficiency
of this technique has been tested and found to be effective in improving accuracy for
hydrological modeling and decision-making (Grose et al., 2011; Hayhoe et al., 2008;
Maurer & Duffy, 2005; Wood et al., 2004b). Quantile mapping is well-known for bias
correction for specific climate circumstances. The approach aims to closely mimic both the
statistical distributions of the observed variable and the climatic variable (H. Li et al., 2010;

Maurer & Pierce, 2014).

Intensity Duration Frequency Curves
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In the 1940s, Gumbel developed the Gumbel distribution, also known as the extreme-value
Type I distribution (Obaid et al., 2014). The Gumbel theory of distribution is the preferred
choice for analyzing intense rainfall events due to its simplicity (AlHassoun, 2011;
Hailegeorgis et al., 2013). The Gumbel method has been found to be one of the most
credible approaches for hydraulic design, particularly when dealing with high-intensity
events due to its focus on extreme occurrences. Several past studies have shown that
Gumbel’s distribution may reliably anticipate flood magnitudes, enhancing the safety of
the design (Al Islam & Hasan, 2020; Elsebaie, 2012b; Mujere, 2011; Solomon & Prince,
2013; Vidal, 2014). Similarly, ISFRAM (2015, 2016) suggests the use of the Gumbel
Method in practical applications due to its improved accuracy results compared to Log-
Pearson Type III. Nonetheless, the Gumbel distribution was found to be the best fit for the
Kelantan River Basin, outperforming the Log Pearson Type III and Normal distributions
(Yong et al., 2021). It has been observed that the application of Gumbel distribution
improves the efficient design and utilization of infrastructure facilities, resulting in

improved public safety and cost savings (Solomon & Prince, 2013).

The following equation (Elsebaie, 2012) calculates the maximum precipitation Pt (in mm)

for each duration with a specified return period T (in years).
PT:Pan+KS (1)

where Payg is the average of the maximum precipitation corresponding to a given duration,

as stated by:

1
Pavg = 7L:L=0Pl' (2)

n
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where “Pi” is the specific extreme value of rainfall and “n” is the number of events or years

of data available.

K is the Gumbel frequency factor as given by:

Ve

T

K=-24(05772+1n (n (:))) 3)

and S is the standard deviation, which is computed using Eq. (4):

1/2
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where S is the standard deviation. The frequency factor (K), when multiplied by the
standard deviation, provides the deviation of a specific rainfall event (for a certain period
T) from the average. The rainfall intensity (i) in mm/hr can then be calculated using this

factor and the standard deviation, as follows:

P
Iy = T_: (5)

where Taq is the duration in hours.
Materials and Methods
Study Area

The study was conducted in the town of Willoughby, located in Lake County, Ohio, USA.
The city is situated at 41° 38" 45"" N and 81° 24" 35" W and covers a total area of 26.78

km?, with 26.55 km? being land and 0.23 km? being water.
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The climate of Willoughby is characterized by hot, muggy summers with scattered clouds
and cold, snowy, windy winters. The average annual temperature ranges from -5°C to
28°C, and it is rarely below -13°C or above 32°C. Rainfall is frequent throughout the year,
with the wettest month being September, which averages 78.74 mm of rain, and the driest
month being February, with an average of 27.94 mm of rain. These climate patterns have
been carefully monitored and recorded from 2015 to 2023, giving us a comprehensive

understanding of the distinctive features of Willoughby’s weather (Weather Spark).

Historical climate data shows that the area has experienced an upsurge in temperature and
rainfall intensity in recent years, and extreme weather events show upward trends in
precipitation days into the future (Bartels et al., 2020). Figure 1 illustrates the geographical

context of the study area.

Climate Model Data

Past observed precipitation as well as RCM and GCM output data for different models
from CMIP5 and CMIP6, respectively, are included in the precipitation data used with
historical data and future data under various scenarios. The closest stations at Cleveland
Easterly (ID: COOP:331651) and Burton (ID: COOP:331113), which are respectively 20
km and 35 km from the study area, lacked sufficient data for the period of 1980-2019 due
to gaps in data collection. Therefore, the historical observations were collected from the
Hopkins International Airport station in Cleveland, Ohio, United States (ID:
COOP:331657), which is 50 km away from the study site. The 1-hour precipitation data

from the station was utilized to prepare the observed historical data. This station was
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selected because it provides long records of continuous data sets without any significant

interruption.

