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Abstract

Extreme rainfall presents a major societal hazard through flooding and landslides. Rain can
be viewed along a spectrum of rainfall intensity and duration governed by key environ-
mental ingredients, including moisture availability, lifting mechanisms, and microphysical
processes. Improving understanding of how these ingredients interact across scales is criti-
cal for advancing both observations and prediction of extreme rainfall. This dissertation
investigates these processes using data collected during the 2022 Prediction of Rainfall
Extremes Campaign in the Pacific (PRECIP), which took place over northern Taiwan during
the warm-season. Leveraging Taiwan’s dense observational network and multiple research
radars, the work examines controls on extreme rainfall from radar measurement techniques
to microphysical and mesoscale processes.

The first component of this research develops improved radar-based rainfall estimation
approaches for regions of complex terrain. Specific attenuation-based rain rate retrievals
and a blended radar rainfall estimator were evaluated using observations collected during
PRECIP. Results demonstrate that attenuation-based retrievals can mitigate the impacts of
partial beam blockage from terrain while maintaining high-resolution estimates of heavy
rainfall, highlighting the benefits of combining multiple radar-based rain rate estimators to
improve performance across rainfall intensities.

The second component investigates the microphysical processes associated with extreme
rainfall using a radar-based drop size distribution (DSD) modeling framework constrained
by surface disdrometer observations. The analysis reveals widespread signatures of collision
coalescence in both stratiform and convective precipitation and identifies links between
ice-phase processes aloft and enhanced surface rainfall through increases in drop size and
concentration below the melting layer.

The final component connects mesoscale dynamics to microphysical processes using
high-resolution numerical weather prediction simulations alongside multi-Doppler radar
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analyses and radar-derived DSD estimates. Results indicate that precipitation efficiency
and the vertical redistribution of moisture play central roles in controlling rainfall intensity.
Orographically influenced flow interactions provide additional lifting mechanisms alongside
the Mei-Yu front, highlighting the importance of terrain in organizing extreme rainfall.
Model simulations reproduce some aspects of these processes but exhibit biases in rain
microphysics, particularly in representing the observed drop size distributions.

Collectively, these findings emphasize the interconnected roles of terrain, precipita-
tion efficiency, and drop size distributions in governing extreme rainfall and highlight
pathways for improving both observational analysis and model representation of extreme
precipitation.
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Chapter 1

Introduction

Extreme rainfall during the warm season represents a major socioeconomic hazard with

far-reaching consequences for communities, infrastructure, and public safety worldwide. In

many regions, warm-season precipitation can be convective, capable of producing short-

duration, high-intensity rainfall that triggers �ash �ooding in urban and small-basin envi-

ronments (Doswell III 1993; Hapuarachchi et al. 2011; Maddox 1979; Schumacher 2017). In

addition to convection, longer-duration or sequential events can progressively saturate soils,

elevate river stages, and destabilize hillslopes (Dai and Lee 2001; Segoni et al. 2018). Thus,

both rainfall intensity and duration are fundamental controls on hazard outcomes: intense

bursts can overwhelm drainage capacity within minutes, whereas prolonged or repeated

events degrade soil strength and promote landslides and widespread riverine �ooding (Dai

and Lee 2001; Doswell III 1993; Doswell III et al. 1996; Segoni et al. 2018; Wright 2018). The

societal toll of these processes is substantial. Globally, �oods a�ect hundreds of millions

of people each decade and accounted for approximately 45% of weather-related disaster

losses between 1970 and 2019 (United Nations O�ce for Disaster Risk Reduction 2025),

while in the United States alone inland �ooding associated with billion-dollar disasters has

averaged approximately $4.5 billion in damages per year from 1980 to 2024 (National Centers

for Environmental Information 2020). These impacts underscore the need to evaluate the

ingredients leading to warm-season extreme precipitation through the perspective of both

rainfall intensity and duration.

