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ABSTRACT

Flooding often results from intense and localized nature of extreme rainfall events and poses a
significant threat to communities of Hawai‘i. This dissertation research deciphers the intricate
relationship between extreme weather events and flooding within the unique context of tropical
islands by advancing the rainfall dataset with best available gauge and radar data and
investigating complex interactions between rainfall event characteristics and streamflow
responses. First, | investigated the relationships temporally and spatially between the trends of
annual maximum daily rainfall and peak streamflow. The results showed that, in general, the
Hawaiian Islands experienced weaker extreme rainfall (67% of rain gauges) and streamflow (61%
of stream gauges). The findings also emphasized that the annual peak streamflow cannot be fully
attributed to the trends of annual maximum rainfall of one gauge per watershed. In addition, the
timing of extreme rainfall and streamflow occurred earlier in the wet season during the El Nifio
years. Second, the high resolution (hourly, 250-m) rainfall dataset on O‘ahu has been produced
by merging radar and gauge rainfall. Moreover, the advantages of the merging method, Kriging
with external drift (KED) has been adopted and evaluated with storm types (i.e., Kona lows,
tropical cyclones, cold fronts, and upper-level trough) and rainfall structures (i.e., stratiform or
convective rainfall) within 17 severe storm events. The study highlighted that KED reduced the
error from radar rainfall with an advantage on estimates of convective rainfall during severe
storms. Lastly, building based on the improved rainfall datasets, the research expanded on the
critical role of rainfall characteristics in influencing the magnitude of peak flow. | reconfigured
WREF-Hydro, a physically-based and fully distributed hydrological model with 250m resolution, to
simulate high flow events. | first evaluated the rainfall event characteristics on streamflow
responses, and then | experimented the responses with designed rainfall with different spatial
properties. The results underscored the significance of rainfall amount, intensity, and rainfall
spatial characteristics effects on the event peak flow. In particular, rainfall spatial heterogeneity
increased uncertainties of peak flow timing related to peak rainfall in small tropical watersheds.

This extensive research represents a significant step forward in the quest to enhance our
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understanding of the complex hydrological processes and flooding dynamics in tropical island
regions and provides valuable groundwork for improving flood study and forecasts that

associated risks in Hawai‘i and similar tropical island environments.
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Chapter 1.

Introduction

1.1 Problem statement

Flash flooding is a natural hazard that poses a threat to the health and safety of people and
infrastructure. According to the NWS?, flash flood is rapid stream raise after heavy rainfall (>=
7.6 mm/hr), generally within six hours. It usually occurs in mountainous rivers and streams, urban
areas, low-lying regions, storm drains, and culverts. The National Weather Services (NWS) Storm
Event Database? showed that flash floods in Hawai‘i, among all the natural hazards, causes the
most property damages and frequently threatens human lives (also see Fletcher et al. 2010;

Dobson et al. 2020).

Hawai‘i is particularly vulnerable to flash flooding because of the intense rainfall associated with
the types of atmospheric disturbances that affect the islands, and the flashiness (i.e., large
differences between storm flow and median or low flow) of mountainous watersheds due to
steep topography and small order streams (Strahler 1957; Oki 2003). Usually, the lag between
peak rainfall and flood peak in Hawai’i is less than a couple hours (Sahoo et al. 2006). Because
the flashiness of Hawaiian watersheds, flooding studies in Hawai‘i have been highly focused on
when and where extreme rainfall occurs and its associations with atmospheric disturbances,
orographic enhancement, synoptic moisture conditions, El Nifio-Southern Oscillation (ENSO)
status, atmospheric instability, wind directions, and diurnal heating (Schroeder 1977; Kodama
and Barnes 1997; Tu and Chen 2011; Murphy and Businger 2011; Hsiao et al. 2020). Chu et al.
(2009) summarized that extreme rainfall events in Hawai‘i tend to be localized, particularly on

windward slopes.

1Floods and Flash Flood: https://www.weather.gov/ffc/floods
2 NWS Storm event database:https://www.ncdc.noaa.gov/stormevents/
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In addition, extreme rainfall events could change under a warming climate, although how they
would alter is still uncertain. On one hand, increasing global temperature results in increased
water vapor and a greater water holding capacity, which leads to larger and more frequent
precipitation events (Knutson and Manabe 1995; Held and Soden 2006). With warming
temperature, extreme precipitation events have increased in magnitude and frequency with
warming temperature (Groisman et al. 2005; Alexander et al. 2006; Wentz et al. 2007; Donat et
al. 2013; Beck et al. 2015; Easterling et al. 2017). On the other hand, global warming could
produce an opposing effect: weakening the major tropical circulations, which may result in less
frequent extreme event (Chand et al. 2022). With changes in the magnitude and frequency of
extreme precipitation, the timing of extreme streamflow may also be affected (Cunderlik and

Ouarda 2009; Mediero et al. 2014; Bloschl et al. 2017; Yang et al. 2022).

While heavy rainfall plays a significant role in flooding, other factors, such as watershed
characteristics (e.g., topography, land use, soil type, etc.), antecedent moisture conditions, and
human activities (e.g., urbanization, deforestation, etc.), could affect the severity of flooding
(Pielke et al. 2002; Smith et al. 2002; Villarini et al. 2014). An analysis with 390 watersheds across
the U.S. found that the 99t™-percentile precipitation events do not necessarily produce a the 99th-
percentile streamflow, and the contribution varied with the pre-existing soil moisture condition
(Ilvancic and Shaw 2015). Unlike rainfall, streamflow and flooding are based on local watershed
characteristic (Wasko and Sharma 2017). However, the relationship between extreme rainfall

and streamflow remains uncertain.

A lack of rainfall data limits flood modeling due to inadequate spatial and temporal resolution.
Point rainfall data is not sufficient to represent the rainfall received across a watershed despite
the relatively small size of island watersheds (El-Kadi and Yamashita 2007) due to steep
topographic heterogeneity resulting in high variability in rainfall (Giambelluca et al. 2013). Use of
higher spatial resolution (<= 1-km) rainfall data to improve streamflow simulations (Fares et al.
2014) because watersheds in Hawai‘i can be less than a few square kilometers with high rainfall
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gradient. Recent efforts to compile and map annual (Giambelluca et al. 2013), monthly (Frazier
and Giambelluca 2016; Lucas et al. 2022), and daily (Longman et al. 2018, 2019; Newman et al.
2019) rainfall data, | have the benefit of high spatial resolution (250 m) of rainfall products for
this study. Data are now available at daily resolution for 1990 to 2014 across the Hawaiian Islands
(Longman et al., 2018), and Longman et al. (2019) created a daily gridded rainfall product.
However, given flooding in Hawai‘i always occurs within at even finer time scales, a finer

temporal resolution (hourly) with gridded rainfall would advance flood simulation.

Understanding influences of different rainfall characteristics to streamflow could be instrumental
to assist flash flood studies. Finer spaital resolution could influence the streamflow simulation in
different ways. Several factors may contribute to this phenomenon: (1) enhanced accuracy in
rainfall magnitude estimation with finer resolution data; (2) the presence of high rainfall
gradients or localized rainfall events, which can significantly impact the spatial pattern of rainfall
and subsequently influence stream responses (Emmanuel et al. 2012; Smith et al. 2012; Ochoa-
Rodriguez et al. 2015; Huang et al. 2019; Lobligeois et al. 2014); and (3) spatial distribution of
intense rainfall, which could also affect streams’ response. In addition, in remote-sensed rainfall
and rainfall forecasting, rainfall displacement error could occur. Displacement error refers to the
discrepancy in space between the location of a predicted rainfall pattern and its actual position
(Hoffman et al, 1995). Predictions that yield similar rainfall patterns, with magnitudes closely
resembling the observed data, are generally deemed satisfactory, even if there is a slight spatial
shift. However, the spatial displacement of rainfall can influence streamflow because rain may
fall into different watershed boundaries, in the context of small watersheds in Hawai‘i. Studying
how rainfall characteristics influences streamflow could help us understanding why finer spatial

resolution helps streamflow simulation and understand the uncertainty of rainfall displacement.

1.2 Objectives and research questions

The goal of this work is to improve understanding of the rainfall-runoff relationship during
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extreme events (i.e., heavy rainfall or flooding events) in Hawai‘i. | first studied how the changes
in magnitude and timing of extreme rainfall and streamflow has shifted spatially and temporally
by conducting long-term trend and circular analysis on annual maximum rainfall and streamflow.
Then, | developed hourly gridded rainfall data from 2015 to 2020 by merging gauge and radar
rainfall for the island of O‘ahu. This improved spatial and temporal resolution, and its
performance is tested for different storm types (i.e., Kona low, upper-level trough, cold front,
and tropical cyclone) and rainfall strucutres (i.e., stratiform and convective). Lastly streamflow

responses to rainfall event characteristics are evaluated using sensitivity analysis.

Objective 1:Exploringmagnitude and timing of streamflow extremes and the relationship with
rainfall across the Hawaiian Islands.
This objective follows the work of Chu et al. (2009), Bassiouni and Oki (2013), and Clilverd et al.
(2019) in analyzing trends in rainfall and streamflow. This work was inspired by the suggestion of
inconsistent trends between extreme rainfall and streamflow in Hawai‘i, although the
comparison was hindered by the different study periods. This study was also motivated by the
fact that the freshwater fish (gobies) in Hawai‘i, locally known by their Hawaiian name, ‘o‘opu,
migrate back to streams from the ocean during flood events; thus, changes in the magnitude and
the timing of extreme streamflow may affect their behavior. This work explored the followed
questions:
' How does annual maximum daily rainfall and annual peak streamflow and their spatial
patterns vary over time across Hawai‘i?
What associations does annual peak streamflow have with annual maximum daily rainfall
during the same period?

 How does this change within seasons?

Objective 2: Derivind NA RRSR K2 dzNI & NIAYFIEf 2y h~ | Kdz 68
The second objective was to develop gridded hourly rainfall data for O‘ahu Island that may be
used for flooding modeling. In Hawai‘i, no gridded hourly rainfall product exists with high spatial

resolution. In addition, hourly rainfall data are hosted in different networks. The rainfall data
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from all available stations were first collected and quality controlled with the help from Maxime
Gayte (Department of Natural Resources and Environmental Managment, University of Hawai’i
at Manoa), Ryan Longman (East-West Center), Kevin Kodama (Honolulu Weather Forecast Office),
and Mathew Lucas (Water Resources Research Center, University of Hawai‘i at Manoa). Then
radar rainfall data were developed using the open-source software, Lidar Radar Open Software
Environment (LROSE); the radar reflectivity from the Next Generation Weather Radar (NEXRAD)
Level Il data; and the atmospheric sounding information collected by the University of
Wayoming3. The high temporal (hourly) and spatial resolution (250 m) gridded rainfall products
are derived by combining gauge and radar data from 2015 to 2020 for O‘ahu Island. The newly

derived rainfall data were then evaluated for 18 severe storm events to understand:
 How much were the rainfall estimates improved by merging gauge and radar data?

9 If the merged rainfall is better than single-source rainfall, is the improvement different by

storm types or rainfall structure?

Objective 3:Analyzingstreamflow responssto variedrainfall event characteristicenh Q. K dz
Abundant studies have demonstrated that streamflow simulations improve with finer spatial
resolution rainfall data (Emmanuel et al. 2012; Smith et al. 2012; Ochoa-Rodriguez et al. 2015;
Huang et al. 2019; Lobligeois et al. 2014), yet it is unclear if this improvement partially comes
from better capturing of the spatial distribution. Additionally, this work is inspired by the issue
of rainfall displacement rainfall by Kevin Kodama (personal communications). Hence, this
objective answered the following questions:

1 How does streamflow respond to different rainfall event characteristics?

 How is streamflow simulation within small watersheds affected by spatially shifted

rainfall?

1.3 Chapter organization

3 Atmospheric sounding data: http://weather.uwyo.edu/upperair/sounding.html
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This dissertation follows “Manuscript Dissertation Format”, where each objective is presented as
a complete manuscript that is submitted or ready for submission to a journal, representing
individually from Chapter 2 to Chapter 4. In these three chapters, each of them has its own
abstract, introduction, materials and methods, results, discussion, and conclusions, appendices,
and references. The name of each section may vary based on the requirements and format of
target journal. Chapter 2 explores the first objective, shifting magnitude and timing of streamflow
extremes and the relationship with rainfall across the Hawaiian Islands. Chapter 3 presents a
comprehensive approach to deliver gridded hourly rainfall data on O‘ahu by integrating gauge
and radar rainfall. Chapter 4 delves into the sensitivity analysis of the streamflow responses to
varied rainfall spatial patterns. Finally, Chapter 5 offers a comprehensive summary and conclusive

insights for all the outlined objectives.
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Chapter 2.
Shiftingmagnitude and timing of streamflow extremes and the

relationship with rainfall across the Hawaiian Islantls

Abstract

Flood is a significant threat to life and property in Hawai‘i. As climate warming continues to
alter precipitation patterns and hydrological processes in the tropics, characterizing the shifting
patterns in magnitude, seasonality, and location of floods would improve the understanding of
the consequences and better prepare us for future flood events. In this study, 84 rain gauges
and 111 crest gauges across five major Hawaiian Islands were analyzed from 1970 to 2005. |
estimated trends in the annual maximum daily rainfall (RFmax) and the annual peak flow (PFmax)
using the Mann-Kendall test and Sen‘s slope. Subsequently, | examined the association between
PFmax and rainfall. Then, | assessed temporal shifting by combining circular analysis with Sen’s
slope. The mainidentified trends were a decrease in RFmax and PFmax (67% and 61% of all gauges,
respectively). The physiography of the Hawaii islands (i.e., windward vs. leeward) has little
contribution to both trends. In addition, PFmax trend cannot be fully attributed to RFmax trend,
and in many cases, RFmax and PFmax did not occur coincidently. The timing of RFmax and PFmax
occurred earlier in the wet season during the El Nifio years. Therefore, RFmax and PFmax’s timing
have shifted earlier from 1970 to 2005 likely due to the change of El Nifio. These findings have
implications for assessing flood risk. The finding will aid watershed management and flood
mitigation, and can increase resilience of downstream communities and near-shore

environments.

4 A slightly modified version of this chapter has published with co-authors, Yinphan Tsang, Ayron M.
Strauch, and Hannan M. Clilverd, in Journal of Hydrology , 600 , 126424,
https://doi.org/10.1016/j.jhydrol.2021.126424
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2.1 Introduction

In Hawai‘i, floods contributed to the largest economic loss and the second largest cause of
death from natural hazards between 1996 and 2018 (Data sources: hazards reported from the
Storm Event Database (National Centers for Environmental Information (NCEI), 2019a).
Flooding is associated with erosion that scours stream beds, abrades bedrock, moves large
amounts of sediment and debris downstream, and downcuts channels. Improving the
understanding of changes in flooding will inform watershed planning and potential mitigation
strategies, especially as climate warming continues to alter precipitation patterns and
hydrological processes. In theory, increasing global temperature results in increased water
vapor in the air with its greater water holding capacity, which leads to larger and more frequent
extreme precipitation events (Held et al., 2006; Knutson and Manabe, 1995). Extreme
precipitation events have increased in magnitude and frequency with warming temperature in
many regions (Alexander et al., 2006; Beck et al., 2015; Donat et al., 2013; Easterling et al.,
2017; Groisman et al., 2005; Wentz et al., 2007; Westra et al., 2013). Nevertheless, an analysis
with 390 watersheds across the U.S. found the 99th percentile precipi- tation does not
completely contribute to 99th percentile streamflow, and the contributions varied with soil
moisture condition (lvancic and Shaw, 2015). Unlike rainfall, streamflow and flooding are scale-
dependent based on local watershed characteristics (Wasko and Sharma, 2017). Therefore,
extreme rainfall trends might not fully describe the observed patterns in extreme streamflow

trends, and their linkage needs to be studied locally.

Previous studies have shown various trends in extreme streamflow across the world, such as in
North America (Cunderlik and Ouarda, 2009; Groisman et al., 2001), Europe (Blo"schl et al.,
2019; Hannaford and Marsh, 2008; Mediero et al., 2014; Renard et al., 2008), and Australia
(Ishak et al., 2013; Zhang et al., 2016). The annual maximum peak flow in Canada has decreased
(Cunderlik and Ouarda,2009), whereas the high discharge in the eastern U.S. has increased
(Groisman et al., 2001). In Europe, the annual 10-day streamflow and annual maximum peak
flow between 1969 and 2003 in the U.K. increased (Hannaford and Marsh, 2008), but decreased
24



in France between 1968 and 1998 (Renard et al., 2008). The magnitude and frequency of annual
peak flow in Spain generally decreased from 1942 to 2009 (Mediero et al., 2014). In Australia,
the annual peak flow decreased in the south but increased in the north (Ishak et al., 2013; Zhang
et al., 2016). In addition to changes in the frequency and duration of extreme stream- flow
events, the timing of flooding has also shifted in Europe, including earlier spring snowmelt
floods in northern areas, later winter floods along the Mediterranean coast, and earlier winter
floods in western Europe (Bloschl et al., 2017). As trends in extreme streamflow are
geographically heterogeneous, it is critical to study the trends of extreme streamflow locally.
Most trend analyses of extreme streamflow events have been conducted in mid-latitude
continental systems, and little has been discussed in tropical regions, which are sensitive to

changes in large climate patterns.

Extreme events in the tropics, including Hawai‘i, are influenced by large-scale climate
variability, including the El Nifio-Southern Oscillation (ENSO), the Pacific Decadal Oscillation
(PDO), and the Pacific North America teleconnection pattern (PNA) (Beck et al., 2015; Chu et
al., 1993; Chu and Chen, 2005; Elison Timm et al.,, 2011; Lyons, 1982; Mantua et al., 1997).
Recent evidence indicated that climate change has affected the ENSO’s behavior across the
tropics (Diaz and Giambelluca, 2012; O’Connor et al., 2015; Trenberth and Hoar, 1997) and
changed El NinG properties, including its earlier starting time (Wang et al., 2019). In Singapore,
both daily and hourly maximum rainfall were found to in- crease between 1981 and 2010 with
ENSO-related changes in their in- tensity and timing (Beck et al., 2015). With global warming,
the intensity and longevity of tropical cyclones (TCs) in the Northeast Pacific has slightly
decreased between 1986 and 2005 (Klotzbach, 2006); however, TCs around the Pacific are

expected to occur more frequently in the future (Li et al., 2010; Murakami et al., 2013).

In Hawai‘i, there are two seasons, dry (May — Oct.) and wet (Nov. — Apr.) seasons. In the dry
season, an extreme precipitation event is often attributed to hurricanes or TCs (e.g., Nugent et
al., 2020). The TC activity is more favorable under El Nind conditions (Chu and Wang, 1997; Jin

et al., 2014) and associates with the Western North Pacific (WNP) biennial oscillations (Luo et
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al.,, 2020). In the wet season, winter storms contribute the most to extreme rainfall. A
combination of PNA, ENSO, and PDO contributes to the rainfall variability in the wet season
(Frazier et al., 2018; Longman et al., 2021). During El NinG conditions, the wet season months
often become drier in Hawai‘i and wetter during La Nind conditions. In addition, negative
periods of PDO that align with La Nin3, typically strengthen the intensity, and lengthen the
wetter period (Chen and Chu, 2014). Streams in Hawai‘i respond to rainfall rapidly (within
hours), as the majority of streams are first order streams with small drainage areas, steep
slopes, and short time of concentration which combined with high intensity rainfall generating
flashy hydrographs (Oki, 2003). Besides, the coastal areas of Hawaiian watersheds are often
urbanized with impervious surface and channelized streams, which contribute to the fast rising
and falling hydrograph. In Hawai‘i, | expect extreme streamflow to highly correspond to its

rainfall.

Although | anticipate a close relationship between extreme streamflow and rainfall in Hawai‘i,
previous studies investigated their trends separately. Chu et al. (2010) and Chen and Chu (2014)
showed that extreme precipitation between the 1950s and 2007 became more common on the
largest island, Hawai’i Island, but not on other islands, using indices, including the annual count
of the number of days when the precipitation was over 25.4 mm, annual maximum consecutive
5-day precipitation, and the normalized 95th percentile precipitation. Bassiouni and Oki (2013)
investigated streamflow trends in Hawai‘i and found that 16 out of 26 gauges of peak flow
decreased between 1943 and 2008. Furthermore, Clilverd et al. (2019) assessed streamflow
records for 23 unregulated streams from 1967 to 2016 across the Hawaiian Islands and found
significant declines in baseflow and surface runoff. They also discovered significant declines in
peak flow on Hawai‘i Island. However, in some cases, peak flow showed opposite trends from
extreme precipitation (e.g., Chen and Chu, 2014; Chu et al., 2010; Clilverd et al., 2019). Because
extreme rainfall and streamflow trends have been investigated separately, the linkages
between these extreme events are not clear. To better understand their associations, | need a

joined examination of extreme rainfall and peak flow trends.
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This study aims to characterize local changes in the annual maximum daily rainfall (RFmax) and
the annual peak flow (PFmax) by examining their spatial and temporal trends with their
associations across five major Hawaiian Islands. | investigated the trends in RFmax and PFmax to
determine possible relationships between the meteorological and hydrologic response to
climate change, by studying: 1) the spatial distribution of trends in RFmax and PFmax in Hawai’‘i
from 1970 to 2005; 2) the association between peak rainfall and peak flow by pairing
representative rain gauges to crest gauges; and 3) the temporal shifts of RFmax and PFmax,

respectively.