The historical period from 1980-2019 was considered the baseline period and referred to
as Time Span-1 (TS-1), whereas the future period was divided into two time spans: 2020—
2059 as the near future (TS-2), and 2060-2099 as the far future (TS-3). This was intended
because the most recent data was available for the period of 1980-2019, and separating the
future period into smaller time frames would allow for a more detailed analysis of potential
changes in precipitation patterns with equal time for the near future and distant future,
providing a more comprehensive and holistic view of the potential changes in precipitation

patterns over time.

For this study, three RCMs with model-generated historical data and RCP8.5 scenarios for
each CMIP5 were selected from https://na-cordex.org/. Similarly, for CMIP5, three GCMs
with historical and four SSP scenarios—namely, SSP126, SSP245, SSP370, and SSP585—
were chosen to examine the potential increase in future precipitation. The projected
simulations of precipitation in the future were obtained from three climate models
contributing to CMIP6: https://esgf-node.llnl.gov/search/cmip6/. The fundamental

information for the three selected CMIPS5 and CMIP6 models is reported in Table 1.

The ability of the climate models to contribute hourly data was a primary factor in their
selection for this study. In addition, these models have already been widely adopted in the
research community, ensuring comparability and consistency with existing literature and
increasing the credibility and reliability of the research. Furthermore, a more nuanced

comprehension of the potential effects of climate change on precipitation patterns was
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made possible by including both historical and different future scenarios. Such climate
scenarios help us understand how precipitation responds to changes in greenhouse gas

emissions, which is useful for planning responses to climate change.

Bias correction of raw data

The climate data from the climate model are corrected in this study against the observed
daily data using the quantile mapping bias-correction approach, also known as probability
mapping or distribution mapping. For CMIP5 and CMIP6, the bias correction is

continuously directed from 1980 to 2005 and from 1980 to 2014, respectively.

In this study, the Climate Data Bias Corrector (CDBC) tool developed by Gupta et al.
(2019) was used to complete the bias correction. The effectiveness of the tool and its
efficacy for bias corrections have been demonstrated in various studies (Ayugi et al., 2022;
Babaousmail, Ayugi, et al., 2022; Babaousmail, Hou, et al., 2022; Lim Kam Sian et al.,

2022; S. Shrestha et al., 2019).

Development of the IDF Curve

After the raw climate model data obtained has been bias corrected, the next step is to
develop an IDF curve using the Gumbel Extreme Distribution method. For this, the raw
data were analyzed to determine the maximum precipitation intensity for each year from
1980 to 2099 for different rainfall durations (1 hr, 2 hr, 6 hr, 12 hr, and 24 hr). In this study,
the various return periods (including 2, 5, 10, 25, 50, and 100 years) were taken into
consideration. For each return period, the intensity of precipitation for each duration was

calculated using the average of the maximum precipitation and the standard deviation
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corresponding to the time frame. In addition, the Gumbel frequency factor, or K-factor,

was used to calculate the probability of the occurrence of an event of a given magnitude.

Finally, the IDF curve was developed by plotting the intensity of precipitation against the
duration of the rainfall for each return period using the Multi-Model Ensemble (MME)

mean method.

Results and Discussion

Since the major objective of this study was to develop IDF curves for both CMIP5 and
CMIP6 models and evaluate the differences between them, simulated precipitation data for
historical and future periods was used. The data was adjusted to reduce biases using the
quantile mapping approach, and the results of the bias correction process are presented in
terms of the mean and standard deviation. Table 2 illustrates the comparison of the average
and variability (standard deviation) in both CMIP5 and CMIP6 models, both before and

after bias correction.

CMIPS5

A comprehensive analysis of the IDF curves, assembling three CMIP5 models for the
RCPS8.5 scenario, provides a visual and mathematical representation of the changes in IDF.
The IDF curve for the TS-1 and the TS-2 is presented in Figure 2. The analysis has revealed
a considerable rise in rainfall intensity in the TS-2 compared to the TS-1, with a projection
of 9-39% for various durations and return periods. It is important to note that the
percentage increase is not linear, with large increases seen for longer durations and higher
return periods. The non-linear nature of the increase in rainfall intensity implies that