A useful conceptual lens for examining these rainfall phenomena is an ingredients-based

framework (e.g., Doswell III et al. 1996), which emphasizes that extreme precipitation arises
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from the co-location and persistence of key environmental ingredients rather than from

any single controlling factor. In this framework, rainfall intensity and duration re�ect

di�ering combinations of moisture availability, instability, lift, and storm structure, as well

as the e�ciency with which water vapor converts to precipitation. For short-duration,

high-intensity events, large precipitable water amounts, strong moisture �ux convergence,

and processes that enhance warm-rain e�ciency may dominate, whereas longer-duration or

sequential events may depend more on sustained synoptic-scale ascent, persistent low-level

jets, quasi-stationary boundaries, and terrain interactions that maintain rainfall over the

same region for hours to days (Doswell III et al. 1996; Lin et al. 2001). This dichotomy

of rainfall can be placed within a spectrum whereby intensity has strong ties to vertical

forcing whereas duration is more strongly tethered to horizontal forcing (Fig. 1.1). Di�erent

types of storms often are the result of di�erent combinations of these ingredients such as

high intensity deep convective cores, high duration broad stratiform regions, and tropical

cyclones which are both high intensity and duration. These ingredients are not static; their

magnitude, vertical structure, and source regions can vary substantially across the intensity

- duration spectrum and from case to case. Thus, by understanding how the individual

ingredients alter rainfall holistically, common threads that lead to extreme rainfall can be

identi�ed.

1.1 Controls on Rainfall Intensity and Duration

Rainfall intensity at the surface is ultimately a manifestation of the drop size distribution

(DSD) as the amount of water reaching the ground depends on how many drops are present

at each size and how fast they fall. Therefore, to understand and predict rain rates, we

must examine the DSD itself. A DSD describes the number concentration of raindrops as

a function of diameter, often expressed asN(D) . Within the warm rain depth, between

the surface and the melting layer, warm rain microphysical processes ultimately modify

the DSD. These processes include collision coalescence, whereby larger, faster falling drops

overtake and merge with smaller ones; evaporation, with smaller drops shrinking faster

than larger ones due to the greater surface area relative to volume; and drop break up,

either through surface tension not being able to support large enough drops or through

collision (Rogers and Yau 1996). These processes can dramatically change the DSD and with

it rain rate. While the DSD describes the spectrum of raindrop sizes, its practical relevance
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Figure 1.1: A conceptual diagram of the rainfall intensity-duration spectrum (PRECIP
2022).

arises from the moments of the distribution, statistical measures that summarize the bulk

properties of the DSD, which can be de�ned as follows:

M k [mm km -3 ] =
Z

DkN(D)dD (1.1)

Where M k is the moment value for moment orderk. These moments can provide

physical characteristics about the DSD such asM 0 being the number of drops within a

volume orM 3 being proportional to liquid water content. Rain rate (R) is also closely related

to moments, de�ned as:

R[mm hr -1 ] =
�� w

6

Z
D3v(D)N(D)dD (1.2)

Where� w is the density of water andv(D) is the drop terminal velocity, approximately

making rain rate the 3.67th moment (Atlas et al. 1973). Therefore, by changing the DSD
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through warm rain processes, the moments and rain rate are changed. An example can

be made using a simplistic view of the DSD, the exponential distribution, popularized by

Marshall and Palmer (1948), de�ned as:

N(D)[mm -1 m -3 ] = N 0e-�D (1.3)

With N0 being the intercept parameter and� being the slope parameter. While more

complex distributions exist and real DSDs can not be represented using empirical �ts, the

exponential distribution can deliver key insights as to how microphysical processes can

alter moments. Figure 1.2a shows an example of three exponential DSDs with varyingN0

and� values. When converted into the moment space (Fig. 1.2b), we �nd that multiple

DSDs can result in similar moment values such as the red DSD having the sameM 0 (M 6)

value as the blue (black) DSD, but they do not match in other moment values. The black

DSD having a higherN0 value results in a greater number of overall drops,M 0, whereas

the blue DSD, which has a lower� value, has a higher proportion of large drops, resulting

in a largerM 6 value. Despite these two DSDs having di�erent values on opposite sides of

the moment space, they have similarM 3 values corresponding to equal liquid water content

meaning they hold the same volume of water. These di�erences in low- and high-order

moments can be traced back to microphysical processes such as drop break up causing large

drops to break into numerous small drops, physically consistent with the similarM 3 values

as liquid water content is not changing during this process. Even with the sameM 3 values,

however, the rain rate is higher in the blue DSD owing to larger drops falling faster than

smaller drops. Therefore, even when information is available for lower-order moments

(e.g.,M 0), middle-order moments (e.g.,M 3), or higher-order moments (e.g.,M 6), ambiguity

can remain in the inferred rain rate. This highlights the importance of understanding the

underlying DSD and the processes that shape it.