2.2 Materials and methods

2.2.1 Study area

Among the eight major islands of Hawaii, | focus on the five largest islands, from west to east,
Kaua‘i, O‘ahu, Moloka‘i, Maui, and Hawai‘i Island, spanning from 18.9°N, 154.8°W to 22.24°N,
159.8°W, where have most and long-term rainfall and peak flow records. The climate in Hawai’i
is strongly affected by the Hadley cell atmospheric circulation patterns in the Pacific. These
patterns generate the typical northeast trade winds in the northern hemisphere, which induces
orographic rainfall when moist air encounters the steep island topography (Lyons, 1982). Thus,
these islands’ windward facing sides experience more frequent rain and higher annual rainfall
below trade wind inversion (TWI; approximate mean elevation at 2,000 m; Cao et al. 2007),
while the leeward sides are much drier. In addition, widespread and intense precipitation may
be attributed to four other types of atmosphere conditions — (i) Kona storms, the low-pressure
systems that usually develop on the west of the islands accompanied with southern winds, (ii)
cold fronts, (iii) upper-level trough, or (iv) tropical cyclones (Caruso and Businger, 2006; Kodama
and Barnes, 1997; Longman et al., 2021). The wide range of terrain across the Hawaiian Islands
with the large scale atmospheric systems results in highly heterogeneous climate patterns, and
therefore steep rainfall gradients (mean annual rainfall from 200 mm to 10,000 mm;

Giambelluca et al., 2013). Further, watersheds in Hawai‘i are typically characterized by young
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volcanic geology, small drainage size, steep topography, and limited channel storage (Craig,
2003). Thus, streams frequently experience flash flooding where water levels rise and fall

rapidly within hours of locally intense rainfall events (Oki, 2003; Sahoo et al., 2006).

2.2.2 Data

The locations of rain and crest (annual peak flow) gauges across the Hawaiian Islands and their
physiographical regions (windward vs. leeward) are shown in Fig. 2.1. | sought crest gauges with
the longest period of record and greatest overlap with rainfall records, which resulted in a study
period of 1970 to 2005 (by water year). Daily rainfall data were obtained from the National
Centers for Environmental In- formation (NCEI) and the U.S. Geological Survey (USGS). Eighty-
four rain gauges (Kaua‘i, n=17; O‘ahu, n=25; Moloka‘i, n=3; Maui, n=20, and Hawai‘i Island,
n=19), with data records longer than half of the study period, were used in this study (Fig. 2.1).
Most rain gauges were located at low elevations and only a few were above the average TWI
(>2000 m). The rain gauges were not evenly distributed across the islands, except for Kaua‘i.
For O‘ahu and Moloka‘i, most of rain gauges were located on the leeward side, whereas for
Maui and Hawai‘i island, rain gauges were located mostly on the windward side and along the
coast. Annual records of peak flow were obtained for 111 long-term crest gauges (circles in Fig.
2.1; Kaua‘i, n =18; O‘ahu, n=45; Moloka‘i, n=7; Maui, n=25, and Hawai‘i Island, n=16) from the
water years 1970 to 2005, maintained by the USGS. Compared with the distribution of rain
gauges, crest gauges have a more even spatial distribution, except on Hawai‘i Island, where
crest gauges were predominantly located on the windward side. Peak flow values of each gauge
were standardized by the watershed area and converted to a daily scale (mm/day) that is com-

parable to the daily rainfall values (mm/day).

| used two climate indices to examine the shifts in the seasonality of peak events and their
association with large climatic cycle, the Oceanic Nind Index (ONI) and the Pacific Decadal
Oscillation (PDO) index. The ONI is one of the primary indices for monitoring ENSO. It is

calculated by averaging sea surface temperature monthly anomalies of the east-central
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equatorial Pacific Ocean, Nifio -3.4 region. | retrieved monthly ONI from the Climate Prediction
Center (CPC) (2019). The PDO index is defined by ocean temperature anomalies in the northeast

and the tropical Pacific Ocean. The PDO index is downloaded from NCEI (2019b).
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2.2.3 Trend analysis

Trends in the magnitude of RFmax and PFmax were analyzed using the non-parametric Mann-
Kendall test (Hirsch and Slack, 1984; Mann, 1945); a p-value < 0.05 was used to indicate a
significant trend. Changes of the magnitude were evaluated using Sen’s slope (Sen, 1968). Then,
the change of values per year were divided by the mean value of the study period to generate
percent changes in the value per year. These two trend analysis methods are recommended for
analyzing environ- mental time series without normal distribution assumptions required (Hirsch
and Slack, 1984; Mann, 1945). Additionally, evaluation with Sen’s slope is not sensitive to
outliers. These trend analyses have been widely applied to quantifying and testing the
significance of streamflow trends (Bassiouni and Oki, 2013; Clilverd et al., 2019; Oki, 2004; Small
et al.,, 2006) and rainfall trends (Chen and Chu, 2014; Frazier and Giambelluca, 2017). The R

package, ‘trends’ (Pohlert et al., 2018), was applied in this analysis.

2.2.4 Analysis of paired rainfall gauges and stream crest gauges

In addition to examining data from 84 rain gauges and 111 crest gauges, | paired crest gauges
with rain gauges that most likely represent the rainfall received from upstream watersheds to
better understand the associations between rainfall and peak flow. | paired them geographically

with the following criteria, ranked in order of preference:

1) The rain gauge was located upstream of the crest gauge in the same watershed;
if multiple rain gauges existed in the same watershed, | chose the gauge with the highest

elevation but below the TWI.

2) The rain gauge was upstream from the crest gauge in the neighboring
watershed.

3) The rain gauge was close to the crest gauge (within a 5 km radius).

4) The rain gauge best represented the rainfall at the upstream water- shed of the

crest gauge, despite being in a different watershed. For example, three crest gauges on
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the windward side of East Maui were paired with one rain gauge at Hana, Maui, that

represents the windward rainfall.

Subsequently, | extracted daily rainfall on the same day as the PFnax of the paired gauges.
Additionally, 2-day and 5-day accumulated rainfall were examined to consider antecedent

conditions and rainfall events that lasted more than one day.

2.2.5 Analysis of paired rainfall gauges and stream crest gauges

| examined the temporal shifts of RFmax and PFmax With circular statistics (Zar, 1999) by using
the R package, “circular” (Lund et al., 2017). Circular statistics is powerful when applying to
the data with unit radius or degree on a circumference (Pewsey et al., 2013). | applied a
circular analysis to the occurrence time of RFmax and PFmax for the study period by converting

the occurrence date (Q ) of RFmax and PFmax into angular values for each year, tx

T C“ z g I Tl C“ Eq 1
O

Where Q  p corresponds to January 1%t and Q 'O to December 315t with O is the
number of days in that year (i.e., 365 or 366). Then, the Sen’s slope, @, is adjusted for

estimating trends in the timing:

L1 0 e
4 (QQOGE—— UMW ¢ R ] : Eq. 2
no w000

Where i and j indicate the year covering all possible pairs of years within the study period, and
i <. The adjustment factor, C,aims to represent the shifting trend (i.e., to earlier or later)
based on the occurrence time at the ith year, when the differences between7 and] are
larger than “ . Finally, | analyzed the temporal shifts by different physiographic zones (i.e.,

windward and leeward), to examine the effects of different rainfall forming mechanisms.
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2.3 Results

2.3.1 Changes in maximum rainfathagnitudes

Out of 84 rain gauges, the majority (67%) of rain gauges exhibited decreasing in RFmax
magnitude (Kaua‘i, n = 9; O‘ahu, n = 19; Moloka‘i, n = 1; Maui, n = 15, and Hawai’i Island, n =
12). The magnitude of RFmax significantly decreased at seven rain gauges: one on O‘ahu (p =
0.021; changed —1.5% per year; mean = 195.2 mm), five on Maui (p < 0.01; changed from —
2% to —4%; mean: 22.5 mm to 70 mm), and one on Hawai‘i Island (p = 0.046; changed —1.6%;
mean = 171.6 mm) (Fig. 2.2). The remaining 33% of rain gauges showed increasing RFmax trends
(Kaua‘i, n = 8; O‘ahu, n = 6; Moloka‘i, n = 2; Maui, n = 5, and Hawai‘i Island, n = 7) (Fig. 2.2).
Significant increasing trends only occurred at one gauge on Hawai’i Island (p = 0.047) and
changed 2.7% per year with a mean of 151.4 mm. On Kaua‘i, increasing RFmax trends were
primarily located on the windward side, whereas there were no discernable differences in RFmax
between leeward and windward on the other islands. Decreasing trends in RFmax dominated on
Oahu, Maui, and Hawai‘i Island, while no particular trend direction prevailed on Kauai and
Moloka‘i. However, there are too few rain gauges on Moloka‘i to address the spatial distribution

in RFmax trends.
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2.3.2 Changes in pealtow magnitudes

Decreasing magnitude in PFmax occurred at 60% of the crest gauges (Kaua‘i, n 8; O‘ahu, n 29;
Moloka‘i, n 3; Maui, n 16, and Hawai‘i, n 11), predominantly on O‘ahu, Maui, and Hawai’i
islands (Fig. 2.3). Statistically significant decreasing trends occurred at a single gauge on O‘ahu
(p < 0.002; decreased 6.5%; mean = 195.8 mm/day) and two on Maui (p < 0.011; decreased
4.2%; means = 224.8 mm/day and 107.8 mm/day, respectively). Although decreasing PFmax
trends dominated across O‘ahu, some crest gauges still showed increasing trends, with two
statistically significant (p < 0.05) peak flow trends that rose 5.8% and 3.4% with means of 302
mm/day and 80 mm/day, respectively. There was a general pattern of increasing PFmax On the
windward sides of Kaua‘i, Moloka‘i, and East Maui (Fig. 2.3). Compared with RFmax, PFmax Shows

a greater physiographic division (i.e., wind- ward and leeward) in trend directions.
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2.3.3 Associations between peak flow, annual maximum rainfall and paired rainfall

When pairing rainfall and crest gauges, there are 18 pairs identified following the first criterion,
and there are nine, eight, and four pairs found in the subsequent criteria, respectively. This
resulted in a total of 39 pairs across islands (2 on Kaua‘i, 15 on O‘ahu, 1 on Moloka‘i, 14 on
Maui, and 17 on Hawai‘i Island). Some rain gauges were paired with multiple crest gauges as
they were the most representative rainfall of the given watersheds of crest gauges. This applied
at 13 crest gauges on O‘ahu (5 at Poamoho, 2 at Wai"ahole, 4 at Pauoa Flats, 2 at Palolo valley);
seven crest gauges on Maui (4 at Haleakala and 3 at Hana); and at four crest gauges on Hawai‘i

Island (2 at Waiakea and 2 at Mauna Kea) (Fig. 2.4).

The timing of RFmax rarely coincided (on the same date) with the timing of PFmax and increasing
vs. decreasing trends direction are often inconsistent. Out of the 39 pairs of rainfall and crest
gauges, almost half (46%) of the pairs have different trend directions between RFmax and PFmax
(Fig. 2.4). Within the study period, when | extracted the same date rainfall with PFnax, 67% of
the paired rainfall and PFmax records had consistent trends (increasing or decreasing). However,
when | extracted the 2-day and 5-day accumulated rainfall with PFmax, the percent of

consistency decreased (Table 2.1).

Among the pairs having consistent trends, 56% of them showed decreasing trends, whereas the
remaining 44% exhibited increasing trends (Fig. 2.4). There was no clear leeward versus
windward patterns in trend direction across the islands. Paired decreasing trends occurred on
both windward and leeward sides of O‘ahu and Maui, and on windward Hawai‘i Island.
Consistent increasing trends occurred on the leeward side of O‘ahu, the windward side of Maui,

and the north of Hawai‘i Island.
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Table 2.1 Trends of annual peak flow and trends of 1-day, 2-day, and 5-day accumulated rainfall of the same date as the annual peak flow for each pair
(see Fig. 2.4 for the spatial distribution) between 1970 and 2005. Trends are shown in percent change per year, and the consistent trends (with the
same sign) between peak flow and paired rainfall are shaded in grey. (OA = O‘ahu, KA = Kaua‘i, MO = Moloka‘i, MA = Maui, HA = Hawai‘i, and ‘*’: p-
value < 0.05, “**’: p-value < 0.01, “***’: p-value < 0.00)

Island Rain Gauge Crest gauge peak flow (%) 1-day rainfall (%) 2-day rainfall (%) 5-day rainfall (%)
KA USC00515560 16060000 0.38 -4.48* -5.87 27.01
KA USC00514561 16097900 -0.3 -1.41 -4.21 -1.8
OA X213215157552800 16200000 0 -1.73 -1.17 -1.17
OA X213215157552800 16208000 -0.43 -2.55 -2.45 -2.45
OA X213215157552800 16212700 1.28 -0.94 -1.12 -1.12
OA USC00518964 16212800 0.6 1.29 1.14 1.14
OA uUSC00517810 16232000 0.57 0.04 -0.23 -0.23
OA USC00517810 16237500 -1.48 -1.66 -2.56 -2.56
OA USC00517810 16238500 2.45 1.03 0.34 0.34
OA USC00517810 16240500 0.12 0.15 -0.07 -0.07
OA USC00517664 16244000 5.77* 2.57 1.79 1.79
OA USC00517664 16247100 0.26 0.11 -0.34 -0.34
OA USC00519523 16249000 -0.6 -0.57 -1.13 -1.13
OA USC00513117 16274499 -0.91 -3.2 -3.07 -3.07
OA USC00518964 16294900 -0.77 0.63 4.84 4.84
OA X213215157552800 16296500 0.77 -1.65 -1.17 -1.17
OA X213215157552800 16301050 0.67 -0.13 0 0
MO USW00022534 16411800 -6.54 18.74 19.13 13.55
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MA USC00511125 16502400 0.4 0.22 0.62 -0.36
MA USC00511125 16502800 1.41 -0.55 -0.5 0.08
MA USC00511125 16502900 1.25 1.05 1.23 1
MA USC00511004 16587000 0.59 -1.07 -0.44 -1.73
MA USC00511004 16603700 -4.58* -1.13 -0.69 -1.22
MA USC00511004 16603800 -1.59 -1.54 -1.94 -1.69
MA USC00518543 16603850 2.41 2.41 2.9 -2.36
MA USC00515715 16630200 -0.21 -5.49* -8.23 -11.49
MA USC00515177 16638500 1.75 -2.67 -0.83 0
MA USC00515408 16643300 -0.13 -3.78 -5.19 -4.89
MA USC00517059 16646200 -0.28 -3.66 -2.24 -1.92
MA USC00518060 16647500 -0.04 -0.56 -1.49 -0.55
MA USC00511004 16658500 2.69 2.34 2.15 -3.11
MA uUSC00514489 16659000 -0.85 6.02 8.83 7.88
HA USC00519025 16701300 1.61 -0.83 1.18 -2.1
HA USC00519025 16701400 -8.15 -6.45 -1.86 -8.75
HA USC00511065 16704000 -1.08 -3.81 -0.22 0.63
HA USC00519025 16717000 -0.46 1.51 1.45 1.06
HA USC00517312 16717850 -33.11 -24.6 -9.9 -5.39
HA USC00514680 16752600 9.16 1.26 11.95 17.78
HA USC00513300 16770500 0.99 -3.74 3.54 2.03
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2.3.4 Changes in the timing of annual maximum rainfall and peak flow

RFmax and PFmax often occurred during the wet season (Oct. — Apr.) with the median occurrence
time of RFmax in earlier January and the median occurrence time of PFmax in mid-January for all
gauges during the study period (Figs. 2.5a, b). From 1970 to 2005, the occurrence time of both
RFmax and PFmax shifted to an earlier time in the wet season, from late January to late December
(Figs. 2.5¢, d). Yet, the occurrence time oscillated between earlier and later throughout the four
sub-periods (Figs. 2.5¢c, d). The Sen’s slope statistics also supported the temporal shifts in the
study period. The Sen’s slope estimator for the timing of the RFmax and the PFmax were  p& T (3
1.5 days earlier) and p& T F 1.5 days earlier with p-value < 0.05) in leeward regions,
respectively; 1@ 71T (~half day with p-value < 0.05) and 0.231° (~ 6 hours later with p-value <

0.05) in windward areas, respectively.
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Figure 2.5 Comparison of the occurrence time of annual maximum daily rainfall (n=85 gauges) for (a) the
analysis period, 1970-2005, and (c) every nine years from 1970-2005, with the occurrence time of annual
peak flow (n=112 gauges) for (b) the analysis period, 1970-2005, and (d) for every nine years from 1910-2005,
across the Hawaiian Islands. The dashed line is the estimated kernel density, and the arrow points to the
median date of occurrence with mean resultant length. For (a) and (b), the gray dots indicate the frequency
of the occurrence time. For (c) and (d), the colors reflect the time period, and the circles around the clock
indicate the occurrence time.
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2.3.5 The relationships of annual maximum rainfall and peak flow to largeale climate

variability

The magnitude of RFmax and PFmax showed no clear relationships to either the strength of ENSO
(Appendix A) or PDO (Appendix B) indices. On the other hand, the median occurrence times of
both RFmax and PFmax shifted earlier with a two to seven years cycle, regardless in windward or
leeward areas (Appendix C), which were correlated to the cycle of ENSO. Specifically, the median
occurrence times of RFmax and PFmax shifted to earlier during warm phase of ENSO (shaded in red
in Figs. 2.6 and 2.7). The ENSQO’s impact on median occurrence times was more pronounced in
leeward regions, i.e., with 12(8) recognized El Nifio(La Nifia) events, 9(5) RFmax and 9(6) PFmax
occurred earlier(later) in a water year (Fig. 2.6). However, there is no correlation between the
strength of ENSO (i.e., higher values of index) and the amount of shifting in occurrence times of
RFmax and PFmax, with a correlation coefficient -0.15. Besides, the magnitude and occurrence time

of RFmax and PFmax were not directly correlated to PDO (Appendix B).
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Figure 2.6 The occurrence time (median * 0.5 circular deviation) of annual maximum daily rainfall (green line;
n=42) and annual peak flow (black line; n=54) on the leeward side with the ENSO phase shaded (red: warm
phase; blue: cool phase, white: neutral). The y-axis indicates the months from June through May (bottom to
top). Occurrences under ENSO warm phase are indicated by red squares for annual maximum daily rainfall,
and a red circle for annual peak flow. The Oceanic Nino Index (ONI) on the top indicates the strength of the
ENSO from 1970 to 2005.
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Figure 2.7 The occurrence time (median * 0.5 circular deviation) of annual maximum daily rainfall (green line;
n=34) and annual peak flow (black line; n=49) on the windward side with the ENSO phase shaded (red: warm
phase; blue: cool phase, white: neutral). The y-axis indicates the months from June through May (bottom to
top). Early occurrences under ENSO warm phase are indicated by red squares for annual maximum daily
rainfall, and a red circle for annual peak flow. The Oceanic Nino Index (ONI) on the top indicates the strength
of the ENSO from 1970 to 2005.
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2.4 Discussion

2.4.1 Overview

Changes in the extreme events are driven by complex atmospheric conditions and antecedent
hydrological conditions, and it is unclear whether observed changes in rainfall and streamflow
are due to natural atmospheric variability or global warming. Climate models have projected
more intense rainfall under a warming climate and led to more severe flooding (Trenberth, 2011).
The dataset presented here extends our knowledge of changes in both magnitude and
occurrence time of RFmax and PFmax and their relationships to physiography and atmospheric
circulation across the Hawaiian Islands. | analyzed temporal and spatial trends in RFmax and PFmax,
examined the association between RFmax and PFmax, and inspected the temporal shifts of RFmax
and PFmax. Five key findings of this study were: 1) decreasing RFmax trends in more than half of
gauges, particularly on O‘ahu and Maui; 2) decreasing PFmax trends in most gauges on O‘ahu,
Maui and Hawai‘i Island, and more physiographic patterns in PFmax trends than RFmax trends; 3)
different timing between the PFmax and the RFmax; 4) shifting in the occurrence times of RFmax and
PFmax to earlier, except for PFmax in windward areas, and 5) an effect of ENSO on the occurrence
time of RFmax and PFmax. The results highlight that changes in RFmax are not sufficient to explain
the observed trends in PFmax. In addition, the observed shifts in the occurrence time of RFmax and

PFmax are important for flood risk and environmental management.