extreme rainfall events are projected to become even more intense in TS-2. The analysis
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of the trend of precipitation indicated that the increasing pattern observed in the TS-2 is
expected to further increase in the TS-3, as shown in Figure 3. Precipitation is expected to
become more intense and increase by 20-55% compared to TS-1. The occurrence of
extreme rainfall events with both shorter and longer return periods has increased in terms
of both frequency and intensity. This tendency raises concerns about the likelihood of more
frequent flash floods and stormwater flooding in the future. To further illustrate this point,
Figure 4 presents a graphical comparison of the percentage change in intensity between
different time frames. The study reveals that until the final years of the century, hourly
precipitation with a 100-year return period will increase by almost 24%. Hourly
precipitation intensity is seen to follow a predictable trend, increasing by 16.15% in the
TS-2 and by a much larger percentage (29.12%) in the TS-3. These divergent tendencies
highlight the value of looking across multiple time periods when analyzing climate
projections for the future, which provide important clues that help us piece together how
precipitation patterns may shift over time. The increasing trend of precipitation in the Lake
Erie region that we found in our study is consistent with the findings of previous research
by Xue et al. (2022) and L. Zhang et al. (2020) on the Great Lakes region using CMIP5
models. Notably, the same models were used, which suggests the consistency and

reliability of our findings.

CMIP6

In this study, the most recent climate model, CMIP6, agrees with the earlier versions of the
model, i.e., CMIP5, in predicting an increase in precipitation for the Town of Willoughby
in the future, in contrast to the TS-1. The findings indicate that even with the lowest SSP

scenario (SSP126), there will be an increase in rainfall intensity in TS-2, with a range of
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3—-19% (Figure 5). Based on the data studied for the Town of Willoughby, it is interesting
to note that the magnitude of the increase in the intensity of rainfall varies across different
durations and return periods. The two-year return period for a six-hour rainfall shows the
lowest percentage increase in intensity. On the other hand, the return period of 100 years
for rainfall lasting two hours shows the largest percentage increase in intensity. The
projected findings indicate that in the TS-3, the intensity of precipitation is anticipated to
undergo a more pronounced increase, where the projected range of increase falls within a
range of 7-40% (Figure 6). For a duration of 24 hours and a recurrence interval of two
years, a predicted increase in intensity of only 7% is made. However, the two-hour duration
with a 100-year return period is predicted to see the highest percentage increase, at 40%.
Furthermore, the IDF curve comparison for SSP245 reveals that the TS-2 may experience
a rise in precipitation intensity of 5-22% (Figure 7), while the TS-3 could see an increase
of 10-23%, as illustrated in Figure 8. This contrast in trends emphasizes the significance
of evaluating various time segments when analyzing future climate projections, enabling a
deeper understanding of the evolving patterns of precipitation. Likewise, the SSP370
scenario predicts intriguing insights about the future of precipitation intensity. In particular,
hourly precipitation with a return period of two years is predicted to increase in intensity,
with the lowest observed increase of 5%. The most significant increase in intensity,
however, is expected for the two-hour duration of precipitation with a 100-year return
period; this is projected to increase by a significant 22%. The comparison of the IDF curves
between the TS-1 and the TS-2 for SSP370 is presented in Figure 9, which shows an

increase range of 21-38% for various rainfall durations and return periods.
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Figure 10 displays the comparison between the TS-1 and the TS-3 for scenario SSP370. In
the same manner, the SSP585 scenario under the CMIP6 model demonstrated an increase
in precipitation intensity, with a projected range of 9-27% and 21-48% for the TS-2 and
TS-3, respectively, for various durations and return periods. The results show that in the
most catastrophic scenario (SSP585), hourly precipitation with a 100-year return period
will rise by an average of approximately 24% in the future. The IDF curve analysis for the
worst-case scenario for CMIP6 is presented in Figure 11, showing the comparison between
the TS-1 and the TS-2, whereas the further increase in precipitation in the TS-3 is
demonstrated in Figure 12. The increase in precipitation in terms of percentage change
considering different return periods and rainfall durations, both for the TS-2 and the TS-3,
as compared to the TS-1, is represented in Figure 13. Earlier research by Minallah and
Steiner (2021) in the Great Lakes region found that CMIP6 models’ representations of
precipitation vary widely and contrast with those observed in real-world datasets.
Nonetheless, the MIROC6 model used in this study agrees with the similar trend in
increased precipitation presented by Minallah & Steiner (2021), indicating the reliability
of the findings and validating the predictive ability of the model for future precipitation

patterns.