The processes that modify the DSD, however, are not exclusively related to drop-to-drop

interaction such as coalescence. The DSD can also be shaped by the dynamic and thermo-

dynamic environment in which precipitation develops, particularly through variations in

updraft strength and vertical moisture transport. These in�uences can be direct as in the

case of size sorting, whereby small drops are kept lofted by updrafts while larger drops

are able to continue falling to the surface (Kumjian and Ryzhkov 2012; Ulbrich and Atlas

1998). Other in�uences arise indirectly through changes to the moisture availability and
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Figure 1.2: (a) Log10 N(D) for three example exponential DSDs with their N0 and �
values in the legend along with (b) corresponding Log10 moment values and rain rate

calculated using the Brandes et al. (2002) drop velocity relationship in the legend.

distribution. Vertical moisture transport associated with moisture �ux convergence can

enhance condensation (Banacos and Schultz 2005; Holloway and Neelin 2009), increase the

probability of collision coalescence (Ochs et al. 1995), reduce evaporation rates, and promote

ice production aloft that subsequently melts into larger raindrops (Lasher-Trapp et al. 2018).

Consequently, interpreting variability in the DSD, and ultimately rainfall intensity at the

surface, requires understanding the vertical motions, moisture transport, and microphysical

processes.

These processes are most strongly expressed in convective precipitation, where vigorous

vertical motions and sustained moisture transport govern precipitation growth and orga-

nization. Greater rainfall intensity is therefore often associated with a greater propensity

for convection compared to stratiform precipitation (Doswell III 1993; Doswell III et al.

1996; Schumacher and Houze 2003; Tokay and Short 1996). Therefore, understanding the

mechanisms that initiate and sustain convection is critical for interpreting the controls on

rainfall intensity. The lifting associated with convection can come from multiple sources

such as lifting along fronts and boundaries, through convergence at the surface, or through

orographic lift along topography. While lifting alone has implications for the DSD through

controlling updraft intensity within the context of instability, it is when lifting is paired with

moisture that more directly in�uences precipitation through condensation, freezing, evapo-

ration, etc. Therefore, the ability to continually distribute moisture aloft is crucial for storm

development, type, and longevity. More speci�cally, single cell convection lasts between 30

- 60 minutes due to precipitation overriding lift, cutting o� critical supply of moisture to
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maintain updrafts and thus precipitation (Weisman and Klemp 1986). In contrast, mesoscale

convective systems (MCS) are organized through increased vertical wind shear promoted by

spatially separating the updraft from precipitation-driven downdrafts, allowing storms to

persist and ultimately produce higher rain rates (Markowski and Richardson 2010; Weisman

and Klemp 1984). However, by this example, storm organization produces both an increase

in rainfall intensity as well as duration, implying that the two are connected and di�cult to

distinguish entirely Additional factors can also compound on both rainfall intensity and

duration such as terrain. In the event of orographic precipitation when horizontal �ow is

forced upward by terrain, there is a constant vertical forcing mechanism as long as there are

prevailing winds into the terrain. Thus, the limiting factor for both intensity and duration

in this scenario is the moisture supply. Assuming that is available in the context of a lifting

mechanism, high intensity rainfall can be sustained for long periods of time.

If rainfall intensity and duration are closely linked through storm organization and

moisture supply, then both are also in�uenced by the microphysical processes governing

precipitation growth. The rainfall and DSDs observed at the surface re�ect a combination of

warm rain processes and ice-phase processes operating within di�erent precipitation regimes.

