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Abstract 

Climate change impacts on precipitation characteristics will alter the hydrologic 

characteristics, such as peak flows, time to peak, and soil erosion potential. However, many of the 

currently available climate change datasets are provided at temporal and spatial resolutions that 

are inadequate to quantify projected changes in the hydrologic characteristics of a watershed. 

Therefore, it is critical to temporally disaggregate coarse-resolution precipitation data to finer 

resolutions for studies sensitive to precipitation characteristics. First, this study generated novel 

15-minute precipitation datasets from hourly precipitation datasets obtained from five NA-

CORDEX downscaled climate models under Representative Concentration Pathway (RCP)8.5 

scenario for the historical (1970-1999) and projected (2030-2059) years over the Southeast United 

States using a modified version of a stochastic method. The results showed the conservation of 

mass of the precipitation inputs. Furthermore, the probability of zero precipitation, variance of 

precipitation, and maximum precipitation in the disaggregated data matched well with the 

observed precipitation characteristics. The generated 15-minute precipitation data can be used in 

all scientific studies that require precipitation data at that resolution. 

Secondly, the datasets generated from objective one were further applied to estimate projected 

erosivity (R-factor), which determines the erosive power of rainfall. The magnitude and scope of 

these future changes in the erosive power of rainfall remain largely unknown, particularly at finer 

resolutions and local scales because previous studies have relied on aggregated (hourly, daily) 

rainfall data. The erosivity for the region was calculated using the RUSLE2 erosivity calculation 

method without data limitation. Ensemble results for projected values (as compared to historical 

values) showed a projected increase in annual average precipitation, erosivity, and erosivity 

density by 14%, 47%, and 29%, respectively, over the southeast region from 2030 to 2059. The 
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future ensemble model showed an average annual R-factor of 11237±1299 MJ mm ha-1 h-1 yr-1. 

These findings suggest that changes in rainfall intensity, rather than only precipitation amount, 

may drive future changes in erosivity. However, the study is associated with limitations due to bias 

correction and downscaling of the precipitation dataset and obscuring the result of projected 

erosivity. In general, coastal and mountainous regions are expected to experience the greatest 

absolute increase in erosivity, while other inland areas are expected to experience the greatest 

relative change. This study offers a novel examination of projected future precipitation 

characteristics in terms of erosivity and potential future erosion. 

Furthermore, future projected rainfall Intensity-Duration-Frequency (IDF) curves were 

developed for the Southeast United States using Generalized extreme value (GEV) distribution 

with disaggregated sub-hourly (15-, 30-, and 45-min) monthly maximum rainfall from 2030 to 

2059 using the five climate models under the RCP8.5 scenario. A computationally efficient feed-

forward back-propagation Artificial Neural Network (ANN)-based approach was found to be 

significantly superior for disaggregating rainfall compared to the stochastic model with an average 

Nash–Sutcliffe efficiency (NSE) ranging from 0.67 to 0.84.  Kolmogorov-Smirnov (KS) test 

confirmed at a 5% significance level that the annual maximum rainfalls come from Gumbel 

extreme value distributions. The study found that there is an increasing intensity of future projected 

rainfall in the range of 7% to 36% in comparison to the historical period. The spatial variation in 

future projected extreme rainfall depths showed that the Gulf-Atlantic coast and the Appalachian 

Mountains are expected to receive more extreme rainfalls.  

Finally, uncertainties associated with climate studies are of considerable interest, particularly 

extreme rainfall analysis for providing confidence to the relevant stakeholders for designing 

hydrological structures. Therefore, this study quantified the uncertainties associated with the 
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rainfall IDF Curves for the largest cities of the Southeast United States using the ANN and 

bootstrapping resampling technique along with Gumbel distribution. Results showed no 

significant differences while disaggregating hourly to sub-hourly (15-, 30-, and 45-min) monthly 

maximum rainfall with or without hyperparameter tuning using random search. Additionally, bias 

correction significantly improved the rainfall IDF curves rejecting the null hypothesis of no 

difference using Welch two sample t-test. Overall, the minimum and maximum of annual 

maximum rainfall intensities were found in a range of 38 to 55 mm h-1 and 143 to 210 mm h-1, 

respectively.  Further studies are needed to improve the uncertainty quantification of human error 

in climate modeling and the randomness of natural processes in datasets. 
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CHAPTER 1 

Introduction 

 

1.1 Background and Problem Statement 

 

The term climate is defined as the average weather for a given period of time i.e., months, 

thousands, or millions of years (IPCC, 2018). The World Meteorological Organization specifies 

30 years as the classical period for averaging weather variables, particularly surface variables of 

temperature, precipitation, and wind. However, in the last few decades, there is a change in climate 

due to natural and anthropogenic activities such as volcanic eruption, burning of fossil fuels, 

deforestation, and other activities that increase the greenhouse gases in the atmosphere. According 

to United Nations Framework Convention on Climate Change (UNFCCC),  “climate change” is 

defined as “a change of climate which is attributed directly or indirectly to human activity that 

alters the composition of the global atmosphere and which is in addition to natural climate 

variability observed over comparable time periods” (IPCC, 2018). 

The media and decision-makers, especially in the United States, routinely claim that climate 

science is highly uncertain (Oreskes, 2004). However, there is a consensus on climate change due 

to human activities among scientists, particularly in group reports of the Intergovernmental Panel 

on Climate Change (IPCC) (Cook et al., 2016; IPCC, 2018; Oreskes, 2004). Hansen et al. (2006) 

reported that there is an increase in global surface temperature at a rate of 0.2℃ per decade. In 

addition, Hoegh-Guldberg et al. (2018) found the global mean surface temperature increased up to 

0.87°C in 2006-15 relative to the pre-industrial period of 1850-1900. With the current trends of 

greenhouse gases in the atmosphere, the temperature is projected to increase by 1.5℃ above the 

pre-industrial level by end of 2052 (Takhellambam et al., 2023).  
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Climate change is associated with extreme rainfall events leading to more frequent droughts, 

floods, and soil erosion. For instance, precipitation intensity increases by about 7% with unit 

degree Celsius of temperature (Trenberth, 2011) resulting in increasing flooding events. An 

additional effect of climate change is a higher rate of evaporation, thereby, decreasing soil moisture 

leading to agricultural drought and reducing water supply in many parts of the world (Adams and 

Peck, 2008).  

The southeastern United States in particular has the greatest potential for change in rainfall 

characteristics (McGehee and Srivastava, 2018). USGCRP (2018) recorded the highest number of 

daily extreme rainfalls with 3 inches or more during 1990-2010. During this period, extreme 

rainfall has increased in the range of 16-23% as compared to that of 1900s. This region requires 

proper adaptation and mitigation measures for climate change, particularly for water resources and 

the agriculture sectors for sustainable development. This could be achieved through proper 

planning and actions through reliable and accurate research. 

 Although there are a large number of future projected climate models that are published or 

available, all climate models are available in aggregated or fixed intervals such as hourly or daily 

scales, particularly precipitation datasets. Using these datasets for studies sensitive to precipitation 

intensity are prone to underestimation. For instance,  McGregor et al. (1980) asserted rainfall 

erosivity calculated with the methodology presented in Agricultural Handbooks 537 (Wischmeier 

and Smith, 1978) is underestimated. Previous erosion maps, especially those of three Agricultural 

Handbooks (AH) i.e., AH282 (Wischmeier and Smith, 1965), AH537 (Wischmeier and Smith, 

1978), and AH703 (Renard, 1997), underestimated erosivity by 30% compared to the 

benchmarking studies (McGehee, 2016; McGehee and Srivastava, 2018; McGregor et al., 1995). 

Moreover, the hydrological modeling using Soil Water Assessment Tool (SWAT) and sub-hourly 
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data was found to give better performance than both sub-daily and daily scale data (Jeong et al., 

2010). One of the main reasons is due to the smoothing or averaged rainfall intensity while using 

fixed intervals (Takhellambam et al., 2023). A previous study reported that rainfall maximum 

intensity occurs during 15-min rainfall intervals, therefore using a larger rainfall interval, the 

intensity is compromised due to averaging (McGehee and Srivastava, 2018).  

Previous studies used two broad methods for rainfall disaggregation, i.e., Poisson-cluster 

models (stochastic simulation) and random cascade models (Choi et al., 2008).  These methods 

use an extensive number of parameters (Choi et al., 2008; Islam et al., 1990; Kossieris et al., 2018; 

Li et al., 2018; Rodriguez-Iturbe et al., 1988, 1987). These methods involving a greater number of 

parameters were overcome by Socolofsky et al. (2001) through an efficient stochastic method 

while generating hourly rainfall datasets from daily scale. The method was further confirmed for 

successfully generating hourly observed precipitation using daily data (Choi et al., 2008). 

Mirhosseini et al. (2013) further modified the stochastic method for developing 15-min rainfall 

using 3-hour data over Alabama, United States. Therefore, our first goal was to develop high-

resolution precipitation datasets (15-min) for the projected future scenario under RCP8.5 under 

five different climate models, owing to the limited availability of reliable rainfall datasets essential 

for all applicable hydrologic studies sensitive to rainfall intensities. 

Additionally, soil erosion which is the removal of topsoil has resulted in reducing crop yield 

through loss of nutrients and shallowing of reservoirs. One of the major drivers for soil erosion is 

water through rainfall and runoff. However, the southeastern United States has the greatest 

potential change in rainfall characteristics under changing climate. Therefore, the potential of 

rainfall to erode soil also known as rainfall erosivity needs to be quantified. To our knowledge, 

Biasutti and Seager (2015); Hoomehr et al. (2016); Nearing (2001); Panagos et al. (2022); and 
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Segura et al. (2014) have estimated future projected rainfall erosivity in the United States. These 

studies used aggregated rainfall datasets which led to the underestimation of projected rainfall 

erosivities. Therefore, the second objective of this dissertation was to develop future projected 

rainfall erosivity map for the southeastern United States using 15-min rainfall data under the 

RCP8.5 scenario.  

Furthermore, hydrologic and hydraulic structures such as dams and culverts are designed based 

on the stationarity of the rainfall intensity duration frequency (IDF) curves which give a probability 

of rainfall intensity in a given period (Perica et al., 2013; Soltani et al., 2020; Sun et al., 2019; 

Zhao et al., 2022a). However, the projected rainfall characteristics under changing climate are 

found to be non-stationary. This necessitates an update of existing IDF curves using high-temporal 

resolution rainfall datasets. Moreover, there is an underprediction of rainfall extremes particularly 

the monthly maximum rainfall dataset while using a stochastic approach. Therefore, the state-of-

the-art artificial neural network (ANN) model was hypothesized to perform better in generating 

the sub-hourly rainfall datasets from the hourly scale. The third goal of this dissertation was to 

develop rainfall IDF curves using the generated rainfall dataset empowered by ANN.  

Lastly, the climate impact assessment for hydrologic and hydraulic modeling is associated with 

uncertainties mainly due to a lack of understanding of physical processes, insufficient information, 

or analytical resources (Mirhosseini et al., 2015; Solaiman, 2011). In addition, uncertainty in future 

projected rainfall models are required to be quantified as rainfall generation mechanism are based 

on greenhouse gas concentrations in the atmosphere and the carbon cycle (Solaiman, 2011). These 

associated uncertainties result in inaccurate hydrological modeling that could have an impact on 

the reliability drawn from the research analysis (Ng et al., 2019). Quantifying uncertainty in 

climate impact assessment, particularly for extreme rainfall events is necessary for adaptation and 
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mitigation to climate change. Therefore, an accurate uncertainty estimates help in better decision-

making by relevant stakeholders (Katz et al., 2013; Guttorp, 2012). The fourth goal of this 

dissertation was to quantify the uncertainty associated with the future projected rainfall IDF curves 

for selected 11 largest cities of the Southeast United States under the RCP8.5 scenario using 

rainfall datasets of 2030 to 2059. 

In summary, the research findings from this dissertation have attempted to significantly 

improve the understanding of the effect of climate change on precipitation, particularly on soil 

erosion and extreme rainfall events through developing high-temporal resolution precipitation 

datasets assuming there is no snowfall in the region. This will make it possible for the stakeholders, 

including academics, policymakers, and researchers, to develop and assess adaptation and 

mitigation measures under changing climate in the Southeast United States.  

1.2 Objectives 

The objectives of this dissertation are provided below: 

1. Temporally disaggregate hourly precipitation under changing climate over the Southeast 

United States. 

2. Quantify projected mid-century rainfall erosivity under climate change over the Southeast 

United States. 

3. Develop artificial neural network-empowered projected future rainfall intensity-duration-

frequency curves under changing climate; and 

4. Quantify uncertainty in rainfall intensity-duration-frequency curves using artificial neural 

network and bootstrapping resampling technique. 
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1.3 Dissertation Organization 

 

This dissertation includes five chapters. Chapter 1 discusses the introduction, research 

background, research gap, and objectives. Chapters 2 – 5 discussed research works that focus on 

the four distinct objectives. Chapter 2 is focused on the development of 15-minute precipitation 

for the entire Southeast United States between 2030 and 2059 from 1-hour datasets using a 

modified stochastic approach. This objective has been published in Scientific Data (Takhellambam 

et al., 2022a). Chapter 3 estimated future projected rainfall erosivity using the data generated from 

objective 1 for the entire region. This study has also been published in Science of The Total 

Environment (Takhellambam et al., 2023). Chapter 4 improved the disaggregated rainfall of the 

stochastic approach using ANN for monthly maximum rainfall. Using these improved datasets, 

future projected rainfall IDF curves were developed. The manuscript is currently under review. 

Chapter 5 focuses on the quantification of uncertainty associated with projected IDF curves. This 

is done using state-of-the-art statistical and machine-learning techniques. Finally, chapter 6 

provides both summary and suggestions for future work.  
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CHAPTER 2  

Temporal Disaggregation of Hourly Precipitation Under Changing Climate Over the 

Southeast United States 

2.1 Background & Summary 

 

 Precipitation is a fundamental input in all practical scientific studies that deal with the 

hydrological cycle (Savina et al., 2012; Song et al., 2016). For instance, precipitation is the main 

driver in the Soil and Watershed Assessment Tool (SWAT) (Abbaspour, 2013; Abbaspour et al., 

2007; Gassman et al., 2014; Li et al., 2018; Schuol and Abbaspour, 2006; Tuo et al., 2016). In 

addition, precipitation data is needed for the estimation of rainfall intensity-duration-frequency 

curves (Ganguli and Coulibaly, 2019; Mirhosseini et al., 2015, 2014, 2013; Srivastav et al., 2014), 

rainfall erosivity (Almagro et al., 2017; Biasutti and Seager, 2015; Fullhart et al., 2020; Hoomehr 

et al., 2016; Nearing, 2001; Zhang et al., 2010), and soil loss estimation using Universal Soil Loss 

Equation (USLE), Revised USLE, and Global Soil Erosion Modeling (Borrelli et al., 2020; 

Nearing et al., 2017; Oliveira et al., 2013).  

  In these previous studies, higher-temporal resolution precipitation performed better than 

aggregated (e.g., hourly, daily) precipitation data. For instance, Jeong et al. (2010) found that the 

SWAT model built using sub-hourly (15-minute) precipitation outperformed the model built using 

both coarser sub-daily and daily precipitation data.  This is because, among many other reasons, 

high-temporal resolution precipitation is capable of better prediction of peak flows. While many 

researchers have estimated rainfall erosivity using aggregated precipitation data(Almagro et al., 

2017; Hoomehr et al., 2016; Mondal et al., 2016; Nearing, 2001), using aggregated rainfall data 

has resulted in underestimation of rainfall erosivity up to or exceeding 30% as compared to the 
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fixed-intensity precipitation or ‘breakpoint’ precipitation data (McGregor et al., 1995, 1980; 

Renard, 1997). The main reason for using fixed-interval precipitation data is the limited 

availability of high-resolution precipitation data (McGehee, 2016; McGehee and Srivastava, 2018; 

McGehee et al., 2021b).  

  Climate projections play a significant role in understanding the future scenarios of scientific 

studies related to climate (Mishra et al., 2020). In the case of RCM-based climate impact studies, 

it is recommended to use an ensemble approach for better performance in both model uncertainty 

and potential outcomes (Meyer et al., 2021). To-date, there are two coordinated RCM ensemble 

projects for North America, i.e., the North American Regional Climate Change Assessment 

Program (NARCCAP) and North American-Coordinated Regional Climate Downscaling 

Experiment (NA-CORDEX) (Mearns et al., 2017, 2009; Scinocca et al., 2016). NARCCAP used 

four global climate models (GCM) from the third phase of the Coupled Model Inter-comparison 

Project (CMIP3) along with six RCMs. NA-CORDEX used GCMs from CMIP5 for downscaling 

with the RCMs. There have been various studies using NA-CORDEX for the assessment of climate 

impacts, which range from regional to continental in scale (Ganguli and Coulibaly, 2019; Meyer 

et al., 2021). 

   In the absence of breakpoint precipitation data, relatively high-resolution, fixed-interval data may 

serve as a viable alternative when it has been properly corrected for gaps, biases, and precision 

limitations (McGehee and Srivastava, 2018; McGehee et al., 2021b). There are different types of 

temporal rainfall disaggregation methods available. These methods can be broadly categorized 

into two broad methods, i.e., Poisson-cluster models (stochastic simulation) and random cascade 

models (Choi et al., 2008).  However, these methods require a large number of parameters (Choi 
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et al., 2008; Islam et al., 1990; Kossieris et al., 2018; Li et al., 2018; Rodriguez-Iturbe et al., 1988, 

1987). 

  To overcome the requirement of a large number of parameters in rainfall disaggregation, 

Socolofsky et al. (2001) presented a more computationally efficient stochastic method to 

disaggregate daily to hourly precipitation. This method relies on a single parameter, which is the 

smallest storm event value for each month/season. The method had been further evaluated for its 

performance and was found to be satisfactory in the replication of hourly observed precipitation 

using daily data (Choi et al., 2008). The method was modified and found to be satisfactory for 

generating 15-min precipitation over Alabama, USA using 3-hour precipitation (Mirhosseini et al., 

2013). Therefore, in this study, we used precipitation from NA-CORDEX with the highest 

temporal resolution available, i.e., hourly data from the RCP8.5 scenario for five GCM-RCMs.  

As a result, we have developed 15-min precipitation datasets for each of the five climate models 

of NA-CORDEX under the RCP8.5 scenario over the Southeast US using a modified stochastic 

disaggregation method. We used the quantile delta mapping method for removing the bias 

associated with the precipitation data generated by the climate models. Bias-correction 

significantly improved the intensities as well as the annual precipitation frequencies for all the 

climate models. The bias-corrected hourly precipitation data were disaggregated to generate 15-

min precipitation for both historical (1970-1999) and projected (2030-2059) years. The quality 

assessment of the generated 15-minute precipitation over the Southeast US showed that all the 

climate models provided similar results. We can conclude that the resulting finer temporal 

resolution precipitation data can be used in scientific studies that deal with the hydrological cycle 

(requires precipitation) over the Southeastern US. However, given the limitations of the 

disaggregation method, some precipitation characteristics such as intensities may still differ from 
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observed precipitation characteristics. Potential users should still evaluate these qualities before 

using this dataset in their respective studies. Therefore, while this dataset represents an 

improvement in intensities over using hourly climate projections from climate models, it may still 

be of insufficient quality for those applications that are sensitive to precipitation intensity. 

2.2 Methods 

  A summary of the methods used in this study is organized as follows: 1) study area and data 2) 

bias correction of the climate model data, 3) the modified stochastic disaggregation method, and 

4) performance assessment and characterization. 

2.2.1 Study area and data  

 

  The climate of the Southeast United States is distinct from the rest of the country due to its 

proximity to the Atlantic Ocean and Gulf of Mexico (Ingram et al., 2013; Kunkel et al., 2013). The 

region experiences frequent extreme weather due to its warm humid climate (Allan and Soden, 

2008; Easterling et al., 2017; Ingram et al., 2013). In the past 30 years (1990-2020), the region has 

received the highest number of daily extreme rainfalls of 76.2 mm or more (Carter et al., 2018). 

The contiguous United States has also experienced an above-average number of extreme 

precipitation events during the period 1986-2015 (Easterling et al., 2017).  

  The study area covers 11 states of the Southeast United States - Alabama, Arkansas, Florida, 

Georgia, Kentucky, Louisiana, Mississippi, North Carolina, South Carolina, Tennessee, and 

Virginia - having an area of approximately 2 million km2 . In this region, the annual precipitation 

received is in the range of 1000-1250 mm inland that rises to 1500 mm in the peripheral areas of 

the Gulf coast such as Alabama, Mississippi, and Florida Panhandle. The average precipitation 

over the entire country is 856 mm (Ingram et al., 2013; Kumar et al., 2021). Up to 40 years (1971-
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2010) of 15-minute precipitation (herein denoted as O15)  data for 575 land-based stations (Fig. 

2.1) were obtained from NOAA NCEI (2014), which were quality-checked by McGehee et al. 

(2022). Out of these 575 stations, 388 were found to have datasets of less than 20 years and were 

excluded from further analysis, leaving 187 stations for this study. The historical and future 

projected precipitation for the period 1970-1999 (30 years) and 2030-2059 (30 years), respectively, 

were obtained from NA-CORDEX (Mearns et al., 2017) herein denoted as H60 and P60 

respectively. NA-CORDEX contains various outputs from regional climate models (RCM) that 

cover North America using GCM simulation in CMIP5 archive (Mearns et al., 2017; Scinocca et 

al., 2016). These data have a temporal scale of 1 hour and spatial resolution of 0.44o, which is 

approximately 50 km x 50 km. It should be noted that analysis of point measured precipitation 

data with areal (grid) averaged data has certain limitations (Herold et al., 2016; Trenberth et al., 

2017). For instance, areal averaged show a higher frequency of lower intensities than the point 

measurement precipitation. However, Ganguli and Coulibaly (2019) used a similar approach of 

using point observed precipitation and 0.5o latitute/longitude NA-CORDEX. This study focuses 

on improving the availability temporal scale, i.e., from 1-hr to 15-min, climate datasets at the same 

spatial resolution at which precipitation datasets are available.  

  The details of the climate models used in this study are given in Table 2.1. In the following 

sections, these models are denoted as CANESM, HadGEM, GFDL, MPI-RegCM, and MPI-WRF. 
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Fig. 2.1 Locations of 187 observed precipitation (O15) stations over the southeastern US. 

 

Table 2.1 Description of climate models from NA-CORDEX. 