2.4.2 Comparing trends in the Hawaiian Islands to other studies

The predominantly decreasing trends of RFmax and PFmax shown in this study are consistent with
previous findings in Hawai‘i (Bassiouni and Oki, 2013; Chu et al., 2010; Clilverd et al., 2019).
However, | did not find increasing RFmax trends on Hawai‘i Island as suggested by Chu et al. (2010).
This difference may be in part due to the differences in the examined period (1970-2005 vs. 1950-
2007), and it highlights cautiously using fixed periods of record as statistical significances of long-

term trends (Frazier and Giambelluca, 2016). The majority of PFmax Stations showed declining

46



trends across the state of Hawai‘i during the study period, particularly on O‘ahu and Hawai‘i

Island. Changes in the magnitude of PFmax range from —6.5% to 5.8% per year.

In general, the Hawaiian Islands are experiencing decreasing RFmax and PFmax, Whereas extreme
rainfall has increased in some continental regions globally (Changnon and Kunkep, 1995;
Groisman et al., 2004; Hannaford and Marsh, 2008; Lins and Slack, 1999; Petrow and Merz, 2009).
Madsen et al. (2014) indicated the trends of extreme precipitation and floods in Europe are
heterogeneous. Beside regional factor, trends of extreme hydrological events may vary due to
different definitions or methodologies to detect the trend, e.g., the maximum value over a
period, count of precipitation days over a threshold, the percentile values, frequency, etc.
(Cunderlik and Quarda, 2009; Do et al., 2017; Douglas et al., 2000; Hannaford and Marsh, 2008;
Ishak et al., 2013; Lins and Slack, 1999; Madsen et al., 2014; Petrow and Merz, 2009). Further,
variation in the observed peak flow trends may be due to different causes or mechanisms that
generate peak flow, such as intense rainfall, saturated soil, or snow melt (Bléschl et al., 2017
Cunderlik and Ouarda, 2009). Studies in tropical regions (i.e., Singapore (Beck et al., 2015) and
India (Pingale et al., 2014)) only showed an increase in annual maximum daily precipitation but
little has been done in examining the changes of peak flow and in other tropical islands. In
Hawai‘i, decreasing PFmax may be related to decreased RFmax; however, little research has
examined higher temporal resolution (i.e., subdaily) rainfall and its changes. Subdaily rainfall
could better associate with peak flow as streamflow responds to rainfall within hours in Hawai’i
streams. In addition, the currently increasing drought condition across the Hawaiian Islands
(Frazier et al., 2019) may also contribute to decreasing PFmax (decreasing the opportunity of
saturation excess overland flow). This study adds to the knowledge of peak flow changes in
tropical regions, especially on those tropical islands that are often frontline to the impact of
changing climate and are likely vulnerable to the change in the precipitation patterns.
Nevertheless, further studies with long-term data recording of peak flows and high-resolution
rainfall will assist future assessments of their relationships and the mechanisms driving the

observed across the islands.
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2.4.3 The inconsistency between annual peak flow and paired rainfall trends

| found that PFmax rarely occurred at the same time as or soon after RFmax, and only 64% of paired
gauges showed consistent trend directions between daily rainfall and the peak flow. The pairs
with inconsistent trends may be an artifact of the limited availability of paired rain gauges, as
pairs showing inconsistent tends were mainly located in different watersheds or sub-watersheds
to each other. However, some of the inconsistency cannot be explained by the spatial mismatch,
for example, the Poamoho rain gauge on O‘ahu best represented the rainfall on Ko‘olau
Mountain for nearby watersheds, but interestingly three out of four nearby crest gauges were
inconsistent with its rainfall trend. The inconsistency between PFmax and the paired rainfall may
be due to that rainfall does not always lead to the peak flow, and additional factors in the runoff
processes need further investigation. These watersheds and their associated hydrological
characteristics may have local-scale patterns that vary the peak flow generation. Wasko and
Sharma (2017) suggested that disagreement between extreme rainfall and streamflow may be
attributed to antecedent soil moisture conditions for larger watersheds. In contrast, in this
analysis, | found only small differences when considering antecedent rainfall (as indication of
antecedent soil moisture conditions) and annual maximum peak flow. In the study, it was
challenging to demonstrate how sensitive the PFnax is to antecedent soil moisture in Hawai‘i by
comparing with paired 1-day, 2-day, or 5-day accumulated rainfall. There are two possible
reasons for this: 1) the PFnax is not sensitive to antecedent soil moisture likely due to the small
watersheds with shorter concentration time in Hawai‘i, or 2) the 5-day accumulated rainfall is
insufficient to indicate the soil moisture maximum. The pairing methods adopted in this study
have improved the understanding and representation of rainfall events that cause peak flows.
However, it remains unclear why some of the pairs exhibit negative trend relationships, and thus
further investigation is required. The change in RFmax cannot be conclusively applied as a proxy
for the change in PFmax, and | must be cautious in predicting changes in extreme streamflow based

on changes in extreme rainfall alone.
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2.4.4 The shifts in seasonality of annual maximum rainfall and annual peak flow

The occurrence time of RFmax and PFmax has receded from late January to December in Hawai‘i
(Fig. 2.5). In addition to the timing of winter storms, these temporal shifts in peak flow may be
due to the soil moisture conditions. In continental or large watersheds (> 2000 km?), changes in
antecedent soil moisture play a notable part in temporal shifts of floods (Bloschl et al., 2017;
Merz and Bloschl, 2003; Wasko and Sharma, 2017). Frazer and Giambelluca (2016) showed that
Hawai‘i had experienced drying trends from 1920-2012. However, it is unclear how drying
conditions have impacted the timing of maximum soil moisture and the occurrence time of PFmax.
Shifting climate patterns may also have altered atmospheric circulations and the timing of winter
rainfall (Bl6schl et al., 2017; Diaz et al., 2016, 2001), which would change the timing of RFmax and
then PFmax. To my knowledge, no other studies have addressed temporal shifts of RFmax and PFmax
in Hawai‘i; hence this study provides an important contribution to our understanding of shifting
hydrological regimes in Hawai‘i. It also adds further information and raises the awareness of

temporal shifts in both RFmnax and PFmax.

The occurrence time of RFmax in both windward and leeward regions exhibited 2 to 7 years
oscillations (Figs. 2.5-2.7). These oscillations may be caused by ENSO or other large atmospheric
cycles. Previous running trend analyses of the magnitude of monthly rainfall, extreme
precipitation, and streamflow have also identified distinct associations with atmospheric
oscillations (Chu et al., 2010; Clilverd et al., 2019; Frazier and Giambelluca, 2016). These
oscillations are most likely due to natural coupled oceanic and atmospheric cycles, such as the
ENSO. Chu et al. (2010) suggested that more extreme precipitation in the Hawaiian Islands occur
during La Nifa years, while fewer extreme precipitation events happen during El Nifio years.
However, | found no pronounced relationship between ENSO and the magnitude of RFmax and
PFmax, With possible bias due to different methods and study periods. Instead, | discovered that
the occurrence time of both RFmax and PFmax likely depends on the ENSO phase regardless of its
strength. It is unsurprising that ENSO impacted the occurrence time of both RFmax and PFmax.

Studies show that ENSO events delayed the starting time of monsoon in Asia (e.g., Joseph et al.,
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1994; Wang et al., 2013). Different El Nifio properties might have led to different starting time of
El Nifio and thus on the timing of rainfall (Xin Wang et al., 2013; Bin Wang et al, 2019). Different
mechanisms in occurrences of El Nifio (e.g., the El Nifio that had earlier starting time and occurred
more frequent from 1901 to 2017 (Wang et al., 2019)) possibly contribute to the shift of
occurrence time of RFmax and PFmax. The shifts in occurrence time have important ecological
implications — for instance, the timing of flash floods triggers the migration of native freshwater
fish, o‘opu, from their coastal nursery grounds to core stream habitats where they mature and
reproduce (Fitzsimons and Nishimoto, 1995; Radtke and Kinzie, 1996). Therefore, shifts in the
timing of these migratory cues could have consequences for the dispersal and life cycles of native
stream species across the Hawaiian Islands. | need further research on the sensitivity of peak flow
to natural climate oscillations and climate change, and the influence on the magnitude and
seasonality of RFmax and PFmax. This could be addressed with new stream gauges in watersheds,
a more extensive rainfall gauge network, and support for long-term records, that would provide
more effective streams and rainfall pairs needed to further our understanding of the association
between peak flow and rainfall. These would improve our understanding of the drivers of
observed changes in seasonal peak flow and improve our ability to predict future flooding events

across the Hawaiian Islands, and the potential impacts on humans and the ecosystem.

2.5 Conclusios

| have gained an improved understanding of local changes in peak streamflow and responses to
changes in rainfall. Despite limitations in the availability of long-term data, the study
demonstrated that both annual maximum rainfall and annual peak flow have declined; local
responses of both extreme rainfall and streamflow were varied, and changes in peak streamflow
do not necessarily follow the changes in maximum rainfall. In addition, | conclude that spatial
linkages between rainfall and streamflow gauges are important when studying the relationship
between peak streamflow and maximum rainfall. Also, the temporal shifts in peak streamflow
and rainfall should be considered in understanding changes in extreme events. Examining the

inconsistency between the timing of peak streamflow and annual maximum rainfall is much
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needed, and investigating the mechanisms that cause annual maximum rainfall or heavy rainfall

could shed light on the subsequent results in temporal shifts in peak streamflow.
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Appendix A. Relationship of annual maximum daily rainfall and annual peak flow
(magnitude) to El NifieSouthern Oscillation (ENSO)
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Figure Al Times series of mean magnitude of annual maximum daily rainfall (green line; n=84) and annual
peak flow (black line; n=111) across the Hawaiian Islands with the El Nifio-Southern Oscillation (ENSO) phase
shaded (red: warm phase; blue: cool phase). The Oceanic Nino Index on the top as a reference of the strength
of each ENSO event.

52



Appendix B. Relationship of annual maximum daily rainfall and peak flow to Pacific Decadal
Oscillation (PDO)

Besides the relationship with El Nifio-Southern Oscillation (ENSO) event, | also examine the
association between the annual maximum daily rainfall (RFmax) and annual peak flow (PFmax) and
PDO. The PDO index data are from the National Centers for Environmental Information (NCEI)

(https://www.ncdc.noaa.gov/teleconnections/pdo/). The results showed that both magnitude

and occurrence time of RFmax and PFmax have no obvious temporal pattern in relation to PDO.
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Figure B1 Mean magnitude of annual maximum daily rainfall (green line) and annual peak flow (black line) on the (a) leeward (n=42 for rainfall; n=53 for
peak flow) and (b) windward sides (n=34 for rainfall; n=49 for peak flow) across the Hawaiian Islands with the Pacific Decadal Oscillation (PDO) phase
shaded (red: warm phase; blue: cool phase). The PDO index on the top indicates the strength of the PDO.
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Figure B2 Occurrence time (median % 0.5 circular deviation) of annual maximum daily rainfall (green) and annual peak flow (black) on the (a) leeward
(n=42 for rainfall; n=53 for peak flow) and (b) windward sides (n=34 for rainfall; n=49 for peak flow) across the Hawaiian Islands with the Pacific Decadal
Oscillation (PDO) phase shaded (red: warm phase; blue: cool phase). The PDO index on the top indicates the strength of the PDO.
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Appendix C. Running trend analysis

To access the dependency and the persistence of the trends through time, | conducted a running
trend analysis with 76 annual maximum daily rainfall (RFmax) and 103 annual peak flow (PFmax)
gauges from 1970 to 2005. A similar running trend analysis was used in Frazier and Giambelluca
(2016) for annual and seasonal rainfall of four stations and Clilverd et al. ( 2019) for mean annual
baseflow of 23 unregulated stream gauges across the Hawaiian Islands. | calculated Sen’s slope
for a 20-year duration starting in 1970 and increased the duration yearly up to 36-years, for each
year in this study period. The running trend analysis was applied to both the magnitude and
occurrence time of the RFmax and PFmax, respectively. Besides, | examined the trend differences
in physiographical regions. This analysis was limited by the available data period, and thus was

unable to resolve the longer-period atmospheric cycle.

The running trend analysis of event-magnitude indicated an overall magnitude trend changed
from increasing to decreasing in the middle of the study period,1979, for RFmax and PFmax across
the Hawaiian Islands (Fig. C1). The running trend analysis highlighted long term trends in earlier
occurrence of annual maximum daily rainfall across the islands, and earlier occurrence of annual
maximum peak flow persistent in leeward regions. A less-than-7-year cycle displayed in the RFmax

(Fig. C2).
The changes in the magnitude of RFmax and PFmax were not related to ENSO events but could be

influenced by other longer cycles (e.g., PDO) and warming climate. In contrast, ENSO events

impacted the shifts in occurrence time regardless the physiography (Figs. 2.6 and 2.7).
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Figure C1 Running trend analysis for mean magnitude of annual maximum daily rainfall (a, b) and annual peak
flow (c, d) on the leeward (a, c) and windward (b, d) regions from 1970 to 2005, respectively. The x-axis
represents the start year of the trend and y-axis the window size. Trend magnitudes computed using the
Sen’s estimator (red: increasing trend; blue: decreasing trend; square boxes: p-value < 0.05), with 42, 34, 54,
and 49 gauges in (a), (b), (c), and (d).
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Figure C2 Running trend analysis for the median occurrence time of annual maximum daily rainfall (a, b) and
annual peak flow (c, d) on leeward (a, c) and windward (b, d) regions from 1970 to 2005, respectively. The x-
axis represents the start year of the trend and y-axis the window size. Trend magnitudes computed using the
Sen’s estimator (pink: earlier occurrence trend; yellow: later occurrence trend; square boxes: p-value < 0.05)
with 42, 34, 54, and 49 gauges in (a), (b), (c), and (d).
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Chapter 3.
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and radarrainfall®

Abstract

High temporal and spatial resolution precipitation data are essential for hydrological and flood
modeling to assist water resources management and emergency responses, particularly for small
watersheds such as those in Hawai‘i, USA. Unfortunately, fine temporal (sub-daily) and spatial (<
1-km) resolution of rainfall datasets are not always readily available. Radar provides indirect
measurements of rain rate over a large spatial extent with a reasonable temporal resolution,
while rain gauges provide “ground truth”. There are potential advantages to combining the two,
which have not been fully exlored in tropical islands. In this study, | applied kriging with external
drift (KED) to integrate hourly gauge and radar rainfall into a 250 m by 250 m gridded dataset for
the tropical island of O‘ahu. The results were validated with leave-one-out cross validation for 18
severe storm events, including five different storm types (e.g., tropical cyclone, cold front, upper-
level trough, Kona low, and a mix of upper-level trough and Kona low) and different rainfall
structures (e.g., stratiform and convective). KED merged rainfall estimates outperformed both
the radar only and gauge only datasets by: (1) reducing the error from radar rainfall; and (2)
improving the underestimation issues from gauge rainfall, particularly during convective rainfall.
| confirmed the KED method can be used to merge radar with gauge data to generate reliable
rainfall estimates, particularly for storm events, on mountainous tropical islands. In addition, KED
rainfall estimates were consistently more accurate in depicting spatial distribution and maximum

rainfall values within various storm types and rainfall structures.

5 A slightly modified version of this chapter has been published with co-authors, Yinphan Tsang and
Alison D. Nugent, to Journal of Hydrometeorology .
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3.1 Introduction

The usage of gridded rainfall data for hydrological modeling has exponentially increased in the
past two decades, which in part shows the critical role of high temporal and spatial resolution
rainfall in hydrological studies (e.g., Delrieu et al. 2014; Fares et al. 2014). Reliable results from
hydrological models depend on the accuracy and reliability of the model input (Zhu et al. 2013).
Inaccurate rainfall data compromise the model output and seriously impact the associated
decisions made using model results (Golding 2009; McMillan et al. 2011; Zhu et al. 2013).
Furthermore, regional hydrological studies benefit from datasets at high spatial resolution, which
include detailed observations, to resolve physical process at fine scales (sub-daily and < 1-km)
and account for terrain characteristics. For small watersheds, the distribution of rain gauges and
temporal resolution of rainfall data limits the accuracy of modeled streamflow hydrograph, as
the time of concentration (i.e., time required for runoff to travel from the hydraulically furthest
point in the watershed to the outlet) is short. There is a critical need to acquire reliable rainfall
estimates at high spatial (e.g., a kilometer or less) and temporal (e.g., hourly or sub-hourly)
resolutions (Berne and Krajewski 2013). Essou et al. (2016) demonstrated that using high-spatial-
resolution regional atmospheric reanalysis datasets improved streamflow simulations in humid
and subtropical watersheds, with sizes between 460 km? and 127,635 km?, when weather station
densities are sparse (i.e., one station per 1000 km?). Because weather systems bring
orographically induced heavy rainfall with high gradient and variable spatial patterns or
directions, hydrological modeling of flooding events in small watersheds (e.g., 0.13—635.79 km?
with mean and median, 18.27 and 5.78 km?, respectively, based on monitored gauge locations)
in Hawai‘i, USA, is also hindered by the lack of appropriate resolutions of rainfall estimates (El-

Kadi and Yamashita 2007; Fares et al. 2014).

Rain gauge and weather radar are the most widely used ground-based instruments for acquiring
rainfall estimates, and each have their own strengths and weaknesses. Rain gauges provide the
rainfall value received on the ground but are highly localized measurements. Multiple

accumulation and spatial interpolation efforts were also made at annual (Giambelluca et al.
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2013), monthly (Frazier and Giambelluca 2016), and daily (Longman et al. 2019; Newman et al.
2019) time scales. However, interpolating hourly gauge rainfall is challenging due to inherent
limitations at a fine temporal scale (e.g., heterogeneous rain gauge distribution, zero-values,
missing values). While radar supplies high temporal and spatial resolution rain rate and rainfall
accumulation, the accuracy is usually lower than rain gauges due to: increasing scanning angles
at distances further away from the radar station; potential beam blockage by terrain or
attenuation; and the dynamic relationships between rainfall reflectivity and rain rate.
Giambelluca et al. (2013) attempted to incorporate radar information into mean monthly and
annual rainfall estimates in Hawai‘i by using the NOAA Next Generation Radar (NEXRAD) Level llI
radar rainfall. However, NEXRAD provided little improvement over other predictors. Instead, they
included Parameter Elevation Regression on Independent Slopes Model (PRISM), Fifth-
Generation Penn State/NCAR Mesoscale Model (MM5), and vegetation information as predictors
with rain gauge data. Since 2020, the National Weather Services in Hawai‘i use the Multi-Radar
Multi-Sensor (MRMS) quantitative precipitation estimation (QPE) to support their forecast. The
MRMS system is implemented at the National Center for Environmental Prediction (NCEP) and
commonly used in continental U.S. It generates estimated rainfall amounts with resolutions of 1-
km and sub-daily radar QPE incorporating gauge rainfall by bias adjustment and precipitation
climatology (Zhang et al. 2016). Prior to MRMS, there was no other sub-daily integrated radar
and gauge QPE in Hawai‘i. As a result, radar rainfall is underutilized by hydrologists (Fares et al.
2014). Recently, Huang et al. (2022) improved data accessibility to hourly gauge and radar rainfall
across the Hawaiian Islands. In this study, | will extend these efforts by: (1) producing a spatially
continuous, high temporal (e.g., hourly) and high spatial (e.g., 250 m grid) resolution rainfall
dataset; and (2) examine whether a merged dataset (2015-2020) of gauge and radar rainfall

improves the accuracy of rainfall estimates for O‘ahu.

In the past two decades, many approaches have been used to merge different types of rainfall
measurements, e.g., gauge, radar, and satellite measurements. Merging gauge and radar rainfall
can improve the accuracy of temporal and spatial resolution of rainfall estimates (Goudenhoofdt

and Delobbe 2009; Haberlandt 2007). Approaches for merging gauge and radar rainfall can be
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categorized into three groups: radar bias reduction; rain gauge interpolation with radar spatial
pattern; and gauge-radar integration (Ochoa-Rodriguez et al. 2019; McKee and Binns 2016;
Goudenhoofdt and Delobbe 2009). The radar bias reduction method includes the mean field bias
(MFB) reduction (Hitschfeld and Bordan 1954) and its modifications (Brandes 1975; Wilson 1970;
Wilson and Brandes 1979; Borga 2002; Michelson and Koistinen 2000). The radar bias reduction
methods improve radar rainfall based on the gauge rainfall; however, the adjustments are
applied on the radar coverage and do not provide full coverage of spatial extent. This is due to
the possibility of a great number of missing values in radar grids because of the beam blockage
by the complex terrain. The interpolations of rain gauge with radar spatial patterns include
conditional merging, i.e., ordinary kriging with radar-based error correction (KRE) (Sinclair and
Pegram 2005) and kriging with external drift (KED). Conditional merging uses the radar field to
estimate the error associated with ordinary kriging (OK) based on gauge rainfall and corrects it.
KED uses radar as secondary information to gauge rainfall and assumes the gauge rainfall is
linearly correlated with radar rainfall. The gauge-radar integration includes co-kriging (CoK)
(Krajewski 1987) and Bayesian data combination (BDC) (Todini 2001) and aims to minimize the
estimation uncertainty. The interpolations with radar spatial patterns assume gauge rainfall is
the true rainfall, whereas the gauge-radar integration assumes that the two measurements are
both equally true rainfall. In this study, | adopt the rain gauge interpolation with radar spatial
pattern and aim to improve the spatial coverage to extend over a mountainous tropical island.
To facilitate the later hydrological application, | consider the rain gauge measurements as the

true rainfall received on the ground.