Convective regions, characterized by strong updrafts and rapid hydrometeor growth, tend

to favor collision coalescence and riming processes that produce larger drops and higher

instantaneous rain rates. In contrast, stratiform regions often exhibit weaker vertical motions

and longer hydrometeor residence times, allowing processes such as aggregation and melting

to dominate, typically resulting in lower rain rates but longer duration precipitation (e.g.,

Schumacher and Houze 2003; Tokay and Short 1996). These microphysical pathways are not

independent of the storm dynamics; for example, evaporation-driven cold pools can modify

low-level convergence and tilt updrafts, in�uencing storm organization and the balance

between convective and stratiform precipitation (Engerer et al. 2008; Rotunno et al. 1988;

Weisman and Rotunno 2004).

Thus, rainfall intensity and duration emerge from the coupled interactions between

dynamics, thermodynamics, and microphysics. In environments with abundant moisture

and sustained lifting, these interactions can support both intense convective rainfall and

prolonged stratiform precipitation within the same system. Understanding how these

processes modulate DSD characteristics is therefore critical for interpreting rainfall extremes,

particularly in regions where persistent forcing and high moisture availability promote both

high rain rates and long-duration events.
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1.2 Taiwan, a Natural Laboratory

Taiwan is an ideal location to study extreme rainfall (Chen 1992; Henny et al. 2021; Lin et al.

2001; Wu et al. 2019). Located within the Paci�c Ocean in subtropical East Asia, Taiwan

receives extreme rainfall as part of two separate warm seasons, the Mei-Yu season which

runs from mid May to the end of June and the Typhoon season which starts in July and

extends through September (Fig. 1.3; Henny et al. 2021). The Mei-Yu season is unique to

East Asia and is linked to the East Asian summer monsoon (Chen 1992). During this season,

moist southwesterly �ow associated with the monsoon leads to heavy rainfall in Taiwan.

This heavy rainfall is often in part due to the isolation of the island within the South China

Sea and the steep topography of Taiwan (Chen and Chen 2003; Chen 1992). The island

contains both the Snow Mountain Range (SMR) and the Central Mountain Range (CMR;

peak elevation� 4 km) leading to over two thirds of the island being covered in hills and

mountains (Chen 1992). The nearly constant moisture supply during this season removes

moisture as a limiting factor for studying extreme rainfall, with this moist southwest �ow

impinging on the steep topography providing a source of lift. During the Mei-Yu season, the

primary rainfall producer is the Mei-Yu front, which is also in�uenced by Taiwan's steep

topography.

The Mei-yu front is a quasi-stationary boundary that, near Taiwan, is more commonly

characterized by a pronounced moisture gradient rather than a strong temperature gradient,

although more substantial thermal contrasts can be present when the front is located

over China (Chen 1992; Chen et al. 2007b). The front represents a boundary between the

southwest monsoon and the northeast monsoon, the latter which is dominated by relatively

drier and cold northeasterly �ow originating from the Siberian high-pressure system (Jhun

and Lee 2004). As the front moves over Taiwan, frontogenesis is dominated by convergence

and deformation, while baroclinic contributions become weak or even frontolytic (Chen

et al. 2007b). This convergence and deformation are associated with a low-level wind

shift line extending from the surface to approximately 1 km along the leading edge of the

front (Chen 1992; Chen and Hui 1990; Chen et al. 1989; Trier et al. 1990). With regards to

precipitation, these frontal systems can produce prolonged high intensity rainfall as they are

slow propagating, at times becoming quasi-stationary across portions of Taiwan. The frontal

rainfall itself is often characterized by long-lasting stratiform rainfall and propagating MCSs

along the front producing higher intensity rainfall, especially as they encounter the steep
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Figure 1.3: The mean total (green) and extreme (red) rainfall for each day of the year, with
color-coded seasons between 1960 and 2015. The Taiwan Climate Change Projection

Information and Adaptation Knowledge Platform rain data are averaged spatially. The thick
lines denote 20-day running means. ER is de�ned based on a spatially and seasonally

varying 99th -percentile threshold so as not to eliminate cold-season extreme events. From
Henny et al. (2021).

terrain.