Acronym Regional climate model  Contributing institution References 

CANESM2_CANRCM4 
Canadian Regional 
Climate Model version 4 

Canadian Earth System 
Model 

Scinocca et al. 
(2016) 

HadGEM2-ES.WRF 
Weather Research and 
Forecasting 

Hadley Centre Global 
Environment Model 
version 2 Earth system 
model 

Skamarock et 
al. (2005) 

GFDL-ESM2M.WRF 
Weather Research and 
Forecasting 

Earth System Model – 
Geophysical Fluid 
Dynamics Laboratory 

Skamarock et 
al. (2005) 

MPI-ESM-LR. RegCM4 
Regional Climate Model 
version 4 

Max Planck Institute for 
Meteorology Earth 
System Model LR 

Giorgi and 
Anyah (2012) 

MPI-ESM-LR.WRF 
Weather Research and 
Forecasting 

Max Planck Institute for 
Meteorology Earth 
System Model LR 

Skamarock et 
al. (2005) 

2.2.2 Bias correction 

  The impact assessment of climate change on hydrological related studies using GCMs (especially 

precipitation) comes with limited representation at the regional scale (Li et al., 2010; Wood et al., 

2004). This is primarily due to simplified physical laws, representation of large scale or incomplete 
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representation of climate system and its feedbacks (Hempel et al., 2013; Ramirez-Villegas et al., 

2013). Thus, the bias correction of GCM-RCMs precipitation may be necessary for a more realistic 

representation of projected climate models by relating both observations and climate models rather 

than choosing the best guess of the climate models (Mirhosseini et al., 2013; Sharma et al., 2007).  

  Quantile mapping has been used for bias correction of precipitation, particularly at daily or 

monthly scales (Gudmundsson et al., 2012; Yang et al., 2018). Whereas, at the sub-daily scale, it 

has been used for at least at a 3-hour scale (Mendes and Maia, 2020). One of the drawbacks for 

quantile mapping is the assumption of stationarity of the precipitation dataset, i.e., relationship 

between the historical model and observed precipitation applied to the projected simulated 

precipitation (Yang et al., 2018). However, according to Intergovernmental Panel on Climate 

Change (IPCC, 2007), the projected precipitation may not necessarily follow stationarity 

assumption. Therefore, the quantile delta mapping method of bias correction was used in this study 

which allows to incorporating the distribution associated with the projected precipitation scenarios 

(Cannon et al., 2015; Li et al., 2010). It is given by equation (2.1) 

 

  Where F denotes the cumulative probability distribution function (CDF) of observed (0) or 

climate model (m) for both historical (h) and projected (p) scenarios. In addition, the frequency of 

low-intensity precipitation of GCM-RCMs has led to the over simulation of wet days (Herold et 

al., 2016; Trenberth et al., 2017). This is corrected by replacing precipitation smaller than a specific 

threshold value with zero in such a way that the observed wet-hour frequency matches with the 

historical model precipitation (Smitha et al., 2018; Teutschbein and Seibert, 2012; Velasquez et 

al., 2020). 

𝑥 𝑚 ,𝑝 .𝑎𝑑𝑗𝑠𝑡 . = 𝑥𝑚 ,𝑝

𝐹𝑜
−1  𝐹𝑚 ,𝑝 𝑥𝑚 ,𝑝  

𝐹𝑚 ,ℎ
−1  𝐹𝑚 ,𝑝 𝑥𝑚 ,𝑝  

 2.1 
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   The bias correction was executed on a monthly basis for each station and climate model in order 

to capture the intermittency of the rainfall as well as to preserve the rainfall characteristics. The 

advantage of using this method is that it enables the incorporation of distributions of future climate 

models as the observed or historical model may not always be stationary. 

2.2.3 Temporal disaggregation 

  To disaggregate the hourly to 15-minute precipitation data, we adopted a modified stochastic 

storm selection approach initiated by Socolofsky et al. ( 2001). In this method, the O15 for a given 

location is grouped into precipitation events, where an event is defined as a continuous sequence 

of precipitation separated by at least a 1-hour interval of the dry period. These precipitation events 

are further grouped by months for each station. Further, the precipitation events were sorted based 

on accumulated precipitation depth for each monthly database. This is followed by the creation of 

the CDF for 15-minute precipitation depth for each precipitation event. Each point on the CDF 

will provide the O15 precipitation data with an associated probability. 

                   The modified version of stochastic disaggregation of hourly precipitation starts with the 

selection of various precipitation events from the monthly CDFs. As described in Fig. 2.2 (for 

more detail, see. Mirhosseini et al. (2013)), suppose 𝐷𝑡 is the hourly-precipitation depth. At first, 

the algorithm searches the monthly CDF for observed precipitation and selects an ordinate “a” for 

the given precipitation depth (𝐷𝑡). Therefore, the probability of occurrence of precipitation depth 

(𝐷𝑡) from the given CDF is “a”. This is followed by the selection of a uniformly distributed random 

number between 0 and “a” which is denoted by “𝑢1”where it is the probability of selecting a 

random historical precipitation event. The corresponding observed event depth, “𝐷1” is obtained 

from the CDF. Using this precipitation depth, its distribution is extracted from the precipitation 

database that was created earlier. 
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Likewise, the subsequent precipitation depth will be given by  𝐷𝑡 = 𝐷𝑡 −𝐷1 as the same 

procedure is repeated. This process stops when  𝐷𝑡 <  𝜀 , where 𝜀 is the threshold precipitation 

event depth. Precipitation depth below the threshold depth is randomly added. 

 

Fig. 2.2 The flowchart for the disaggregation of rainfall. 

2.2.4 Evaluations of disaggregation performance 

  To assess the performance of the stochastic method employed, the statistical performances for 

both O15 and temporally downscaled 15-min precipitation herein signifies as DS15, were 

compared to evaluate accuracy in the replication of precipitation events. At first, the O15 data were 

aggregated to hourly data (denoted as O60) for each station. The aggregated precipitation data 

(O60) were used to test the ability to generate the DS15 data. The performance of the DS15 data 
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was evaluated against O15 as suggested by Socolofsky et al. (2001) Four measures are considered 

important in the assessment of precipitation disaggregation, viz., probability of zero precipitation, 

variance, lag-1 autocorrelation coefficient, and conservation of mass of precipitation on monthly 

basis to overcome the uncertainty associated with the start of storms in the modelled precipitation 

(Gutierrez-Magness and McCuen, 2004). Out of these measures, the probability of zero 

precipitation is considered the most important parameter since it summarizes the precipitation 

intermittency. As suggested by the previous studies (Choi et al., 2008; Moriasi et al., 2007; 

Pampaloni et al., 2021; Socolofsky et al., 2001; Willmott, 1982), the quantification of 

disaggregation performance used several measures for both model errors as well as model bias. 

Therefore, the magnitude of model error is defined by mean absolute error (MAE) and root relative 

square error (RRSE), which are given in equation (2.2) and equation (2.3) respectively. 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑓𝑚 − 𝑓0 |    2.2 

Where, n= number of observations, 𝑓0=observed data, and  𝑓𝑚=model data. 

𝑅𝑅𝑆𝐸 = √∑
(𝑓0 −𝑓𝑚)

2

 𝑓0 −𝑓0̅ 
2
 2.3 

 Where, 𝑓0=observed data, 𝑓𝑚=model data, and  𝑓0̅=averaged of observed data. 

Whereas, the magnitude of the model bias is evaluated by developing a linear regression 

model between the O15 and DS15 data, the coefficient of determination, 𝑟2 ,of the linear regression 

model can provide the degree of spread of precipitation dataset from its mean value.  

  The validation of disaggregation was performed by running 30 iterations for disaggregation of 

precipitation, as the method is stochastic and reports the average statistical measures for each 

location. 
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2.3 Data Records 

  The generated 15-min precipitation (DS15) data for both historical (1970-1999) and projected 

(2030-59) scenarios of five climate models are made available in comma-separated files (CSV). 

The unit of precipitation is in millimetres (mm). In addition, the details of 187 stations covering 

the whole southeastern, US were provided in a separate CSV file (station.csv) that includes the 

station number, name of station, latitude, longitude, and elevation (m). The precipitation dataset 

generated in this study is available through Figshare 

(https://doi.org/10.6084/m9.figshare.c.5671393.v1). More detail of the datasets can be found from 

the readme file provided at the above link. 

2.4 Technical Validation 

2.4.1 Bias correction 

  The performance of bias correction was assessed using the annual average precipitation, 

precipitation intensity, as well as annual wet-hour precipitation frequency for each station (Fig. 

2.3- 2.4 show the result for a randomly selected station). Fig. 2.3 shows that the annual wet-hour 

precipitation frequency is greatly improved after bias correction with zero being the best 

performance (see Appendix A1 for all the stations). It is further observed among the models that 

annual wet-hour frequencies are close to zero (a good matched with the O60). We found that the 

main reason for the higher frequency of wet-hour precipitation in the H60 is due to the low-

intensity precipitations associated with them. Also, the ratio of average annual precipitation 

between the H60 and O60 shows close to one (a good match with the O60). From the boxplots, it 

follows that there is not much difference between the bias-corrected and H60 precipitation. 

However, from the visual interpretation, it can be concluded that the H60, as well as bias-corrected 

https://doi.org/10.6084/m9.figshare.c.5671393.v1
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annual average precipitation, are close to the range of O60. We found the precipitation threshold 

value for each month and stations were in the range of 0.217-2.626 mm h−1.  

  Lastly, Fig. 2.4a shows the quantile-quantile plot between the O60, H60, and bias-corrected 

precipitation data. It shows that bias-correction improved the H60 precipitation data for all the 

climate models as all the points are near to the perfect line (represented by the black line). It is 

further confirmed from the Taylor diagram (Fig. 2.4b) that the bias-correction satisfactorily 

improved the H60 precipitation for all the climate models (see Appendix A2-4 for all the stations). 

Further, the Taylor diagram shows a higher coefficient of correlation with smaller centred RMS 

error. All the models had a correlation coefficient of more than 95%. Whereas, the centered RMS 

error was less than 0.5, which is smaller than the H60. In addition, the normalized standard 

deviation also shows a nearly same spread of precipitation around the mean. Overall, the results 

for all models confirm a better performance after bias correction as all of them are near to the  

reference or O60 (Cannon et al., 2015; Taylor, 2001). 

 

Fig. 2.3 Comparison of the H60 and O60 for NCDC station 16980300 (located at 38.96° N, 92.66° 

W) for annual wet-hour frequency and annual average precipitation (Note: BC-bias-corrected). 
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Fig. 2.4 (a) Quantile-quantile plot and (b) Taylor diagram showing the performance of the H60 

and bias-corrected precipitation for hourly precipitation intensity under different climate models 

for the NCDC station 16980300 located at 38.96° N, 92.66° W. 
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2.4.2 Performance of rainfall disaggregation 

  The performance assessment using the statistical measures in estimating the probability of zero 

rainfall between the O15 and DS15 precipitation for the intermittency of rainfall are shown in Fig. 

2.5-2.6 and Table 2.2. Fig. 2.5a shows the boxplot of the probability of zero rainfall for each month 

of all stations. The mean, as well as the distribution of all the probability of zero rainfall for DS15 

precipitation, is nearly equal to that of the O15 precipitation with more than 95% coefficient of 

correlation. In addition, the outliers show a lower probability of zero rainfall (i.e., higher 

probabilities of rainfall) than the mean with minimum a value of 75% in both August and 

December. The large whiskers indicate that there are wide ranges of the probability of zero rainfall 

with a similar pattern between both the 015 and DS15. Fig. 2.5b and Fig. 2.6 show the barplot and 

scatterplot for the probability of zero rainfall between the O15 and DS15, respectively. 

  All the values of probabilities of zero rainfall (𝑃0) has a coefficient of determination ( 𝑅2) value 

of more than 0.9 with the minimum value of 0.9 in November (Table 2.2). It indicates that more 

than 90% of  𝑃0 for O15 can be described by the DS15 representing closely simulated intermittency 

of the observed precipitation process. Furthermore, the performance of generating the probability 

of zero rainfall is shown by the model error indices that are estimated using mean absolute error 

(MAE).  

 It was found that MAE is less than half the standard deviation (represented by 0.5*SD), indicating 

a satisfactorily low-error in replicating the observed precipitation events (Moriasi et al., 2007; 

Singh et al., 2005). Additionally, the relative root square error (RRSE) shows a satisfactory 

performance of disaggregated rainfall (Choi et al., 2008). 

  Moreover, we anticipate that 𝑃0 for DS15 are always less than or equal to O15. This occurs when 

there are precipitation events with similar magnitudes. In this case, the stochastic method randomly 
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choose an event leading to smaller 𝑃0 (Choi et al., 2008; Mirhosseini et al., 2013; Socolofsky et 

al., 2001). For instance, let’s say there is an observed precipitation event of 10.16 mm for a given 

duration (say 1h) that was recorded at 15-min intervals, e.g.,0,0,0,10.16. This is can be recorded 

as 1) 0, 0, 0, 10.16 or 2) 0, 0, 2.54, 7.62 or 3) 0, 2.54, 5.08, 2.54 or 4) 0, 0, 5.08, 5.08 or many 

more. In such a case, the stochastic method randomly chooses a precipitation database from the 

given different types of precipitation events that leads to lower both 𝑃0 and intensities in the DS15 

when it chose any event except option-1. This lower precipitation intensities of DS15 (red dashed 

line) than O15 (solid blue line) can also be seen from Fig. 2.10. In addition, the higher number of 

similar magnitudes of precipitation were because of the fact that the O15 were originally measured 

to the nearest inch (multiple of 0.1 in) and then converted to mm and majority of data was found 

with lower intensities (McGehee and Srivastava, 2018).   

  Overall, the process of representing the most important parameter in rainfall disaggregation (i.e., 

precipitation intermittency) using the probability of zero rainfall was found to be satisfactory (Choi 

et al., 2008; Socolofsky et al., 2001). From these results, it can be concluded that the stochastic 

disaggregation of precipitation closely imitates the intermittency of observed precipitation. Fig. 

2.6 (𝑃𝑜– February, August) also show the comparison of both O15 and DS15 value of the 

probability of zero rainfall for typical months of summer and winter.  
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Table 2.2 Statistical performance measures of rainfall disaggregation using the modified version 

of the stochastic method over the southeastern US. 

Probability of zero rainfall Variance Laa-1 autocorrelation 
 R2 MAE RRSE 0.5*SD R2 MAE RRSE 0.5*SD R2 MAE RRSE 0.5*SD 

Jan 0.94 0.08 0.26 0.43 0.92 0.02 0.3 0.06 0.54 0.08 0.7 0.09 

Feb 0.92 0.1 0.29 0.47 0.92 0.02 0.31 0.06 0.53 0.09 0.71 0.09 

Mar 0.91 0.11 0.32 0.48 0.9 0.03 0.37 0.08 0.5 0.09 0.73 0.09 

Apr 0.93 0.1 0.32 0.39 0.91 0.03 0.37 0.1 0.47 0.1 0.78 0.09 

May 0.92 0.12 0.35 0.38 0.92 0.04 0.4 0.11 0.42 0.11 0.83 0.09 

Jun 0.95 0.13 0.33 0.34 0.93 0.06 0.39 0.14 0.37 0.11 0.87 0.08 

Jul 0.95 0.14 0.35 0.31 0.92 0.07 0.42 0.13 0.34 0.11 0.89 0.08 

Aug 0.96 0.12 0.27 0.37 0.93 0.06 0.41 0.13 0.35 0.12 0.88 0.09 

Sep 0.94 0.11 0.3 0.39 0.89 0.04 0.41 0.11 0.47 0.11 0.78 0.09 

Oct 0.93 0.08 0.3 0.41 0.93 0.02 0.33 0.09 0.53 0.1 0.71 0.1 

Nov 0.9 0.1 0.35 0.44 0.97 0.03 0.56 0.43 0.52 0.1 0.72 0.09 

Dec 0.93 0.09 0.29 0.49 0.92 0.02 0.31 0.06 0.54 0.09 0.69 0.09 

 

 

 

Fig. 2.5 (a) Box-and-whisker plot and (b) comparison of statistical measures in estimating the 

probability of zero rainfall for both O15 and DS15 for all stations. 
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Fig. 2.6 Scatter plot of statistical measures for the estimation of the probability of zero rainfall for 

both O15 and DS15 in typical months of Winter (February) [top-row] and Summer (August) 

[bottom-row] months. The solid line represents the linear regression model. 

 

 Likewise, the comparison of the spread between O15 and DS15 about the mean is reported 

in Fig. 2.7 and Table 2.2. Fig. 2.7a shows the boxplot of variance of all stations for each month. It 

shows the mean of all variances for DS15 is nearly equal to that of O15 with a minimum value of 

0.1 mm2.However, there are outliers that nearly matched between both O15 and DS15 and that go 

up to 6.3 mm2 in O15 (5 mm2 in DS15) in June. The large whiskers also show the wide ranges of 

spread with a similar pattern among both O15 and DS15. Fig.2.7 and Table 2.2 show that all values 

of coefficient of determination are approximately 0.9 with a minimum value of 0.89 in September. 

Similarly, as mentioned above, the MAE values are less than half that of the respective standard 

deviations. Also, the model error indicated by RRSE is insignificantly different (Choi et al., 2008). 

The spread of variance in the scatter plots (Fig. 2.6 𝜎2- February, August) for the typical months 
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of summer and winter show better performance for lower values and under-prediction for higher 

values. 

 In both typical months (Fig. 2.6 𝜎2- February, August), the spread has low values at the 

beginning indicating a slight under-prediction of observed variance in both the months and this 

tendency seems clearer in the case of August. Such variation in both months may mainly be due 

to differences in seasons, which have different mechanisms of precipitation such as convective 

and frontal precipitation in summer and winter, respectively.  

 

Fig. 2.7 (a) Box-and-whisker plot for both O15 and DS15 and (b) comparison of statistical 

measures in estimating the variance over the entire stations. 
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Fig. 2.8 (a) Box-and-whisker plot for both O15 and DS15 and (b) comparison of statistical 

measures in estimating the 𝜌1 autocorrelation over the entire stations. 

  

Lastly, the performance of lag-1 autocorrelation (𝜌1) between the DS15 and O15 are 

reported in Fig. 2.8 and Table 2.2. Fig. 2.8a shows the boxplot of 𝜌1 for each month for all stations. 

In this figure also, the mean of all the  𝜌1 for DS15 is nearly equal to that of O15 that ranges from 

0.2 (January) to 0.35 (July). However, there are outliers with nearly matching values between both 

O15 and DS15 with minimum values found in both August and December. The maximum 𝜌1has 

value of 0.95 for O15 (0.81 in DS15) in February. Moreover, larger whiskers with similar pattern 

indicate a wide range of 𝜌1, i.e., large scatter in both O15 and DS15.Table 2.2 and Fig. 2.8b report 

a low value of the coefficient of determination and high model error. Also, the scatter plot in Fig. 

2.6 (𝜌1- February, August) show, for both the typical months of summer and winter. It over-

predicted the O15 for lower values and vice versa. Such large scatter in 𝜌1 cannot be significantly 

improved as it provides the best result (Choi et al., 2008).  
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  Results were further compared with Mirhosseini et al. (2013) for the typical months of summer 

and winter (Table 2.3). The coefficient of determination for the probability of zero rainfall and 

variance in both the months outperformed those of Mirhosseini et al. (2013).In the case of model 

error, Mirhosseini et al. (2013) showed lower MAE values but higher values in RRSE. The relative 

differences in both MAE and RRSE values may have been due to the fact that both the studies 

used different temporal scale for rainfall, i.e., 3-hour by Mirhosseini et al. (2013) .However, in 

both cases, the model error is satisfactory as discussed above. Our study was expected to meet or 

exceed their performance since we used a 1-hour precipitation dataset as opposed to the 3-hour 

precipitation dataset used by Mirhosseini et al. (2013). 

  A limitation in this study is that it used observed dataset from the same location for each station 

due to the limited availability of observed precipitation. It might be wise to check for other 

climatologically similar dataset. Another caveat of the methodology is the assumption of the same 

precipitation characteristics between the historical as well as the projected period while creating 

the precipitation database. 

 

Table 2.3 Comparison of statistical performance measures between DS15  with. Mirhosseini et al. 

(2013) . (Note: Temporal scale of precipitation in our study and Mirhosseini et al. are 1-hour and 

3-hour respectively) 

Month Statistic 

MAE RRSE 𝑝2 

This 
study 

Mirhosseini 
et al. 

(2013) 

This 
study 

Mirhosseini 
et al. 

(2013) 

This 
study 

Mirhosseini 
et al. 

(2013) 

February 
𝑝𝑜  0.1 0.01 0.29 0.31 0.92 0.91 

𝜎2 0.02 0.0003 0.31 0.62 0.92 0.82 
 𝑝𝑜  0.12 0.005 0.28 0.69 0.96 0.82 

August 𝜎2 0.06 0.002 0.41 0.81 0.93 0.78 
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2.4.3 Validation of the stochastic disaggregation method 

 Here, we randomly selected a station for the validation of the stochastic disaggregation of 

precipitation. As mentioned earlier, validation of the disaggregation method was performed by 

using 30 iterations due to its stochastic nature. Fig. 2.9 shows the statistical performance of station 

16980300 located at 30.25° N, 83.26° W that was randomly selected. The probability of zero 

rainfall and variance for DS15 is nearly equal to that of O15. In addition, values for May-July were 

generally under-predicted for both the variance as well as intermittency of precipitation. In the 

case of lag-1 correlation, there are over-predicted values in June and under-predicted values in the 

remaining months except in March and October. However, all of the three parameters of DS15 are 

within the range of ±1 standard deviation of O15 indicating satisfactory performance of the 

stochastic method of precipitation generation (Socolofsky et al., 2001). 

 

Fig. 2.9 Statistical comparison for the performance of disaggregation of precipitation for the 

NCDC station 44915900 located at 38.179° N, 79.58° W. The symbols and error bars denote O15 

with ±1 standard deviation. The dotted line indicates DS15. 
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  The method was further checked for generation of the precipitation intensities. Fig. 2.10 shows 

the precipitation intensity along with the percentage of precipitation meeting or exceeding a given 

value for both O15 and DS15 precipitation having a coefficient of determination approximately 

0.75. This result shows that the stochastic disaggregation method was able to reproduce high as 

well as low intensities. Moreover, the DS15 has better intensities than the 060 dataset. However, 

this study’s approach resulted in consistent under-prediction of moderate intensities.  