McKee and Binns (2016) pointed out a few considerations when selecting the gauge-radar
merging methods, including: (1) density of rain gauge networks; (2) climate and storm
characteristics; (3) proximity of the radar stations; (4) basin response time; and (5) time step of
adjustment. With the above considerations, | decided to adopt KED for merging gauge and radar
rainfall on O‘ahu for the following reasons:

9 Gauge rainfall in Hawai‘i has relatively high confidence compared to available radar

rainfall (see the reasons | listed in the second paragraph of Introduction). With that in
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mind, rain gauge interpolation with radar spatial pattern is superior to gauge-radar
integration because it considers gauge rainfall with more accuracy as true rainfall. KED
is superior to KRE because KRE still relies on the quality of radar rainfall (Rabiei and
Haberlandt 2015).

9 The density of rain gauges on O‘ahu (>= 70 hourly rain gauges over an area of 1546
km? with the average nearest-neighbor distance of 4.1 km) is enough to overcome the
sensitivity issues of the KED method to rain gauges (McKee and Binns 2016; Berndt et
al. 2014; Goudenhoofdt and Delobbe 2009).

9 Previous studies suggest that KED outperformed other methods for merging gauge
and radar rainfall (e.g., Erdin 2009; Velasco-Forero et al. 2009; Rabiei and Haberlandt
2015; Delrieu et al. 2014).

Although KED is widely used for merging gauge and radar rainfall and has been used to hgenerate
igh temporal resolution (sub-hourly) data, most prior studies were conducted on continents (e.g.,
Erdin 2009; Velasco-Forero et al. 2009; Haberlandt 2007; Rabiei and Haberlandt 2015; Ly et al.
2013; Delrieu et al. 2014; Berndt et al. 2014) or bigger islands in the midlatitudes (e.g., Great
Britain; Nanding et al. 2015; Cecinati et al. 2017; Jewell and Gaussiat 2015). These studies rarely
focused on mountainous areas or, if they did, the performance of KED in mountainous areas was
worse than in flatter areas and rainfall was poorly validated and described (e.g., Erdin 2009;
Jewell and Gaussiat 2015). The performance of KED on mountainously tropical islands with

different storm types and rainfall structures (convective vs. stratiform) remains unknown.

The aim of this study is to deliver gridded hourly rainfall suitable for studying severe floods in
tropical islands. | plan to integrate the available radar and rain gauge data to deliver gridded
hourly rainfall on O‘ahu, Hawai’i, as a pilot study to identify methods to generate high temporal
and spatial rainfall data for mountainously tropical islands. | evaluated and validated the
approaches by examining the performance of radar-only, gauge-only, and merged radar-gauge
(i.e., KED) rainfall estimates during 18 severe storm events to answer the following questions: (1)

does merging gauge and radar rainfall with the KED method perform better than using gauge-
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only or radar-only rainfall estimates? (2) if the KED rainfall estimate is better than gauge or radar
rainfall, is it uniformly superior in all weather systems? The following sections provide
information on the data sources and description of event selection, gauge rainfall, and radar
rainfall. | also outline the methods used for identifying rainfall types, merging different rainfall
products, and conducting validations. The results are presented based on events, storm types,
and rainfall structures. Additionally, | discuss the advantages of incorporating radar data in
rainfall estimates, address potential radar bias, highlight improvements in estimating convective
rainfall, discuss applications, and outline the limitations of the study. Finally, | conclude the paper

with key findings and recommendations for merging radar-gauge applications in tropical islands.

3.2 Data

3.2.1 Event selection

| incorporated rain gauge and radar data to generate the hybrid quantitative precipitation
estimate (QPE) for 18 severe rainfall events between 2015 and 2020 on O‘ahu (Table 3.1). |
selected the rainfall events reported in the National Centers for Environmental Information
(NCEI) Storm Events Database®. Based on the descriptions of each event, the events can be
summarized into five storm types: tropical cyclone (TC), cold front, upper-level trough, Kona low,
and mixed of upper-level trough and Kona low. Tropical cyclones usually only occur during the
dry season (May—October) with maximum sustained winds > 39 mph. Cold fronts can produce
heavy rainfall along with southerly prefrontal winds and northerly post frontal winds (Kodama
and Barnes 1997; Longman et al. 2021). Upper-level troughs occur near or over the Hawaiian
Islands any time of the year and are identified by the absence of a low-pressure center at the
surface (Kodama and Barnes 1997; Longman et al. 2021). Finally, Kona lows occur when a cold
core system gets cut off from the upper level westerly winds and develops a closed surface low

(Simpson 1952; Kodama and Barnes 1997; Longman et al. 2021).

6 NCEI Storm Event Database: https://www.ncdc.noaa.gov/stormevents/
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Table 3.1 The results from point-to-grid cross-validation of 18 selected severe storm events between 2016 and 2020 for validation (3 tropical cyclones
(TC), 2 cold fronts (CF), 7 upper-level troughs (UL), 2 Kona lows (KL), and 4 mixed upper-level trough and Kona lows (Mix)). The validation period starts
and ends at 00:00 UTC. OK: Ordinary kriging rainfall, Radar: radar-only rainfall, KED: rainfall estimates from kriging with external drift. Bold font
represents the best metric for the event between OK, radar, and KED. Validation index: BIAS, bias; RMSE, root mean square error; RZ: coefficient of
determination; MaxRR, maximum rainfall ratio). Refer to sections 3c and 3d for details on methods of rainfall estimates and validation indices.

# of Mean BIAS (mm) Mean RMSE (mm) Re MaxRR
Event | Storm | Validation period ]
rain

ID types | (YYYY/MM/DD) gauges| OK Radar | KED | OK | Radar | KED | OK | Radar| KED | OK | Radar| KED
2016/07/22 >

TCGO1 TC 59 -0.35 -0.48 -0.27 | 0.73 | 0.75 0.71 0.58 | 0.58 0.67 0.92 0.79 1.08
2016/07/26
2017/02/09 >

CF01 CF 60 -0.21 | 0.17 -0.22 0.52 | 0.53 0.46 0.71 | 0.76 0.76 0.31 0.51 0.41
2017/02/13

) 2017/02/27 >

Mix-01 Mix 50 -0.39 0.27 -0.29 0.75 | 0.83 0.68 0.48 | 0.52 0.52 0.29 0.88 0.45
2017/03/02

. 2017/10/22 >

Mix-02 Mix 66 -0.11 | 0.37 -0.12 0.41 | 0.65 0.38 0.71 | 0.64 0.72 0.64 0.90 0.75
2017/10/25
2017/11/10 >

UL-01 UL 64 -0.24 -0.30 -0.16 | 0.52 | 0.50 0.47 0.46 | 0.55 0.52 0.50 0.88 0.69
2017/11/13

) 2018/02/16 >

Mix-03 Mix 56 -0.23 0.06 -0.10 0.48 | 0.58 0.42 0.66 | 0.67 0.71 0.49 1.16 0.96
2018/02/20
2018/02/23 >

UL-02 UL 62 -0.23 -0.19 -0.13 | 0.39 | 0.34 0.32 0.42 | 0.47 0.49 0.45 0.80 0.98
2018/02/27
2018/03/30 >

UL-03 UL 63 0.00 0.26 -0.05 0.17 | 0.30 0.10 0.72 | 0.74 0.74 0.18 1.09 0.24
2018/04/02

UL-04 UL 2018/04/11 > 64 -0.21 -0.13 -0.17 0.41 | 0.46 0.38 0.42 | 0.14 0.48 0.82 1.71 1.03
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2018/04/16

2018/08/24 -

TCO2 TC 63 -0.39 | -0.35 -0.23 | 0.66 | 0.62 0.59 | 041 | 049 0.49 0.30 0.95 0.84
2018/08/29
2018/09/11 -

TGO3 TC 62 -0.30 | -0.14 -0.23 | 0.67 | 0.73 0.63 | 0.66 | 0.64 0.66 0.65 1.07 0.88
2018/09/15
2018/10/10 >

UL-05 UL 63 -0.29 | -0.12 -0.17 | 0.46 | 0.44 0.39 | 028 |041 0.40 0.45 1.33 0.81
2018/10/13
2018/10/28 -

KL-01 KL 63 -0.20 | 0.15 -0.18 | 0.54 | 0.76 0.51 | 0.67 | 0.66 0.69 0.95 1.30 0.87
2018/11/01
2018/11/08 -

CF02 CF 60 -0.24 | -0.19 -0.11 | 047 | 0.42 0.39 |0.34 |0.52 0.49 0.69 1.26 1.06
2018/11/12
2019/02/12 -

UL-06 uL 66 -0.31 | -0.23 -0.22 | 0.63 | 0.63 0.58 | 0.44 |0.45 0.50 0.57 0.94 0.73
2019/02/16
2019/06/23 >

KL-02 KL 64 -0.23 | 0.48 -0.19 | 0.58 | 1.11 0.55 | 0.63 | 0.55 0.64 0.60 2.13 0.88
2019/06/27
2019/09/12 -

Mix-04 | Mix 42 -0.30 | 0.58 -0.18 | 0.49 | 0.80 0.38 | 016 | 041 0.36 0.43 2.52 0.53
2019/09/16
2019/10/09 -

UL-07 uL 40 -0.20 | 0.42 -0.16 | 0.40 | 0.62 0.35 |0.59 |0.62 0.61 0.65 1.49 0.81

2019/10/13
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3.2.2 Rain gauge data

| subset the quality-controlled hourly gauge rainfall from 73 rain gauges on O‘ahu from Huang et
al. (2022) (Figure 3.1). For each event, a rain gauge was included in the analysis if the rain gauge
had hourly rainfall data covering more than 80% of the validation duration, one day before/after
the begin/end dates. The number of rain gauges used for each event validation ranges from 42
to 66. The correlation between pairs of gauges and their distance are in negative relationships

(Figure D1).

72



21.6°N

RMSE differences
® <-045
-0.45 - -0.40
-0.40 - -0.35
-0.35--0.30
-0.30 - -0.25
-0.25--0.20
-0.20 - -0.15
-0.15--0.10
-0.10 - -0.05
() -0.05-0.00
) >=0.00
Elevation (m)

0
= 250
[T 500
Il 750

Il 1000

21.4°N

X X X X N N N J

21.6°N

21.4°N - A

0 5 10km
]

158.2°W 158.0°W 157 8°W

Figure 3.1 The locations of the 73 rain gauges on O‘ahu. The colors denote the differences in 18-event-mean
root mean square error (RMSE) between (a) radar and the kriging with external drift (KED) rainfall estimates
and (b) ordinary kriging (OK) and KED. Purple indicates KED performed better than the other option. The
deeper the color the better the rainfall estimate. Refer to sections 3c and 3d for details on methods of rainfall
estimates and validation indices.

73



3.2.3 Radar data

| used NEXRAD Level Il radar reflectivity (NOAA 1991) and sounding data from the atmospheric
sounding website hosted by the Department of Atmospheric Science, University of Wyoming

(http://weather.uwyo.edu/upperair/sounding.html) to identify rainfall type and the hourly radar

rainfall data with grid size, 0.005° by 0.005°. The NEXRAD system is a network of high-resolution
S-band dual-polarimetric Doppler radars with the maximum coverage of 230 km radius for

Doppler velocity and 460 km radius for reflectivity with the typical lowest sweep angle at 0.5°.

The radar rainfall was obtained by applying the Lidar Radar Open Software Environment (LROSE,
Dixon and Javornik 2016) on NEXRAD Level Il radar reflectivity with 5-to-6-min temporal
resolution. There was no missing radar data in selected storm events. The application of LROSE
to radar data provides data quality control algorithms, including clutter detection and mitigation
(Hubbert et al. 2009), quality metrics and error assessment (Bell et al. 2013), and attenuation
correction in precipitation (Gu et al. 2011). For the hourly rainfall, the rain-rate accumulates
within the radar volume at each grid and is converted to precipitation depth in hourly intervals.
| applied the modified NCAR Hybrid method (Dixon et al. 2015) with hydrometeor information
and localized reflectivity-rain rate relationship, ®@ ¢ U'Yt®, where Qis the radar reflectivity and

‘Yis the rain rate of each radar scan. The detailed processes are described in Huang et al. (2022).

The radar rainfall product in Huang et al. (2022) is a product of four NEXRAD radar stations across
the state and was masked to exclude areas with high uncertainty. Here, | used the radar rainfall
dataset without the mask because | expected to incorporate gauge rainfall to reduce the
bias/errors. The radar rainfall on O‘ahu mainly came from the radar station on Moloka‘i (PHMO;
Figure D2). The radar rainfall for the northeast of O‘ahu, where the lower angle beams of PHMO
were blocked by terrain, came from Kaua‘i (PHKI; Figure D2). The distances between PHMO and
the rain gauges on O‘ahu range from 53-123 km, and distances between PHKI and the gauges
range from 138-206 km. All rain gauges are all in both radars’ scanning range, however, the

accuracy of radar rainfall usually decreased when the target locations were further away, when
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the gauges can only be scanned at a higher angle.

3.3 Methodology

3.3.1 Structure of rainfall

In this study, the rainfall structures (i.e., convective vs. stratiform) of each event was assessed to
facilitate the evaluation of QPE methods’ accuracy during different structure. | identified the
rainfall structure at every radar grid on every 5-to-6-min radar measurement using open-source
software, LROSE (Dixon and Javornik 2016; Dixon and Romatschke, 2022). The convective and
stratiform partitioning algorithm was based on Steiner et al. (1995) (Dixon and Romatschke,
2022). The algorithm first excludes grids with reflectivity lower than 10 dBZ and keeps the rest as
valid convective grids because convective rainfall usually corresponds to stronger radar
reflectivity. Next, convective grids are defined as having a vertical column (between 0 and 10 km)
maximum of radar reflectivity larger than 40 dBZ. In addition, convective grids are identified by
the “texture”, which is calculated by the square root of the standard deviation of the squared
reflectivity within 7-km of each valid grid based on the radar resolution (Dixon and Romatschke,
2022). A convective grid is identified when more than one third of the surrounding grids have a
texture value larger than 15 within a 7-km radius. The texture value is then translated to a value
between zero and one (see Dixon and Romatschke 2022, their Fig. 3). A convective grid has a
value of 1, while stratiform has a value of 0 in the LROSE product for every radar scan. The
convectiveness, which stands for the hourly proportion of convective precipitation at each radar
grid (0% to 100%), is averaged hourly by grid spacing of the radar rainfall grid. To simplify the
experiments, | identified binary rainfall structures based on the convectiveness. At each hour, |
considered convectiveness < 50% as stratiform rainfall, whereas convectiveness >= 50% was

considered convective rainfall.

3.3.2 Merging methods
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| used ordinary kriging (OK) to interpolate “gauge-only” rainfall to compare possible benefits from
incorporating radar rainfall when applying KED. For both OK and KED, | included all available
gauges for each event. Before all the kriging processes, | added a small value, 0.001, and applied
a log transformation to gauge and radar rainfall to give more Gaussian-like distribution and
prevent the issue caused by zero values. The interpolated log-rainfall was then transformed back
to rainfall estimates and subtracted by the added value of 0.001. OK is a popular interpolation
method and has the lowest error in the applications of daily to yearly rainfall in Hawai‘i (Frazier
et al. 2016; Mair and Fares 2011). OK interpolates data with a weighted average, where the
weights are a function of the distance between the rain gauge measurements and estimated
point (e.g., variogram or semi-variogram, Goovaerts 2000; Goovaerts and Goovaerts 1997;
Kitanidis 1997). In this study, OK interpolated gauge rainfall into the configuration of 0.005° by

0.005°, the same as the radar rainfall grid, with the following:

YO w Y Ow

where Y "@h this study refers to hourly rainfall with the method in its subscript in this study; here,
YO w is the OK-estimated rainfall at the unknown location @ ; 'Y "'Ow are the known
rainfall values at locations @, W, 8 @, and _ are OK weights, which minimize the variance
under unbiased conditions (the sum of weights are one). The weights are determined by the

variogram model using a covariance function, 0, at the distance between each rain gauge point.

o = 6 who 0 whw
I'p

e _ p

w

Eq. 1

In OK, | assume the value of the unknown constant, ‘ , was zero.
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On the other hand, KED is an efficient algorithm that allows the incorporation of secondary
variables as additional information, which are assumed to be linearly related to the expected
value of the primary variable. In this study, KED allows us to derive rainfall estimates with rain
gauges and observed spatial features of the radar rainfall. KED with gauge and radar rainfall has
been successfully applied in many locations, including Germany, Netherlands, and UK
(Goudenhoofdt and Delobbe 2009; Haberlandt 2007; Cecinati et al. 2017; Nanding et al. 2015;
Jewell and Gaussiat 2015; Courty et al. 2018; Rabiei and Haberlandt 2015; Schuurmans et al.
2007). KED follows OK but considers the mean of the study field nonstationary in space. KED
models a drift term (mean) plus a residual term, where the drift term is an unknown linear

function defined by the radar field:

@ ® @ ©IYOow
Eq. 2
where @& @ is the drift term (mean) and 'Y 'O is the hourly radar rainfall at location &)

while (and Qare linear coefficients to be determined. KED has a similar expression as OK but

with different weights:

YO ® B _ 'YOn,with
Po_ 8 e 0 YOn 8 whe
W
[y = P
v
7 _  'YOw Y Ow
Vg

Eq.3

where YO is the rainfall estimate from KED with the weights, _ ;YO and 'Y Ow are

gauge and radar rainfall at location @, respectively; 0 is the covariance of the residuals,
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YOw a w;‘ and‘ are Lagrange multipliers. Both OK and KED apply an isotropic
spherical model on the gauge rainfall for the variogram, with parameters automatically
calculated using the L1-norm minimization scheme (Murphy et al. 2021) for finding the best fit
solution by minimizing the sum of the absolute differences between observed and predicted

values.

3.3.3 Validation and evaluation

| evaluated all gridded products against the rain gauge measurements in the same grid at hourly
intervals. Radar rainfall was validated at all rain gauge locations for each event. Both OK and KED
rainfall were validated with leave-one-out cross-validation (LOOCV), where one rain gauge was
left out during the kriging process. This was repeated for each rain gauge and validated with the

remaining rain gauges in each of the 18 events.

Six indices were used to quantitatively evaluate radar, OK, and KED rainfall estimates: bias (BIAS);
root mean square error (RMSE); coefficient of determination (R?); maximum rainfall ratio
(MaxRR); and area under the curve (AUC), where the curve is the receiver operating

characteristics (ROC).

1) Bias (BIAS)

BIAS shows the amount of rainfall under- or over-estimated from the first timestep, t=1, to the

last timestep, t=T:

6 0owY YOoOrw VYQw

4

Eq. 4

where YO j @ is the rainfall estimates of radar, OK, or KED and Y "Q is the original gauge
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rainfall at the timestep, t, at the rain gauge location, . The best estimation has BIAS = 0. To
compare the results between events, | normalized BIAS into nBIAS by dividing the BIAS by the
range of the event rainfall values, which represents the difference between the maximum and

minimum rainfall values for each event.

2) Rootmean square error (RMSE) and normalized RMSE (nRMSE)

The RMSE is a measurement of accuracy and indicates the errors between the estimated value

and the gauged value:

YO YQ

Eq.5

The best estimation has RMSE = 0. To compare the results between events, | calculated the
NRMSE by dividing the RMSE by the range of the event rainfall values, which represents the

difference between the maximum and minimum rainfall values for each event.

3) Coefficient of determination &R

R? equals the square of the Pearson correlation coefficient, which measures the precision of the

relationship between the estimated and gauge rainfall:

B YOrpw YO w Y@Qow YOw

0¢

B YOrw YO w B YQRw YOw
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where Y'O @ and YO w are the mean of estimated and gauge rainfall at location w,

respectively. The best estimation has RZ = 1.