Many of the insights learned about Mei-Yu fronts were the result of two major obser-

vational �eld campaigns based in Taiwan: the 1987 Taiwan Area Mesoscale Experiment

(TAMEX; Kuo and Chen 1990) and the 2008 Southwest Monsoon Experiment and Terrain-

In�uenced Monsoon Rainfall Experiment (SoWMEX/TiMREX; Jou et al. 2011). TAMEX,

focused on northern Taiwan, established the fundamental dynamical framework for Mei-Yu

rainfall (Li et al. 1997), demonstrating the critical roles of low-level jets (Zhang 1989), frontal

convergence (Ray et al. 1991), and Taiwan's CMR in organizing and enhancing convec-

tion (Chen et al. 1991). Observations showed that rainfall extremes frequently arise from

sustained moisture transport interacting with complex terrain, leading to back-building

convection and mesoscale organization rather than isolated, short-lived cells (Akaeda et al.

1995; Jou and Deng 1992). Two decades later, SoWMEX/TiMREX expanded upon these
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�ndings using increased observations in southwestern Taiwan and improved numerical

modeling (Jou et al. 2011). These experiments clari�ed the multiscale coupling between

synoptic monsoon �ow (Lai et al. 2011), mesoscale convective systems (Davis and Lee

2012), and orographic lifting (Xu and Zipser 2015), and highlighted the importance of

moisture �ux convergence (Feng et al. 2021), terrain-blocked �ow (Ruppert et al. 2013),

and microphysical processes in modulating rainfall intensity and duration (Chang et al.

2015). Collectively, these �eld campaigns established Taiwan as a natural laboratory for

studying terrain-monsoon-convection interactions. A key component of these observational

e�orts was the deployment of ground-based weather radar, which provided unprecedented

insight into the internal structure of precipitating systems and the evolution of convective

organization within the Mei-Yu environment.

1.3 Radar Insights on Microphysics and Dynamics

Understanding the in�uences on and evolution of DSDs aloft can be di�cult because the

instruments commonly used to measure drop size distributions, such as disdrometers,

are typically limited to surface observations. Weather radar provides a powerful tool for

overcoming this limitation by remotely sensing precipitation structure throughout the depth

of the atmosphere. Radars remotely sense the atmosphere by transmitting electromagnetic

waves, often horizontally polarized, and measuring the portion of the scattered energy

that returns to the antenna. When the scattering is within the Rayleigh regime, where the

scattering targets are much smaller than the wavelength of the transmitted wave, the power

return, Pr , becomes proportional to the squared volume of the scatterer:

Pr / (D 3)2 = D 6 (1.4)

Thus, the returned power is proportional to the 6th moment of the DSD. This 6th moment

is designated as the radar re�ectivity,Zh = 10Log10(M 6), providing a useful link between

the returned power from the radar and the DSD. For decades, radar meteorologists have

and continue to use this crucial insight into the DSD for the purposes of remotely sensing

rain rates (e.g., Al�eri et al. 2010; Bournas and Baltas 2022; Fulton et al. 1998; Gunn and

East 1954; Jorgensen and Willis 1982; Marshall and Palmer 1948; Rao et al. 2001; Stout and

Mueller 1968; Zawadzki 1975). However, while this approach has lasted for multiple decades,
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Figure 1.4: Conceptual image ofZh , Zv, andZdr for three di�erent drops, a spherical drop,
an oblate drop, and an elongated drop.

the variable is not optimal for rainfall estimation. As in the case of Figure 1.2, the red and

black distributions have similarM 6 values and yet, they di�er in rain rates owing to the

di�erences in moment orders betweenM 6 andM 3.67. Beyond the microphysics,Zh can

struggle due to the limitations of radar beam propagation. For example, beam blockage,

the obstruction of radar beams by terrain or buildings (Villarini and Krajewski 2010), and

attenuation, loss of power through absorption or scattering outside of the Rayleigh regime

(Hitsch�eld and Bordan 1954), can reduce overall returned power and reduce retrieved rain

rates. Therefore, additional insights into the DSD are required to more accurately measure

rain rates from radars.

Innovation came by way of Seliga and Bringi (1976) with the advent of dual-polarization.