 The main reason was due to the stochastic selection and starting of the rainfall event. As 

suggested by Choi et al. (2008), the starting of the event cannot be significantly improved. 

Therefore, it may not be possible to make improvements given the assumptions and limitations of 

the disaggregation method. Moreover, the comparison among the intensities of O60 and DS15 

show that there are higher intensities in the DS15. One of the main reason is that precipitation gets 

peaked in less than 15-minute, which results in averaging intensity for fixed-interval rainfall (e.g. 

1-hour) (McGehee and Srivastava, 2018). 

 

Fig. 2.10 Performance comparison of precipitation intensities under O15, O60, and the DS15 for 

the NCDC station 44915900 located at 38.179° N, 79.58° W. 
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2.4.3 Generation of projected precipitation 

  Subsequently, the modified version of stochastic disaggregation method was used to disaggregate 

P60 from bias-corrected GCM-RCM outputs. Every station used their respective CDF and was 

disaggregated to 15-minute precipitation for the period of 2030-2059. The quality of these data 

was checked, which is discussed below. 

As suggested by Einfalt and Michaelides (2008), the disaggregated 15-minute precipitation 

data should be assessed by  its quality. First, precipitation was analysed for the detection of gaps, 

physically impossible values, improbable zero values, unusually low values, and high values of 

precipitation.  

 Secondly, similarly to  Feng et al. (2016), precipitation for all stations during the period of 2030-

59 was analysed for its mean, median, SD, coefficient of skewness ( Cs ), coefficient of kurtosis 

(Ck), and coefficient of variation (CV) on the yearly and monthly basis. Fig.2.11a shows the annual 

average precipitation (red dots) in the range of 799-4015 mm. Table 2.4 shows the spread of 

precipitation around the mean, indicated by the standard deviation in the range of 331-321 mm. 

Coefficient of variation, i.e., the relative spread of the precipitation from its mean is in the range 

of 18-27 %. Moreover, three of the climate models were right-skewed (Cs >1) with mesokurtic 

kurtosis (Ck >1).  

 Similarly, Fig.2.11b shows the monthly average precipitation (red dots) ranging from 28 to 630 

mm for all the climate models for the 12 months. Most of the precipitation occurred in the months 

of July-August. Table 2.4 also shows the spread of precipitation around the mean indicated by the 

standard deviation in the range of 22 to 106 mm. In terms of coefficient of variation, i.e., the 

relative spread of the precipitation around its mean, is in the range of 16 to 56 %. Moreover, the 

skewness for each month’s data is different for different models. In all of the models, October and 
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November have more precipitation events as coefficient of kurtosis and coefficient of skewness 

are greater than one. 

 

 

Fig. 2.11 Boxplot for (a) annual average precipitation and (b) monthly average precipitation of 15-

minute data under RCP8.5 scenarios using different climate model for the period of 2030-59. Red 

dots represent the mean value of precipitation. 
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 Table 2.4 Summary for DS15 using different climate models for the period of 2030-59. Units of 

SD and CV are in mm and %, respectively, whereas, other parameters are unit less. 

 Models   Annual Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

CANESM 

SD 331 32 31 23 34 34 45 41 39 55 65 28 25 

CV  20 35 27 19 21 22 25 23 20 38 56 31 26 

Cs 0.3 1.1 0.3 0.9 0.2 1.1 0 0.1 0.3 0.7 0.8 1.9 -0.1 

Ck 0.2 0.6 -0.2 1 0 2 -0.6 -0.3 0 0.3 -0.5 5.5 0.4 

HadGEM 

SD 529 32 35 34 53 48 66 86 106 62 63 34 47 

CV 27 29 26 24 29 27 28 41 44 38 47 29 32 

Cs 1.2 1.9 1.1 0.5 1 1.4 0.6 0.5 0.8 1.7 1.9 1 0.5 

Ck 1.9 5.8 1.7 0.5 1.5 3.1 0.3 0.1 1.1 3.3 4.1 2 0.5 

GFDL 

SD 321 39 30 36 28 28 33 47 56 55 48 41 36 

CV 18 30 26 24 22 16 17 21 26 35 50 41 31 

Cs 0.8 0.8 0.9 0.6 1.4 0.3 0.4 -0.1 0 1.5 3.5 3.7 1.8 

Ck 2 1.2 1.9 0.1 2.3 0.2 0.6 -0.5 -0.6 2.5 15.8 20 3.9 

MPI-
RegCM 

SD 403 27 38 39 31 41 44 64 81 68 49 46 22 

CV  20 22 24 21 18 24 23 29 38 45 35 29 18 

Cs 1.3 2.1 -0.1 0.6 0.7 1.7 0.8 0.5 0.7 1.5 3 4 1.2 

Ck 4.7 8.8 -0.3 0.7 1.9 5.6 1.6 0.4 0.6 2.1 13.1 25.6 5.3 

MPI-WRF 

SD 487 39 40 35 45 56 53 58 57 65 58 60 38 

CV  25 27 25 21 29 27 27 26 32 48 49 51 34 
Cs 1.4 1.1 0.7 0.6 1.5 1.1 1.3 0.7 1.3 2.2 2.4 5.1 1.4 

Ck 2.6 1.4 0.8 0.7 2.4 1.7 2.8 1.2 1.6 5 6.9 33.3 4 

 

2.5 Usage Notes 

  We developed a 15-min precipitation data over the southeastern US for both historical (1970-

1999) and projected (2030-2059) periods for five climate models of NA-CORDEX using a 

modified version of a stochastic disaggregation method. There are 187 stations that cover the 

whole southeastern US. We also provide station metadata such as latitude, longitude and elevation.  

 The dataset provides an improvement over O60 for intensity-sensitive applications such 

as IDF curves, rainfall erosivity, USLE and RUSLE. Precipitation intensity showed   satisfactory 

results in the reproduction of observed precipitation of high and low intensities. However, 

moderate intensities were found to be generally under-predicted as the precipitation event start 

times were generated using uniform probability distribution and are less likely to have same start 

times as the observed precipitation events. The generated precipitation data can be used in most 
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scientific studies that deal with hydrological cycle (i.e., require precipitation). The limitation of 

this disaggregation method is that the generated precipitation characteristics might not sufficiently 

represent as same with the observed characteristics. This is an area of ongoing research, and 

addressing issues of precipitation characteristics in projected climate data is a major research 

priority. 

2.6 Code Availability 

  Codes used in this study were done using R-Studio with R version 4.0.4. The codes are available 

through the GitHub link (https://github.com/bijoychandraAU/Temporal-disaggregation-of-

precipitation).  

https://github.com/bijoychandraAU/Temporal-disaggregation-of-precipitation
https://github.com/bijoychandraAU/Temporal-disaggregation-of-precipitation
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CHAPTER 3  

Projected Mid-Century Rainfall Erosivity Under Climate Change Over the Southeastern 

United States 

3.1 Introduction 

           According to the United Nations Food and Agriculture Organization, soil erosion has been 

reported as one of the greatest challenges for sustainable soil management (FAO et al., 2019; 

Grillakis et al., 2020). Soil erosion has a severe impact on the land productivity, water bodies, and 

socioeconomics of a region (Almagro et al., 2017; Biasutti and Seager, 2015). During soil erosion 

events, nutrients and organic matter are carried away through runoff which reduces soil fertility, 

effective root depth, and negatively impacts water quality by increasing turbidity of surface waters 

(Biasutti and Seager, 2015; Segura et al., 2014). Globally, soil erosion has reduced both cropland 

area and crop yield at rates of 10 million ha (Grillakis et al., 2020; Pimentel, 2006) and 0.4% every 

year, respectively (FAO et al., 2019), resulting in an annual economic loss of $400 billion (Borrelli 

et al., 2017).  

         Among various drivers causing soil erosion (i.e., water, wind, change in land use, and 

cultivation practices (Borrelli et al., 2017; Naipal et al., 2018; Webb et al., 2017), water is 

considered the primary natural cause of soil erosion through both rainfall and runoff processes 

(Cerdà et al., 2009). The potential of rainfall to erode soil or rainfall erosivity is a function of both 

rainfall kinetic energy and maximum 30-min rainfall intensity (McGehee and Srivastava, 2018; 

Renard, 1997; Wischmeier and Smith, 1978, 1965, 1958). Characteristics of rainfall mostly 

responsible for changes in erosivity include energy, intensity, frequency, and duration (McGehee, 

2016; McGehee and Srivastava, 2018). Climate change is projected to alter the rainfall 

characteristics due to increases in atmospheric specific humidity, warmer climate, and seasonal 
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rainfall (Konapala et al., 2020; Panagos et al., 2022). This will likely increase the extreme rainfall 

events and may act as one of the main drivers for increasing land degradation, loss of agricultural 

productivity, as well as soil erosion (Borrelli et al., 2021). 

The effects of climate change on extreme precipitation events (greater than 50.8 mm in a day) 

in the United States have been observed since 1910 (Karl et al., 1996; Pruski and Nearing, 2002). 

The frequency of extreme precipitation events has increased more than the average number of 

events in the last three decades. In a similar way, the Southeast United States has also recorded 

historically the highest number of daily extreme rainfalls with 76.2 mm or more during the decadal 

periods of the 1990s, 2000s, and 2010s, with 1st, 3rd, and 2nd highest number of rainfall events, 

respectively (USGCRP, 2018). Extreme events have increased during these time periods of the 

1990s, 2000s, and 2010 by 23%, 16%, and 20%, respectively, compared to the estimated average 

of 0.95 days per year in the 1900s. 

According to the Intergovernmental Panel on Climate Change (IPCC, 2018), temperature at the 

end of 2052 is likely to increase by 1.5oC from pre-industrial levels with the current rate of 

greenhouse gas emission. This will affect the precipitation characteristics; for instance, intensity 

is expected to increase up to 7% for each 1oC increase in temperature (Easterling et al., 2017). 

Precipitation in the Southeast United States is anticipated to increase in all seasons except summer. 

The decrease in precipitation in summer could be as high as 15% in parts of Arkansas, Louisiana, 

and South Florida (Ingram et al., 2013; Keim et al., 2011). Therefore, climate change will affect 

future precipitation characteristics, thereby increasing the complexity of precipitation patterns of 

intensity, amount, duration and frequency (Almagro et al., 2017; Pruski and Nearing, 2002; Seager 

et al., 2009).   
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Rainfall erosivity of the Southeast United States may be more susceptible to climate change than 

other parts of the country owing to the extensive range of erosivity (2,000 to more than 10,000 MJ 

mm ha-1h-1yr-1) and high intensities in lower latitudes (Kunkel et al., 2013; McGehee, 2016; 

McGehee and Srivastava, 2018; Trenberth et al., 2003). Therefore, quantifying projected changes 

in rainfall erosivity for the southeastern US will be key for strategic identification of regions prone 

to soil erosion. 

The estimation of erosivity can be categorized mainly in two approaches based on the temporal 

scale of rainfall data i.e., i) high resolution rainfall data and ii) aggregated (hourly, daily or 

monthly) rainfall data (see Appendix B1 for their pros and cons) (Fischer et al., 2018; McGehee, 

2016; McGehee and Srivastava, 2018; McGehee et al., 2022). Previous erosion maps, especially 

those of three Agricultural Handbooks (AH) i.e., AH282 (Wischmeier and Smith, 1965), AH537 

(Wischmeier and Smith, 1978) and AH703 (Renard, 1997), were found to be about 30% lower 

than the same erosivity values from benchmarking studies (McGehee, 2016; McGehee and 

Srivastava, 2018; McGregor et al., 1995). Considering the discrepancies, McGehee (2016) 

recommended a better procedure for generating erosivity maps from 15-minute data, which was 

more consistent with breakpoint precipitation observations from McGregor et al. (1995) and the 

original erosivity work by Wischmeier and Smith (1958). The term “breakpoint” data refer to 

precipitation data that are measured using “breaks” in rainfall characteristics such as intensity. This 

should not be confused with “breakpoint format” data, which could be derived from any 

precipitation measurements and represented with “breaks” that do not necessarily preserve 

precipitation characteristics. So, breakpoint data rainfall characteristics are preserved within the 

level of gauge’s accuracy and precision (McGehee et al., 2021). McGehee and Srivastava (2018) 

used non-breakpoint, 15-minute precipitation data to estimate rainfall erosivity (R-factor) in the 
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Southeast US for the period 1970-2013. They validated their approach using breakpoint data from 

McGregor et al. (1995) after making proper adjustments or corrections to account for differences 

between the two data types. Therefore, with proper accounting, it is possible to approximate 

breakpoint erosivity using 15-minute, fixed-interval precipitation data.  

It is important to determine how future erosivity values may change in response to climate change. 

There have been numerous previous works on the estimation of rainfall erosivity around the world 

(Almagro et al., 2017; Ballabio et al., 2017; Beguería et al., 2018; Bonilla and Vidal, 2011; 

Grillakis et al., 2020; Meusburger et al., 2012; Mondal et al., 2016; Nyssen et al., 2005; Panagos 

et al., 2022; Riquetti et al., 2020; Shiono et al., 2013; Zhang et al., 2010). However, to our 

knowledge, only a few have studied projected erosivity in the United States (Biasutti and Seager, 

2015; Hoomehr et al., 2016; Nearing, 2001; Panagos et al., 2022; Segura et al., 2014). Nearing 

(2001) used the erosivity method developed by Renard and Freimund (1994) that relies upon both 

monthly rainfall and annual rainfall amounts from two coupled atmospheric ocean Global 

Circulation Model (GCM). Biasutti and Seager (2015) used a statistical relationship between daily 

precipitation and rainfall erosivity. The relationship between 20 years (1981-2000) of observed 

precipitation and erosivity was developed and subsequently applied for future scenarios at both 

daily and monthly time scales. Hoomehr et al. (2016) investigated the future daily rainfall erosivity 

for 2010-2099 under three climate scenarios (A1F1, A1B, and B1) using monthly precipitation for 

the southern Appalachian region of the US. Panagos et al. (2022) used a regression model known 

as Gaussian Process Regression for the estimation of projected rainfall erosivity around the globe 

for 2041-2060 and 2061-2080. The model used a relationship between the rainfall erosivity and 

monthly climatic variables of average rainfall depth,  maxima and minima of temperature, and 19 

bioclimatic variables from WorldClim (Fick and Hijmans, 2017; Panagos et al., 2017).The prior 
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studies’ results were based on aggregated precipitation data (e.g., daily, monthly precipitation) or 

statistical relationships, and therefore, they obscure the effects of rainfall intensity, especially 

smoothing of intensity, which are critical for erosivity calculation (Fischer et al., 2018; Flanagan 

et al., 2020; Hollinger et al., 2002; McGehee et al., 2022). 

To-date, studies of erosivity derived from projected precipitation data have been limited by a lack 

of projected sub-hourly precipitation data comparable to the breakpoint precipitation data used in 

its original discovery (Wischmeier and Smith, 1958). Recent research has tentatively confirmed 

that fixed-interval data of about 5-minute resolution is roughly equivalent to breakpoint data in the 

few locations those data products have been compared (Flanagan et al., 2020; Hollinger et al., 

2002). The equivalent fixed-interval resolution could be slightly different for other locations. The 

single greatest limiting factor in studies of future erosivity is the resolution of even dynamically-

downscaled climate data from GCM- Regional Circulation Models (RCM), which is currently 

available at hourly resolutions. Takhellambam et al. (2022a) further downscaled hourly climate 

projection data to 15-minute resolution for several climate models at 187 locations with matching 

observed data over the Southeast United States. Though this data is subject to underestimation 

biases for erosivity (Takhellambam et al., 2022a), it is still one of the best options presently 

available for an analysis of future erosivity. Therefore, the objective of our study is to estimate the 

future (2030-59) rainfall erosivity using temporally downscaled 15-min rainfall datasets over the 

Southeast Unites States. Moreover, the projected future values will be compared to historical 

(1970-1999) values and historical values to observed values to inform the interpretation of the 

results.  
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3.2 Material and Methods 

Precipitation data from observed station data and GCM-RCM historical and projected future 

simulations were acquired and pre-processed for subsequent erosivity calculations and 

comparisons. Relevant procedures for acquiring and pre-processing the original precipitation data 

and for calculating erosivity and erosivity density values are provided below. 

3.2.1 Data and study area 

The area of interest for this study includes southeastern states of Alabama, Arkansas, Florida, 

Georgia, Kentucky, Louisiana, Mississippi, North Carolina, South Carolina, Tennessee, and 

Virginia (Fig. 3.1). The region receives annual rainfall of 1000-1250 mm on average in inland 

areas and can receive up to 1500 mm near the coastline, which are both above the average annual 

rainfall for the contiguous US of 856 mm (Ingram et al., 2013; Kumar et al., 2023, 2022a, 2022b). 

A warming climate is likely to bring more frequent extreme climates (Allan and Soden, 2008; 

Easterling et al., 2017). In addition, higher frequencies of rainfall intensities, especially in the 

lower altitudes are observed due to disproportionate moisture convergence. Moreover, the Gulf of 

Mexico and the Atlantic Ocean play a key role in distinguishing this region’s climate from rest of 

the country (Ingram et al., 2013; Kunkel et al., 2013).  
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Fig. 3.1 Map showing the spatial distribution of observed (1970-2013) average annual 

precipitation   with 187 precipitation stations over the Southeast United States.  

 

 Observed 15-minute precipitation data (DSI-3260) from 1970-2013 was obtained from the 

National Oceanic and Atmospheric Administration (NOAA NCEI, 2014). The data were post-

processed from raw tape format by McGehee and Srivastava (2018). This data was quality checked 

and gap-filled by McGehee et al. (2022) who used WEPPCLIFF, which is a command-line tool to 

process climate inputs for soil loss models. This should not be confused with erosivity calculations 

which were performed for this study using the same tool and is discussed more later. The quality 

checked and gap-filled data from McGehee et al. (2022) was provided to Takhellambam et al. 

(2022a) who filtered the datasets to 187 stations (Fig. 3.1) using 20.11 screening method provided 

by McGehee and Srivastava (2018). The 20.11 screening method means that a given station to pass 

screening requires at least 20 years of measured precipitation data with at least  11 months of 

complete observations per year. 
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Historical and projected future precipitation data was acquired for five different RCM-GCMs 

(Table 3.1) hourly products with a spatial resolution of approximately 50 km x 50 km in the North 

American Coordinated Regional Climate Downscaling Experiment (NA-CORDEX). We choose 

these models owing to the highest available temporal resolution of 1-hour for future scenarios. 

Moreover, RCP8.5 represents the most pessimistic or worst-case emissions scenario which would 

be expected to produce the greatest changes to rainfall characteristics and erosivity (Panagos et al., 

2022). If we can address this level of erosivity through various erosion control practices, we will 

be able to greatly reduce erosion/soil loss resulting from future climate changes. After applying 

quantile delta mapping (QDM) bias correction, these datasets were temporally downscaled to 15-

minute by Takhellambam et al. (2022a). As recommended by McGehee and Srivastava (2018), 

15-min rainfall datasets were used as a viable option to breakpoint rainfall for the estimation of 

rainfall erosivity (McGehee and Srivastava, 2018). 

 

Table 3.1 Climate models used in this study. 

Acronym GCM RCM References 

CANESM2_CANRCM4 Canadian Earth System  

Model 

Canadian Regional 

Climate Model version 4 

Scinocca et 

al., 2016 
HadGEM2-ES.WRF Hadley Centre Global 

Environment Model  

version 2 Earth system model 

Weather Research and 
Forecasting 

Skamarock 
et al. 2005 

GFDL-ESM2M.WRF Earth System Model – 

Geophysical Fluid Dynamics 
Laboratory 

Weather Research and 

Forecasting 

Skamarock 

et al., 2005 

MPI-ESM-LR. RegCM4 Max Planck Institute for 

Meteorology Earth System  
Model LR 

Regional Climate Model 

version 4 

Giorgi and 

Anyah, 
2012 

MPI-ESM-LR.WRF Max Planck Institute for 
Meteorology Earth System  
Model LR 

Weather Research and 
Forecasting 

Skamarock 
et al., 2005 

 

NA-CORDEX coverage included all of North America for the historical and future periods of 

1970-1999 and 2030-2059, respectively. GCM simulations were forced with Coupled Model 
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Intercomparison Project Phase 5 (CMIP5) under RCP8.5 scenario. Other scenarios (RCP2.5 and 

RCP4.5) were not downscaled to an hourly resolution. The original CMIP5 GCM outputs were 

downscaled via the NA-CORDEX to approximate temporal and spatial scales of 1-hour and 50-

km, respectively (Mearns et al., 2017; Scinocca et al., 2016). It should be noted that recent studies 

have reported that the CMIP Phase 6 (CMIP6) is an updated climate projection based on scenarios 

premises of CMIP5 and used socioeconomic pathways (van Vuuren and Riahi, 2011). The 

projections of CMIP5 are based on the radiative forcing values of four greenhouse gas 

concentration pathways of 2100 (Kamruzzaman et al., 2021; O’Neal et al., 2005). Chen et al., 

(2020) found that overall CMIP6 performed better than CMIP5 in simulating climate extremes of 

precipitation, especially with very heavy precipitation days (R20mm), maximum consecutive-5-

day precipitation (RX5day), and consecutive dry days (CDD). Further, the uncertainty in CDD 

using the interquartile range (IQR) of CMIP6 was found to be smaller than CMIP5 (Li et al., 2021). 

Similarly, Li et al. (2021) found the uncertainty analysis for both annual total precipitation 

(PRCPTOT) and annual total precipitation with daily precipitation above 95 th percentile 

(R95pTOT) of CMIP6 are found greater than that of CMIP5. In addition, Martel et al. (2022) found 

that CMIP6 has a narrow band of uncertainty with future climate projections, especially over North 

America. Overall, CMIP6 has better projection of future climate scenarios than CMIP5 (Chen et 

al., 2020). However, we are not considering CMIP6 in this study as CMIP6 has a coarser temporal 

resolution with the highest resolution of 1-hour. We used recently developed 15-min rainfall which 

is downscaled from CMIP5 archive of NA-CORDEX as hourly rainfall datasets smoothed the 

rainfall intensities, resulting in an underestimation of erosivity (McGehee, 2016; McGehee and 

Srivastava, 2018; Takhellambam et al., 2022a). However, future studies can use CMIP6 after the 

data has been appropriately downscaled. 
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3.2.2 Erosivity and Erosivity Density Calculations 

This study utilized WEPPCLIFF version 1.6 (McGehee et al., 2020) to perform erosivity 

calculations based on its Agricultural Research Service (ARS) energy equation option. This option 

returns results for all six of the major ARS erosivity and accompanying kinetic energy calculations 

(Table 3.2). Options include AH282, AH537, AH703, MM (McGregor and Mutchler, 1976), BF 

(Brown and Foster, 1987), and R2 (USDA-ARS, 2013, 2008). R2 is shorthand for RUSLE2. 