4) Maximum rainfall ratio (MaxRR)

In addition to the three indices above that show the overall bias and precision in rainfall estimates
over the period of an event, | applied MaxRR (see Eq. 7) to measure how the maximum hourly
rainfall of each merging method in an event compares to that of the gauge rainfall. The maximum
rainfall ratio is defined as the ratio of maximum hourly estimated rainfall from each gauge

location to the maximum hourly gauge rainfall across all left-out rain gauges in the LOOCV

iterations:
DOwY'Y
| Ad A¥Or @ BhYO; 0w MBhi AQyOy @ BhYO; @
| Ad A¥'Q & BhYQ @ Bhi A¥'Q o Bh'Y'Q o

Eq. 7

where n is the total number of rain gauges during the validation period. The best estimation has
MaxRR = 1. Note that the maximum gauge rainfall from each event ranged between 47 mm and
103 mm, which exceeded the definition of extreme rainfall (= 20 mm/hr) for tropical rainfall in
Tokay and Short (1996) and heavy rainfall (> 7.6 mm) in general according to the American

Meteorological Society (AMS) glossary.

5) Receiver operating characteristic (ROC) curve and the area under the curve (AUC)

The ROC is a curve of true positive rate (TPR) and false positive rate (FPR):
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"YO "O0 "O0 YO

Eq. 8

where TP is the true positive—the number of positive cases predicted that match actual positive
cases; FN is the false negative (i.e., type Il error)—the number of negative cases predicted that
were actually negative; FP is the false positive (i.e., type | error)—the number of positive cases
predicted that were actually negative; and TN is the true negative—the number of negative cases
predicted that match actual negative cases. Here, | used ROC curve to evaluate each rainfall
estimate at all rain gauge locations with 15 threshold percentiles, including 0, 10, 20, 30, 40, 50,
60, 70, 80, 90, 95, 97.5, 98, 99, 99.5, 99.9 percentile. The count of TP, FN, FP, and TN is based on
if the estimated rainfall is greater than or equal to (>) the threshold. | plot the ROC starting from
80 to 99.9 percentile (Figure 3.2) with corresponding values, 0.254, 1.524, 4.064, 7.620, 9.144,
14.478, 21.844, 42.164 mm, respectively. The overall performances of accuracy are summarized
to AUC, which is an aggregated evaluation of accuracy across all the thresholds and ranges from
zero to one. When AUC scores 1.0, it indicates the best overall accuracy in rainfall estimate. When
AUC is 0.5, it means that the rainfall estimates are no different from guesses, and when AUC
scores 0.0, it means the rainfall estimates are the opposite of the truth (e.g., when the observed
rainfall is larger than or equal to the threshold, the estimated rainfall will be smaller than the

threshold).

Among all the indices, BIAS allows us to determine whether the rainfall estimates are under- or
overestimated overall, but the value can be offset by different time steps. The RMSE is the most
recommended and used index to compare model performances (Willmott, 1982) and represents
the real error from estimations (Chai and Draxler, 2014). The evaluation of different QPEs will be
mainly based on RMSE. The coefficient of determination (R?) provides an intuitive view of how
well the estimations fit the observations. Although previous studies (e.g., Willmott, 1982; Taylor,
1990) indicated that Pearson correlation coefficient could be misleading when used to compare
model estimated and observed variables, R? is commonly used in statistical evaluation of model

performances because it shows how much of the variance in the dependent variable that is
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explained by the independent variables in the model. Therefore, I still include R? to understand
whether the estimated and observed time series co-vary over time. The MaxRR was developed
because maximum rainfall critically drives stormflow responses in flood-related research, which
is one of the reasons to deliver hourly gridded rainfall on O‘ahu. It evaluates the estimated
maxima against the observed maximum rainfall at rain gauges, however, this evaluation can be
imperfect when the locations of maxima between the estimated and observed rainfall differ. For
example, if a storm event had multiple peak rainfall within an event, the low density of gauges
could not capture the peak at the maxima locations to be evaluated against radar or interpolated
estimates (i.e., KED). The ROC and AUC are widely used to effectively evaluate the overall
prediction accuracy of a classification model (e.g., Ma and Huang 2007; Fawcett 2006). ROC
represented the proportion of correct estimations to various thresholds, while AUC represented
a summary of how the model performs at all thresholds. In addition, | applied Tukey’s test (Tukey,
1949) to determine the statistical significance (p-value<= 0.05) of the indices of RMSE, R?, and
MaxRR. Instead of taking a mean over all rain gauge locations for each index, | keep the indices

at each rain gauge location for each event duration.
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Figure 3.2 The receiver operating characteristics (ROC) at different rainfall thresholds of hourly rainfall
(annotations, 1 to 8, are 0.254, 1.524, 4.064, 7.620, 9.144, 14.478, 21.844, 42.164 mm, respectively) with the
area under curve values between different methods of rainfall estimates. Ordinary kriging (OK) is denoted in
blue, radar in green, and kriging with external drift (KED) in orange. In ROC, the closer the point is to the top
left (i.e., true positive rate = 1 and false positive rate = 0) the better. Note that the x and y axes are on
different scales.

3.4 Results

3.4.1 Evaluation by event

The validation results for the hourly rainfall from each event are shown in Table 3.1 and Figure
3.3. The event-mean BIAS of OK, radar, and KED ranges from Ti& o0 mm, T1i& Yo Tid Ynm,
and TI& o T@T unm, respectively. Although the event-mean BIAS showed that OK and KED
always underestimated hourly rainfall, KED had smaller bias than OK for most events (n=15).

While radar had the event mean BIAS (0.01 mm) closest to zero, the large range of its mean BIAS
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(-0.48 to 0.58 mm) indicates the uncertainty and inconsistency of the rainfall estimates in
different events. The mean RMSE of OK, radar, and KED ranges from 0.17 to 0.75 mm, 0.3 to 1.11
mm, and 0.1 to 0.71 mm, respectively. Based on the mean RMSE, KED outperformed OK and
radar rainfall estimates for all events, while OK had better results than radar during 13 events.
Figure 3.3b shows that KED especially reduced errors in two events. One is an upper-level trough
(event ID: UL-03) and the other is a mix of an upper-level trough and a Kona low (event ID: Mix-
04). The event-mean R? of OK, radar, and KED ranges between 0.16 and 0.72, 0.14 and 0.76, 0.36
and 0.76, respectively. The hourly rainfall estimates of OK, radar, and KED had the best mean R?
at one, nine, and thirteen events, respectively. In addition, KED had the highest values in both
low and high ranges of R?, which indicates the consistency in estimates of hourly rainfall. The
event MaxRR of OK, radar, and KED ranges from 0.18 to 0.95, 0.24 to 2.52, and 0.51 to 1.08,
respectively, which indicates KED is the most consistent method at accurately estimating high

rainfall values.
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Figure 3.3 The results from the cross validation of 18 selected severe storm events between 2016 and 2020 for
evaluation (2 cold fronts (CF), 7 upper-level troughs (UL), 2 Kona lows (KL), 3 tropical cyclones (TC), and 4 mixed
upper-level trough and Kona lows (Mix). Events are identified by two letters, which indicate the storm type and
event ID (see Table 3.1), shown next to the perimeter. (a) Normalized bias (nBIAS), (b) normalized RMSE
(nRMSE), (c) coefficient of determination (R2), and (d) maximum rainfall ratio (MaxRR). This figure summarizes
the validation indices of each method for each event are shown (i.e., blue for OK, green for radar, orange for
KED). The bold black dashed lines or the single point (for nRMSE, b) indicate the best possible value for that
validation index. For the validation indices of each method, the closer to the black dashed lines or the single

points, the better the method performed.
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3.4.2 Evaluation bystorm types

The validation matrix of different storm types is shown in Table 3.2. Whereas KED rainfall
estimates were not always the best in every storm event, they were the best in every storm type
based on mean RMSE with the support of R? and AUC (Table 3.2). The accuracy of each rainfall
estimate varied with storm type, but gauge-included interpolation methods (i.e., OK and KED)
had similar orders of values for each validation index. This means that the differences in index
values likely were driven by the dataset(s) used, not by the kriging methods. According to BIAS,
most storm events were underestimated, except for radar rainfall in the Kona low and mixed
upper-level trough and Kona low. Based on the nRMSE with R: OK was most accurate with rainfall
estimates for Kona lows and cold fronts; radar estimates were the most accurate for cold fronts
and TCs; and KED had the best rainfall estimates for cold fronts and Kona lows. In terms of AUC,
both OK and KED had the most accurate results for cold fronts, and radar showed the best
performance in the mix of upper-level troughs and Kona lows. The gauge-included interpolation
methods had more consistent accuracy across all validation indices than radar rainfall. KED had
the least accuracy in both TCs and upper-level troughs, however, the validation indices had larger
variations in the seven upper-level trough events compared to indices among three TC events
(Figure 3.3b). Although the KED outperformed OK and radar rainfall in all storm types, the
differences in KED’s validation indices in each event within the same storm type are inconsistent

except for TC events (Figure 3.3b).
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Table 3.2 The mean validation matrices (i.e., bias, root mean square error (RMSE), correlation of determination (R2), and area under the curve (AUC))
for different storm types (n: the count of each storm type). OK: ordinary kriging rainfall; Radar: radar-only rainfall; KED: rainfall estimates from kriging
with external drift. The bold numbers denote the best performances between OK, radar, and KED for each storm type and validation matrix.

mean RMSE (mm)
mean BIAS (mm) _ R2 AUC
ethods (mean normalized RMSE; 9

Storm types (| OK Radar KED OK Radar KED OK Radar KED OK Radar KED

0.52 0.62 0.47
All types (18) 025 001  -0.18 0.52 0.49 0.59 0.82 0.68 0.86
(3.75)  (4.44) (3.17)

. 0.67 0.69 0.63
Tropical cyclone (3)] -0.34 -0.31 -0.23 0.56 0.50 0.58 0.80 0.46 0.83
(3.65) (3.64) (3.32)

0.51 0.49 0.44
Cold front (2) 024 002 -018 0.59 0.53 0.67 0.88  0.65 0.88
(3.38)  (2.88) (2.58)

Upperlevel trough 0.44 0.48 0.39
-0.23 -0.09 -0.17 0.45 0.49 0.55 0.80 0.78 0.83
(7) (4.05)  (457) (3.32)

057 094 054
Kona low (2) -0.21 0.33 -0.18 0.64 0.48 0.64 0.85 0.48 0.87
(3.18)  (5.05)  (2.99)

The mix of upper
0.52 0.69 0.46
level trough and -0.24 0.30 -0.17 0.49 0.52 0.58 0.86 0.86 0.86

(3.56) (5.00) (3.02)
Kona Low (4)
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3.4.3 Evaluation by rainfall structure

KED had overall better performances in both convective and stratiform rainfall structures (Table
3.3), particularly under convective conditions. Under stratiform conditions, radar rainfall
performed the worst, whereas OK and KED had very similar RMSE. All methods showed better
correlation with convective than stratiform rainfall, indicating that rainfall estimates
corresponded more closely with gauge rainfall under convective conditions. KED addressed the
issue of lower rainfall estimates by OK and higher rainfall estimates by radar rainfall under
convective conditions (Figure 3.4a, 3.4b). Under stratiform conditions, KED improved the
accuracy of both OK and radar rainfall estimates (Figure 3.4c, 3.4d). Note that only Figure 3.4 has
R? based on the logarithmic hourly rainfall to be consistent with the scale in the figure, the rest

of indices throughout the paper, including all tables were based on the hourly rainfall.

Table 3.3 The mean validation matrices (i.e., bias, root mean square error (RMSE), and correlation of
determination (R?)) for different rainfall structures over all hourly rainfall at all locations. OK: ordinary kriging
rainfall; radar: radar-only rainfall; KED: rainfall estimates from kriging with external drift. The bold numbers
denote the best performances between OK, radar, and KED for each storm type and each validation matrix.

Convective BIAS (mm) RMSE (mm) Re
OK -1.19 2.25 0.45
radar 0.62 3.49 0.49
KED -0.7 2.00 0.55
Stratiform

OK -0.23 0.42 0.34
radar -0.47 0.95 0.19
KED -0.18 0.40 0.35
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Figure 3.4 The scatter plots (x-axis: gauge value; y-axis: gridded rainfall estimates; both axis in natural-log-
scale) of the results from the leave-one-out cross validation to show the coefficient of determination (R2) of
the convective (a and b) and stratiform (c and d) rainfall (RF). Orange: kriging with external drift (KED), blue:
ordinary kriging (OK), green: radar-only (radar) rainfall estimates, and black lines: 1:1 relationship.

3.4.4 Validation summary

Overall, KED outperformed OK and radar rainfall estimates. Radar rainfall estimates exhibited the
largest error and OK underestimated the heaviest rainfall. According to the mean BIAS across all
events, the hourly rainfall estimates of OK and KED tended to be underestimated (-0.25 mm and
-0.18 mm), whereas the radar rainfall was overestimated (0.01 mm). In terms of RMSE, KED had
the best results based on mean RMSE (0.47 mm) compared to OK (non-significant, p-value =
0.1762) and radar (significant, p-value= 0.0188). KED also had the best R? over all events. All AUC
were larger than 0.5, which means all interpolated methods are better than random guessing. It
also showed that rainfall estimates of KED (AUC=0.86) were overall more accurate than the

rainfall estimates from OK (AUC=0.82) and radar (AUC=0.68) while raining. Regarding ROC, the
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OK rainfall had a parallel ROC curve below the KED rainfall’s ROC curve, which indicated that OK
rainfall estimates were further away from the actual gauge rainfall at every threshold than the
KED rainfall estimates (Figure 3.2). Radar rainfall estimates had larger FPR compared to OK and
KED rainfall estimates, particularly at the thresholds below 14.478 mm, whereas radar rainfall
had larger TPR when the thresholds were equal or above 14.478 mm (Figure 3.2). These indicate
that radar rainfall estimates are more accurate when the rain is heavier. The radar-only method
gave the closest estimated values of maximum rainfall during events, yet often overestimated
with a MaxRR of 1.21. KED also had a close estimation of the maximum, yet often underestimated
with MaxRR, 0.78. OK had MaxRR of 0.55, which indicated OK only captured half of heaviest
rainfall in an event. KED significantly (p-value= 0.0013) outperformed OK in estimating maximum

hourly rainfall.

In addition, KED showed improvement on the spatial representation of rainfall on O‘ahu (Figure
3.1). Compared to radar rainfall, KED reduced the error along the Ko‘olau Mountain Range,
particularly south of the ridge. Compared to OK, KED decreased the error along the Ko‘olau
Mountain Range on the east side of O‘ahu, particularly north of the ridge where rain gauges are
sparse (Figure 3.1). This indicates that KED improved the rainfall estimates by providing gauge
rainfall (south of Ko‘olau Mountain Range) and filling the ungauged areas (north of Ko‘olau
Mountain Range) with radar rainfall. When | plotted an example of the validation results (Figure
3.5), it showed that OK could have inaccurate rainfall estimates (~11 mm underestimated) at the
omitted rain gauge site (arrows in Figure 3.5a, 3.5¢). OK rainfall also has smoother contours, while
radar and KED rainfall inherited more spatial details. Although the uncertainty maps (Figure D3)
showed no pronounced and consistent improvement in uncertainties, the uncertainties
decreased at the less-gauged areas by adding radar rainfall (Figure D3i). KED also adjusted radar
rainfall’s FPR (Figure 3.2) that radar tended to detect rainfall in areas where there is no actual
rainfall. For example, radar’s heavy rainfall areas extended to one of the rain gauges on Ko‘olau
Mountain Range, which has very low rainfall (red circle in Figure 3.5e). This feature was not
captured in KED rainfall estimates (red circle in Figure 3.5f). Because radar rainfall is not a direct

measurement, the rainfall pattern could be shifted. Figure 3.5h shows spatially inconsistent

90



maximum rainfall to the north of the Wai‘anae mountain range between radar and gauge rainfall,
and KED (red boxes in Figure 3.5h, 3.5i) adjusted it. In addition, the radar rainfall in the red box
of Figure 3.5h would be less accurate because it is partially based on PHKI radar, which is farther

than PHMO (see Figure D2).
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Figure 3.5 One example of the leave-one-out hourly rainfall validation, showing each rain gauge (diamond)
and different rainfall estimates (shaded; both rain gauge and gridded rainfall estimates use the same color
ramp), including ordinary kriging (OK; a, d, and g), radar (b, c, and h), and kriging with external drift (KED; c, f,
and i) in a two-hour interval (0100 [top], 0300 [middle], and 0500 [bottom]). In this example, the rain gauge,
USGS_uv213215157552800 (red arrows), was left out for OK and KED rainfall estimation for three different
hourly periods on August 28th, 2018, within the tropical cyclone, TC-02 (see Table 3.1). The chosen snapshots
here were subjected to high hourly rainfall. The red arrows, circles, and boxes mark the areas discussed in the
text. The additional figure of uncertainty maps is in Figure D3.

3.5 Discussion

3.5.1 Advantages of incorporating radar data in rainfall estimates



The KED merged rainfall estimates include the features of gauges (OK) and radar. Although both
the KED and OK products underestimated rainfall, overall results indicate that KED provides the
least error in hourly rainfall estimates and reasonable maximum rainfall values on O‘ahu with
minimal excessive under- or overestimation (Table 3.2). While OK underestimated rainfall in this
study, radar generally either over- or underestimated rainfall (Table 3.1). The underestimation of
OK may result from the gauge-distribution-dependent smoothing effect of geostatistical
interpolations in which large values are usually underestimated and small values are usually
overestimated (Yamamoto 2005; Nikolopoulos et al. 2015). Comparing OK to radar rainfall
estimates, OK usually has lower RMSE, however, the overall underestimation of OK is a major
disadvantage when applying the rainfall estimates to flooding studies, which focus on flooding
generated by heavy rainfall. In addition, the R? of OK is lower than that of radar for some events
(Table 3.1). This shows that OK lacks the capability to capture the dynamics (i.e., rainfall spatial
variation in time) of hourly rainfall in ungauged areas (Figures 3.5a, 3.5b). Radar rainfall estimates
usually have larger errors, but they provide spatial estimates in ungauged areas without
interpolation smoothing effects and capture dynamic changes well (Table 3.1). Because the KED
merged rainfall product includes the spatial patterns corrected by the gauge rainfall, the KED
product inherits underestimation from OK. It retains lower errors, better extreme values, and the
capacity to capture the rainfall dynamics in ungauged areas from the radar. Furthermore, the
KED estimates showed improvements in convective rainfall, which is characterized as heavy
rainfall with short duration and that often triggers flooding. The validation indices of stratiform
rainfall indicate that there are few differences in the hourly rainfall estimates between KED and
OK. Thus, when studying time periods with likely stratiform types of rainfall, OK (using gauge data
only) could be used to interpolate hourly rainfall estimates to save computational time and

resources.

3.5.2 Hidden bias in radar data

The bias of radar rainfall estimates is likely related to the storm type (Table 3.2) or rainfall
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structure (convection vs. stratiform rainfall) (Figure 3.4) because radar tends to detect convective
rainfall better than the stratiform rainfall (e.g., Fabry et al. 1992). The radar is restricted by low-
level rain that is at or below the level of the terrain, or behind the terrain, so radar rainfall
estimates may miss the rainfall from the seeder-feeder effect (i.e., orographic precipitation-
enhancement mechanism) that may change the rain-rate conversion process (i.e., reflectivity-
rain rate (Z-R) relationship). Therefore, the employed Z-R relationship could be one of the
inherited errors of radar rainfall due to the inconsistent Z-R relationship among different storm
types. Additionally, radars can only detect a fraction of rainfall column beyond a certain range.
For example, at a 60 km range, NEXRAD radar can still observe precipitation at altitudes,
approximately 750 m above the radar (Fig. 3 in Feng et al. 2009). Because PHMO is located about
400 m above sea level, radar rainfall can miss the precipitation below 1250 m, where cloud
depths in Hawai‘i range from 500 m to 2500 m (refer to Fig. 5 and 6 in Rogers et al. 1991) or may

even be higher in some of the selected events from deep convections.

3.5.3 Improvementin convective rainfall estimates

The overall accuracy of the KED hourly rainfall estimates among different storm types (Table 3.2)
indicates that KED can be used to merge radar with gauge data to generate reliable rainfall
estimates in various weather systems. However, both OK and KED show distinct differences
within each storm type because there is large variability between events in the same storm type
(Figure 3.3). On the other hand, large errors, mostly overestimation, in radar rainfall estimates
for Kona-low-related events may be due to the seeder-feeder effect or different raindrop
distributions (Blanchard 1953), which may have misled the hydrometeor classification algorithm.
More research is needed to understand why radar rainfall underperformed in Kona-low storms.
As a result of both under- and overestimated radar rainfall, the averaged bias of overall radar
rainfall estimates is low, particularly in front and upper-level trough events. In summary,
although there is little consistency between OK and KED validation indices in different storm
types and rainfall structures, KED can improve the convective radar rainfall estimates (Figure 3.4).