Zh , horizontally polarized re�ectivity, was often used as drops grow in width as they grow

larger. However, the growth in the vertical is not at a similar rate as drops tend to become

more oblate the larger they grow due to aerodynamic drag (Pruppacher and Beard 1970).

Therefore, Seliga and Bringi (1976) theorized that by comparing the ratios ofZh and vertically

polarized re�ectivity,Zv, greater information regarding the drop characteristics within the

DSD could be gained. This ratio, termed di�erential re�ectivity,Zdr = 10Log10(Zh=Zv),

was slowly but overwhelmingly accepted within the radar community. To conceptualize

this relationship, Figure 1.4 shows three drops, each indicating howZh andZv would di�er

for each and the resulting Zdr .

A few years after Seliga and Bringi (1976), a further application of dual-polarization

was made apparent in Seliga and Bringi (1978) through the use of di�erential phase shift,
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� dp . As the horizontally and vertically polarized waves transmit through large drops, the

horizontally polarized wave encounters a greater refractive index due to the larger horizontal

axis of oblate drops. This larger refractive index slows the propagation of the horizontal

wave more than that of the vertical wave, thus once they transmit through to the other side

of the drop, the two waves are out of phase and the phase has shifted. When integrated over

a speci�ed range, the speci�c di�erential phase shift,Kdp , is computed.Kdp has several

advantages overZh with regards to rain rate estimation. WhereasZh is related toM 6, Kdp

is approximately betweenM 4.24andM 5.6 depending on the underlying DSD, thus more

closely representative of rain rate at approximatelyM 3.67(Brandes et al. 2001; Ryzhkov

and Zrni¢ 1996; Sachidananda and Zrni¢ 1987; Zrni¢ and Ryzhkov 1996). In addition to

the advantages in rain rate estimation, as Kdp relies on the phase of the waves as opposed

to the power,Kdp is able to bypass partial beam blockage and attenuation allowing for

precipitation estimation beyond some terrain and buildings (Zrni¢ and Ryzhkov 1996).

The use of dual-polarization has allowed for greater �exibility in viewing the underlying

DSD of rainfall beyond justZh . In more recent applications, rain rate estimation is often a

blend of di�erent rain rate estimators, incorporating information fromZh , Zdr , andKdp

depending on when they are most useful (e.g., Bringi et al. 2009; Chang et al. 2021; Dixon

et al. 2015; Zhang et al. 2020). Additionally, these dual-polarization �elds respond di�erently

depending on the hydrometeors they encounter, thus allowing for hydrometeor inference

which can more accurately determine which rain rate estimator is best suited for a given

radar volume (e.g., Dolan and Rutledge 2009; Dolan et al. 2013; Vivekanandan et al. 1999).

With regards to the underlying processes modifying the DSD, dual-polarization radar can

also be used to infer warm rain processes. By di�erencingZh , Zdr , and occasionallyKdp

within a vertical column, inferences in warm rain processes can be made using so-called

microphysical �ngerprints (Kumjian and Prat 2014; Kumjian et al. 2022). An example of their

use would be with size sorting whereby small drops are separated from larger drops, thus

Zh decreases due to less drops overall, butZdr increases given the average drop being more

oblate. Thus, in many ways, dual-polarization radar has allowed for greater microphysical

understanding of DSDs aloft and the processes that in�uence it.

Despite the great innovations with which weather radar has advanced our understanding

of rainfall, the tool and its applications still have limitations in their application. Dual-

polarization �elds themselves have drawbacks such asZdr being inherently noisier thanZh

given the compounding of noise in bothZh andZv (Sachidananda and Zrni¢ 1985).Kdp
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is also limited as it requires smoothing of the� dp resulting in the peakedness of extreme

rainfall to not be well represented (Wang and Chandrasekar 2009). WhileKdp can bypass

partial beam blockage and attenuation,Zdr andZh cannot, further explaining why advanced

rain rate estimation algorithms pick and choose di�erent polarization �elds. However, while

attenuation can be a drawback for power-based �elds, it also presents itself as an opportunity

for rain rate estimation as well. Recent work has shown that attenuation of pure rainfall can

approximately be equated toM 3.67, the same moment as rain rate (Ryzhkov et al. 2014). At