CMIPS vs. CMIP6: A Comparison

The study revealed that the increase in rainfall intensity for various duration hours and
return periods for CMIP5 RCPS8.5 and CMIP6 SSP58S5 is projected to be within the range
of 9-39% and 20-55% for the TS-2 and TS-3, respectively. This information has been
inferred from Figure 14, which shows the comparison of the TS-2 for both CMIP5 RCP8.5

and CMIP6 SSP585. Similarly, Figure 15 shows the plots of the TS-3 for both CMIPs,
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which show that the Town of Willoughby will experience more intense precipitation. The
CMIP6 models were assessed under various scenarios, including ssp126, ssp245, ssp370,
and ssp585, revealing an increase in precipitation intensity from 2—22% for the TS-2 and
6—40% for the TS-3 across various rainfall durations and return periods. Even though both
CMIPs indicate an increase in precipitation intensity, the CMIP5 RCP8.5 stands out with
a higher rainfall intensity than the CMIP6 SSP585, with an intensity range that exceeds the

CMIP6 SSP585 by 28% across varying durations and return periods.

The findings from the CMIPS5 and CMIP6 models provide a fascinating revelation when
looking at the percentage increase in rainfall intensity across different durations and return
periods. CMIP5 predicts a more substantial increase in rainfall intensity for longer
durations and higher return periods, while CMIP6 offers a contrast. There is a clear upward
trend in intensity percentage for shorter durations (one and two hours), but an intriguing

deviation from this pattern for longer durations (six, twelve, and twenty-four hours).

During the analysis of meteorological data in this study, it was observed that the sub-daily
intensity of precipitation, specifically those below 6 hours, was relatively underestimated
by the models. Both CMIP5 and CMIP6 models tend to predict less even in the worst-case
scenario. This finding is significant because it affects the precision and reliability of
outcomes. There was a discrepancy between the study’s findings and the historical data
reported by the National Oceanic and Atmospheric Administration (NOAA). One possible
explanation for the discrepancies found in the data is that lakes were either simplified or
left out entirely from the climate models used to examine potential future climate changes.
The credibility of the CMIP5 models’ projections was called into question by a previous

study by Briley et al. (2021), which found that most of them did not accurately capture the
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impact of the Great Lakes on the regional climate. Inaccurately simulating regional climate
patterns requires a thorough understanding of the interaction between lakes, the
atmosphere, and the land. This highlights the need for additional research on the accuracy

of sub-daily data and casts doubt on the applicability of the models used.

The study in the town of Willoughby found that the intensity of precipitation would
increase with longer return periods. The hourly precipitation is expected to see an increase
in the upper range of extreme values in the future, specifically for the 95th percentile. This
means that the most severe precipitation events that happen only 5% of the time are likely
to become more intense, with a projected increase in the 95th percentile range of 5% to
24%, and the average hourly rainfall in the TS-2 and TS-3 is expected to increase by 7—
28% by both CMIPs, which is a signal that communities need to prepare for the impacts of
extreme weather events and invest in measures to build more resilient communities in the
face of a changing climate. The results show that extreme weather events will become more

intense, requiring sustainable development to mitigate urban flooding.

However, it is essential to acknowledge the limitations of this study, such as the fact that it
is based on the rainfall estimates of a single location and may not be representative of other
areas. Further studies could be accomplished to explore the limitations and make
improvements, such as potential uncertainties in the models, data, and bias correction
methods used. Regardless, the results of this study provide valuable insights for urban
planners, engineers, and decision-makers in developing sustainable flood control measures
to mitigate the limitations. Additionally, there’s a chance that the study’s bias correction
methods, data, and models will all have uncertainties that will affect the results. Further
studies may explore these limitations and improve upon them.
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Conclusion

This study aimed to develop and compare the IDF curves for future climate scenarios using
two climate models, CMIP5 and CMIP6, in the town of Willoughby and to evaluate the
differences between them. IDF curves are used as an essential tool in designing effective
drainage systems for any engineering project. To develop the IDF curves, simulated
precipitation data from historical and future periods was used. The data was adjusted to
reduce biases using the quantile mapping approach, and the bias-corrected climate data was
used to develop the IDF curves using the Gumbel Extreme Distribution Type I method.
The results indicated a rise in precipitation intensity in the future, ranging from 9-55%
across different rainfall durations and return periods for CMIP5S RCP8.5 and CMIP6
SSP585. The analysis of CMIP6 climate scenarios predicts a significant average increase
of 27% in the intensity of hourly precipitation for the recurrence interval of 100 years in
the future. Specifically, the SSP585 scenario projects an increase of 9-26% in the TS-2
and 21-47% in the TS-3, while the RCP8.5 scenario predicts increases of 11% to 24%,
respectively. Even under the moderate climate change scenario of SSP126, it can be
expected to have an increase (averaging 6%) in hourly precipitation intensity with a 2-year

return period.