The results suggest that the next step to improve rainfall estimates is to refine radar rainfall
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estimates in Kona-low-related events.

3.5.4 Advancement and applications of KED

The incorporation of radar rainfall has been shown to improve the accuracy of hourly rainfall
interpolation in this study. Historically, kriging was applied to daily to yearly rainfall datasets in
Hawai‘i without incorporating radar information (i.e., OK; Frazier et al. 2016; Mair and Fares
2011). However, kriging alone may be less suitable for interpolating hourly rainfall due to its
tendency to be more intermittent, skewed, and anisotropic (Cernesson et al., 1996; Shah et al.,
1996). This study demonstrated the feasibility of using KED with both gauge and radar rainfall in
Hawai‘i. The results of this study show that this approach effectively improved the accuracy of
hourly rainfall interpolation, even in the complex and variable weather patterns found in the
region. Previous research found that radar rainfall provided little improvement for the annual
rainfall interpolation in Hawai‘i (Giambelluca et al. 2013). In this study, the radar data was used
to address the distribution and structure complexity at the hourly scale. Also, the use of LROSE,
which includes clutter detection and mitigation, quality metrics and error assessment, and
attenuation correction in precipitation (Hubbert et al. 2009; Gu et al. 2011; Bell et al. 2013),
potentially reduced the uncertainty in hourly radar data. Overall, this study highlights the
importance of incorporating radar information in the interpolation of hourly rainfall in Hawai‘i,
and the effectiveness of KED in this context, despite the theoretical challenges of interpolating

hourly data.

Comparing to KED applications to hourly rainfall globally, the KED rainfall estimates for O‘ahu
work very well. The RMSE of KED on O‘ahu, Hawai‘i ranges from 0.1 mm/hr to 0.71 mm/hr based
on the LOOCV results over 18 rainfall events. In similar studies, the KED RMSE ranged from 0.3 to
3.5 mm/hr in the UK (Jewell and Gaussiat 2015; Nanding et al. 2015; Courty et al. 2018) and from
0.5 to 2 mm/hr in Germany (Haberlandt 2007; Rabiei and Haberlandt 2015). Interestingly, in
other regions, the radar rainfall was often underestimated, and KED rainfall was often

overestimated, including in the UK (Jewell and Gaussiat 2015; Nanding et al. 2015; Courty et al.
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2018), Germany (Haberlandt 2007; Rabiei and Haberlandt 2015), and the contiguous U.S. (Yu
2009; Skinner et al. 2009). The results for O‘ahu found the opposite: the hourly rainfall was
usually overestimated by the radars and always underestimated by KED. Also, in this study, there
was no strong relationship between radar rainfall performance and radar ranges in the
preliminary investigation (Figure D4b). Additional work is needed to understand why the results
for O‘ahu are the opposite of under- and over-estimation, respectively, of radar and KED rainfall

estimates.

3.5.5 Limitations and future directions

| showed that KED can be used on O‘ahu to estimate rainfall. While this KED application shows
encouraging results, this pilot application is not a guarantee of success for other islands because:
(1) this KED application on O‘ahu is less subject to possible beam blockage, while radar data on
other islands likely has larger gaps in coverage due to beam blockage (e.g., Kaua‘i, and Hawai’i
Island), or no radar data available at all (e.g., Sri Lanka, Madagascar, and some of Pacific islands
(Saltikoff et al. 2019); (2) rain gauges on other islands typically have a coarser density (e.g., Maui
and Hawai‘i Island) that could limit the application of KED, testing other geostatistical methods
and adding additional information (e.g., elevations or anisotropy angles; Verworn and Haberlandt
2011) that could be helpful; (3) while not shown in the study, the effective distances to the radar
station are likely variable and this distance likely affects the KED estimation and the over- or
underestimation of radar rainfall; (4) more advanced and dynamic radar-rainfall conversion may
be needed for different interactions between the terrain and weather systems on each island;
and (5) | only applied two-dimension KED in this study, and incoporating a third dimension (e.g.,
the time variable) could potentially improve the rainfall estimation because in theory it adjusts
the spatial mean values by the time dimension (Nowak and Litvinenko 2013). In addition to the
constraints of geostatistical areas and methods due to the data availability within the given
period, there are only 18 storm events in this study. | could only provide pilot results and
discussions on the differences of QPEs performed during different storm types. A much stronger

statistical conclusion could be made with a larger sample size.
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3.6 Conclusions

| successfully merged hourly gauge and radar rainfall on O‘ahu, Hawai‘i using KED. In addition, |
confirmed that the hourly rainfall estimates of KED outperformed gauge-only or radar rainfall
using 18 studied storm events, and that KED can be used to produce gridded hourly rainfall on
O‘ahu. The KED hourly rainfall estimates provided a better rainfall dataset for flood study and
simulations than OK and radar rainfall estimates because it remained reasonable and consistent
in estimating maximum rainfall values regardless of storm types. The best spatial improvement
from KED rainfall estimates occurred along the Ko‘olau Mountain Range (Figure 3.1). Among five
storm types, KED had the most accurate rainfall estimate for cold fronts and Kona lows. After
studying convectiveness in these events, | concluded that KED surpassed OK and radar rainfall
estimates under convective rainfall. The KED merged rainfall product is better than the OK of rain
gauge data for studying floods—particularly flash floods caused by locally short-duration and
intense rainfall events. Under stratiform rainfall conditions, KED notably improved the
underestimation from radar rainfall but was only a slight improvement over the estimates of OK
rainfall. The next steps are to apply the KED merged radar-gauge rainfall approach to other
tropical islands, improve radar rainfall estimates, and explore the use of the KED method or other

merging methods that incorporate a third dimension (time) in rainfall estimations.
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AppendixD: Additionaltable andfiguresfor Chapter 3

Table D1 The rainfall characteristic for each event across all gauge locations, including mean hourly rainfall over all gauges and the entire event period,
standard deviation of hourly rainfall, maximum hourly rainfall, accumulated rainfall divided by the number of gauges, mean convectiveness, standard
deviation of convectiveness, dominant anisotropy angle (i.e., the median angle of the best-fit hourly directional variogram; clockwise from the positive
y-axis) during an event, and the number of angles (i.e., the number of different anisotropic angles shown during an event based on the best-fit hourly
directional variogram with 10° increasement; in total, there are 18 different angles). Refer to Table 3.1 for more event information.

Rainfall ) )
) Maximum Gaugemean Standard Dominant
Mean rainfall standard ) Mean o .
Event ID o rainfall accumulated _ deviation of anisotropy | # ofangles
(mm/hr) deviation ) convectiveness )
(mm/hr) rainfall (mm/hr) convectiveness| angle (°)
(mm/hr)
TC-01 1.108 5.004 91.694 107.385 0.469 0.417 30 12
CF-01 0.848 3.291 59.182 81.818 0.408 0.393 60 7
Mix-01 0.956 3.353 62.2 81.001 0.463 0.412 50 10
Mix-02 0.718 2.225 35.56 52.371 0.401 0.386 80 6
uUL-01 0.709 2.425 36.322 51.735 0.456 0.434 160 10
Mix-03 0.827 4.350 99.06 80.022 0.493 0.445 0 10
uL-02 0.497 2.507 47.244 47.949 0.223 0.376 20 13
uL-03 0.165 1.445 54.61 11.931 0.200 0.359 0 4
uL-04 0.541 2.952 87.376 65.232 0.336 0.416 150 11
TC-02 0.840 2.749 63.5 101.172 0.328 0.409 150 15
TC-03 1.149 4.010 60.706 111.252 0.260 0.387 150 12
UL-05 0.511 2.222 58.674 37.135 0.292 0.392 50 12
KL-01 0.933 3.837 67.564 90.384 0.287 0.376 10 8
CF-02 0.646 3.130 49.784 62.425 0.430 0.454 130 13
UL-06 0.875 2.468 39.624 84.263 0.485 0.414 10 16
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KL-02 1.046 3.342 56.6 100.725 0.273 0.389 30 12
Mix-04 0.486 2.773 57.912 46.271 0.557 0.444 0 10
uL-07 0.509 3.251 60.452 48.971 0.306 0.407 50 5
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Figure D1 An example of the correlation between pairs of gauges as a function of their distance during the
tropical cyclone event, TC-02 (see Table 3.1).
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Figure D3 Uncertainty maps of ordinary kriging (OK; a, d, and g) and Kriging with external drift (KED; b, e, and
h), and the uncertainty differences between KED and OK (c, f, and i) of Figure 3.5. Black dots denote locations
of rain gauges.
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AppendixE Glossary of acronyms and abbreviations in the order of alphafmetchapter 3

9 AMS: American Meteorological Society

f AUC: area under the ROC curve.

9 BDC: Bayesian data combination

9 CoK: co-kriging

9 KED: kriging with external drift

9 KRE: ordinary kriging with radar-based error correction

9 LOOCV: leave-one-out cross-validation

1 LROSE: Lidar Radar Open Software Environment

9 NCEI: National Centers for Environmental Information, USA

f NEXRAD: NOAA Next Generation Radar

 MFE: mean field bias

1 MMB5: Fifth-Generation Penn State/NCAR Mesoscale Model

I NCAR: National Center for Atmospheric Research, USA

I NOAA: National Oceanic and Atmospheric Administration, USA
9 OK: ordinary Kriging

9 PHKI: the NEXRAD radar at Kaua‘i

Y PHMO: the NEXRAD radar at Moloka‘i

I PRISM: Parameter elevation Regression on Independent Slopes Model
9 QPE: quantitative precipitation estimate

9 ROC: the receiver operating characteristics
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TC: tropical cyclone

Glossary of mathematical symbols in the order of appearance:
0 "O0 biés

2 - 3:f6ot mean square error

2 : coefficient of determination

- A @ 2n2aximum rainfall ratio

YO : rainfall from the method. The method can be gauge rainfall (G), ordinary
kriging (OK), radar), kriging with external drift (KED), or in general, any rainfall estimates

(EST)
#: covariance

: weights for kriging processes. The method can be ordinary kriging (OK) or

kriging with external drift (KED)
4 0 :Zrue positive rate

4 Othe count of true positive
& .: the count of false negative
& 0 :Zalse positive rate

& Othe count of false positive

4 .: the count of true negative
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Chapter 4.
Sensitivity analysis of streamflow response to varied rainfall spatial

patterns in small tropical watersheds

Abstract

Flash floods, which are characterized by rapid streamflow response to rainfall, represent a
hazardous natural phenomenon, particularly in small watersheds. The role of the rainfall event
characteristics, such as rainfall amount, intensity, spatial structure, is critical to address and
predict flash floods. This study aims to enhance the understanding of how rainfall event
characteristics influence the peak flow events in small tropical watersheds (< 40 km?). Employing
the WRF-Hydro® model with high-resolution (250-m, hourly) rainfall data and the Random
Balance Designs — Fourier Amplitude Sensitivity Testing (RBD-FAST) method, | investigated how
rainfall impacts streamflow, particularly the peak flow events, in seven watersheds on O‘ahu,
USA. | first examined peak flow responses to the corresponding rainfall event characteristics
across all storm events between 2015 to 2020 and estimated the contributions of rainfall event
characteristics to model efficiency. | then conducted two experiments to analyze the sensitivity
of peak flow to rainfall event characteristics (1) when rainfall is randomly redistributed, and (2)
when rainfall was shifted spatially. The findings revealed the complexities of the relationship
between rainfall event characteristics and flood responses. The spatial characteristics of rainfall
significantly influence peak flow responses, particularly the magnitude of peak flow. Among all
the spatial characteristics, heavy rainfall areas (>= 25 mm) within an event exert a significant
impact on peak flow, while other spatial features contribute varying degrees of influence to peak
flow. Notably, when rainfall is spatially shifted for at least 250-m in any direction, event peak

streamflow is highly affected by the changes in rainfall amount and intensity, as well as the

7In prep. to submit to Hydrological Processes.
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presence of heavy rainfall areas, encompassed total rainfall areas, and the connectivity among
rainfall areas. Given the significance of rainfall's spatial heterogeneity, | anticipate that the
findings will draw attention to the benefits of incorporating rainfall spatial characteristics in

probabilistic flood forecasting and the mitigation of flood risks.
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4.1 Introduction

Streamflow response is the result of complex interactions among meteorological inputs (e.g.,
precipitation, temperature, wind, radiation) and watershed characteristics (e.g., vegetation,
topography, and soil properties) through a series of hydrological processes on and under the
ground. During high flow events, the role of precipitation in shaping streamflow responses
becomes critical. The generation of flooding is significantly influenced by rainfall. Previous studies
have shown pronounced impact of spatial distribution of rainfall on flood responses in urban
watersheds (Smith et al, 2005; Emmanuel et al, 2012). However, contradictory exists regarding
the impacts of (1) spatial variability of rainfall on streamflow responses across watershed sizes
(e.g., Ogden and Julien, 1993; Andréassian et al., 2001; Arnaud et al., 2011; Emmanuel et al.,
2012; Zoccatelli et al., 2010; Ghimire et al., 2022); (2) rainfall spatial resolution on flood responses
(e.g., Beven and Hornberger, 1982; Krajewski et al., 1991; Ogden and Julien, 1993; Obled et al.,
1994; Singh, 1997; Woods and Sivapalan, 1999; Bell and Moore, 2000; Andréassian et al., 2001;
Morin et al., 2006; Smith et al., 2007; Lobligeois et al., 2014; Rafieei Nasab et al., 2015; Gourley
et al., 2017); and (3) rainfall spatial variability or rainfall quantity on streamflow responses (e.g.,

Ogden and Julien, 1993; Syed et al., 2003).

Previous studies have shown that the spatial rainfall pattern has greater impact on the magnitude
of streamflow across all scales, particularly in larger watersheds due to the greater need for
considering the distribution of spatial rainfall gradients (Ogden and Julien, 1993; Andréassian et
al,, 2001; Arnaud et al, 2011). Zoccatelli et al. (2010) found that the rainfall spatial variability
influences runoff modeling for watershed sizes less than 160 km2. By conducting spatial rainfall
aggregation experiments, Ghimire et al. (2022) showed that the impact of the spatial resolution
of rainfall was more pronounced in smaller watersheds, particularly for those smaller than 1,000
km?2. They used radar-rainfall products with a distributed hydrologic model for the state of lowa
for 140 USGS gauge stations and found the error of the model is attribute to not only correct
rainfall volume but also rainfall spatial structure (e.g., locations of the intense rainfall). On the

other hand, some studies showed that rainfall amount is more important than the explicit and
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distinct rainfall spatial patterns for simulating flooding in smaller watersheds (6-71 km?) (Obled
et al, 1994; Andréassian et al, 2001) may be due to small watersheds are usually flashy (i.e.,
streamflow rapidly responds to storm rainfall) and have little time and area to respond to spatial
variability. However, other studies indicated that, compared to rainfall amount, rainfall spatial
variability introduced higher uncertainties in streamflow responses (Krajewski et al, 1991; Ogden
and Julien, 1993; Singh, 1997; Winchell et al, 1998). Some studies indicated that enhanced
spatial resolution of rainfall had minimal impact on simulating streamflow across different
models (Obled et al, 1994; Bell and Moore, 2000), whereas several studies indicated that the
accuracy of streamflow simulations can be enhanced with the use of high-resolution rainfall data
(Morin et al, 2006; Smith et al, 2007; Lobligeois et al, 2014; Rafieei Nasab et al, 2015; Gourley
et al, 2017). Spatially averaged rainfall often leads to higher runoff prediction errors (Ogden and
Julien, 1994; Singh, 1997), emphasizing the importance of incorporating explicit information on
rainfall spatial distribution to enhance the accuracy of predicted streamflow (Krajewski et al,
1991; Winchell et al,, 1998; Lobligeois et al, 2014; Zhou et al, 2021). In addition to variations in
conclusions regarding rainfall event characteristics and streamflow magnitude, there is a notable
gap in researching how the spatial variability of rainfall specifically influences the timing of

streamflow.

Understanding influences of different rainfall characteristics to streamflow could be instrumental
to assist flash flood forecast with the weather forecast models. The rainfall forecast errors from
weather forecast models (i.e., models that simulate the atmosphere's behavior based on current
and historical meteorological data, enabling meteorologists to predict future weather conditions)
can be decomposed into displacement error, amplitude error, and residual error (Hoffman et al,
1995). Displacement error refers to the discrepancy in space between the location of a predicted
rainfall pattern and its actual position. Amplitude error relates to the difference between the
predicted and observed rainfall intensity or magnitude. Residual error refers to the unexplained
variability or noise that remains in the model after accounting for displacement and amplitude
errors. Within three forecast error types, the high sensitivity of a forecast system to storm or

rainfall spatial location (Tustison et al, 2001; Mass et al, 2002; Accadia et al, 2003; Gong et al,
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2003). The displacement error is usually limited in providing meaningful information of errors in
weather forecast; rarely have studies been extended to understand the impacts of the rainfall
displacement on predicted streamflow responses. From a meteorological standpoint, the
displacement of rainfall is involved in the amplitude and decomposition of errors, while it can
lead to divergent outcomes in streamflow forecasting as a result of the displacement of rain

falling into different watersheds, especially small watersheds.

The relationship between rainfall and flooding is scale-dependent, varying with rainfall spatial
patterns, watershed characteristics, and runoff generation processes (e.g., Beven and
Hornberger, 1982; Ogden and Julien, 1993; Shah et al, 1996; Winchell et al, 1998; Andréassian
et al, 2001; Berne et al, 2004; Arnaud et al, 2011; Emmanuel et al, 2012; Smith and Smith,
2015). The impacts of the spatial characteristics of rainfall on streamflow are likely contingent on
storm event and watershed characteristics, yet very few studies examined this question in small
tropical watersheds (<= 40 km?). In this paper, the following questions are addressed: (1)
Which(es) rainfall event characteristics, including rainfall amount, intensity, and spatial
structures, play important roles in storm flow responses and the model efficiency? (2) How does
storm flow respond to rainfall displacement? This study will contribute to the understanding of
the interaction between rainfall variability and flood response in tropics, particularly for short-
duration rainfall events and the rapid hydrologic response setting in small watersheds. | initially
examine the impact of rainfall event characteristics on streamflow responses using observed
streamflow data. Subsequently, | employ the WRF-Hydro® hydrological model in conjunction
with a high-resolution rainfall dataset (Huang et al., 2023) to assess model efficiency in relation
to rainfall spatial variability. WRF-Hydro is a fully distributed and physically based model,
proficient in capturing the spatial characteristics of both rainfall and the watershed. | examine
the response of event peak flow to rainfall spatial variability by: (1) redistributing the rainfall with
conserved rainfall values and total rainfall at each time step in a rainfall event to examine the
sensitivity of storm flow on rainfall heterogeneity, and (2) shifting rainfall in space for an entire

event to investigate the potential impacts from rainfall displacement on streamflow responses.
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This paper is organized as follows. In session 4.2, Data and methods, | lay out the information on
the study areas, the configuration of the hydrological model, the introduction to the metrics used
in sensitivity analysis, and the experimental set-up. In session 4.3, | show the results for three
experiments corresponding to three research questions. In session 4.4, Discussion, | discuss the
main finding along with other literatures, list potential implications, review the limitations, and

map out the future directions. The paper ends with section 4.5, Conclusion.

4.2 Data and methods

4.2.1 Study areas

Seven watersheds around the Ko‘olau Mountain Range on O‘ahu, Hawai‘i, U.S.A. (Figure 4.1) are
selected for this study based on the data availability of streamflow and the area larger than 5
km?2. The Island of O‘ahu is part of the Hawaiian archipelago in the central Pacific Ocean, with
coordinates ranging from approximately 21.2°N to 21.7°N latitude and 157.7°W to 158.3°W
longitude. O‘ahu has two seasons: a wet season from November to April and a dry season from
May to October. During the dry season, the island’s climate is strongly affected by the
northeasterly trade winds. The orographic rainfall occurs when moist air in the trade wind flow
encounters steep island topography (Lyons, 1982); As a result, O‘ahu has a wetter windward
(eastern) side and a drier leeward (western) side. Most intense and widespread rainfall occurs in
the wet season and is attributed to Kona storms (the low pressure systems that usually develop
to the west of the island accompanied with southern winds), cold fronts, and upper-level troughs
(Kodama and Barnes, 1997; Caruso and Businger, 2006; Longman et al., 2021). Occasionally,
tropical cyclones can bring in heavy rainfall in the dry season. Watersheds in O‘ahu are
characterized by volcanic geology (e.g., porous basal and impermeable dikes), steep topography,
small drainage size, and limited channel storage. The streams rapidly respond to heavy rainfall,
and water levels rise within a few hours (Oki, 2003). Within seven selected watersheds, four are
on the windward side, and the rest are on the leeward sides (Figure 4.1), with areas range from

5 — 32 km? (Table 4.1). All the selected watersheds have soil types either clay or clay loam
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(appendix F).
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Figure 4.1 Map of the study area: seven selected watersheds (polygons) on O‘ahu with elevation (shaded).