Therefore, this study computed six erosivity results for all GCM-RCM products and observed 

stations. Only the results based on the RUSLE2 energy equation were reported in this manuscript  

since that is the most popular rainfall erosivity in the United States currently. Although the 

RUSLE2 energy equation was used to calculate erosivity (equation 3.1-3.3), not all RUSLE2 rules 

were applied due to concerns raised in McGehee et al. (2022, 2021) over the omission of some 

storms, where ‘storm’ is defined as a continuous sequence of precipitation, separated by 6 hours 

or more with less than 1.27 mm of precipitation (Wischmeier and Smith, 1978). More specifically, 

small storms were not omitted and storms of return period greater than 50-years were not omitted 

from the analysis. The prior references provide strong cases for decisions to retain all storms in 

various erosivity analyses if one requires more information. Similar to McGehee and Srivastava 

(2018), all precipitation was assumed to be rainfall in both observed and modeled climate data. 

Snowfall amounts in particular should not be used to calculate erosivity, and snowfall should be 

removed from analyses of rainfall erosivity elsewhere in the United States (McGehee et al., 2022). 

However, snowfall is uncommon in the vast majority of the Southeast US, and it is projected to 

become rarer in the future. Therefore, this assumption would have negligible effects on results of 

this study. 
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Table 3.2 The most used six rainfall kinetic energy equations. Units are in kinetic per unit volume 

of rain in MJ mm-1 ha-1, and i is the rainfall intensity in mm h-1. 

Sl. 

No 
Name of rainfall Kinetic energy  Energy Equation 

1 Agricultural Handbook No. 282 

(AH282) 
 

eAH282  = 0.119 + 0.0873 𝑙𝑜𝑔10(𝑖) 
 

2 Agricultural Handbook No. 537 
(AH537) *  
 

eAH537  = 0.119 + 0.0873𝑙𝑜𝑔10(𝑖) 
 

3 Agricultural Handbook No. 703 
(AH703) * 

eAH703  = 0.119 + 0.0873 𝑙𝑜𝑔10(𝑖) 
 

 
4 

 
McGregor and Mutchler (MM) 

eMM  = 0.273 + 0.2168𝑒(−0.048𝑖)

−0.4126𝑒(−0.072𝑖 ) 

 
5 Brown and Foster (BF) eBF  = 0.29(1 − 0.72 𝑒(−0.05𝑖) ) 

 
6 Revised Universal Soil Loss  

Equation version 2 (RUSLE2 or 
R2) 

eR2  = 0.29 ∗ (1 − 0.72 𝑒(−0.082𝑖)) 

*Both AH537 and AH703 have kinetic energy limits imposed at 76 mm h-1 and AH537 has a 30-

minute maximum intensity limit imposed at 64 mm h-1. 
 

R (MJ mm ha−1h−1yr−1) =
1

n
∑[∑(𝐸𝑠)𝑘

𝑚

𝑘=1

]

n

j=1

 3.1 

where R is rainfall erosivity also known as R-factor (MJ mm ha−1h−1yr−1); n is number of years; 

m is number of storms in each year; j and k are index of number of years and storms in each year, 

respectively, and Es is storm erosivity (equation 2).  

Es  (MJ mm ha−1h−1) = (∑e. P

p

t=1

) . I30     3.2 

where e is the rainfall kinetic energy per unit depth (equation 1); t is single t ime interval; p is 

number of time segments in the event; P is rainfall depth (mm); and  I30  is maximum 30-minute 

rainfall intensity. 
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e(MJ ha−1mm−1) = 0.119 + 0.0873 ∗ log10(I)                3.3 

where, I is rainfall intensity (mm h−1). 

Erosivity density (ED) calculations were not supported by WEPPCLIFF at the time this study was 

conducted. To obtain erosivity density values, the storm data export option in WEPPCLIFF was 

used, and erosivity densities were calculated from the resulting storm R and precipitation values. 

The same procedure used by Kinnell (2010) was used for these calculations. as provided in 

equation 3.4.  

EDj (MJ ha−1h−1) =
R j

Pj
 3.4 

where, R and P are annual rainfall erosivity and precipitation depth (mm), respectively, for jth year. 

Erosivity density provides both erosivity pattern as well as precipitation type for erosive events. 

For instance, high erosivity density resulted from a high intensity rainfall event of short duration 

(Zhu et al., 2021). ED are typically favored in cases with shorter station record lengths, excessive 

data gaps, no locally measured precipitation characteristics, or more generally when the variability 

of erosivity presents a challenge. On the other hand, the standard approach, in which all 

precipitation data is used for erosivity calculation and no extrapolation relationship is necessary, 

may offer more insight into more subtle patterns of erosivity. This is the same approach used in 

the original Wischmeier and Smith (1958) discovery and underlying theory, which were 

established using breakpoint precipitation data. Unfortunately, some inconsistent application of 

that theory and other erosivity practices have resulted in published discrepancies in peer-reviewed 

literature (McGehee et al., 2021). This presents a challenge for studies of projected erosivity, since 

in addition to modeling and climate change uncertainty, there appear to be uncertainties in how to 

apply the original erosivity theory to various precipitation data types and their impacts on 

precipitation characteristics, especially intensity. Hopefully, with time, both of these sources of 
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uncertainty will be reduced or eliminated. Until then, it is important for readers to take note of the 

methods utilized to arrive at various erosivity results. 

3.2.3 Extreme value analysis of rainfall and erosivity 

We used the annual maxima series (AMS) method for comparing the extreme rainfall events 

between projected future and historical climate simulations. A generalized extreme value (GEV) 

probability distribution was selected as suggested by Op de Hipt et al. (2018) and Mirhosseini et 

al. (2013) to fit the rainfall distribution of annual daily maximum values. This distribution 

combines three parameter distributions i.e., Gumbel, Frechet, and Weibull which is based on the 

extreme value theory  (Coles, 2001; Op de Hipt et al., 2018). The fitted distribution was then used 

to obtain the annual daily maximum rainfall for the following return periods: 2-, 5-, 10-, 25-, and 

50-years.  Additionally, the effects of extreme events on rainfall erosivity were analyzed using 

these annual maximum storm frequencies.  

   Moreover, the null hypothesis (H0: historical and future projected parameters come from the 

same distribution) was tested using either paired sample t-test, Wilcoxon sign test, or both (Op de 

Hipt et al., 2018). The test method was selected based on the characteristics of datasets according 

to the following rules. Both the paired sample t-test and the Wilcoxon sign test were used when 

the assumptions of normality were satisfied. Only the Wilcoxon sign test was used when the 

datasets were not normally distributed. The Shapiro-Wilk Test was used to determine normality 

for the selection of other test methods. 

3.3 Results and Discussions 

In this section, we report results obtained for observed (1970-2013) station data and five RCM-

GCM products with both historical (1970-1999) and future (2030-2059) time periods for 
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precipitation, rainfall erosivity, and erosivity density. The similarity of observed and historical 

climate results is discussed first. Then, results based on future projections are compared to 

historical simulations. 

3.3.1 Precipitation 

The observed average annual precipitation across all stations ranged from 835 to 1689 mm yr-1 

with a mean of 1231 mm (Fig. 3.1). The spatial distribution of observed precipitation shows that 

greater rainfalls are received at Gulf-Atlantic coast and the Appalachian Mountain. Moreover, 

bias-corrected historical model simulations (1970-1999) of average annual precipitation were 

generally greater than observed precipitation patterns (Fig. 3.2). Almost all statistical measures of 

the ensemble-average historical simulations were more than 20% different from observed 

measures. The values for standard deviation, coefficient of variation, and maximum average 

annual precipitation were most different from observed measures (Table 3.3). 
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Fig. 3.2 Boxplots for observed, historical and future average annual precipitation over the 

Southeast US. Each point represents an average annual precipitation for a single station. ‘H’ and 

‘F’ at the end of model’s name indicate ‘historical’ and ‘future’ model simulations, respectively. 

Asterisk (*) indicates the average value.  Dotted line represents the mean value of observed average 

annual precipitation of 187 stations from 1970-2013. 

 

The average annual precipitation for projected future simulations was significantly greater as 

compared to historical simulations (Fig. 3.2). All the models reject the null hypothesis of equal 

average annual precipitation between the historical and future period (p-value < 0.05) favoring the 

alternate hypothesis at 5% significance level using the Wilcoxon Rank test.  Future (2030-2059) 

average annual precipitation ranged from 1641-1993 mm yr-1. The minimum and maximum 

average annual precipitation were 800 and 4015 mm yr-1, respectively. Outliers (as determined by 

1.5 times the interquartile ranges (IQR) in both upper and lower quartile) in average annual 

precipitation were present in all climate models which showed a relatively high spatial variability 
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of average annual precipitation for this region which tends to be less varied than in the western 

US. Among the five models in this study, HADGEM, MPIREG and MPIWRF resulted in greater 

mean, median, and variability (IQR and outliers) of average annual precipitation. The ensemble 

mean of projected future precipitation showed an increase in average annual precipitation of 14% 

as compared to the historical model ensemble mean of 1638 mm yr-1. This was as little as 7% and 

as great as 25% when considering individual stations in the Southeast US, so according to this 

analysis there is a substantial amount of spatial variability in projected changes to precipitation in 

this region. 

3.3.2 Rainfall Erosivity 

The annual rainfall erosivity was calculated for 187 stations using the RUSLE2 energy equation 

without omitting any storms based on recommendations from McGehee and Srivastava (2018) and 

McGehee et al. (2022, 2021) over the Southeast United States (Table 3.4). These erosivities 

obtained using gauge data were further used to develop the spatial variation using kriging 

interpolation for ensemble model for the Southeast United States (Fig. 3.3). The erosivity patterns 

were found consistent from prior maps published in the agricultural handbooks, and spatial 

patterns were consistent in maps for observed, historical, and future periods. As expected, erosivity 

in the Gulf and Atlantic coastal areas and Appalachian Mountain regions was greater than in other 

inland regions. This shows a similar trend with the patterns of greater precipitation found in these 

regions (Fig. 3.1). The observed annual R-factor of 187 stations from 1970-2013 was obtained 

ranging from 1273 to 10587 MJ mm ha−1h−1yr−1(Table 3.4 and Fig. 3.4). In addition, the 

observed average annual R-factor has value of 4546 MJ mm ha−1h−1yr−1. As anticipated, the 

maximum annual R-factor was found in the eastern Louisiana which is in close proximity to the 

Gulf of Mexico. Whereas the minimum annual R-factor was found in the north boundary of 
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Virginia, where the precipitation decreases further inland from the Gulf-Atlantic coast. These 

observed erosivity results are consistent with previous erosivity mapping studies (McGehee and 

Srivastava, 2018; McGehee et al., 2022) and were consistent with the erosivity benchmarking 

study by McGregor et al. (1995). 

 
 

Fig. 3.3 Observed (1970-2013) and ensemble mean annual rainfall erosivity (R-factor) over the 

Southeast United States using the RUSLE2 energy equation (without data limitations) via 

WEPPCLIFF v1.6 for the historical (1970-1999) and projected future (2030-59) periods. 

 



50 

 

 
Fig. 3.4 Boxplots for observed, historical and future average annual erosivity over the Southeast 

United States. Asterisk (*) indicates the average value. Dotted line represents the mean value of 

observed average annual rainfall erosivity of 187 stations from 1970-2013. 

 

Although, the minimum and maximum annual R-factor under five historical models from 1970-

1999 were found in CANESM and MPIREG with 1501 and 27286 MJ mm ha−1h−1yr−1, 

respectively. This range was a much greater than observed, and was as much as 158% greater for 

some stations. The observed data was gap-filled, but they were not corrected for gauge 

undermeasurement bias. This bias can range from 0% to 10% for gauges installed above ground 

level in various wind conditions (Rodda, 1967; Rodda and Dixon, 2012). However, this potential 

downward bias is small compared to the differences obtained in this analysis. Similar to that of 

precipitation, reasons for these differences in erosivity, are discussed later in detail. 
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Table 3.3 Bias-corrected average annual precipitation statistics for 187 locations in the 

southeastern US for observed DSI-3260 gauge data (1970-2013) and five RCM-GCM simulations 

of historical (1970-1999) and future (2030-2059) periods from NA-CORDEX. Both observed and 

simulated differences were calculated using the observed data and mean as the baseline. 

 

Table 3.4 Average annual erosivity statistics for 187 locations in the southeastern US for observed 

DSI-3260 gauge data (1970-2013) and five RCM-GCM simulations of historical (1970-1999) and 

future (2030-2059) periods from NA-CORDEX using R2 approach (without data limitations). 

Both observed and simulated differences were calculated using the observed data and mean as the 

baseline. 

 
 

 
 

 
 
 

Statistic OBSERVED CANESM-H GFDL-H HADGEM-H MPIREG-H MPIWRF-H CANESM-F GFDL-F HADGEM-F MPIREG-F MPIWRF-F 

Min. 835 711 811 839 919 878 800 909 895 1001 981 

Med. 1233 1427 1583 1627 1688 1563 1611 1768 1925 1957 1812 

Max. 1689 2156 2933 2859 3419 3143 2492 3007 4015 3802 3775 

Std.Dev. 160 300 340 347 379 382 332 320 530 403 487 

COV 0.13 0.20 0.21 0.21 0.22 0.23 0.20 0.18 0.27 0.20 0.25 

Mean 1231 1478 1645 1681 1742 1646 1641 1795 1993 1992 1912 

Obs.Abs.Diff. 0 247 414 450 511 414 410 564 762 761 681 

Obs.Rel.Diff. 0% 20% 34% 37% 42% 34% 33% 46% 62% 62% 55% 

Sim.Abs.Diff.       164 149 312 250 266 

Sim.Rel.Diff.       11% 9% 19% 14% 16% 

 

Statistic OBSERVED CANESM-H GFDL-H HADGEM-H MPIREG-H MPIWRF-H CANESM-F GFDL-F HADGEM-F MPIREG-F MPIWRF-F 

Min. 1273 1501 1686 1742 1807 1760 2186 2112 3174 2277 2419 

Med. 4043 5806 6641 6975 6814 6272 9116 8546 10950 10995 8969 

Max. 10587 15699 22439 19918 27286 23058 31408 35333 38125 35753 41256 

Std.Dev. 1860 2748 3549 3566 4165 3953 4742 4283 6596 5788 6412 

COV 0.41 0.42 0.45 0.44 0.51 0.51 0.48 0.44 0.51 0.47 0.57 

Mean 4546 6527 7821 8075 8130 7773 9971 9655 12985 12366 11206 

Obs.Abs.Diff. 0 1981 3275 3528 3583 3226 5425 5108 8438 7820 6660 

Obs.Rel.Diff. 0% 44% 72% 78% 79% 71% 119% 112% 186% 172% 146% 

Sim.Abs.Diff.       3444 1834 4910 4237 3433 

Sim.Rel.Diff.       53% 23% 61% 52% 44% 
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Table 3.5 Average annual erosivity density statistics for 187 locations in the southeastern US for 

observed DSI-3260 gauge data (1970-2013) and five RCM-GCM simulations of historical (1970-

1999) and future (2030-2059) periods from NA-CORDEX. Both observed and simulated 

differences were calculated using the observed data and mean as the baseline. 

 
In the case of future period of 2030-2059, average annual R-factor in five models ranged from 

9655 (GFDL) to 12985 (HADGEM) MJ mm ha−1h−1yr−1. In addition, the minimum and 

maximum annual R-factor were found under GFDL and MPIWRF with 2112 and 41256 

MJ mm ha−1h−1yr−1, respectively. These results show that the average annual future projected 

rainfall erosivity are significantly greater than the historical period (1970-1999) of CANESM, 

HADGEM, GFDL, MPIREG, and MPIWRF models (Table 3.4). Among the various climate 

models, HADGEM MPIREG, and MPIWRF resulted in the greatest projected average annual 

rainfall erosivities consistent with each of these models projecting the greatest average annual 

precipitations as well (Table 3.3).  

        Given that these simulated climate data were downscaled as part of standard NA-CORDEX 

procedures and further downscaled by Takhellambam et al. (2022a), we investigated whether these 

erosivities were being driven by a few high-intensity events. The same erosivity analysis was 

performed excluding events with intensities greater than 401 mm h-1 which may be considered as 

outliers (Lewis et al., 2021). Unfortunately, the resulting erosivities were not significantly different 

Statistic OBSERVED CANESM-H GFDL-H HADGEM-H MPIREG-H MPIWRF-H CANESM-F GFDL-F HADGEM-F MPIREG-F MPIWRF-F 

Min. 1.36 1.92 2.07 2.06 1.92 2.00 2.40 2.31 3.03 2.15 2.36 

Med. 3.35 4.14 4.43 4.46 4.15 4.26 5.58 4.95 5.97 5.66 5.19 

Max. 6.59 7.38 8.06 7.91 7.98 8.32 13.73 11.75 10.68 11.04 12.16 

Std.Dev. 1.14 0.98 1.15 1.14 1.34 1.22 1.83 1.41 1.51 1.76 1.63 

COV 0.32 0.23 0.25 0.25 0.30 0.27 0.31 0.27 0.24 0.29 0.29 

Mean 3.60 4.25 4.58 4.63 4.45 4.52 5.83 5.21 6.22 5.98 5.55 

Obs.Abs.Diff. 0.00 0.64 0.98 1.03 0.85 0.91 2.23 1.61 2.62 2.38 1.95 

Obs.Rel.Diff. 0% 18% 27% 29% 24% 25% 62% 45% 73% 66% 54% 

Sim.Abs.Diff.       1.58 0.63 1.59 1.53 1.04 

Sim.Rel.Diff.       37% 14% 34% 34% 23% 
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from the previous datasets, which reduced average annual values by less than 1%. Provided the 

insignificant impact of these relatively extreme events, we retained all events in our various 

analyses. Therefore, the main reason for large differences and variation of erosivity among the 

different models was due to the large storm depths which may have been introduced by bias 

correction or downscaling. 

To quantify the projected change in average annual erosivity, we computed the relative change in 

erosivity with reference to the respective historical model as the baseline (Table 3.4). The results 

show that the projected relative change in the average annual R-factor ranged from 23% to 61% 

or an ensemble average of 47%. Results were consistent with previous studies which also showed 

a similar trend in increasing projected rainfall erosivity for the region (Biasutti and Seager, 2015; 

Hoomehr et al., 2016; Nearing, 2001). This analysis indicated that parts of the Southeast US with 

the greatest precipitation may see the greatest increase in R-factor (Fig. 3.3). These areas include 

the most southern part of Florida, the Appalachian region, and the Gulf-Atlantic coast. However, 

it is unclear how much of these potential increases were influenced by suboptimal bias correction 

or downscaling and is discussed in detail later. 

The effect of extreme rainfall events on R-factor was investigated using the annual maximum 

storm events from historical and future scenarios. Under all of the models, increase in the erosivity 

due to maximum storm events ranged from 30% to 87% (Fig. 3.5). We further found that majority 

of the stations have significantly increased erosivity in the future projected scenarios as compared 

to the historical scenario. We found range of annual maximum erosivity ranges from -10% to 

393%. One of the main reasons is due to the significant increase in the extreme rainfall intensity. 
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Fig. 3.5 The relative increase in the annual maximum erosivity due to the annual maximum storm 

event using five climate models under the RCP8.5 scenario. Asterisk symbols denote the mean 

value. 

3.3.3 Erosivity density 

Erosivity density (ED) was calculated for each station with an observed average annual value of  

3.6 MJ ha−1h−1yr−1 (Table 3.5 and Fig. 3.6). The historical and future ensemble mean of annual 

ED was 4.49 and 5.76 MJ ha−1h−1yr−1, respectively (Table 3.5). In relative terms, ED based on 

historical simulations was 25% greater than observed ED, but this was smaller than differences for 

both precipitation and erosivity which were 33% and 69%, respectively. The results from both 

paired sample test and Wilcoxon rank test found rejecting the null hypothesis of equal erosivity 

density between the historical and future scenarios at a 5% significance level with p-value < 0.05. 

Therefore, projected ED was 29% significantly greater than historically simulated ED, which 

means that simulated changes due to climate were greater than differences between historical 

simulations and observed data.  
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Fig. 3.6 Boxplots for observed, historical and future average annual erosivity density over the 

Southeast United States. Asterisk (*) indicates the mean value. Dotted line represents the mean 

value of observed average annual rainfall density of 187 stations from 1970-2013. 

 

Similar to precipitation and erosivity analyses presented earlier, ED results could have been 

impacted by bias correction of downscaling methods. It is possible that impacts on the wettest 

stations’ precipitation and resulting erosivity calculations could result in biased ED calculations 

due to the nonlinear behavior of erosivity. Therefore, although ED accounts for differences in 

precipitation amount, it would not account for a potential nonlinear bias in wetter parts of the 

Southeast. These issues and the actions taken to account for them are discussed below. 

3.3.4 Comparison of rainfall erosivity map among different studies 

The comparison of estimated future erosivity with previous studies is challenging. This is due to 

the different erosivity estimation methods and frameworks employed by various studies. In 
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addition, the different time scales and uncertainty associated with different GCMs and 

downscaling methods further contributed to the differences in erosivity estimations (Panagos et 

al., 2022). The climate models are associated with different variations depending upon the type of 

model, e.g., initial and boundary conditions of the rainfall generation mechanism (Mirhosseini et 

al., 2013). However, we were able to compare the findings of a previous study by Panagos et al. 

(2022) which projected erosivity for 20 years (2041-2060) using 30-min rainfall, estimated with 

HADGEM and MPIREG models under RCP8.5 scenario over the Southeast United States. We 

estimated the annual R-factor using 30-min (aggregated 15-min to 30-min rainfall) rainfall data 

with HADGEM and MPIREG model under the RCP8.5 scenario for the 20 years (2040-2059) to 

compare with Panagos et al. (2022). 

Using the HADGEM model (Fig. 3.7a), Panagos et al. (2022) reported that the annual R-factor 

from 2041-2060 varies from 1501 to 11249  MJ mm ha−1h−1yr−1 with an average value of 7137 

MJ mm ha−1h−1yr−1. In our study, the average annual R-factor showed 11190 

MJ mm ha−1h−1yr−1 which is found greater by 56%. The change in annual R-factor based on our 

approach as compared to the Panagos et al. (20022) ranged from -67% to 1167% (Fig. 3.7b). 