The reliance on a limited number of models and scenarios may not account for the entire
range of uncertainty in future scenarios. In this context, further research is needed to
understand the combined effects of these uncertainties with other sources of variability,
such as land use change and natural internal weather variability. The large uncertainty is
the output of the GCMs, and the RCMs also highlight the need for uncertainty analysis and

probability-based IDF curves. Furthermore, the process of bias correction in a climate
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model is not immune to uncertainties. Future forecasts of climatic variables may be subject
to uncertainty after being corrected for bias in climate models, even when based on a single
reference period. Hence, future climate results may vary depending on the reference period
selected. Future research could explore various methods for responding to all these
unknowns, such as using the professional analysis of climatologists or utilizing more robust
statistical methods or machine learning algorithms. There is a need for a hybrid approach
that makes use of many reference periods due to the complex nature of the

interrelationships between climatic variables.

To sum up, the study emphasizes the importance of updating the existing IDF curves that
guide the design of water management infrastructure to account for the effects of climate

change.
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Table 1. Description of the climate models and climate change scenarios used in the

study.
CMIPS
Source Source ID GCM Scenario Grid Frequency  Resolution
GFDL-
ESM2M
NA- WRF hist, RCP8.5 NAM-22 1 hr 0.44° x 0.44°
CORDEX HadGEM2-ES
MPI-ESM-LR
CMIP6
Source Source ID Experiment ID  Variant Label Frequency Resolution
MIROC6 hist, ssp126, rlilplfl 1.4°x1.4°
ssp245, ssp370, .
WRCP CNRM-CM6-1-HR rlilplf2 1 hr 0.5°x 0.5°
ssp585
CNRM-ESM2-1 rlilplf2 1.4°x 1.4°
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Table 2. Bias in terms of mean and standard deviation (St. Dev.) before and after bias

correction for CMIP5 and CMIP6 models for the baseline period (TS-1: 1980-2019)

CMIPS Models
Statistics Observed GFDL-ESM2M HadGEM2-ES MPI-ESM-LR
Before After Before After Before After
Average 2.67 4.04 2.6 3.06 2.68 3.56 2.51
St. Dev. 6.62 7.24 6.78 7.11 6.58 6.79 6.39
CMIP6 Models
Statistics Observed GFDL-ESM2M HadGEM2-ES MPI-ESM-LR
Before After Before After Before After
Average 2.67 3.04 2.69 3.36 2.65 3.30 2.68
St. Dev. 6.62 6.06 6.77 6.60 6.71 6.13 6.77
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Figure 1. Location map of the study area showing Town of Willoughby, Ohio, USA
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Figure 2. IDF curves for the baseline period (TS-1: 1980-2019) vs. the near future (TS-2:
2020-2059) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP5 RCP8.5 models
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Figure 3. IDF curves for the baseline period (TS-1: 1980-2019) vs. the far future (TS-3:
2060-2099) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP5 RCPS8.5 models
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Figure 4. Graphical comparison showing the rainfall intensity percentage change between the
baseline period (TS-1: 1980-2019) vs. the near future (TS-2: 2020-2059), on the left, and the
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return periods and rainfall durations of CMIP5 RCPS.5

80
o - = =T=2 Yrs (TS-1) ——— T=2 Yrs (TS-2)
- = =T=5Yrs (TS-1) ——— T=5 Yrs (TS-2)

60 - = =T=10Yrs (TS-1)  ———T=10 Yrs (TS-2)
~ 50 T=25 Yrs (TS-1) T=25 Yrs (TS-2)
: \
E 40 — = =T=50 Yrs (TS-1) T= 50 Yrs (TS-2)
g — = =T=100 Yrs (TS-1) ——— T=100 Yrs (TS-2)
>
£ 30
=
2
= 20
£ 10
<
i