Table 4.1 Characteristics of the studied watersheds. Q50 and Q5 are the streamflow value exceeded 50% and
5% of the flow records, respectively. Shaded lines denote windward watersheds. # of events are the count for
identified events (see Session 4.2.5 Event identification for more detail).

Longest Mean
Period  Drainage Mean Mean Flow Annual
Stream of Area Elevation  Slope Path Rainfall Q5 # of
Station ID Name records (km?) (m) (%) (km) (mm) (cms)  events
2015 to
16249000 Waimanalo present 5.52 161.24 42.50 4.36 167894 0.181 44
2007 to
16294900 Waikane present 5.80 267.61 65.60 4.51 3860.80 0.813 55
2007 to
16229000 Kalihi present 6.63 362.62 57.05 4.75 3027.65 0.510 74
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16301050

16241600

16274100

16330000

Punalu‘u

Manoa

Kaneohe

Kamananui

2009 to
present
2011 to
present
2016 to
present
2007 to
present

7.17

11.09

13.52

31.99

359.66

290.17

169.47

245.67

11.

63.60

53.90

38.40

45.00

5.31

6.31

8.08

10.03

5410.20

3175.00

2156.46

1938.02

1.229

1.008

0.861

1.728
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4.2.2 The distributed hydrological model

WRF-Hydro® is a fully distributed hydro-meteorological model that can be used for flood
forecasting, water resource management, and land-atmosphere coupling studies (Gochis et al,
2021). WRF-Hydro combines a land surface model (LSM) and hydrological routing models and
adds the lateral flow algorithms, groundwater storage, and channel routing that portray the
surface and subsurface hydrological processes. The surface flow occurs when the surface water
level of a grid cell exceeds a maximum retention depth while subsurface flow is activated when
maximum water capacity is exceeded in a given soil layer. Ponded water depths are tracked and
used for future infiltration and evaporation in the LSM. The 2-D overland flow routing is based
on the topography. If surface water in a grid is excess of the local retention depth, the water is
passed to the neighboring grid with the lowest elevation. Subsurface flow is calculated based on
the water budget, hydraulic gradients resulting from the topography, and soil properties (Gochis

et al, 2021).

4.2.3 Data and model setup

In this study, | used Noah-MP (Niu et al, 2011) as the LSM and used the diffusive wave equation
to calculate both 2-D surface flow and 1-D channel routing processes. | applied four soil layers
with the depths, 0.1 m, 0.3 m, 0.6 m, and 1.0 m with the grid resolution, 250-m in LSM, and 50-

m in routing.

Six meteorological variables, including incoming shortwave radiation (W/m?), incoming longwave
radiation (W/m?), specific humidity (kg/kg), air temperature (K), surface pressure (Pa), and near
surface wind in the u- and v-components (m/s), were downscaled to the simulation domain
(O‘ahu) in hourly and 250 m resolution from the North American Regional Reanalysis (NARR) data
made by the National Centers for Environmental Prediction (NCEP). For the liquid water
precipitation rate (mm/s), | used the hourly quantitative precipitation estimation (QPE) by

merging gauge and radar rainfall (Huang et al, 2023). | delineated watersheds and defined
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channel grids with the U.S. Geological Survey (USGS) 10-m digital elevation model (DEM) (U.S.
Geological Survey, 2023). | used the 2011 National Land Cover Database (Homer et al, 2015) to
specify the land surface properties and the 1-km SoilGrid (Hengl et al, 2014) for soil properties.
The model was set up for one-year warmup and three-year calibration runs, from 2015 to the
end of 2018, for each of the seven selected watersheds. | validated the model between 2019 and
2020. Model performance, for calibration and validation runs, was evaluated using the Kling-
Gupta Efficiency (KGE; Gupta et al, 2009) metric (Appendix G). Different watersheds have slightly

different model performances (see Table G1).

4.2.4 Random Balance Desigag-ourier Amplitude Sensitivity Testing (RBEAST)

Sensitivity analysis (SA) is useful to understand the influence of input parameters on model
outputs in a complex system or to examine if a model can be used effectively and responsibly in
any decision-making process (Saltelli et al, 2019). In this study, | employed the Random Balance
Designs — Fourier Amplitude Sensitivity Testing (RBD-FAST) method to evaluate the sensitivity of
high streamflow magnitude and time lag to various event indices, including rainfall amount,
rainfall intensity, rainfall spatial characteristics. RBD-FAST is a global SA test based on the
variance. Variance-based global SA methods are usually time-consuming (Saltelli, 2008), but RBD-
FAST lowers the computation time while maintaining the accuracy of the sensitivity index (SI).
Thanks to the contributions of an Effective Algorithm for computing global SI (EASI; Plischke,
2010), and the bias correction (Tissot and Prieur, 2012), RBD-FAST estimates first order S| with
only a set of N simulations, regardless of the number of parameters. In addition, with EASI, RBD-
FAST allows me to estimate S| with any input sample while most of SA methods required specific
experimental designs. RBD-FAST returns an intuitive S, the first order of Sobol’s index. The SI
index is between zero and one, and it represents the part of input variance on the output
variance. If the Sl is equal to zero, the input is not responsible for any variability on the output;
on the other hand, when Sl is equal to one, the input is responsible for all the observed variability.

The RBD-FAST approach is implemented in the Python package SA-Lib (Herman and Usher, 2017;
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Iwanaga et al, 2022).

4.2.5 Eventidentification

| first identified the period of each event in each watershed by finding the times when streamflow
starts rising (i.e., positive changes of hourly streamflow) and stays level (i.e., the changes of
hourly streamflow are smaller than 0.01 cms for three consecutive time steps, more details in
Appendix H). Then, | identified high-flow events by keeping those events with the event
maximum streamflow values exceeding 5% of the flow records (Appendix H). To ensure the
events applied in the sensitivity analysis are reasonable simulated by WRF-Hydro, | kept those
events with KGE larger than zero. The counts of identified events meeting the criteria are given

in Table 4.1.

4.2.6 Metrics

| used multiple metrics to summarize the model input and streamflow responses for each
identified event by calculating the mean or maximum over an event period. The model inputs are
rainfall event characteristics that describe rainfall amount, intensity, and spatial characteristics,
and model outputs are event peak stream flow and the time lag between peak rainfall and peak
streamflow. Rainfall event characteristics were computed based on the data at hourly, 250-m

resolution.

To represent the rainfall amount and intensity of an event in a watershed, | summarized the

event-mean rainfall depth (mm) and event-maximum rain rate (mm/hr) as follows:

9 Event-mean rainfall depth (rf_mean_mean; mm), the average rainfall a watershed

received in an event.
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106 Q& Qe ,,BY —6" Y 8 'Q 6

Where 0 is the watershed area (m2),'Y ot is the rain rate (mm/h) at rainfall grid, ¢y

at the time, t.

1 Event-maximum rain rate (rf_mean_max; mm/hr), denoting the maximum rainfall a

watershed received in an event.

L A0GE G A%p— Y O Qdp N TITY

To represent the rainfall spatial characteristics, | applied the metrics that are followed and
modified from previous studies (Smith et al., 2002 and AghaKouchak 2011; see also Zocatelli et

al., 2011, Emmanuel et al., 2015; Zhou et al. 2021):

 Event-maximum of storm core area (rf fraction_core_max), indicating the largest heavy

rainfall (>= 25 mm/hr) area within an event.

M Go@mPiEDHw | A OYdw Qdpn mhyY

Where "OY o 'Q dis the indicator function and equals 1 when Y ofy >= 25 mm/hr,

otherwise equals O.
9 Event-mean and event-maximum rainfall areas (rf_no_rfpixel_mean and

rf_no_rfpixel_max), representing the area that has the rain in a watershed within an

event.
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when 'Y oho > 0.254 mm/h.

Event-mean rainfall distance to the outlet (rf_rd_mean), representing whether the

rainfall location is close or far from the outlet.

PR BQOE ] dQ Qo

= x

where] oo — is the weight function based on the rain rate at the

rainfall location. The distance function, Q ®), is the flow path between point x and the
outlet and is normalized by the maximum flow path in a watershed. It is calculated as the
sum of the overland flow path from wto the nearest channel and the path along the
channel to the watershed outlet. Q @ ranges from 0 to 1. When the value is close to 0,
it indicates that rainfall is distributed near the watershed outlet; whereas when it is close

to 1, it showed the rainfall concentrated far from the outlet.
Event-mean and event-maximum rainfall connectivity index (rf_idx_C_mean and

rf_idx_C_max), indicating mean and maximum within an event whether the rain pixels or

clusters are more connected of isolated to each other.

D00 p

U ¢
I 'MQwa Qwer, p —— . .
Y D00 VOO
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Where ) 00 and 0 6 O are the number of rainfall (nonzero) pixels and the number of
isolated clusters at the time 0, respectively. The value ranges from 0 to 1. The higher value
indicates there is only one rainfall cluster, while the lower value means there are more

isolated rainfall pixels or clusters (see FIG. 3 in Aghakouchak et al., 2011).

Event-mean and event-maximum rainfall shape index (rf_idx_S_mean and rf_idx_S_max),
describing the shapes of the mean and maximum event rainfall.
p O O

i "MW Qe ~ o
Y LO

I MQMa ww | A@WHON 'Y

Where 0 O and 0 O are the theoretical minimum perimeter and actural perimeter
of the rainfall pattern at the time 0. The theoretical minimum perimeter of an n-pixel

pattern can be obtained as (Yackel et al., 1997; Donaldson 2000)

. T WE QUYE WE
G ¢ WVE p Qe WNE

The shape index also ranges from 0 to 1. When the value is close to 1, the rainfall shape
is more rounded, while when the value is closer to 0, then the shape is elongated (see

FIG. 7 in Aghakouchak et al., 2011).

Event-mean and event-maximum dispersive index (rf_idx_A_mean and rf_idx_A_max),

indicating mean and maximum within an event of how dispersed the rain clusters are.
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Where0 0 and O O are the area of the rainfall and the area of the convex hull
that contains rainfall at the time O, respectively. The convex hull is the boundary of the
minimal convex set containing a finite set of rainfall points in space. 0 0 is the
perimeter of the convex hull. This index also ranges from 0 and 1, the larger the value,
the rainfall clusters are close to each other; the smaller the value, the rainfall clusters are

further away from each other (see FIG. 9 in Aghakouchak et al., 2011).

To explore the impact of rainfall displacement, | introduced the following metrics in the second

experiment:
9 Discrepancies between the original and the shifted rainfall along the x-direction (west-
east direction; sfhit_h) and y-direction (south-north direction; shift_v)

9 The Euclidean distance separating the shifted rainfall from and the original rainfall

(shift_dist)

To understand the streamflow responses in magnitude and timing, the response metrics

include:

9 Event peak flow (q_max)

niAgi Ad orpn miy

Where 0 0 is the streamflow at time 0 and "Yis the time period of the event.
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9 Time lag between event peak rainfall and peak streamflow (rfq_t_p2p)

1 Qanch o 0

Where 0 and O are the time lag of event peak streamflow and event peak

rainfall, respectively.

4.2.7 Experimentl set-up

Three experiments are conducted in this study. The first experiment includes all identified events
(see Session 4.2.5). In this experiment, | applied sensitivity analysis on (1) the observed event
peak flow magnitude and the time lag between event maximum rainfall to event peak flow to
understand how streamflow responds to rainfall event characteristics across events; and (2) the
model efficiency with KGE to learn whether any rainfall event characteristics influence the model

efficiency.

For the next two experiments, | selected the event with best KGE for each watershed to apply
perturbed rainfall. Figure 4.2 illustrates the hyetograph and hydrographs of the selected event
for each of the seven studied watersheds. In the second experiment, to understand the roles
played by rainfall spatial heterogeneity on streamflow responses in each watershed, | applied
500 randomly distributed spatial rainfall patterns with total rainfall and grid rainfall values
conserved at each time step (illustrated in Figure 4.3a). In the last experiment, to evaluate the
consequences of rainfall displacement on flooding events and possible causes, each rainfall was
spatially shifted from the original placement along west-east and south-north axes with a 250-m
interval from -3 km to 3 km all seven events, creating a total of 624 perturbed rainfall datasets
for each event. The spatial shifting is illustrated in Figure 4.3b, and the time series of watershed-

averaged rainfall is shown in Figure 4.4

12¢



ADVANCING KNOWLEDGE ON CAUSES AND MECHANISMS OF FLOODING IN HAWAI‘I

Waimanalo (16249000) 5

30 KGE =057 — Obs. e

’ 16.0
—— Sim. (control) |40
55 B Rainfall 32.0
40.0
48.0
o 56.0
64.0
72.0
5 80.0

2018041400 2018041406  2018-04-14 12 20180414 18 2018-04-15 00 2018-04-15 06 2018-04-15 12 2018-04-15 18 2018.04-16 00

Waikane (16294900) o
KGE = 0.56 8.0
16.0
24.0
32.0
40.0
2 48.0
56.0
1 64.0
1 72.0
80.0

w o a wu

(=]

2018033100  2018-03-3106 2018033112 2018033118 2018-04-01 00 2018-04-01 06 2018-04-01 12 2018-04-01 18 2018.04-02 00

Kalihi (16229000) 0.0
of kee=063 = ' 80

16.0
240
320
40,0

20

10

2018.08-24 00 2018-08-25 00 2018-08-26 00 201808-27 00 2018-08.28 00 2018.08-29 00 2018-08-30 00 2018.08-31 00

Punalu‘u (16301050)
- 00
KGE = 0.53 8.0 £

- NN
o u o wu
& N
ot S
=] oo
a m

64.0-—

i 720 ©
80.0%

Streamflow (cms)

o w

2018-11-08 00 2018-11-08 12 2018-11-09 00 2018-11-09 12 2018-11-10 00 2018-11-10 12 2018-11-11 00 2018-11-11 12 20181112 00

=0 Manoa (16241600) 00

KGE = 0.50 8.0
40 16.0
24.0
30 32,0
40.0
20 48.0
56.0
10 64.0
72.0
80.0

2018-09-12 00 2018091212 2018.09-13 00 2018.09-1312 2018-09-14 00 2018-09-16 12 2018-09-15 00

Kaneohe (16274100)

0.0

KGE = 0.54 8.0
80 16.0
24.0

60 32.0
40.0
40 48.0
56.0
20 64.0
72.0
80.0

2018-02-18 00 20180218 12 2018-02-19 00 20180219 12 2018-02-20 00 2018-02-20 12 2018-02-21 00

Kamananui (16330000)

0.0

8.0

16.0
24.0
32.0
40.0
48.0
56.0
64.0
72.0

2018-11-09 00 2018-11-10 00 2018-11-11 00 2018-11-12 00 2018-11-13 00 2018-11-14 DDBOAO

KGE = 0.55
60

40

20

Figure 4.2 The hyetographs and the corresponding hydrograph at the stream outlet of seven study
watersheds. The red line shows the simulated streamflow, and black line is the observed streamflow. The
streamflow (m/s) is normalized by the watershed area. The blue bars show the watershed spatially-averaged
rainfall (mm/h).
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(a) Re-distributed rainfall (b) shifted rainfall

l Re-distribute with the l Shift with the
pattern conserved

total amount conserved

Figure 4.3 Visual lllustration of perturbation of rainfall spatial properties: (a) spatially re-distributed rainfall
with the total amount and rainfall intensity conserved in the second experiment and (b) spatially shifted
rainfall with the spatial pattern conserved in the third experiment. The color shading denotes as rainfall here
(blue: lower rainfall; red: higher rainfall). See Appendix | for the real examples.
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4.3 Results

4.3.1 Attributions of storm flow

A event peak flow can be attributed to both the amount of rainfall and some of the tested rainfall
event characteristics (Figure 4.5). In the four windward watersheds and Manoa watershed
(16241600), rainfall intensity (rf_mean_max) and area of heavy rainfall (rf_fraction_core_max)
played critical roles in determining storm flow response relative to average rainfall depth
(rf_mean_mean). Within the five previously mentioned watersheds, the two smallest watersheds,
Waimanalo (16249000) and Waikane (16294900), event-mean and event-maximum rainfall areas
(rf_no_rfpixel_mean and rf_no_rfpixel_max), rainfall spatial dispersity (rf_idx_A_mean), or the
event-mean rainfall distance to the outlet (rf_rd_mean) also have substantial influences on the
magnitude of event peak flow. Stormflow response in the largest watershed, Kamananui
(16330000), can be attributed to the average rainfall depth rather than the rainfall intensity.
Almost all rainfall spatial characteristics contribute to Kamananui’s magnitude of storm flow
except for rainfall connectivity (rf idx C_ mean and rf_idx_C_max), rainfall area

(rf_idx_no_rfpixel_max), and rainfall shape (rf_idx_S_mean).

The time between peak rainfall and peak flow in each event is mainly attributable to rainfall
spatial variations rather than rainfall amount or intensity (Figure 4.6). However, the level of
contributions of rainfall spatial characteristics varies by watershed. The time between peak
rainfall and peak flow is more sensitive to the area of heavy rainfall (rf_fraction_core_max) in
Waimanalo (16249000) and Kaneohe (16274100); to rainfall locations (rf_rd_mean) particularly
in Kamananui (16330000); to the connectivity of rainfall (rf_idx_C_mean and rf_idx_C_max) in
Waimanalo and Waikane (16294900); to the maximum of rainfall area (rf_no_rfpixel_max) in
Waimanalo (16249000), Waikane (16294900), and Kaneohe (16274100); to the rainfall shape
(rf _idx_S_mean and rf_idx_S_max) in Kaneohe (16274100) and Kamananui (16330000); and to

the dispersive index (rf_idx_A_max) in Kalihi.
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Figure 4.5 The sensitivity analysis of rainfall event characteristics to the observed event peak flow of all
events at each watershed. The darker colors indicate that the event peak flow of the watershed (y-axis) is
more sensitive to the variable (x-axis). Refer to section 4.2.5 for definition of rainfall metrics.
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Figure 4.6 The sensitivity analysis of variables to the time lag between peak rainfall and peak observed
streamflow of all selected events at each watershed. The darker colors indicate that the event peak flow of
the watershed (y-axis) is more sensitive to the variable (x-axis). Refer to the 4.2.5 for more detail for the
rainfall metrics.

4.3.2 The influences of rainfakvent characteristics tamodel efficiency

For model efficiency, measured by KGE, is sensitive to most of rainfall event characteristics, but
the level of sensitivity varies by watersheds (Figure 4.7). In general, the model efficiency is
sensitive to the rainfall depth and intensity across all watersheds, particularly in Kalihi (16229000).
KGE is also sensitive to the area of heavy rainfall across all the watersheds, especially in

Waimanalo (16249000). Interestingly, the variability of dispersive indices (rf idx_A_mean and
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rf_idx_A_max) affected the KGE in many watersheds, including Waimanalo, Kaneohe (16274100),
and Kamananui (16330000). In addition, the maximum rainfall areas (rf_no_rfpixel_max) and the

mean shape of rainfall (rf_idx_S_mean) also contributed to the model efficiency in Waimanalo

watershed.
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Figure 4.7 The sensitivity analysis of Kling-Gupta Efficiency (KGE) to each watershed rainfall event
characteristics. The darker colors indicate that the KGE of each watershed (y-axis) is more sensitive to the
metrics (x-axis). Refer to the 4.2.5 for more detail for the rainfall metrics.

4.3.3 The influences of rainfakkvent characteristics to event peak flow

With the randomly redistributed rainfall at each hour, the event peak flow shows little sensitivity

(<=0.05) to all rainfall event characteristics in the selected events (not shown), likely because the
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perturbations of rainfall are limited, particularly in small watersheds, and therefore simulated
event peak flow varied little and the sample was insufficient to quantify input variables’
contributions. Figure 4.8 shows the hydrographs from the 500 simulations in grey lines. The
simulation with randomly and spatially altered rainfall showed no significant changes in the
shape of hydrograph. However, five out of seven events exhibited larger peak flow, particularly
for those selected events with a single peak. According to the hydrographs (Figure 4.8), only
Waikane (16294900) showed more variations in the magnitude and time lag of the peak flow

with different rainfall sets.
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Figure 4.8 The simulated streamflow. The red line shows the original simulated streamflow; black line is the
observed streamflow; and the 500 grey lines are the simulated streamflow corresponding to the randomly
spatial distributed rainfall with conserved total rainfall in each watershed.
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4.3.4 The consequences of rainfall displacement on event peak flow

Streamflow responses to shifted rainfall for each selected event for each watershed are depicted
in Figure 4.9. The magnitude and time lag of peak flows were altered across wide ranges (Figure
4.9). Simpler events (with one or two peak flow), including those for Waimanalo (16249000),
Waikanei (16294900), and Kamananui watersheds (16330000), were more likely to change the
magnitude (rather than the time lag) of the peak flow. For more complex events with several
peaks in the hydrograph (e.g., watersheds 16229000 and 16301050), the shape of hydrographs
could be very different (e.g., different numbers of peaks and shifted time lag of highest flow)

(Figure 4.9).
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Figure 4.9 Same as Figure 4.8, but with 624 grey lines for each watershed denoting the simulated streamflow
corresponding to the shifted rainfall (see Figure 4.4).