Similarly, the MPIREG model showed a consistent result with relatively greater annual R-factor 

in the Gulf-Atlantic coastal regions as compared to the Panagos et al. (2022) (Fig. 3.7c and 3.7d). 

Under the MPIREG model, the reported range of annual R-factor by Panagos et al. (2022) was 

1240 to 10851 MJ mm ha−1h−1yr−1 with an average value of 6705 MJ mm ha−1h−1yr−1 (Fig. 

3.7b). Our study showed an average annual R-factor of 11917 MJ mm ha−1h−1yr−1. In addition, 

the relative change in annual R-factor under MPIREG model in our study shows in the range of -

50% to 1234% as compared to that of Panagos et al. (2022). 
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Fig. 3.7 (a) and (c) Reported annual R-factor of Panagos et al. (2022) for HADGEM and MPIREG 

model under RCP8.5 scenario for 20 years (2041-2060) using Gaussian Process Regression. (b) 

and (d) relative change in annual R-factor (in percentage) in our study as compared to Panagos et 

al. (2022) under same HADGEM and MPIREG model for 20 years (2040-2059). Negative and 

positive value indicates the lower and greater annual R-factor in our study with reference to the 

Panagos et al. (2022), respectively. 

 

The negative and positive values (Fig. 3.7b and 3.7d) indicate a lower and greater values of annual  

R-factor in our study with reference to Panagos et al. (2022), respectively. In both models, the 

lowest and greatest change in annual R-factor was found in the northern and southern parts of the 

region, especially in the Gulf-Atlantic coastal region. However, the majority of the area showed 
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relatively smaller change (up to 100%) with 0% indicating no change in the annual R-factor (light 

green color in Fig. 3.7b and 3.7d). 

3.4 Discussion 

3.4.1 Future erosivity using high-temporal resolution rainfall datasets 

The accurate estimation of rainfall erosivity requires high temporal resolution of rainfall datasets 

(Kim et al., 2020; McGehee and Srivastava, 2018; McGehee et al., 2022; Panagos et al., 2017). 

McGehee and Srivastava (2018) and McGregor et al. (1995) further encouraged to use 

“breakpoint” rainfall datasets for the estimation of erosivity. Therefore, our study used recently 

developed 15-min rainfall data from CMIP5 archive for future (2030-2059) erosivity estimation 

over the Southeast United States as a viable option to breakpoint datasets (McGehee and 

Srivastava, 2018; Takhellambam et al., 2022a). The differences in observed and historical 

simulated rainfall data could have arisen from slightly different time periods, model or 

downscaling limitations (e.g., course resolution, incomplete model science, model stochasticity), 

bias correction, observed data limitations (e.g., gaps or undermeasurement bias), or a combination 

of these. The impacts of these differences on this study are discussed later at Section 4.2 in detail. 

Although, the significant different between the historical and future rainfall datasets confirmed 

that by 2059, the region is expected to receive a significant number of intense rainfalls compared 

to the historical period of 1970-1999. This necessitates updating the estimation of future rainfall 

erosivity with high temporal resolution rainfall datasets (McGehee and Srivastava, 2018; 

Takhellambam et al., 2022a). 

Previous studies used aggregated rainfall due to the unavailability of rainfall datasets (Biasutti and 

Seager, 2015; Hoomehr et al., 2016; Nearing, 2001; Panagos et al., 2022). These rainfall datasets 

of lower temporal resolution lose the information of true rainfall characteristics. Takhellambam et 
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al. (2022a) showed that the downscaled 15-min rainfall datasets exhibit intensities that are greater 

than the 1-hourly scale but lower intensities than the observed 15-min rainfall. The rainfall 

intensity using aggregated rainfall datasets has often been underpredicted as compared to the 15-

min datasets due to the smoothening of the intensities and eventually lower erosivity (McGehee 

and Srivastava, 2018; McGehee et al., 2022; Op de Hipt et al., 2018).  For example, the annual 

erosivity from Kim et al. (2020) was found to be under-predicted as compared to our study. This 

was expected because Kim et al. (2020) used 1-hour grided rainfall to estimate erosivity. Kim et 

al. (2020) reported a maximum value of 6000 MJ mm ha−1h−1yr−1 with a mean value of less than 

2500 MJ mm ha−1h−1yr−1. Whereas, our study showed greater erosivity as compared to Kim et 

al. (2020) because we use 15-min rainfall datasets that give improved estimates of intensities as 

compared to the hourly rainfall. Hollinger et al. (2002), McGehee and Srivastava (2018), and 

USDA-ARS (2008) have suggested that we further increase erosivity obtained from the 15-min 

rainfall datasets by 4% to compensate for the dampening in intensity with the use of fixed -interval 

data (e.g., 15-min) as compared to breakpoint data.  

The future erosivity showed a large variation among the stations which can be seen from the 

boxplot (Fig. 3.4) and large standard deviation values in Table 3.4. These variations are owed to 

the large variation of rainfall due to the extreme rainfall intensities (Fig. 3.2). Furthermore, this 

can be confirmed by the higher ED (>3 MJ ha-1h-1) indicating that the precipitation has higher 

intensities for short-duration rainfall events (Chen et al., 2022; Panagos et al., 2015).  

     Each RCM-GCM shows different amounts of rainfall due to the different mechanisms of 

rainfall generation. Therefore, the ensemble model of five RCM-GCMs allows a representative 

estimation of future rainfall erosivity under the RCP8.5 scenario. This prevents the result from 

being influenced by a single model (Panagos et al., 2022). Moreover, kriging interpolation has 
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enabled us to evaluate the spatial variation of erosivity using the rain-gauge approach (Kim et al., 

2020; McGehee and Srivastava, 2018). The greater amount of annual R-factor in the Gulf-Atlantic 

coast owes to the greater precipitation because of warm air rising through sea breeze circulation. 

Precipitation decreases further inland and with increasing elevation and reduced moisture holding 

capacity of cooler air (Ingram et al., 2013). Greater precipitation was observed in the Appalachian 

Mountains due to orographic effects leading to greater erosivity in the region (Ingram et al., 2013). 

A comparison of the findings of this study with those of Panagos et. al (2022) shows relatively 

similar trends of erosivity in majority parts of the region. However, there is a greater estimation of 

erosivity in this study, especially in the Gulf-Atlantic coastal region and southern Florida.  We 

anticipated a greater amount of erosivity as the region receives a greater amount of rainfall owing 

to the convective precipitation and tropical cyclones (Ingram et al., 2013; Knight and Davis, 2007). 

Panagos et al. (2022) used two stations in southern Florida to estimate erosivity, whereas our study 

used denser rain-gauge data of 16 (Fig. 3.1), which could have resulted in erosivity differences. In 

addition, the greater amount of annual erosivity in our study, especially in the Gulf-Coastal area 

could be due to various reasons. For instance, Panagos et al. (2022) estimated the annual R-factor 

using a regression model, whereas our study estimated the same based on rainfall storm events. 

The true rainfall characteristics, such as intensity are lost while using the statistical relationships 

for the estimation of erosivity (Flanagan et al., 2020; Hollinger et al., 2002; McGehee et al., 2022). 

Our study also used in-situ rainfall datasets which are superior to the grid-based datasets of 

Panagos et al. (2022), especially with high-intensity rainfall events (Kim et al., 2020). In addition, 

differences in amounts of annual erosivity among the models is also caused due to different 

mechanisms of rainfall generation employed within each model (Mirhosseini et al., 2013).  
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Regardless of the models and erosivity application methods used, the region is expected to have 

significantly higher future annual erosivity than in the historical period. Furthermore, the region's 

elevated rainfall erosivity is caused by increased rainfall intensity (Swain and Hayhoe, 2015). 

However, there are some uncertainties associated with our study, which are discussed in detail 

below. 

3.4.2 Bias Correction and Downscaling Implications 

          Bias correction (BC) and downscaling (DS) were both potential sources of differences 

between observed and historical model simulation results. BC led to increasing average annual 

precipitation and intensities. While downscaling led to a decrease in moderate rainfall intensities. 

However, the downscaled results showed higher intensities than the hourly although lower than 

the observed 15-min precipitation (Takhellambam et al., 2022a). In this study, we used relatively 

high-temporal resolution, 15-minute historical, and projected precipitation datasets generated from 

hourly NA-CORDEX products by Takhellambam et al. (2022a). That study used quantile delta 

mapping (QDM) and a modified stochastic disaggregation method for bias correction and further 

downscaling of NA-CORDEX climate products, respectively. There were substantial differences 

between historical simulations and observations of precipitation, erosivity, and erosivity d ensity 

(Table 3.3-3.5 and Fig. 3. 2, 3.4, and 3.6). In comparison to the observed annual R-factor, the bias-

corrected and non-bias-corrected annual R-factors had overestimated and underestimated values 

by 137% and -63%, respectively. It is currently unclear if there are other BC and DS methods that 

would result in better agreement with observed data especially with hourly scale since, to our 

knowledge, this has not been studied and published in the peer-reviewed literature for erosivity-

based analyses. 
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          The goal of this study was to quantify projected mid-century changes in erosivity for the 

Southeast US and to do this using an erosivity approach of RUSLE2 with recommendations of 

McGehee and Srivastava (2018) and McGehee et al. (2022, 2020) rather than an oversimplified  

erosivity extrapolation or aggregation method that assumes a relationship to historical precipitation 

characteristics. This approach to analyzing projected future erosivity is more rigorous than others, 

but there are potential sources of uncertainty in the estimated future rainfall erosivity, especially 

with the BC and DS. 

To assess the performance of bias correction, Takhellambam et al. (2022a) evaluated average 

annual precipitation, wet-hour frequencies, and precipitation intensities. Although the intensities 

and wet-hour frequencies were improved, the average annual precipitation was largely over-

corrected or overpredicted. As expected, the uncorrected historical model simulations of average 

annual precipitation were greater than observed due to potential under-measurement biases in the 

observed data generated by adhesion, evaporation, wind drift, and splashing (Table 3.6) (Fischer 

et al., 2018) and model biases in the simulated data. However, bias correction of the simulated 

results worsened average annual precipitation differences which increased by 3.5% to 19.2% over 

what was already consistently greater than observed. This, along with the increased presence of 

more extreme event depths and characteristics, was largely responsible for the greater mean and 

maximum average annual erosivity values obtained in this study. The results showed that the 

extreme event depths significantly increased as the null hypothesis was rejected at the 5% 

significant level. The mean relative increase (in percentage) of annual daily maximum rainfall with 

reference to the historical model ranges from 8% to 46% (Table 3.7).  
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Table 3.6 Percentage change in average annual precipitation after bias correction of climate models 

used in Takhellambam et al. (2022a). Here, Raw and BC denotes the ratio of average annual 

precipitation of historical model and observed precipitation before and after bias correction. 

 

Model Raw BC Change (%) 

CANESM 1.09 1.26 15.56 

HADGEM 1.39 1.44 3.50 

GFDL 1.32 1.41 6.82 

MPIREG 1.34 1.50 11.74 

MPIWRF 1.19 1.42 19.23 

 

Table 3.7 Mean relative change (%) in future projected annual daily maximum rainfall as 

compared to the historical model with return period of 2-, 5-, 10-,25-, and 50- years. 

 

 

 

 

While the additional downscaling method used by Takhellambam et al. (2022a) was another 

potential source of uncertainty in this analysis, it was unlikely that this method resulted in upward 

biases in this study’s analyses. We base this assessment on the results presented by Takhellambam 

et al. (2022a) showing that there was a substantial downward bias in 15-minute intensities obtained 

from their DS method as compared to those from observed data. More specifically, the intensities 

were greater than those of simulated hourly data but less than those of observed 15-minute data.  

According to Flanagan et al. (2020), this would result in a substantial underestimation (at least 

9%) of erosivities that would be obtained from breakpoint precipitation gauges at the same 

location. We found the temporal downscaling using a modified stochastic approach has led to the 

underestimation of erosivity with an average value of 17%. This is because the downscaled rainfall 

characteristics do not adequately represent the observed rainfall characteristics (Takhellambam et 

Model 2-years 5- years 10- years 25- years 50- years 

CANESM 17 32 38 43 45 
GFDL 8 12 13 15 15 

HADGEM 22 35 39 44 46 
MPIREG 21 27 29 31 32 
MPIWRF 19 24 26 28 30 
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al., 2022a). Overall, these findings highlight the uncertainties of using climate models for high-

resolution applications and their limitations in representing rainfall characteristics. In light of 

potential bias correction limitations, it may be of interest to evaluate downscaled, uncorrected 

climate simulations for analyses involving erosivity. The newest generation of climate model 

simulations, which are being conducted at increasingly finer spatial and temporal resolutions, may 

meaningfully reduce uncertainties from BC and DS methods in subsequent analyses. 

3.5 Conclusions 

The most significant finding of this study is that precipitation, erosivity, and erosivity density in 

the Southeast US are projected to increase by 14%, 47%, and 29%, respectively, for 2030-2059 

over the historical baseline (1970-1999). These results were obtained using an ensemble of five 

different climate models in NA-CORDEX which is an archive of CMIP5 under the RCP8.5 

scenario. CMIP6 has better future climate projection with a narrower uncertainty band as 

compared to CMIP5. However, the temporal resolution of CMIP6 is 1 hour, which makes it 

unsuitable for the estimation of erosivity until it is downscaled to 15-min resolution. Therefore, in 

this study, we have used a recent 15-min precipitation dataset that was downscaled using the 

CMIP5 dataset.  

We used WEPPCLIFF version 1.6 and the RUSLE2 energy equation without data limitations for 

the estimation of rainfall erosivity and erosivity density. The future ensemble model showed an 

average annual R-factor of 11237±1299 MJ mm ha−1h−1yr−1. The southern part of Florida, the 

Appalachian region, and the coastal region of the Gulf of Mexico were areas in the Southeast 

predicted to experience the greatest absolute increase in erosivity while areas with lower baseline 

erosivities were generally predicted to see the largest relative changes.  
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Erosivity and erosivity density outcomes in this study were determined as opposed to aggregation 

or extrapolation methods which have become more common of late. This was an important 

decision of this study which can potentially reduce uncertainties associated with assuming 

historical precipitation characteristics for future periods. However, as discussed earlier, this 

decision also may have resulted in greater exposure to bias correction and downscaling method 

limitations. For instance, downscaling alone was determined to suppress erosivity estimates by 

17% in an analysis using this study’s observed data. The bias correction of rainfall overestimated 

the annual R-factor with an average of 137%, whereas non-bias corrected data underestimated the 

R-factor with an average of 62% when compared to the observed annual R-factor. Average annual 

precipitation, erosivity, and erosivity densities obtained from bias-corrected and downscaled 

historical model simulations were consistently greater than observed values. Some degree of this 

should be expected on account of under-measurement biases associated with the observed data; 

however, the differences obtained in this study were much greater than can be attributed to that 

dynamic alone. Therefore, alternative bias correction and downscaling methods should be 

evaluated for potential use with subsequent erosivity analyses which may result in better agreement 

between historical simulations and observed metrics. 

Results of a similar study with different bias correction and/or downscaling methods could result 

in very different outcomes, especially since erosivity increases with total rainfall depth, rainfall 

intensity, or frequency of wet days. In addition, future research needs to be conducted with 

different biases and downscaling methods. Despite these uncertainties, this study affirms that 

projected climate change is likely to increase erosion in the Southeast US and that this increase 

will not be driven by changes in precipitation amounts alone but also due to changes in intensity 

and energy. 
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CHAPTER 4  

Artificial Neural Network-Empowered Projected Future Rainfall Intensity Duration 

Frequency Curves under Changing Climate 

4.1 Introduction 

Extreme rainfall events pose a serious threat to the ecosystem and economy by amplifying both 

the magnitude and frequency of floods (Nerantzaki and Papalexiou, 2022). Therefore, rainfall 

Intensity-Duration-Frequency (IDF) curves are used when planning and designing hydrologic and 

hydraulic structures (Mirhosseini et al., 2014; Yan et al., 2018). However,  the existing structures 

for rainfall and floods designed are based on the stationarity of the IDF curves which give a 

probability of rainfall intensity in a given period, particularly National Oceanic and Atmospheric 

Administration Atlas 14  (Perica et al., 2013; Soltani et al., 2020; Sun et al., 2019; Zhao et al., 

2022a). In addition, the IDF curves are used in the design of erosion control structures, storm, and 

sewer drainage designs, and bridges (Amatya et al., 2021).  

According to the IPCC (2018), by 2052 the temperature is expected to rise by 1.5 ℃ from the 

Pre-industrial Period with the current emission rate of greenhouse gases, which eventually will 

affect future extreme rainfall events (Takhellambam et al., 2023). The increase in temperature has 

resulted in higher water-holding capacity in the atmosphere, i.e., a 7% increase in water-holding 

capacity per degree Celsius of temperature (Easterling et al., 2017; Trenberth, 2011). The plausible 

effects include a change in rainfall amount, frequency, and intensities or probable maximum 

rainfalls (Cheng and AghaKouchak, 2014). Under these conditions, extreme rainfall events are 

expected to occur more frequently and with greater intensity in most parts of the world, with urban 

areas being the most vulnerable (Ghasemi Tousi et al., 2021). Therefore, to adapt or reduce the 

vulnerability of new water management structures,  future rainfall characteristics under the 
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changing climate should be considered while developing IDF curves (Mirhosseini et al., 2014; 

Noor et al., 2022). For instance, the most critical component of cities’ structures includes storm-

water drainage and flood mitigation measured which are based on the IDF curves (Crévolin et al., 

2023; Ghasemi Tousi et al., 2021). Many studies reported that there might be an underestimation 

of extreme events considering stationary assumption as changing climate has increased rainfall 

characteristics (Cheng and AghaKouchak, 2014; Sarhadi and Soulis, 2017; Vu and Mishra, 2019). 

Previous studies developed future projected IDF curves using aggregated (e.g., hourly or daily 

scale) and non-stationary nature of rainfall characteristics under changing climate  (Cheng and 

AghaKouchak, 2014; Ganguli and Coulibaly, 2019; Ghasemi Tousi et al., 2021; Mirhosseini et al., 

2014, 2013; Sarhadi and Soulis, 2017; Zhu, 2013; Zhu et al., 2012). Cheng and AghaKouchak 

(2014) reported an underestimation of extreme rainfall of up to 60% under the stationarity 

assumption compared to nonstationary conditions while using five locations in the United States. 

Sarhadi and Soulis (2017) developed IDF curves for different durations that range from 1 to 24 h 

under different return period of 2 to 100-year. The extreme events were found underestimated 

when considering the stationary nature of rainfalls. Vu and Mishra (2019) incorporate the time-

dependent covariate for developing IDF curves for a duration ranging from 1 to 5 days and 

confirmed approximately 90% of the total extreme events of 378 followed non-stationary 

conditions. Ganguli and Coulibaly (2019) developed IDF curves under a nonstationary model over 

eight locations in the densely populated and major financial region of Southern Ontario, Canada. 

The study has confirmed a significant increase in extreme rainfall intensities for future scenarios 

(2030-2070) as compared to that of the baseline period of 1970-2010. Ghasemi Tousi et al. (2021) 

updated the IDF curves for the city of Tucson, Arizona from 2020 to 2051 using eight global 

climate models. The findings showed a significant increase in future extreme rainfall events which 
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eventually needed to update IDF curves. An example of stormwater culvert design demonstrated 

how differences in model output could double the design size and significantly increase the cost. 

Moreover, Noor et al. (2022) proposed IDF curves along with uncertainty for ungauged locations 

across Peninsular Malaysia. Shorter duration rainfall with a higher return period was found to 

increase greater than that of longer duration with a smaller return period. 

Similarly, Mirhosseini et al. (2013) assessed future projected IDF curves using 15-min rainfall 

data in Alabama, United States. The 15-min rainfall was developed with 3-hour rainfall data using 

a modified stochastic method of  Socolofsky et al. (2001). This 15-min rainfall dataset was further 

used to develop IDF curves using GEV distribution. The results demonstrated that less severe 

rainfall was anticipated for short-duration occurrences. However, the simulated rainfall intensities 

were under-predicted compared to the observed data. Mirhosseini et al. (2014) reported consistent 

results of underpredicted intensities. This was further improved by Mirhosseini et al. (2014) by 

introducing a feedforward ANN approach. Thus, IDF curves were further updated for future 

projected climate scenarios for Alabama using GEV distribution and compared with a 

stochastically generated rainfall of Mirhosseini et al. (2013). The ANN method reported superior 

performances compared to the stochastic models in developing maximum rainfall depths. Further, 

rainfall events with less than a 2-hour duration showed decreased intensities, and longer-duration 

storms with higher uncertainties (Mirhosseini et al., 2014).  

Further, Zhao et al. (2021) improved the ANN approach for rainfall disaggregation of Mirhosseini 

et al. (2014) through a computationally efficient and more accurate approach that was applied over 

two cities in southern Vietnam. The advantages include computationally efficient training data that 

used only extreme rainfall data points instead of the whole series and improving accuracy through 
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the inclusion of previously simulated steps of rainfall. However, the Zhao et al. (2021) method 

provided a limited assessment of the hourly and multi-hourly scales. 

In this study, we aimed to further extend the approach of Zhao et al. (2021)  for disaggregating 

hourly to sub-hourly (15-, 30-, and 45-min) monthly maximum rainfall datasets. This is because 

sub-hourly rainfall aggregates offer greater intensities than hourly rainfall aggregates 

(Takhellambam et al., 2022a). McGehee and Srivastava (2018) reported that maximum rainfall 

intensity occurred within 15 minutes of a storm. So, aggregated datasets are underestimated due 

to the averaging of sub-hourly data. In addition, McGehee and Srivastava (2018) and 

(Takhellambam et al., 2022b, 2022a, 2023) reported that the Southeast region of the United States 

has the greatest potential for change in rainfall characteristics under the changing climate. This 

necessitates updating the future IDF curves required for adequate hydrologic and hydraulic 

infrastructure designs, such as dams and culverts under the changing climate. We hypothesize that 

a feed forward and back propagation ANN model would perform better than the stochastic model 

in disaggregating hourly to sub-hourly (15-, 30-, and 45-min) monthly maximum rainfall datasets. 