0 5 10 15 20 25

Rainfall Duration (hrs)

Figure 5. IDF curves for the baseline period (TS-1: 1980-2019) vs. the near future (TS-2:
2020-2059) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three
CMIP6 SSP126 models
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Figure 6. IDF curves for the baseline period (TS-1: 1980-2019) vs. the far future (TS-3:

2060-2099) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP6 SSP126 models
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Figure 7. IDF curves for the baseline period (TS-1: 1980-2019) vs. the near future (TS-2:
2020-2059) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP6 SSP245 models
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Figure 8. IDF curves for the baseline period (TS-1: 1980-2019) vs. the far future (TS-3:
2060-2099) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP6 SSP245 models
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Figure 9. IDF curves for the baseline period (TS-1: 1980-2019) vs. the near future (TS-2:
2020-2059) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three
CMIP6 SSP370 models
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Figure 10. IDF curves for the baseline period (TS-1: 1980-2019) vs. the far future (TS-3:

2060-2099) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP6 SSP370 models
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Figure 11. IDF curves for the baseline period (TS-1: 1980-2019) vs. the near future (TS-
2:2020-2059) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP6 SSP585 models
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Figure 12. IDF curves for the baseline period (TS-1: 1980-2019) vs. the far future (TS-3:
2060-2099) considering a 2, 5, 10, 25, 50, and 100-year return period ensembling three

CMIP6 SSP585 models
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Figure 13. Graphical comparison showing the rainfall intensity percentage change between the

baseline period (TS-1: 1980-2019) vs. the near future (TS-2: 2020-2059), on the left, and the
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different return periods and rainfall duration of CMIP6 SSP585
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Figure 14. IDF curves for the near future period (TS-2: 2020-2059) considering a 2, 5, 10,

25, 50, and 100-year return period ensembling three CMIP5 RCP8.5 vs. CMIP6 SSP585

models
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Figure 15. IDF curves for the far future period (TS-3: 2060-2099) considering a 2, 5, 10,
25, 50, and 100-year return period ensembling three CMIP5 RCP8.5 vs. CMIP6 SSP585

models
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Chapter 3: Recommendations

Over the 21st century, it is highly probable that climate change will have a discernible
impact on the distribution and intensity of rainfall. This, in turn, raises concerns about the
capacity of our water drainage systems to cope with the anticipated surge in intense
precipitation. The aim of this research work was to establish the relationship between
intensity, duration, and frequency on an hourly scale using the CMIP5 and CMIP6 climate
models under various climate change scenarios. Furthermore, the IDF curves generated
from CMIPS models for RCP8.5 and from CMIP6 for scenario SSP585 were analyzed and
compared. The IDF curve was developed and extended to a temporal scale of one hour

using simulated precipitation data for historical and future periods from climate models.

However, this study has limitations and suggests some directions for future studies. This is
because the use of a limited number of models and scenarios may not represent the full
range of uncertainty in the future. For example, future research is needed to incorporate
several GCMs to understand the combined effects of these uncertainties with other sources
of variability, such as land use change, natural internal weather variability, lake-
atmosphere-land interaction, and so on. GCMs and RCMs both produce results with
significant uncertainty, which calls attention to the necessity for uncertainty analysis and
probability-based IDF curves. The climate model bias correction procedure has its own
limitations. Future-period data that has been adjusted for bias uses the assumption that the
bias is the same as the bias in the control period, which may not always be the case and
may thus affect the results of the corrected data. Therefore, the design process should
incorporate new ways to deal with and quantify uncertainty in the event of analyzing the

effects of climate change. Despite these shortcomings, the study provides useful data for
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city planners, engineers, and decision-makers to reduce the devastating effects of floods in
the Town of Willoughby through the implementation of long-term, sustainable flood

control measures.

In conclusion, the research highlights the significance of updating the current IDF curves,
which might be helpful for the design of water management infrastructure to account for
the consequences of climate change. There is a pressing need to review and update the IDF
curve for the future, as the effects of climate change have already been noticed in this
region. Further study can be conducted to incorporate several GCMs and conduct
uncertainty analysis to report the lower and upper bounds of the IDF curve. In order to
create a more resilient infrastructure system against climate change, state and federal

agencies need to incorporate the future IDF curve in the design.
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