136



ADVANCING KNOWLEDGE ON CAUSES AND MECHANISMS OF FLOODING IN HAWAI'I

When rainfall was shifted spatially, sensitivity analysis shows that magnitude of event peak
flow (gmax) was sensitive to more rainfall event characteristics (Figure 4.10). Based on the
selected events, gmax was sensitive to the rainfall depth (rf_mean_mean), rainfall intensity
(rf_mean_max), rainfall spatial characteristics (from rf_rd_mean to rf_idx_A_max in Figure 4.10),
and shifted directions (shift_h and shift_y) and distance (shift_dist) (Figure 4.10). The gmax
metric is more sensitive to rainfall intensity than mean rainfall depth in the Waimanalo
(16249000), Kalihi (16229000), and Manoa (16241600), and Kamananui (16330000) watersheds.
On the other hand, Kaneohe’s gmax (16274100) is more sensitive to rainfall depth (Figure 4.10).
In terms of the rainfall spatial characteristics, the area of heavy rainfall (rf_fraction_core_max),
locations of rainfall (rf_rd_mean), maximum rainfall connectivity (rf_idx_C_max), and rainfall
areas (rf_no_rfpixel_mean and rf_no_rfpixel_max) contributed to the sensitivity of gmax across
watersheds when the rainfall shifted spatially. While spatially shifting rainfall, the rainfall areas
and locations related to the watershed outlet changed. This shifting may also introduce another
rainfall cluster moving into the watershed, thus the rainfall convectivity could also play a role in
gmax respones. Interestingly, gmax is nearly equally sensitive to all the spatial rainfall
characteristics in the Waikane (16294900). Further investigation is needed to better understand
the sensitivity differences among watersheds. Most watersheds’ gmax is more sensitive to the
shifted direction (shift_h and shift_v) rather than the shifted distance (shift_dist) (Figure 4.10).
Regardless of watershed locations, shape, or rainfall spatial characteristics, gmax in smaller
watersheds tended to be more sensitive to the rainfall shifted in the west-east direction than to
the rainfall shifted in south-north direction. The sensitivity to either direction is nearly equivalent

in larger watersheds.
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Figure 4.10 Similar to Figure 4.5, but for the 624 events with spatially shifted rainfall with the spatial pattern
conserved in each watershed. In this experiment, | added three more variables, shift_h, shift_v, and shift_dist
to indicate how the rainfall was shifted.

4.4 Discussion

4.4.1 Association between rainfall and peak streamflow

The magnitude of event peak flow in small mountainous tropical watersheds on O‘ahu responds
mainly to the rainfall depth and rainfall intensity. It also sensitive to rainfall spatial characteristics,
particularly the area of heavy rainfall. The results are consistent with those of previous studies
showing that the rainfall input volume is more important than the rainfall spatial pattern itself

(Beven and Hornberger, 1982; Obled et al, 1994; Woods and Sivapalan, 1999; Andréassian et al,
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2001). | also found that the time lag of peak flow is more sensitive to the rainfall spatial pattern

than the rainfall input volume.

The results showed that streamflow in small tropical watersheds (< 40 km?) is sensitive to rainfall
spatial characteristics. Peleg et al. (2017) examined how spatial rainfall variability affects the
responses of hydrological responses by using a calibrated hydrodynamic model, the US EPA’s
Storm Water Management Model (EPA SWMM), along with a stochastic spatially distributed
rainfall generator, Space-Time Realizations of Areal Precipitation (STREAP), over a small urban
watershed (0.77 km?) in Switzerland. They suggested that the relative contribution of rainfall
spatial variability to total flow variability increased with larger floods. Zhou et al. (2021) used
flood frequency analysis framework with the physical based distributed Gridded Surface
Subsurface Hydrologic Analysis (GSSHA) model to examine the role of rainfall spatial and
temporal variability in flood frequency across drainage basin scales in a small (<15 km?)
watershed in Maryland, USA. They showed that the maximum streamflow of extreme events is
closely linked to spatial structure of rainfall, particularly the area of heavy rainfall. In the study,
the area of heavy rainfall plays a role in determining event peak flow responses from both
observations (Figure 4.5) and simulations across all selected events (Figure 4.10) in tropical

mountainous islands.

The sensitivity analysis results on the time lag of peak flow implied that several rainfall spatial
characteristics affected the time lag of event peak flow. Huang et al. (2021) indicated that some
of the rain and stream gauges showed different annual peak flow timing and trends in Hawai‘i,

this may due to the poor representation of rainfall spatial heterogeneity by using single rain

gauge data to represent the entire watershed.

4.4.2 Implicationsfor model improvement

Event model errors are sensitive to the spatial characteristics of rainfall more so than rainfall
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amount or intensity. In contrast to previous studies showing spatial resolution of rainfall and
model is not as critical as the rainfall amount (Beven and Hornberger, 1982; Obled et al, 1994;
Refsgaard and Knudsen, 1996; Woods and Sivapalan, 1999; Bell and Moore, 2000; Andréassian
et al, 2001), Results suggest that model efficiency is associated with spatial variation of rainfall.
It indicated that in the distributed hydrological model set-up, the model efficiency still has room
for improvement. For example, model KGE in Waimanalo (16249000) was shown highly sensitive
to rainfall heterogeneity. Given Waimanalo is the smallest and driest watershed with lowest high
flow (Table 4.1), it implied that there might be factors that contribute to SA not being considered.
These may include: (1) the 250-m spatial resolution of either rainfall, watershed characteristics,
or both is/are inadequate to accurately simulate a 5 km? watershed; and (2) the rainfall-runoff

processes under unsaturated soil conditions were not captured in the analysis.

4.4.3 The role of rainfall spatial heterogeneity

According to the experiment of spatially redistributed rainfall, the heterogeneity of rainfall can
increase event peak flow without significantly changing time lag or shape of the hydrograph
(Figure 4.8), and sensitivity analysis showed little relationship between peak flow and rainfall
spatial characteristics. The little variance of sensitivity results on peak flow may be attributed to:
(1) the variability of the output metrics was low due to the constraint imposed by the rainfall
spatial characteristics of the selected events along with the small watershed size, and (2) the time
of concentration for the selected watersheds may be less than the temporal resolution of rainfall
(hourly), making it difficult to detect changes in the time lag of peak flow. The second reason may
also explain why streamflow in the largest watershed, Kamananui (16330000), with the longer
time of concentration, started rising earlier with slightly earlier peak time with randomized
rainfall (Figure 4.8). In addition, because the heavier rainfall is naturally or typically located in
upper watershed in the original rain event, the higher rainfall grids in the randomize experiment
were then redistributed closer to the outlet (see Appendix 1). Therefore, the peak flow timing

shifts earlier in larger watersheds (>= 30 km?) when randomly redistributed rainfall.
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Zhou et al. (2021) showed that compared to spatially uniform rainfall, spatial distributed rainfall
can increase the simulated flood peak by 50% at the outlet for either small or large flood events.
Even in larger watersheds (> 100 km?), rainfall spatial characteristics play a critical role (Zhu et al.,
2018). However, Zhu et al. (2018) showed that the rainfall spatial resolution can be more
important to peak magnitude and timing than the rainfall temporal resolution for drainage areas
larger than 2,000 km?, while the opposite is true for smaller watersheds. In this study’s small
watersheds, | observed increased simulated peak flow with the randomized rainfall. Although the
sensitivity analysis showed limited sensitivity to rainfall event characteristics and the shape of
hydrographs varied little, the hydrographs showed higher peak flow in five out of seven events,
particularly for those single or double peak events. This implies that the spatial rainfall
distribution does influence the magnitude of peak flow due to its location related to the

watershed outlet.

4.4.4 Event peak flow responses t@infall displacement

In Hawai‘i, rainfall displacement could cause significant differences in streamflow responses
because the watersheds are small. The streamflow in a watershed was completely different when
rainfall was spatially shifted (Figure 4.9). While most studies focusing on rainfall-sampling error
effects on rainfall-runoff model hydrographs do so by using different spatial and temporal
resolutions (Michaud and Sorooshian, 1994; Villarini et al,, 2008; Ghimire et al, 2018), the results
show that even a 250-m shift in rainfall can significantly influence event peak flow, mainly by
affecting and changing the magnitude of rainfall amount or the rainfall intensity (Figure 4.9 and
Figure 4.10). In addition, this impact can be further attributed to the rainfall spatial characteristics,
particularly the area of rainfall changes. In addition, the shifting direction plays a role in the
streamflow responses for selected events across watersheds — the study indicates that
streamflow is also more sensitive to the rainfall event being shifted in the west-east direction for
smaller watersheds (<= 10 km?), in the south-north direction for bigger watersheds (> 10 km?),

or nearly equivalent in both direction for the largest watershed (~ 30 km?). However, this study
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only considers the influences of rainfall event characteristics to streamflow responses without
including their interactions with watershed morphology and geometry. More studies on the

influence of rainfall displacement on different shapes and orientation of a watershed are needed.
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4.4.5 Limitations and future directions

While this research has improved our understanding of streamflow response to rainfall events in
small tropical watersheds, it has certain limitations. Firstly, the rainfall spatial characteristics have
interdependence, and the RBD-FAST method only provides a first-order sensitivity index,
neglecting the interaction between input variables. Therefore, | cannot identify the synergistic
effect, where the combined impact of two or more variables is greater than the sum of their
individual effects. Secondly, quantifying the interactions between rainfall spatial characteristics
and watershed characteristics is challenging. For example, the streamflow responses to a narrow
rainfall band (indicative of a low shape index) aligned at an angle relative to the orientation of
watershed could not be fully captured in the experimental design of this study. Moreover, the
causality of streamflow responses becomes more complicated when the elliptical shape of a
storm is parallel or perpendicular to a watershed. Third, | selected only one storm event for each
watershed in the second and third experiments to clearly illustrate the impact of spatially altering
rainfall. However, the selected event could bias the results. Future research is needed, including
a second-order sensitivity index to gain deeper insights into how rainfall spatial characteristics
influence streamflow responses. Incorporating more events and watersheds could provide a
more comprehensive understanding of streamflow sensitivity. Moreover, instead of analyzing
the rainfall spatial shifts for rainfall displacement, using Bayesian analysis or Monte Carlo
methods to quantify the uncertainty of rainfall displacement could significantly enhance flood

forecasting and risk management.

4.5 Conclusions

This study advances the understanding of the influence of rainfall on streamflow. By conducting
a comprehensive analysis of the sensitivity of event peak flow to various rainfall event
characteristics, | explored their impact across all identified storm events, as well as with randomly

redistributed and spatially shifted rainfall. The findings emphasized the crucial role of rainfall
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spatial characteristics in shaping peak flow responses, particularly in peak flow magnitude.
Among these characteristics, heavy rainfall areas (>= 25 mm) were found to notably impact event
peak flow, while others exhibited varying degrees of influence. Additionally, the observed
variations in model error were attributed to rainfall heterogeneity, with minor influences
stemming from rainfall amount and intensity. Notably, the significant impact on peak flow
responses with spatially shifted rainfall, particularly with a shifting increment of 250-m, showed
the profound influence of rainfall amount, intensity, heavy rainfall areas, and rainfall connectivity
on event peak flow. Given the critical role of rainfall's spatial heterogeneity, the research
highlights the importance of considering such characteristics in tropical mountainous small
watersheds. | advocate for further studies focusing on the applications of these insights in

probabilistic flood forecasting and the mitigation of flood risks.
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Chapter 4 Appendies

AppendixF. Land cover and soil type
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Figure F1 Maps of (a) land use and (b) soil type with the seven selected watersheds. Here, land cover is

shown the routing resolution (50-m), and the soil type is presented at the resolution of the land surface
model (250-m)
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AppendixG: WRFHydro calibration procedure

The entire WRF-Hydro set-up in this study includes, warming up the model for a year (2015-2016)
to ensure the water balance in the model, identifying the critical parameters of the model by
using distributed evaluation of local sensitivity analysis (DELSA), calibrating the model with
identified parameters from 2015 to 2018 with the dynamically dimensioned search (DDS)

algorithm, and validated the simulation with the uncalibrated period (2019-2020).

DELSA is a local sensitivity analysis method, but the parameter sensitivities are distributed
throughout a defined parameter space (scaled by the ratio between the priori input variance and
the total output variance). It integrates the method of Morries (MoM) (Morris, 1991; Herman et
al., 2013; Zhan et al, 2013), the Sobol's method (Sobol’, 2001; van Werkhoven et al, 2008), and
the regional sensitivity analysis (Hornberger and Spear, 1981) to reduce the sample numbers and
thus computational costs. DELSA was used by the National Center for Atmospheric Research
(NCAR) workflow (Arezoo Rafieeinasab et al, 2020). Here, | applied the input variation, delta, is
set to 0.01. | applied DELSA on all the watersheds that have streamflow data. The top seven
parameters, including dksat (saturated soil hydraulic conductivity), refkdt (surface infiltration
coefficient), rsurfexp (Exponent in the resistance equation for soil evaporation, bexp (pore size
distribution index), slope (percolation coefficient), smcmax (maximum soil moisture content),

and ovroughrtfac (2D overland flow roughness factor), are more critical in simulating streamflow.

| calibrated seven selected watersheds with the seven parameters by applying the DDS global
optimization algorithm, designed by (Tolson and Shoemaker, 2007) and used by the NCAR
workflow (Arezoo Rafieeinasab et al, 2020). The DDS algorithm is effective on a large number of
parameters to optimize and fast reaching calibration solutions. The parameter defining the size
of the scalar neighborhood perturbation (r) was set to its default value of 0.2, determining the
extent of random perturbation in each iteration relative to the parameter range. The calibration
criterion was chosen as Kling-Gupta Efficiency (KGE; Gupta et al, 2009), and the iterations were

capped at 150.
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Table G1 The Kling-Gupta Efficiency (KGE) of the model results before calibration and after calibration
between 2015 and 2018 and during the validation period (2019-2020).

2} §SNE YD9 0ST2NB YD9 I DSNJ Ol YD9 FNRBY @Ot
MCHRN. -0.49 0.36 0.50
MCHMM -0.31 0.29 0.07
MCHH. 0.24 0.51 0.52
MCOJIM, -2.91 0.38 0.36
MCHINMI -0.21 0.60 0.47
MCHTIMNI -0.97 0.27 0.41
MCOOI. -0.51 0.19 0.54
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AppendixH: Eventidentification

Multiple hydrological events are identified for understanding the impacts of rainfall event
characteristics to streamflow responses. | identified events for each watershed by steps below:

1. Integrate the USGS streamflow into hourly data.

2. Calculate hourly changes (dQ)

3. Mark the "jumping points": dQ > 80 percentile of dQ, where dQ >0

4. Mark the "flat points": dQ < 0.01 and dQ <= 50 percentile of dQ, where dQ < 0.01

5. Define the event starting time: equal or larger than three hours prior to a jumping point,
which must have at least three consecutive flat points.

6. Define the event ending time: three hours after the latest flat points, which must have at
least three consecutive flat points following a jumping point and before the next jumping
point.

7. Drop overlapping events: In the case of any overlapping events, only the event with the
longest duration was retained.

8. Filter with thresholds for the purpose: the event maximum streamflow needs to be larger
than Q5 (Table 4.1) of the gauge record between 2017-2020, and the event period needs

to be larger than 6 hours.

Note that | applied "percentile thresholds" while marking the jumping and flat points to (1)
prevent the unrealistic marks caused by unstable discharge and the accuracy tolerance range of
the measurements; and (2) narrow down events that are matched the purpose and accelerate

the process.
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Figure 11 The original (control) rainfall in Manoa watershed (16241600) on Sep. 13, 2018
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Figure 12 The spatial re-distributed rainfall in Manoa watershed (16241600) on Sep.
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Figure 13 The spatially shifted (3-km to the south and west, respectively) rainfall in Manoa watershed
(16241600) on Sep. 13, 2018
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Chapter 5.

Conclusion

This dissertation addresses the need to advance state-of-the-art hydrological studies and
forecasting to improve process-based understanding flooding in tropical islands. Advanced
knowledge of rainfall-runoff relationships for extreme events in Hawai’‘i is the main contribution
of this work. The significance of this dissertation is that (1) it provides insights into the
relationships between trends of extreme rainfall and streamflow; (2) it facilitates additional flood
research by offering an improved high spatial and temporal resolution rainfall dataset; and (3) it
addresses the roles of rainfall heterogeneity in streamflow responses. All of these are necessary
for improving flood and water supply studies and forecasts that support water predictions and

risk management in Hawai'‘i.

In Chapter 2, | highlighted an improved understanding of the local fluctuations in peak
streamflow and their responses to changes in rainfall. My study has demonstrated a decline over
time in both annual maximum rainfall and annual peak flow. Spatial and temporal variations in
both extreme rainfall occurrences and streamflow dynamics suggest that shifts in peak
streamflow do not necessarily align with shifts in maximum rainfall. The lack of coincident
monitoring stations and the high topographic heterogeneity may have limited the analysis.
Furthermore, considering the temporal discrepancy between peak streamflow and annual
maximum rainfall is crucial in comprehending alterations in extreme climatic events. Further
investigation into the differences in the timing of peak streamflow and annual maximum rainfall
is necessary, especially incorporating new data products developed for characterizing watershed

processes such as rainfall intensity and soil moisture.

In Chapter 3, | effectively combined hourly gauge and radar rainfall data on O‘ahu Island, by

employing the Kriging with External Drift (KED) method. Through the investigation of 18 storm
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events, | have verified that the hourly rainfall estimates derived from the KED method
outperform those from gauge- or radar- only rainfall. Furthermore, the KED approach enables
the generation of gridded hourly rainfall for O‘ahu, serving as a superior rainfall dataset for flood
analysis and modeling compared to both Ordinary Kriging (OK) and radar rainfall estimates. The
consistency and reliability of the KED hourly rainfall estimates in estimating maximum rainfall
values, irrespective of the storm type, contributed to its advantageous performance. | found that
across five storm types, the KED method produced superior accuracy in estimating rainfall
associated with cold fronts and Kona lows. KED approach also outperforms for convective rainfall
events. The KED merged rainfall product can support the analysis of flood events, especially flash
floods triggered by localized, intense, short-duration rainfall events. Under stratiform rainfall
conditions, the KED method notably mitigates the underestimation typically observed in radar
rainfall estimates, although showing only marginal improvements over the OK rainfall estimates.
In the future, | want to extend the application of the KED merged radar-gauge rainfall approach
to other tropical islands, enhancing radar rainfall estimation, and exploring the utilization of the
KED method or alternative merging techniques that incorporate the temporal dimension into

rainfall estimations.

Using the rainfall data derived in Chapter 3, Chapter 4, | then conducted a sensitivity analysis of
event peak flow to diverse rainfall indices and their impact across varied storm events. The
findings highlight the critical roles played by rainfall quantity, intensity, and spatial characteristics,
particularly its association with the magnitude of peak flow. Within all spatial characteristics, the
total area of heavy rainfall (>= 25 mm) was identified as key influence on event peak flow, while
other characteristics (e.g., location between rainfall and watershed outlet, the total area of
rainfall, connectivity, dispersiveness, and the shape) demonstrated varying degrees of influence
based on the watershed. The pronounced impact of spatially shifted rainfall with 250-m
increments, highlights the important impact of factors such as rainfall quantity, intensity, heavy
rainfall areas, and rainfall connectivity on event peak streamflow. Given the critical role of
rainfall's spatial heterogeneity, my research demonstrates the importance of incorporating such

characteristics in the analysis for small tropical mountainous watersheds. This will improve
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probabilistic flood forecasting and the mitigation of future flood risks.

The completion of this dissertation marks a significant milestone in the understanding of
hydrological processes associated with flooding, particularly for tropical islands. By fulfilling a
major data gap and clarifying the associations between rainfall event characteristics and
streamflow responses, this study brought new perspectives to how | look at floods. The findings
offer valuable insights into the relationships between extreme weather events and their impact
on local hydrological systems, emphasizing the need for high temporal and spatial resolution
rainfall data to tackle the challenges posed by floods in tropical island environments. The lessons
learned from this work will have application to the representation of rainfall-runoff process in

small tropical watersheds.
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