Therefore, the objectives of this study were to: (1) generate sub-hourly (15-, 30-, and 45-min) 

monthly maximum rainfall datasets under the RCP8.5 scenario using the feed forward and back 

propagation ANN model, and (2) develop the projected future rainfall IDF curves using the GEV 

distribution for the Southeast United States using improved sub-hourly rainfalls.  

4.2 Material and Methods 

4.2.1 Study Area and Data 

  The average annual rainfall received in the Southeast United States (Fig. 4.1) is greater than the 

country’s average of 856 mm. The annual rainfall ranges from 1000 to 1250 mm and can go as 

high as 1500 mm  (Ingram et al., 2013; Kumar et al., 2022a, 2021; Takhellambam et al., 2023). 
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The higher intensity rainfall is received on the Gulf-Atlantic coast and decreases inland. At the 

same time, the Appalachian Mountain region sees a greater rainfall intensity due to the orographic 

effect (Takhellambam et al., 2022a). The major factor for the distinctive climate in the region is 

due to the presence of both the Gulf of Mexico and the Atlantic Ocean (Ingram et al., 2013; Kunkel 

et al., 2013).  

 

Fig. 4. 1 Study area and location of observed 187 rainfall stations over the Southeast United States. 

 

We obtained 44 years (1970-2013) of observed 15-min rainfall for 528 gauge data from the 

National Oceanic and Atmospheric Administration, DSI-3260, archived at the National Climatic 

Data Center (NOAA NCEI, 2014). (McGehee et al., 2022; Takhellambam et al., 2022a, 2022b) 

recommended using the 20.11 screening method to check the quality of rainfall datasets and 

eventually found 187 stations that passed the screening method. Passing the 20.11 screening 

method requires a station to have a minimum of 20 years of complete observed precipitation for 

11 or more months per year (Takhellambam et al., 2023). For the future projected 15-min rainfall 
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data for the period 2030-59, we used five climate models for the future projected period (2030-59) 

of 15-min rainfall obtained from the North American Coordinated Regional Climate Downscaling 

Experiment (NA-CORDEX) under the RCP8.5 scenario. The five models included 

CANESM2_CANRCM4, HadGEM2-ES.WRF, GFDL-ESM2M.WRF, MPI-ESM-LR. RegCM4, 

and MPI-ESM-LR.WRF (Giorgi and Anyah, 2012; Scinocca et al., 2016; Skamarock et al., 2005; 

Takhellambam et al., 2022a). Hereinafter, we will refer to the climate model data as CANESM, 

HADGEM, GFDL, MPIREG, and MPIWRF, respectively. The Regional Climate Model-Global 

Climate Model (RCM-GCM) used GCM simulation of Coupled Model Intercomparison Project 

Phase 5 (CMIP5) archive. In addition, both temporal and spatial scales of these models are 1 hour 

and 0.44o, respectively (Mearns et al., 2017; Scinocca et al., 2016).  

4.2.2 Bias correction 

The use of climate model data in hydrological-related studies has suffered from errors due to the 

simplified or limited representation at the regional scale (Takhellambam et al., 2022a). For 

instance, there are lower rainfall intensities with a large number of wet days which do not represent 

the observed rainfall intensities. To solve this problem, we used the quantile delta mapping 

(Cannon et al., 2015) method as suggested by Takhellambam et al. (2022a). The bias correction 

was carried out on a monthly scale to acquire intermittency of the rainfall while also preserving 

the rainfall characteristics.  

𝑥 𝑚,𝑝.𝑎𝑑𝑗𝑠𝑡 . = 𝑥𝑚,𝑝

𝐹𝑜
−1 𝐹𝑚,𝑝 𝑥𝑚,𝑝  

𝐹𝑚,ℎ
−1  𝐹𝑚,𝑝 𝑥𝑚,𝑝  

                                                                                                      4.1 

where x is the rainfall data, and F represents the cumulative probability distribution function for 

either the observed (o) or model-based (m) historical (h) and future projected (p) scenarios.  
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4.2.3 Disaggregation of hourly rainfall to sub-hourly monthly maximum rainfall using ANN 

The ANN model of Zhao et al. (2021), which was originally developed for disaggregating daily to 

sub-daily monthly maximum rainfall, was tested in this study for disaggregating hourly to sub-

hourly (i.e., 15-, 30-, and 45-min) monthly maximum rainfall.  This ANN model is a multi-layered  

perceptron neural network, where the output layer gives the sub-hourly monthly maximum rainfall 

based on the hourly information from the input layer. The model has three layers of input, hidden, 

and output layers. We use rectified linear unit as an activation function due to its simplicity. 

Furthermore, we selected 20 neurons with a dropout rate of 0.5 which avoid overfitting during 

training in the hidden layers based on trial and error. The loss function and optimizer were mean 

squared error and RMSprop, respectively. 

We briefly introduce the ANN model below and refer the readers to Zhao et al. (2021) for more 

details. To estimate the extreme rainfall amount at finer resolutions (sub-hour), the input layer of 

the ANN model sends input variables of the monthly maximum hourly rainfalls (assume at time t) 

and both preceding (t-1) and succeeding (t+1) hourly rainfall to the hidden layer (Fig. 4.2). 

Optimum input variables were selected based on minimum Akaike Information Criterion. 

Moreover, the hidden layer having nonlinear transformation generates the output variable of sub-

hourly monthly maximum rainfall. Further, the ANN model used 70% and 30% of datasets during 

training and testing, respectively. Overall, we estimated (3 resolutions X 187) 561 models in our 

study area owing to the different rainfall generation mechanisms at different locations. For 

instance, the rainfall generation mechanisms in the Gulf-Atlantic coast and Appalachian Mountain 

are mainly due to the convective and orographic effects respectively.  
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Fig. 4.2 An overview of the disaggregation of hourly (c) to sub-hourly (f) monthly maximum 

rainfall datasets using activation function (R(x)). Here, P is the monthly maximum rainfall at a 

given time step (t). The preceding and subsequent hourly rainfall datasets are represented by t-1 

and t+1, respectively.  

  

4.2.4 Performance comparison in generating monthly maximum rainfall intensities 

The assessment of the ANN’s performance in disaggregating hourly to sub-hourly monthly 

maximum rainfall was conducted using the gauge observed rainfall data. We aggregated the 

observed 15-min rainfall into 1-h intervals. This rainfall data is then disaggregated to monthly 

maximum rainfall of 15-min using the feed-forward back-propagation ANN model. Similarly, we 

disaggregated the remaining temporal scales of 30- and 45-min rainfall datasets.  

We compared the ANN-disaggregated monthly maximum 15-, 30-, and 45-min rainfall data with 

those of stochastically generated rainfall data by Takhellambam et al. (2022a). Since the stochastic 

data were available in continuous time series of rainfall at 15-min intervals, we also aggregated 

the 15-min scale to the scales of 30- and 45-min. Further, we extracted the monthly maximum 

rainfall from each of the 15-, 30-, and 45-min rainfall datasets. Thus, the performance of the 
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monthly maximum rainfall of each scale using both the ANN and stochastically generated datasets 

was compared as discussed below. 

More specifically, the statistical measures of NSE and Pearson correlation coefficient were used 

to assess the performance of rainfall disaggregation (Mirhosseini et al., 2014; Takhellambam, 

2016). These measures were computed for each station using the observed and disaggregated 

monthly maximum rainfall for the entire time series. These performance measures are defined 

below, starting with the NSE given by 

𝑁𝑆𝐸 = 1−
∑ (𝑜𝑖−𝑚𝑖 )

2𝑛
𝑖=1

∑ (𝑜𝑖−𝑜𝑖)
2𝑛

𝑖=1

                                                                                                                                       4.2 

where, o = observed rainfall, 𝑜 =average observed rainfall, m = model rainfall, and n = number of  

observations. 

The Pearson correlation coefficient, in this setting, is defined as 

𝑟 =
∑ (𝑜𝑖−𝑜𝑖)(𝑚𝑖−𝑚𝑖)
𝑛
𝑖=1

√[∑ (𝑜𝑖−𝑜𝑖)
2𝑛

𝑖=1 ]√[∑ (𝑚𝑖−𝑚𝑖)
2𝑛

𝑖=1 ]

                                                                                                       4.3 

where 𝑚 =average simulated rainfall. 

We hypothesized that the stochastic approach would outperform the ANN model in disaggregating 

the hourly to sub-hourly rainfall with the null hypothesis, H0: the stochastic model performed 

equally with the ANN model. Subsequently, using a significance level of 5%, we used a one-sided 

paired Student t-test as well as a non-parametric Wilcoxon sign rank test (the latter to confirm that 

possible outliers do not impact the conclusion of the t-test)  

4.2.5 Developing IDF curves  

The Type-1 GEV distribution has been employed extensively in past studies owing to its flexibility 

and simplicity i.e., it only has two parameters (Phien, 1987). Previous studies by Mirhosseini et al. 
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(2014, 2013) reported that the GEV distribution well fitted developing rainfall IDF curves in the 

region, particularly the Gumbel distribution. The GEV probability distribution consists of three 

limiting forms i.e., Gumbel (𝜉 → 0), Frechet (𝜉 > 0), and Weibull (𝜉 < 0) (Coles, 2001) and is 

defined as follows.  

𝐺(x) = 𝑒𝑥𝑝{− [1 + 𝜉  
x −𝜇

𝜎
 ]

−1 𝜉⁄

}  for        𝑥: 1 + 𝜉  
x −𝜇

𝜎
 > 0                                                 4.4 

where x  is the rainfall intensity. µ, 𝜎, and 𝜉 are location, scale, and shape parameters respectively. 

The Gumbel distribution with 𝜉 → 0 is defined as  

𝐺(x) = 𝑒𝑥𝑝[−𝑒𝑥𝑝{− 
x −𝜇

𝜎
 }]  for         𝑥: 1 + 𝜉  

x −𝜇

𝜎
 > 0                                                     4.5 

In addition, the parameter estimation is performed using maximum likelihood estimation since, if 

the model is correctly specified, it has optimal statistical properties compared to other methods 

such as the method of moments (Mahdi and Cenac, 2005). The KS test is used to test the goodness-

of-fit at a significance level of 5% assuming the parameters are known (Delignette-Muller and 

Dutang, 2015), keeping in mind that, this test could be conservative i.e., not reject H0 when it 

should Lilliefors (1967). The following procedure was used to obtain the IDF curves. 

1) Obtain the annual maximum series of rainfall for a given duration (T) of 15-, 30-, and 45-min.  

2) Evaluate the rainfall depth, 𝑋𝑇 for a given return period (2-, 5-, 25-, 50-, and 100-year) for the 

Gumbel distribution which is given by.  

𝑋𝑇 = 𝑥̅ +𝐾𝑇𝑆                                                                                                                                    4.6 

where, 𝑥̅ , 𝐾𝑇 ,  and S are mean, frequency factor, and standard deviation, respectively. 

𝐾𝑇 = −
√6

𝜋
[0.5772 + 𝑙𝑛 (𝑙𝑛  

𝑇

𝑇−1
 )]                                                                                             4.7 
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3) The rainfall depths are plotted for each duration for different return periods. 

4.3 Results and Discussion 

The performance of the ANN in disaggregating 1-hour rainfall to monthly maximum 15-, 30-, and 

45-min rainfall is reported below. The annual maximum rainfall intensities are then compared 

between the stochastic and the ANN models. Finally, using ANN, the results of the generated 

future IDF curves are presented alongside historical and projected future scenarios. 

4.3.1 Performance of Bias correction and ANN for rainfall disaggregation  

Bias correction improved the output of the climate models, especially the frequencies of wet days, 

annual average rainfall amount, and rainfall intensity. A detailed explanation for the performance 

of bias correction of hourly rainfall is given in Takhellambam et al. (2022a). The performance of 

disaggregated rainfall using the ANN approach was assessed by employing the Pearson correlation 

coefficient (r) and the Root mean square error (RMSE) in both training and test data for the 

generation of 15-, 30-, and 45-min monthly maximum rainfall and reported for the 187 rainfall 

stations. The minimum and maximum r values of the training datasets were 0.75 and 0.90, 

respectively (Fig. 4.3). On the other hand, as expected, the r values on the test datasets were found 

to be lower than those of the training datasets, with minimum and maximum of 0.62 and 0.88, 

respectively. The average r value for disaggregating to 15-min was found to be 0.84 and 0.77 for 

training and test data, respectively. Likewise, the RMSE value has an average value of 0.37 and 

0.48 for training and test data, respectively.  

The r value when disaggregating to 30-min rainfall was found to have an average value of 0.92 in 

training and 0.90 in test data. The range of values during training and testing were (0.89, 0.96) and 

(0.8, 0.97), respectively. Furthermore, we found that the RMSE value in both training and test data 
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ranges from 0.21 to 0.4, and 0.22 to 0.58, respectively (Fig. 4.3). Similarly, the disaggregation to 

45-min rainfall was found to have an average r value of 0.95 and 0.93 in training and test data. The 

r values during training and test range from (0.92, 0.98) and (0.87, 0.98, respectively. RMSE values 

showed ranges of (0.16, 0.36) and (0.19, 0.48) for training and test data, respectively. These results 

are in line with the results of Zhao et al. (2021). As expected, the performance of the ANN is 

satisfactory with r greater than 0.60 in disaggregating to the monthly maximum sub-hourly scale 

using the hourly rainfall datasets (Mirhosseini et al., 2014). Moreover, we found a better 

performance for longer periods of 30- and 45-min of rainfall datasets compared to the 15-min 

disaggregating of monthly maximum rainfall data. This better performance of the ANN with 

longer durations for disaggregating rainfall datasets is consistent with Mirhosseini et al. (2014). 

One of the main reasons is that the hourly rainfall provides less information as the gaps in 

resolution become larger (Zhao et al., 2021), i.e., there is the smoothing of rainfall intensities while 

aggregating the 15-min to 30- and 45-min rainfall datasets (Op de Hipt et al., 2018).  

 

 



78 

 

 
Fig. 4. 3 Boxplots showing the performance comparison of the ANN model for disaggregating 

hourly rainfall data to sub-hourly monthly maximum rainfall data during training (denoted by test) 

and testing (denoted by train) for 187 stations. Asterisk denotes the average value of the coefficient 

of correlation and RMSE value. 

 
 

We further compared the performance of the ANN in disaggregating hourly rainfall to the sub-

hourly monthly maximum with a recently developed stochastically-generated 15-min rainfall 

dataset of Takhellambam et al. (2022a). We compared the stochastic and ANN methods in 

generating the monthly maximum rainfall using the 1-hour data (Fig. 4.4 and 4.5). The quantile-

quantile plot (at the top row of Fig. 4.4) shows that the performance of the stochastic method is 

closely related to the observed rainfall for smaller rainfall depths (the solid line represents the 

perfect model). However, as the rainfall depth increases, the stochastic model shows an increase 

in the variance in all the temporal scales of 15-, 30-, and 45-min. Takhellambam et al. (2022a) 

concluded that the stochastic method underestimated the rainfall intensities compared to the 
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observed datasets with an average NSE and r ranging from 0.48 to 0.8 and 0.78 to 0.9, respectively 

(Fig. 4.5). 

The quantile-quantile plot of the ANN method shows a better performance with smaller variance 

than the stochastic method (Fig. 4.4), especially with higher rainfall intensities.  The average NSE 

and r values were found in the range of 0.67 to 0.84 and 0.83 to 0.93, respectively (Fig. 4.5). This 

indicated that the ANN has a satisfactory performance when generating monthly maximum rainfall 

of 15-, 30-, and 45-min from 1-hour data since its NSE is greater than 0.6 (Mirhosseini et al., 

2014). 

Moreover, we found the null hypothesis of better performance of stochastic approach than the 

ANN model in disaggregating hourly data to a monthly maximum of sub-hourly rainfall data is 

rejected (p-value~0) using one-sided Student t-test and Wilcoxon sign rank test, favoring the 

alternate hypothesis (at a 5% significance level). Therefore, we conclude that the ANN mod el's 

performance is superior compared to the stochastic model in generating 15-, 30-, and 45-min 

monthly maximum rainfall from 1-hour rainfall. Previous studies also found similar results of 

superior performance by the ANN model over other disaggregation methods, especially compared 

to the stochastic method (Mirhosseini et al., 2014; Zhao et al., 2021). This is because neural 

networks can perform better in approximating complex relationships. The unique structure of the 

ANN, which connects each hidden layer to the output nodes provides a better approximation of 

complex non-linear relationships with no major distributional assumptions (Dibike and Coulibaly, 

2006; Mirhosseini et al., 2014).  
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Fig.4.4 Quantile-quantile plot for comparing ANN and stochastic model in downscaling monthly 

maximum of 15-, 30-, and 45-min rainfall for all 187 stations.  
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Fig. 4.5 Boxplots showing the statistical comparison between ANN (denoted by ANN) and 

stochastic (denoted by Stoch) model for disaggregating hourly rainfall data to sub-hourly monthly 

maximum rainfall for 187 stations. Asterisk denotes the average value of the coefficient of 

correlation and NSE value. 

4.3.2 Rainfall Intensity Duration Frequency Curves  

The future projected rainfall IDF curves were developed using durations of 15-, 30-, and 45-min 

with return periods of 2-, 5-, 10-, 25-, 50-, and 100-year using five climate models under the 

RCP8.5 scenario for the Southeast United States. We used kriging interpolation to generate a 

spatial variation of extreme rainfalls that provides an understanding and identification of extreme 

rainfall areas. This resulted in 90 different maps (5 RCMs per 6 Return Periods per 3 Durations). 

For brevity, we provide maps for all durations with return periods of 25-, 50-, and 100-year for the 

CANESM and the remaining models are presented in Fig. 4.6 and Appendix C1 (C1.1-1.4), 

respectively. Fig. 4.6 shows the spatial variations of future projected annual maximum rainfall of 
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15-, 30-, and 45-min with a return period of 25-, 50-, and 100-year using the CANESM model. 

This provides information on rainfall magnitude and recurrence of extreme rainfall depths based 

on frequency analysis (Ragno et al., 2018). 

 

Fig. 4.6 Map showing the spatial variation of rainfall depth for 15-, 30-, and 45-min with a return 

period of 25-, 50-, and 100-year under CANESM.  

 

The maximum annual rainfall intensity using the duration of 15-min under the CANESM model 

was found to range from 30 to 234 mm h−1 under 2-, 5-, 10-, 25-, 50-, and 100- year return periods. 

Likewise, the maximum annual rainfall intensity for the remaining duration of 30-, and 45-min 

ranged from 22 to 193 mm h−1 and 15 to 148 mm h−1, respectively. We observed (Fig. 4.6) that 

the extreme rainfall of annual maximum of 15-, 30-, and 45-min with the return period of 25-, 50-
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, and 100-year are mostly found in both the Gulf-Atlantic coast and the Appalachian Mountains. 

The remaining climate models also found results consistent with this (see Appendix C1). This 

demonstrates the similar higher and lower trend of both annual average and maximum rainfall over 

the region (Takhellambam et al., 2022a). Among these models, the MPIREG model found greater 

maximum rainfall intensities. The remaining models of HADGEM, GFDL, MPIREG, and 

MPIWRF for all durations showed maximum rainfall intensities ranging from 20 to 227 mm h−1, 

16 to 168 mm h−1, 16 to 259 mm h−1, and 16 to 239 mm h−1, respectively, in given return periods 

of 2-, 5-, 10-, 25-, 50-, and 100-year. The differences among these models, among others, are due 

to the different mechanisms for generating rainfall (Mirhosseini et al., 2014). These multiple 

models enable us to quantify the ranges of maximum rainfall intensities.  

Convective rainfalls cause more rain to fall along the Gulf and Atlantic coasts. This is due to the 

warm, humid, and subtropical air from the coastal areas that result in a greater number of intense 

rainfall events, especially from May to September (Kim et al., 2020; Perica et al., 2013). This 

further brings intense rainfall inland and provides greater rainfall in the flat regions 

(Takhellambam et al., 2022b). Moreover, the Appalachian Mountains receive higher rainfalls due 

to the orographic effect (Takhellambam et al., 2022b). In addition, the 15-min datasets have greater 

intensities as compared to the aggregated datasets of 30 and 45-min which is due to the smoothing 

of rainfall intensities. For instance, the peak rainfall intensity of smaller temporal scales is 

averaged over the scale of 30-min or 45-min resulting in decreased intensity. 

For better discussion, we selected five rain-gauge stations across the region (Table 4.1), three of 

which are in urban areas, namely Venice, New Orleans Audubon, and Mullins, while the other two 

are in sparsely inhabited areas. Table 4.2 shows the comparison of annual maximum rainfall of 

15- and 30-min duration with return periods of 2-, 5-, 10-, 25-, 50-, and 100-year between our 
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study using the observed data (hereinafter referred to as OBS in Table 4.2) and findings of 

NOAA’s National Weather Service (hereinafter referred to NWS) Atlas 14, volume 9, version 2 

(Perica et al., 2013). The NWS findings of annual maximum rainfall of 15-min with a 2-year return 

period show a range from 82 to 120 mm h−1. Moreover, the extreme rainfall depth of 100-year 

shows a minimum and maximum of 162 mm h−1 and 238 mm h−1 respectively. Our study using 

the observed annual maximum rainfall of 15-min ranged from 65 to 103 mm hr−1 with a recurring 

period of 2-year. In addition, a 100-year return period of 15-min rainfall depth shows rainfall in 

the range of 122 to 168 mm h−1, respectively. Furthermore, the NWS’s annual maximum rainfall 

of 30-min in all return periods ranges from 60 to 187 mm h−1, while our study shows rainfall was 

in the range of 43 to 125 mm h−1.  

All the annual maximum rainfalls in our study have been underpredicted compared to the NWS 

findings that range from 10 % to 41%. One of the primary reasons for the disparity in rainfall 

depths is the parameter estimation approach used for the Gumbel d istribution which then allows 

to delivery of the IDF curves. For example, NWS used L-moment-based regional frequency 

analysis, whereas our study used maximum likelihood estimation.  

Table 4.1 Description of selected locations for the assessment of IDF curves. 

Sl No Name of Station Latitude (°N) Longitude (°W) Elevation (feet) 

1 Huntsville 1 SSW 36.07 -93.75 1783 
2 Venice 27.1 -82.44 8 

3 Unicoi State Park 34.72 -83.72 1594 
4 New Orleans Audubon 29.92 -90.13 20 

5 Mullins 34.19 -79.25 110 
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Table 4.2 Comparison of annual maximum rainfall (in mm h−1) of 15- and 30-min duration with 

return periods of 2-, 5-, 10-, 25-, 50-, and 100-year between our study using the observed data 

(denoted by OBS) observed data and findings of NOAA’s National Weather Service (denoted by 

NWS). 

 

 

Station Dur 

Return Period (years) 

2 5 10 25 50 100 

NWS OBS NWS OBS NWS OBS NWS OBS NWS OBS NWS OBS 

Huntsville 
1 SSW 

15-min 82 65 98 80 112 90 132 103 147 113 162 122 

30-min 60 43 73 50 83 56 97 62 109 67 120 71 

Venice 

15-min 120 98 142 115 159 125 182 139 200 149 216 158 

30-min 90 64 107 77 120 85 137 96 150 104 163 112 

Unicoi 
State Park 

15-min 90 69 108 85 124 96 147 109 166 119 186 129 

30-min 64 44 77 54 89 61 105 70 119 76 133 82 

New 
Orleans 
Audubon 

15-min 114 103 138 120 159 132 189 147 213 157 238 168 

30-min 
88 69 107 84 124 94 148 107 167 116 187 125 

Mullins 

15-min 109 76 128 94 143 106 161 121 175 132 188 144 

30-min 75 48 91 60 104 68 119 77 132 84 144 91 
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Fig. 4.7 Ensemble IDF curves with 95% confidence interval for historical and future projected 

located at Unicoi State Park under the RCP8.5 scenario with 2-, 5-, 10-, 25-, 50-, and 100-year 

return periods using ANN.  

 

Table 4.3 Comparison of relative change (in %) in annual maximum of rainfall between future 

projected and historical rainfall IDF curves using ANN. 

Station Dur 
Return Period (years) 

2 5 10 25 50 100 

Huntsville 1 SSW 
15-min 12 16 19 21 22 23 
30-min 7 9 9 10 10 11 

45-min 9 14 17 19 21 22 

Venice 
15-min 11 12 13 14 15 15 
30-min 12 15 16 17 18 19 

45-min 16 18 18 19 19 20 

Unicoi State Park 

15-min 18 22 23 25 26 27 

30-min 18 23 25 27 28 29 
45-min 16 19 20 22 23 23 

New Orleans 
Audbon 

15-min 8 14 18 22 24 26 

30-min 10 18 22 26 28 31 
45-min 12 22 27 31 34 36 

Mullins 
15-min 10 10 10 11 11 11 
30-min 19 21 21 22 23 23 
45-min 19 21 22 23 23 24 
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For the same locations discussed above (Table 4.1), we compared annual maximum rainfall 

between the future projected and historical scenarios. We combine all five climate model outputs 

as a single ensemble. This allows the combining of various sources of information from different 

models to minimize the uncertainty associated with each model. We further show the ensemble 

annual maximum rainfall (Fig. 4.7) of 15-, 30-, and 45-min with return intervals of 2-, 5-, 10-, 25-

, 50-, and 100-year between the historical and future periods using the ANN located at Unicoi State 

Park (34.72°N, -83.72°W). The shaded area represents both future and historical IDF curves with 

95% confidence intervals. We refer the reader to Appendix C2 (C2.1-2.4) for the remaining four 

locations of Huntsville 1 SSW, Venice, New Orleans Audubon, and Mullins. We found that the 

historical annual maximum rainfall at Unicoi State Park ranges from 26 to 54 mm h−1 with a 

return period of 2-year. The rainfall intensities increase with larger recurring intervals, with the 

greatest value in 100-year that ranges from 49 to 107 mm h−1. Moreover, we found that the annual 

maximum rainfall under future scenarios increased compared to the historical period for each 

duration and recurring interval. The rate of increase in the future rainfall intensity ranges from 

16% to 29% (Table 4.3). 

Similarly, the historical annual maximum rainfall of 15-, 30-, and 45-min with a return period of 

2-, 5-, 10-, 25-, 50-, and 100-year in the remaining locations has a minimum and maximum of 25 

to 134 mm h−1. Future scenarios show increasing rainfall intensities in all of the locations as 

compared to the historical period ranging from 7% to 36%. Overall, the minimum and maximum 

rainfall intensities under future scenarios were found in the range of 28 to 169 mm h−1. The 

aforementioned findings indicate that the future projected extreme rainfall depths are significantly 

increased from the historical scenario for the Southeast United States. 
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4.3.3 Uncertainty in the IDF Curves  

Large uncertainties are associated with developed IDF curves owing to the variety of factors in 

both observed and model datasets. Most of the observed rainfall measurement methods and 

products are associated with inaccurate measurements due to the loss of rainfall characteristics i.e., 

amount, frequency, and intensity. This includes human error, measurement thresholds, 

evaporation, and wind effects. However, it is challenging to verify these errors in our rainfall 

dataset of observed events (Zhao et al., 2021).   

According to Mirhosseini et al. (2013), uncertainty may result from the physical parametrization 

of climate models, such as the development of the rainfall process in various models, or the varied 

boundary conditions of climate projections. In addition, the typical climate model bias is a 

consequence of many wet days with low rainfall intensities (Takhellambam et al., 2022a). 

Therefore, we are using multiple climate models to capture the various uncertainties associated 

with different climate models. The uncertainty associated with each model for future projected 

rainfall IDF curves was quantified with mean rainfall values along with standard deviation using 

all stations (Fig. 4.8). Under the CANESM model, the mean rainfall intensities and standard 

deviation range from 34 to 130 mm h−1 and 8 to 28 mm h−1, respectively. Likewise, the 

remaining models show both mean rainfall intensity and standard deviation in the range of 34 to 

135 mm h−1 and 7 to 28 mm h−1, respectively. Among all of the models, the minimum and 

maximum standard deviations were 7 mm h−1 and 28 mm h−1 under GFDL and CANESM, 

respectively.  
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Fig. 4.8 Bar plots showing mean rainfall intensity with ±1standard deviation of projected future 

rainfall IDF curves for five climate models with 2-, 5-, 10-, 25-, 50-, and 100-year return periods 

using ANN over the southeastern United States.  

 

The variability in rainfall IDF curves among different climate models is due to the different 

boundary conditions used for precipitation generation.  For instance, the annual maximum of 1-

day rainfall (RX1day) varies with each climate model. Supari et al. (2020) found that a climate 

model shows greater rainfall as much as five times for the same location than the remaining 

models. One of the main reasons is the inability of the model to represent topography, vegetation, 

and atmospheric conditions (Vizy and Cook, 2012), although, extreme rainfalls could be 

represented with a finer resolution of climate models (Kitoh and Endo, 2016). Moreover, the 

projected rainfall characteristics may not always be similar to that of observed rainfall datasets.  
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Therefore, Giorgi et al. (2013), Mirhosseini et al.(2013), Supari et al.(2020), and Zhao et al.(2021) 

recommended using multiple climate models for hydrological applications. Moreover, the superior 

performance of the ANN over the stochastic model has resulted in reliable IDF curves. This has 

also been found in various previous studies (Burian et al. 2001; Dibike and Coulibaly,2006; 

Mirhosseini et al.,2014; Zhao et al.,2021). Burian and Durrans (2002) found the ANN to be a 

viable option for disaggregating hourly to sub-hourly rainfalls. On the other hand, despite choosing 

a particular disaggregating method, we found that most of the climate models show an increasing 

extreme rainfall depth over the Southeast United States.  

4.4 Conclusions 

We developed future projected rainfall IDF curves using a monthly maximum rainfall sub-hour 

(15-, 30-, and 45-min) scale of rainfall with a return period of 2-, 5-, 10-, 25-, 50-, and 100-year. 

These maximum values were obtained by developing 561 ANN models for the Southeast United 

States. This study confirms the satisfactory performance of the computationally efficient feed-

forward back-propagation ANN model in disaggregating monthly maximum rainfalls to sub-

hourly scales from hourly scales. Moreover, the model also showed better performance than the 

stochastic model for generating sub-hour monthly maximum rainfall with an average NSE ranging 

from 0.67 to 0.84. The training and test results of the ANN models were evaluated with two 

statistical measures consisting of the coefficient of correlation and the root mean squared error 

which highlighted its satisfactory performance in disaggregating the monthly maximum rainfall 

depths. These results were further supported by the quantile-quantile plot and boxplots of NSE. 

The average NSE using the ANN model for 15-min is greater than 0.6 indicating a satisfactory 

performance. In addition, we also found that there is a significantly better performance of the ANN 

over the stochastic model by rejecting the null hypothesis at a 5% significant level. The null 
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hypothesis of better performance of stochastic approach than the ANN model in disaggregating 

hourly data to a monthly maximum of sub-hourly rainfall data is rejected (p-value~0) using a one-

sided Student t-test and Wilcoxon sign rank test. These findings also showed that the ANN model 

is superior to the stochastic model in generating monthly maximum rainfall. These results are 

further improved with larger temporal scales of 30-min and 45-min. The Kolmogorov-Smirnov 

test supports the assumption that the annual maximum rainfalls come from Gumbel extreme 

distribution. A comparison of five selected locations showed that the estimated observed annual 

maximum rainfall of 15-min and 30-min with a recurring interval of 2-, 5-, 10-, 25-, 50-, and 100-

year are found to be closely related to reported rainfall values of NWS. The results show an 

increasing rate of future rainfall compared to the historical period by 7% to 36%. The mean 

projected future rainfall intensities over the southeast United States range from 34 to 135 

mm h−1 for a duration of 15-, 30-, and 45-min with a return period of 2-, 5-, 10-, 25-, 50-, and 

100-year. In addition, the standard deviation ranges from 7 to 28 mm h−1 between five climate 

models. The spatial variation of future projected extreme rainfall depths showed that the Gulf -

Atlantic coast and the Appalachian Mountains are projected to receive more extreme rainfalls. This 

finding confirms the need to update future IDF curves which can better inform the design of water 

resource infrastructures. 
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CHAPTER 5   

Quantifying Uncertainty in Projected Rainfall Intensity Duration Frequency Curves Using 

Artificial Neural Network and Bootstrapping Resampling Technique 

5.1 Introduction 

Climate change has increased extreme rainfall events in both magnitude and frequency in many 

parts of the United States and climate models project similar trends to continue into the 21st century 

(Lopez‐Cantu et al., 2020; Prein et al., 2017). The observed extreme events of daily rainfall with 

76.2 mm or more had an estimated average of 0.95 days per year in the 1900s and escalated during 

the 1990s, 2000s, and 2010s by 23%, 16%, and 20%, respectively (Takhellambam et al., 2023). 

IPCC (2018) reported that temperature is further expected to increase by 1.5℃  with the current 

rate of emission of greenhouse gases from 2030 to 2052. As temperature increases, so does the 

rate of evaporation and amount of moisture in the atmosphere (Wang et al., 2016). Greve et al. 

(2014) reported 10.8% of the global land area has found a robust pattern of ‘dry gets drier, wet 

gets wetter’. Moreover, rainfall intensity is likely to increase up to 7% per unit degree Celsius 

increase in temperature (Easterling et al., 2017). 

One of the consequences of extreme rainfall events is flooding which adversely impacts the 

socio-economy of a region. The magnitude of flood could be further augmented as a result of 

urbanization, i.e., the increase in pavements and impermeable surface area, ultimately leading to 

an increase in flash floods by reducing runoff time (Zhao et al., 2023). Therefore, developing 

accurate rainfall IDF curves for designs of hydrological and hydraulic infrastructure, for instance, 

dams, sediment control structures, and stormwater drainage systems would help to lessen the 

impact of extreme rainfall events (Almazroui et al., 2019; Ng et al., 2019). The existing structures 

in the United States are based on historical extreme rainfall events, and new infrastructures should 
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be designed with consideration of projected future extreme rainfall events (Lopez‐Cantu et al., 

2020). Many studies have suggested that the non-stationarity of climatic patterns is increasing and 

IDF curves based on stationary assumptions underestimated the extreme rainfall events 

(Mirhosseini et al., 2014; Sarhadi and Soulis, 2017; Vu and Mishra, 2019; Zhu, 2013; Zhu et al., 

2012).   

 Estimation of projected rainfall IDF curves is particularly needed for the Southeast United 

States as the region is expected to undergo significant changes in rainfall characteristics (McGehee 

and Srivastava, 2018). Previous studies (Cheng and AghaKouchak, 2014; Ganguli and Coulibaly, 

2019; Ghasemi Tousi et al., 2021; Mirhosseini et al., 2014, 2013; Sarhadi and Soulis, 2017; Zhu, 

2013; Zhu et al., 2012) used aggregated rainfall (hourly or daily) for developing IDF curves 

considering the non-stationary under changing climatic patterns. However, aggregated rainfall is 

underpredicted as compared to a breakpoint or sub-hourly rainfall due to smoothing (McGehee 

and Srivastava, 2018; Takhellambam et al., 2023). Therefore, Mirhosseini et al. (2015, 2014, 2013) 

and Chapter-4 developed IDF curves using sub-hourly rainfalls for the southeastern United States 

considering the non-stationarity of future projected rainfall events.  

The  climate models are associated with various uncertainties such as epistemic uncertainties 

(Al Kajbaf et al., 2023; Emmanouil et al., 2022), due to a lack of understanding of physical 

processes, insufficient information, or analytical resources (Mirhosseini et al., 2015; Solaiman, 

2011). Furthermore, future climate models are based on greenhouse gas concentrations in the 

atmosphere and the carbon cycle, both of which are subjected to uncertainties (Solaiman, 2011). 

These uncertainties associated with the IDF curves are further augmented with choices of statistical 

modeling such as distribution and parameter estimation (Al Kajbaf et al., 2023; Takhellambam et 

al., 2022c). 
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Therefore, uncertainty quantification, particularly for extreme rainfall events is useful for 

stakeholders, e.g., policymakers, researchers, and farmers, that are engaged in adaptation and 

mitigation to climate change. Uncertainty quantification can help to account for the variability in 

climate models output and account for it during the management practices development process 

(Ng et al., 2019). Therefore, better decision-making for climate adaptation and mitigation by 

stakeholders requires accurate uncertainty estimates (Katz et al., 2013; Guttorp, 2012).  

Mirhosseini et al. (2013) developed future IDF curves using six global and regional climate 

models over Alabama, USA using a stochastic rainfall disaggregation method and generalized 

extreme value distribution. The findings suggested accounting for uncertainty analysis is 

extremely important in the datasets generated from the climatic models. Mirhosseini et al. (2014) 

further improved rainfall disaggregation generated by a stochastic method through a feed-forward 

back propagation artificial neural network model while generating sub-hourly rainfalls. Using 

these rainfall datasets, IDF curves were developed using the generalized extreme value (GEV) 

distribution over Alabama. Additionally, IDF curves were created (Chapter-4) for the Southeast 

United States using the Gumbel distribution and a modified ANN approach for generating 

disaggregated sub-hourly monthly maximum using hourly rainfall. However, no hyperparameter 

adjustment for disaggregation was performed in any of the rainfall disaggregation algorithms in 

earlier investigations. Considering these limitations, our study aims to quantify the uncertainty 

associated with future projected rainfall IDF curves for selected 11 largest cities of the Southeast 

United States under the RCP8.5 scenario using rainfall datasets of 2030 to 2059. Therefore, the 

objectives of this study were to: 

i. Evaluate the effect of Hyperparameter tuning on Neural network’s performance for rainfall 

disaggregation; 
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ii. Quantify the impact of bias correction on IDF curves; and  

iii. Quantify uncertainty in IDF curves using Bootstrapping resampling technique. 

5.2 Data and Study Area 

We selected the 11 largest cities (one city per state) from the states of Alabama, Arkansas, 

Florida, Georgia, Kentucky, Louisiana, Mississippi, North Carolina, South Carolina, Tennessee, 

and Virginia of the southeastern United States. Rainfall in the study region ranges from 1000 to 

1250 mm per year, which is significantly higher than the national average of 856 mm (Ingram et 

al., 2013; Takhellambam et al., 2022a).  

The National Oceanic and Atmospheric Administration National Climatic Data Center (NOAA 

NCEI, 2014) provides measured 15-minute rainfall data from 1971 to 2013.  We filtered rainfall 

stations using 20.11 screening method to remove stations having rainfall datasets of fewer than 20 

years and complete measured rainfall of fewer than 11 months each year (Takhellambam et al., 

2022a). We selected 11 rainfall stations nearest each state’s largest city (Fig 5.1 and Table 5.1).  

Historical (1970-1999) and future (2030-2059) projected rainfall were obtained for 5 climate 

models from the North American-Coordinated Downscaling Experiment (NA-CORDEX) having 

a temporal and spatial resolution of 1-hr and ~50 km respectively. The models are represented with 

CANESM (Canadian Earth System Model- Canadian Regional Climate Model version 4), 

HADGEM (Hadley Centre Global Environment Model version 2 Earth system model- Weather 

Research and Forecasting), GFDL (Earth System Model – Geophysical Fluid Dynamics 

Laboratory), MPIREG (Regional Climate Model version 4, Max Planck Institute for Meteorology 

Earth System Model LR), and MPIWRF (Weather Research and Forecasting, Max Planck Institute 

for Meteorology Earth System Model LR) (Giorgi and Anyah, 2012; Scinocca et al., 2016; 

Skamarock et al., 2005). These models were forced with RCP8.5 scenario.  
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Fig. 5.1 Map showing the locations of 11 rainfall stations. 

 

Table 5.1 Descriptions of 11 rainfall station locations. 

No. Name of Sites State Longitude (°W) Latitude (°N) 

1 Warrior Arkansas 92.33 34.74 

2 Ferndale 6 E Louisiana 90.07 29.95 

3 Raiford State Prison Mississippi 90.18 32.30 

4 Dallas 7 Ne Alabama 86.81 33.52 

5 Fordsville Tennessee 86.78 36.17 

6 New Orleans Audubon Kentucky 85.77 38.25 

7 Canton 4n Georgia 84.39 33.75 

8 Mount Pleasant Florida 81.66 30.34 

9 Manning Virginia 75.98 36.85 

10 Lebanon North Carolina 80.84 35.22 

11 Piedmont Research Sta South Carolina 79.93 32.77 
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5.3 Methodology 

5.3.1 Bias correction  

The climate models should be bias-corrected due to errors associated with a greater number of 

rainy days that result in smaller rainfall intensities as compared to the observed rainfall, 

particularly for the NA-CORDEX rainfall datasets (Takhellambam et al., 2022a). The Quantile 

delta mapping method was used as given below (equation 5.1) for bias correction. 

𝑥 𝑚,𝑝.𝑎𝑑𝑗𝑠𝑡 . = 𝑥𝑚,𝑝

𝐹𝑜
−1  𝐹𝑚,𝑝 𝑥𝑚,𝑝  

𝐹𝑚,ℎ
−1  𝐹𝑚,𝑝 𝑥𝑚,𝑝  

 5.1 

where, o, h, and p are observed, historical, and projected scenarios respectively. m indicates the 

climate model. In addition, F is the cumulative probability distribution function (CDF).  

5.3.2 Hyperparameter tuning of rainfall disaggregation 

The architecture of the multi-layered perceptron is provided in Fig 5.2 for disaggregation of 

hourly to sub-hourly monthly maximum rainfall. A detailed methodology has been described in 

the 4.2.3 section. Chapter-4 advocated this method for rainfall disaggregation from hourly to sub-

hourly rainfall using an artificial neural network model. This model is associated with various 

hyperparameters, i.e., number of neurons per layer, learning rate, dropping rate, and activation 

function which cannot be streamlined during the training. Hyperparameter tuning selects an 

optimal value for hyperparameters, otherwise, the model will have lesser accuracy (Amini et al., 

2023). This study used a commonly used random search method for tuning the hyperparameters 

due to better efficiency than other methods such as grid search and manual search (Bergstra and 

Bengio, 2012). 
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Fig. 5.2 Rainfall disaggregation using artificial neural network. Here, c and f represent hourly and 

finer (sub-hourly) monthly maximum rainfall (P) at the time (t). In addition, t-1 and t+1 indicate 

previous and subsequent hour rainfall datasets, respectively. 

 

Random search tuning of hyperparameters searches the possible values through randomization 

from a given range of hyperparameters’ values. This algorithm has an advantage over the grid 

search with fewer iterations in selecting the optimal hyperparameter values (Amini et al., 2023). 

The following hyperparameters’ ranges were used considering the results from Chapter-4. 

 

Table 5.2 Range or set of hyperparameter values used for tuning ANN for disaggregating hourly 

to sub-hourly rainfall using Random Search. 

 

No. Hyper Parameters Range/Sets of Values 

1 Activation function ReLU, tanh, and sigmoid 

2 Batch Size [16, 32, 64, 128] 

3 Dropout rate [0.2, 0.3, 0.4, 0.5] 

4 Optimizer ADAM [0.0008, 0.001, 0.01] 

5 epochs [10, 100, 1000, 5000] 

6 Learning rate [0.0001, 0.001, 0.01] 

7 # Neuron  16-32 
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5.3.3 Development of IDF curves using Bootstrapping resampling approach  

The study used the bootstrap resampling method, considering both simplicity and a 

computationally efficient approach for quantifying the uncertainty associated with IDF curves. 

The method allows a generation of large samples of datasets with replacement and resampling of 

original datasets assuming independent and identically distributed samples (Ng et al., 2019). The 

sampling used in this bootstrapping technique involved the following steps: 

1. Assume the monthly maximum rainfall for sub-hourly durations of 15-, 30-, and 45-min 

are 𝑋 = 𝑋1 , 𝑋2,… ,𝑋𝑛, where n is the total number of rainfall records. 

2. Random selection of monthly maximum rainfalls with replacement from the original 

rainfall sample. The resampling was repeated 10,000 times to ensure reliable and accurate 

estimation of parameters, 𝑋′ = 𝑋1
′ (𝑖)

,𝑋2
′ (𝑖)

,… , 𝑋𝑛
′ (𝑖)

, where 𝑖 = 1,2,… , 10000  (Ng et al., 

2019).  

The generated rainfall samples were further used to develop IDF curves using Gumbel 

distribution with suggestions from previous studies of Mirhosseini et al. (2014) and Chapter-4.  

The probability distribution is given as (equation 5.2) 

𝐺(x) = 𝑒𝑥𝑝[−𝑒𝑥𝑝{− 
x −𝜇

𝜎
 }]  for         𝑥: 1 + 𝜉  

x −𝜇

𝜎
 > 0                                                5.2 

where 𝑥  is the monthly maximum rainfall. µ, σ, and ξ are location, scale, and shape parameters, 

respectively.  

Maximum likelihood estimation is used to estimate the parameters, provided the model is 

adequately stated. It has the best statistical qualities when compared to other techniques like the 

method of moments (Mahdi and Cenac, 2005). We followed the procedure described in Chapter-

4 for developing the IDF curves stated below: 
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1. Extract annual maximum rainfall for each duration of 15-, 30-, and 45-min.  

2. Calculate rainfall depth, 𝑋𝑇 for return periods of 2-, 5-, 25-, 50-, and 100-year) using 

Gumbel distribution as given below (equation 5.3) 

𝑋𝑇 = 𝑥̅ +𝐾𝑇𝑆                                                                                                                            5.3 

where, 𝑥̅  and S are mean, and standard deviation, respectively. Frequency factor, 𝐾𝑇 is given by 

(equation 5.4) 

𝐾𝑇 = −
√6

𝜋
[0.5772 + 𝑙𝑛 (𝑙𝑛  

𝑇

𝑇−1
 )]                                                                                        5.4 

           

5.4 Results and Discussion 

This study assessed and quantified factors responsible for the uncertainty associated with the 

development of rainfall IDF curves. These include hyperparameter tuning, bias correction, and 

bootstrapping techniques. 

5.4.1 Performance of rainfall disaggregation with hyperparameter optimization 

Results showed that each station had a distinct combination of hyperparameters of the multi-

perceptron network (Table 5.3). We found ReLU activation function was most commonly used 

followed by tanh and sigmoid. The batch sizes ranged from 16 to 128, with the highest number of 

epochs being 5000. The dropout rate varied from 0.2 to 0.5, indicating a relatively high 

regularization level to prevent overfitting. The learning rate ranged from 0.0001 to 0.01, with a 

higher learning rate being used in some cases. The optimizer used ranged from 0.0008 to 0.01. The 

number of neurons varied from 18 to 30. It is important to highlight that these results implied that 

the selection of hyperparameters depends on the particular dataset and problem being addressed. 
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Table 5.3 Optimal hyperparameters of ANN for rainfall disaggregation of hourly to sub-hourly 

scale for 11 locations using Random Search. 

List activation batch Dropout epochs Learning rate Optimizer # Neuron 

1 ReLU 32 0.4 1000 0.001 0.01 26 

2 ReLU 128 0.3 5000 0.001 0.01 19 

3 tanh 16 0.5 5000 0.0001 0.0008 28 

4 sigmoid 16 0.2 1000 0.001 0.0008 27 

5 ReLU 128 0.3 100 0.001 0.01 30 

6 tanh 16 0.5 5000 0.0001 0.0008 28 

7 ReLU 64 0.4 5000 0.01 0.001 23 

8 sigmoid 16 0.2 1000 0.001 0.0008 27 

9 ReLU 128 0.4 1000 0.01 0.001 27 

10 sigmoid 128 0.4 5000 0.0001 0.01 18 

11 tanh 16 0.5 5000 0.0001 0.0008 28 

 

 

 
Fig. 5.3 Performance comparison of rainfall disaggregation using ANN with and without random 

search hyperparameter tuning method. 
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We also compared the performance for rainfall disaggregation of hourly to monthly maximum 

rainfall with and without (Takhellambam et al. 2023) hyperparameter tuning (Fig 5.3). The results 

from the training dataset showed an average coefficient of correlation (r) for all durations did not 

improve as compared to what is reported in Chapter-4. Whereas, the average coefficient of 

correlation (r) for all duration except 15-min in the testing dataset was greater than the r value 

reported in Chapter-4. We found that r values of disaggregated rainfall for each duration of 15-, 

30-, and 45-min have values of 0.77, 0.91, and 0.94, respectively. The null hypothesis of no 

significant difference in rainfall disaggregation performance with and without hyperparameter 

tuning using paired t-test is accepted with p-values of 0.38 and 0.12, respectively, at a significance 

level of 5%.  

5.4.2 Impact of Bias Correction on IDF Curves 

There is an improvement in the developed rainfall IDF curves with bias correction compared 

to the non-bias-corrected rainfall datasets for each climate model (Fig 5.4). The range of historical 

extreme rainfall intensities for five climates models of CANESM, HADGEM, GFDL, MPIREG, 

and MPIWRF is 7 to 10, 8 to 13, 9 to 16, 10 to 20, 11 to 24, and 12 to 27 mm h−1 having a return 

period of 2-, 5-, 10-, 25-, 50-, and 100-yr, respectively. Bias correction significantly improved 

extreme rainfall events in all climate models at each recurrence period. The rate of increase in the 

IDF curves for all climate models ranges from 120 to 271%, 138 to 300%, 119 to 311%, 100 to 

330%, 83 to 336%, and 78 to 342% at a return period of 2-, 5-, 10-, 25-, 50-, and 100-yr, 

respectively. 

Rainfall intensity tends to increase with the return period. Higher return periods suggest a rarer, 

more extreme weather event, which would typically result in higher precipitation volumes. The 

results show that the effect of bias correction on rainfall amount is more pronounced for extreme 
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weather events and less pronounced for mild rainfall events. The Welch Two Sample t-test results 

confirmed that there is a statistically significant difference between bias-corrected and historical 

rainfall extremes, rejecting the null hypothesis of no significant change after bias correction with 

a p-value <0.05 at a significance level of 5%. This confirms the necessity for bias correction of 

rainfall datasets. Consistent results with improvement in rainfall after bias correction were also 

reported in Takhellambam et al., (2022b, 2022a) and  Zhao et al. (2022). The low-intensity rainfalls 

with more wet days are associated with NA-CORDEX rainstorm datasets. Although the amount 

of annual rainfall remained the same, this had a significant impact on the number of wet days 

(Takhellambam et al., 2022a). One of the reasons why there is a low extreme rainfall value in 

historical climate models. In addition, each climate model has different mechanisms of initial and 

boundary conditions for generating rainfalls. Furthermore, for a given climate model value, there 

is a consistent difference in rainfall intensities between bias-corrected and historical datasets (Fig 

5.4).  



104 

 

 

Fig. 5.4 Comparison between historical and bias-corrected historical IDF curves for Manning, 

Virginia. 

5.4.3 Uncertainty quantification of IDF curves using bootstrapping 

The relationship between the rainfall intensity, duration, and frequency is provided with the 

IDF curves for each duration and return period. Here, we reported the IDF curves obtained using 

the bootstrapping technique with resampling of 10,000 times for a randomly selected location in 

Manning, Virginia, with the CANESM model (Fig 5.5). This provides the confidence intervals of 

extreme rainfall intensities for durations of 15-, 30-, and 45-min having return period of 2-, 5-, 10-

, 25-, 50-, and 100-year. Compared to the developed confidence interval at a 5% significance 

interval, these confidence intervals offer a superior depiction. One of the main reasons is the 

averaging of 10,000 samples of annual maximum rainfalls underestimated the extreme values. For 

instance, extreme rainfall intensities for 15-min, 2-yr return period using bootstrapping approach 

and confidence interval at the 5% significance level are found in the range of 56.6 to 56.7 mm h−1 
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and 45 to 75 mm h−1, respectively. Likewise, appendix D1.1-1.4 show the remaining IDF curves 

for the HADGEM, GFDL, MPIREG, and MPIWRF climate models. These large sample sizes of 

IDF curves ensure better and more reliable extreme rainfall values (Ng et al., 2019). 

We found the rainfall intensities get reduced with increasing duration for all climate models 

and return periods (Fig 5.5). Because of averaging or smoothening, aggregated (30- and 45-min), 

rainfalls are underpredicted compared to 15-minute rainfalls (Op de Hipt et al., 2018; 

Takhellambam et al., 2023). 

 

Fig. 5.5 Plot showing the rainfall Intensity-Duration-Frequency curves using the bootstrapping 

resampling technique of 10,000 times for the CANESM model located at Manning, Virginia. 

 

Furthermore, we reported the ranges of annual extreme rainfall values of each duration of 15-

, 30-, and 45-min for all return periods of 2-, 5-, 10-, 25-, 50-, and 100-yr under five climate models 

for the randomly selected station of Manning, Virginia (Fig 5.6). Appendix D2.1-2.10 show the 

remaining boxplots of 10 rainfall stations provided in Table 5.1. For brevity, we are discussing the 

IDF values for the station located in Manning, Virginia. Across all five climate models, the extreme 
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yearly rainfall intensities increase with longer return times and durations. For example, the yearly 

maximum rainfall intensity for the five models ranged from 69 to 94 mm h−1 for the 15-minute 

duration and 2-year return period and from 93 to 130 mm h−1 for the 45-minute duration and 100-

year return period (Fig. 5.6). 

 
Fig. 5.6 Boxplots depicting the range of rainfall intensities for periods of 15-, 30-, and 45-min at 

return periods of 2-, 5-, 10-, 25-, 50-, and 100-Yr for all climate models at Manning, Virginia 

station. Asterisk denotes the average rainfall intensity. 

 

In addition, we also found that each climate model recorded varied rainfall intensities for the 

same return period and duration. For example, five models’ median precipitation values for the 

15-minute duration and 2-year return period ranged from 57 to 75 mm h−1. Similarly, the median 

precipitation values for the 30-minute duration and 50-year return period ranged from 76 to 106 

mm. This demonstrates that each climate model has distinct mechanisms of rainfall generation, 

namely initial and boundary conditions (Mirhosseini et al., 2014). As a result, we employed 
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various climate models to quantify the uncertainty or ranges of extreme annual rainfall values to 

provide a more accurate picture of future projected extreme rainfall projections. Moreover, the 

HADGEM and MPIWRF models had the highest average and median rainfall intensities over all 

return periods and durations, indicating that these models may produce more conservative 

projections of extreme rainfall. Overall, the minimum and maximum annual maximum rainfall 

intensities were found in the range of 38 to 55 mm h−1 and 143 to 210 mm h−1, respectively. The 

ensemble mean of all climate models of the annual maximum rainfall intensity at Manning, 

Virginia was found to range from 28 to 161 mm h−1 for each duration of all return periods (Table 

5.4). Similarly, the ensemble mean of all climate models of the annual maximum rainfall intensity 

at the remaining stations is provided in Appendix D3. This ensemble result summarizes the 

inherent uncertainty associated with various climate models. 

Table 5.4 Summary of annual maximum rainfall intensities (mm h−1) with ensemble mean of five 

climate models at Manning, Virginia. 

Duration 
Return 
Period Min Median Mean Max 

15-min 2-Yr 54 63 63 75 

15-min 5-Yr 65 78 79 99 
15-min 10-Yr 70 88 89 113 
15-min 25-Yr 78 101 101 130 
15-min 50-Yr 83 110 111 149 
15-min 100-Yr 88 120 120 161 
30-min 2-Yr 41 48 48 58 

30-min 5-Yr 50 60 60 75 
30-min 10-Yr 55 68 68 87 
30-min 25-Yr 60 77 78 103 

30-min 50-Yr 63 85 85 112 
30-min 100-Yr 69 92 92 126 
45-min 2-Yr 28 34 35 43 
45-min 5-Yr 35 45 45 59 

45-min 10-Yr 40 52 52 69 
45-min 25-Yr 45 61 61 84 
45-min 50-Yr 48 67 68 95 
45-min 100-Yr 51 74 74 101 
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5.5 Conclusions 

Climate impact studies are associated with various uncertainties that arise from the climate 

models, limited information, and a lack of understanding of physical processes. The quantification 

of uncertainties, particularly extreme rainfalls, helps decision-makers with climate change 

adaptation and mitigation strategies. Therefore, our study attempted to quantify the uncertainties 

associated with the updated rainfall IDF curves for the selected largest cities of each state of the 

southeast United States. Our findings showed that there are no significant differences while 

disaggregating hourly to sub-hourly monthly maximum rainfall with or without hyperparameter 

tuning of random search. This concludes that the hyperparameter tuning using random search does 

not have much substantial impact on the rainfall disaggregation performance. Furthermore, bias 

correction significantly improved the rainfall IDF curves by rejecting the null hypothesis of no 

difference with the Welch two sample t-test having a p-value <0.05 at a significance level of 5% 

and found the rate of change ranging from 78 to 342% in all return periods of 2-, 5-, 10-, 25-, 50-

, and 100-yr. In addition, greater differences between bias and non-bias corrected rainfall datasets 

were observed with increased return periods. This advocated for bias correction for studies 

sensitive to rainfall intensity. 

Bootstrapping resampling technique along with Gumbel distribution provided the future 

projected rainfall IDF curves for the sub-hourly (15-, 30-, and 45-min) duration with a return 

period of 2-, 5-, 10-, 25-, 50-, and 100-yr. We found that there is an increase in annual maximum 

rainfall intensities with longer return times and durations in all five climate models of CANESM, 

HADGEM, GFDL, MPIREG, and MPIWRF. Overall, the minimum and maximum annual 

maximum rainfall intensities were found in the range of 38 to 55 mm h−1 and 143 to 210 mm h−1, 

respectively. 
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In conclusion, this study developed future projected rainfall IDF curves for large cities in the 

Southeast United States using the bootstrapping technique. This approach can be applied in other 

similar studies. However, further studies could  improve quantifying the uncertainty associated 

with the generated IDF curves, such as human error in climate modeling which is often neglected, 

and uncertainty related to the randomness of natural processes. 
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CHAPTER 6  

Summary and Future Work 

6.1 Summary of this dissertation 

Climate change is occurring mainly due to anthropogenic activities that are increasing the 

greenhouse gases in the atmosphere. This has resulted and is resulting in increasing temperature 

that has a major effect on water resources and the agriculture sector, particularly, due to changes 

in extreme rainfall characteristics. To tackle the effect of climate change, proper mitigation and 

adaptation measures are required using reliable datasets, particularly in the southeast United States, 

the region with the greatest projected change in rainfall characteristics. Therefore, this dissertation 

focused on quantifying the effects of climate change on rainfall characteristics over the 

southeastern United States. The key findings of the main four objectives are summarized as 

follows. 

6.1.1 Temporal Disaggregation of Hourly Precipitation Under Changing Climate Over the 

Southeast United States 

The modified stochastic method performed satisfactorily in disaggregating hourly rainfall to 15-

min intervals.  Disaggregated 15-min rainfall dataset provides an improvement over hourly 

observed dataset. One of the major limitations is that the generated precipitation characteristics 

might not sufficiently represent the observed precipitation characteristics.   
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6.1.2 Projected Mid-Century Rainfall Erosivity Under Climate Change Over the 

Southeastern United States 

This study developed rainfall erosivity for the period 2030-2059 under RCP8.5 over the southeast 

United States using 15-min rainfall.  The most significant findings are:   

1. Under the RCP8.5 scenario, annual average precipitation, erosivity, and erosivity density in 

the Southeast are projected to increase by 14%, 47%, and 29%, respectively, for the period 

2030-2059 over the historical baseline (1970-1999). 

2. The historical and future ensemble model showed an average annual R-factor of 

11237MJ mm ha−1h−1yr−1 and 7665 MJ mm ha−1h−1yr−1, respectively.  

3. The southern part of Florida, the Appalachian region, and the coastal region of the Gulf of 

Mexico areas were predicted to experience the greatest absolute increase in erosivity while 

areas with lower baseline erosivities were generally predicted to see the largest relative 

changes.  

6.1.3 Artificial Neural Network-Empowered Projected Future Rainfall Intensity-Duration-

Frequency Curves under Changing Climate 

This study improved the performance of a feed-forward and backpropagation ANN model for 

disaggregating hourly to sub-hourly (15-, 30-, and 45-min) monthly maximum rainfall datasets. 

ANN model showed better performance than the stochastic model for generating sub-hour monthly 

maximum rainfall with an average NSE ranging from 0.67 to 0.84. In addition, IDF curves were 

updated for various return periods using disaggregated datasets and found future extreme events 

are increasing at a rate of 7% to 36% as compared to the historical period. The mean extreme 

rainfall intensities range from 34 to 135 mm h−1 for a duration of 15-, 30-, and 45-min with a 

return period of 2-, 5-, 10-, 25-, 50-, and 100-year.  
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6.1.4 Quantifying Uncertainty in Projected Rainfall Intensity Duration Frequency Curves 

Using Artificial Neural Network and Bootstrapping Resampling Technique 

This study quantified uncertainties associated with the projected IDF curves based on the non-

stationarity of sub-hourly rainfall datasets. There were no significant differences while 

disaggregating hourly to sub-hourly rainfall monthly maximum rainfall with or without 

hyperparameter tuning of random search. Moreover, bias correction of rainfall significantly 

improved the rainfall IDF curves more than the non-bias corrected datasets. In addition, developed 

IDF curves (15-, 30-, and 45-min duration with a return period of 2-, 5-, 10-, 25-, 50-, and 100-yr) 

using the bootstrapping resampling technique found minimum and maximum values of annual 

maximum rainfall intensities in the range of 38 to 55 mm h−1 and 143 to 210 mm h−1, 

respectively. 

6.2 Future Work 

1. Bias correction and temporal disaggregation of hourly rainfall could be improved using data-

driven approaches. Accuracy in existing approaches of both bias correction and temporal 

disaggregation, can be improved using state-of-the-art methods such as deep learning. 

2. A robust methodology for estimating erosivity using aggregated rainfall datasets is needed. 

This is because limited rainfall data is available at higher temporal resolution. 

3.  Rainfall characteristics are significantly influenced by climate variability indices like the El 

Niño-Southern Oscillation (ENSO) and Pacific Decadal Oscillation (PDO). Therefore, it is 

necessary to quantify how these indices relate to rainfall erosivity. 

4. The Sixth Phase of the Coupled Model Intercomparison Project (CMIP6) could provide 

different scenarios for rainfall erosivity and IDF curves. 
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Appendix A1  

Annual wet-hour frequency and annual average precipitation for all stations under 

different climate models between H60 and bias-corrected precipitation 

 

 

 

 

 

 

 

 

Note: BC before the names of climate models indicate “bias-corrected”. In addition, 
Appendix A2-A4 omitted for 1988-01-10 01:00:00 under GFDL due to large value 
(outlier). 
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Appendix A2  

Coefficient of determination between H60 and bias-corrected precipitation 

intensities for all station under different climate models 
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Appendix A3 

RMSE of hourly precipitation intensity between H60 and bias-corrected 

precipitation for all stations under various climate models 
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Appendix A4 

Standard deviation of hourly precipitation intensity between H60 and bias-corrected 

precipitation for all stations under various climate models 
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Appendix B1 

Comparison of rainfall erosivity using high-temporal resolution and aggregated 

rainfall datasets 

 

EI methods 
Advantage Disadvantage 

a) EI using 
hourly/daily/monthly 
data 

Aggregated (daily or 
hourly) rainfall data are 
widely available as 

compared to the high-
temporal resolution data 

(15-min). Therefore, they 
are used in many 
countries, especially in 

developing countries. 
 

Underestimation of EI 
due to smoothing of 
intensities. 

b) EI using 15-min data 
The intensities are 
comparably better than 
coarser data as peak 

intensities occurred in the 
first 15 minutes of a storm 
event. Therefore, it 

improves the erosivity 
estimation.  

Availability of high 
temporal rainfall data is 
limited especially for 

future scenarios e.g., 
sub-hourly rainfall data. 
Moreover, the available 

rainfall characteristics 
may not be the same as 

the observed rainfall 
datasets. 
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Appendix C1 

Maps showing the spatial variation of rainfall depth for 15-, 30-, and 45-min with a 

return period of 25-, 50-, and 100-year  

C1.1. HADGEM 
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C1.2. GFDL 
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C1.3. MPIREG 
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C1.4. MPIWRF 
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Appendix C2 

Ensemble IDF curves with 95% confidence interval for historical and future 

projected under the RCP8.5 scenario with 2-, 5-, 10-, 25-, 50-, and 100-year return 

periods using ANN 

 

C2.1. Huntsville 1 SSW 

 

C2.2. Venice 
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C2.3. New Orleans Audubon 

 
 

C2.4. Mullins 
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Appendix D1 

Plot showing the rainfall Intensity-Duration-Frequency curves using the 

bootstrapping resampling technique for a site located at Manning, Virginia 

D1.1. HADGEM 

 

 

D1.2. GFDL 
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D1.3. MPIREG 

 

 

D1.4. MPIWRF 
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Appendix D2 

Boxplots depicting the range of rainfall intensities for periods of 15-, 30-, and 45-min 

at return periods of 2-, 5-, 10-, 25-, 50-, and 100-Yr for all climate models. Asterisk 

denotes the average rainfall intensity 

D2.1. Warrior, Arkansas 
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D2.2. Ferndale 6 E, Louisiana 

 
 

D2.3. Raiford State Prison, Mississippi 

 

25-Yr 50-Yr 100-Yr

2-Yr 5-Yr 10-Yr

15-min 30-min 45-min 15-min 30-min 45-min 15-min 30-min 45-min

100

200

100

200R
a

in
fa

ll 
(m

m
/h

r)

Model 1.CANESM 2.HADGEM 3.GFDL 4.MPIREG 5.MPIWRF

25-Yr 50-Yr 100-Yr

2-Yr 5-Yr 10-Yr

15-min 30-min 45-min 15-min 30-min 45-min 15-min 30-min 45-min

40

80

120

160

40

80

120

160

R
a
in

fa
ll 

(m
m

/h
r)

Model 1.CANESM 2.HADGEM 3.GFDL 4.MPIREG 5.MPIWRF



142 
 

D2.4. Dallas 7 Ne, Alabama 

 
 

D2.5. Fordsville, Tennessee 
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D2.6. New Orleans Audubon, Kentucky 

 

D2.7. Canton 4n, Georgia 
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D2.8. Mount Pleasant, Florida 

 

 

D2.9. Lebanon, North Carolina 
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D2.10. Piedmont Research Sta, South Carolina  
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Appendix D3 

Summary of annual maximum rainfall intensities with ensemble mean of five 

climate models for all stations. Median (Med) and mean values are in a range 

indicating the duration of 15-, 30-, and 45-min with return period of 2-, 5-, 10-, 25-, 

50-, and 100-year. 

 

Station 

Annual maximum rainfall Intensity (𝐦𝐦 𝐡−𝟏) 

Min Med Mean Max 

1 33 39-171 39-172 243 

2 28 36-119 36-120 192 

3 34 41-139 41-139 161 

4 30 35-115 35-115 130 

5 26 34-163 34-165 271 

6 44 52-145 52-145 165 

7 35 42-132 42-133 196 

8 24 30-116 30-116 135 

9 28 34-120 35-120 161 

10 28 34-117 34-117 132 

11 25 32-136 32-136 169 

 

 

 

 