S-band frequencies (10 - 11 cm), the same frequencies at which the Next Generation Weather

Radar program in the United States operates at, attenuation is minimal and not attributed

to absorption by the atmosphere, thus it is assumed that all attenuation is produced by

precipitation lending itself naturally to being the optimal rain rate estimator assuming its

measured properly. However, ultimately, all rain rate estimators are only as capable as the

assumptions of the underlying DSD. DSDs themselves are modi�ed by di�erent processes,

but both the processes and the DSDs also vary based on climate (Dolan et al. 2018; Sauvageot

and Lacaux 1995). For example, within the tropics where moisture is abundant, there is a

tendency for more drops overall compared to midlatitude regions such as the continental

United States due to greater amounts of condensation (e.g., Rivelli Zea et al. 2021; Ryu et al.

2021). Therefore, to understand these underlying controls on the DSD within a region and

subsequently better estimate rainfall from radars, analysis must be scaled out to understand

the mesoscale controls on the DSD.

While radar observations have proven invaluable for inferring precipitation and the

evolution of drop size distributions, their utility extends well beyond microphysical inter-

pretation. Doppler weather radar measures the motion of particles along the radar beam

by detecting frequency shifts in the returned electromagnetic signal caused by moving

scatterers. These radial velocity measurements provide information on the air�ow within

precipitating systems. When two or more Doppler radars observe the same storm, dual-

Doppler techniques can be applied to combine their radial velocity measurements and

reconstruct the three-dimensional wind �eld within the storm (Ray and Wagner 1976; Ray

et al. 1980). Such analyses have played a central role in developing modern understanding

of convective dynamics, including the structure of supercells (Brandes 1977; Lemon and

Doswell 1979) and mesoscale convective systems (Biggersta� and Houze 1991; Gamache

and Houze 1982). Researchers during TAMEX leveraged dual-Doppler observations as a

means to study frontal dynamics in northern Taiwan (Ray et al. 1991; Wang et al. 1990).
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This approach was further expanded upon during SoWMEX/TiMREX by merging insights

from both dual-Doppler synthesis and dual-polarization inferences of hydrometeors (Chang

et al. 2015). Consequently, radar observations provide a powerful framework for examining

both the microphysical and dynamical processes that control precipitation intensity and

structure.

1.4 Prediction of Rainfall Extremes Campaign in the

Paci�c

The insights gained from TAMEX and SoWMEX/TiMREX highlighted the power of advanced

radar observations for diagnosing both microphysical and dynamical processes in extreme

rainfall events. However, these campaigns were limited in spatial and temporal coverage,

and many aspects of the full spectrum of rainfall intensity and duration, particularly during

the Mei-Yu and Typhoon periods, remained under-sampled. Building on this foundation,

the 2022 National Science Foundation-funded Prediction of Rainfall Extremes Campaign

in the Paci�c (PRECIP) was conducted in northern Taiwan between late May and early

August to more comprehensively investigate the ingredients of extreme rainfall. Like

TAMEX, PRECIP focused on northern Taiwan with the intent of understanding extreme

rainfall processes across a wide range of intensities and durations. Unlike TAMEX, PRECIP

bene�ted from multiple modern research radars, disdrometers, and many more in-situ

measurements (Fig. 1.5). Expanding on SoWMEX/TiMREX, which was held in southern

Taiwan, the shift to the north with a longer observation period was meant to capture both

the Mei-Yu and Typhoon periods, with emphasis on Mei-Yu fronts, afternoon thunderstorms,

and typhoons as they span di�erent parts of the rainfall intensity-duration spectrum. In

addition to the expansive observation network provided by the Taiwanese Central Weather

Administration (CWA) and the research equipment deployed for the �eld campaign, PRECIP

also incorporated an extensive modeling component with real-time numerical weather

prediction (NWP) ensembles to better determine the ingredients leading to extreme rainfall.

With this combination of observations and modeling, PRECIP was uniquely positioned to

diagnose the processes leading to extreme rainfall, identify shortcomings in state-of-the-art

NWP models, and improve predictive understanding of dynamics, thermodynamics, and

microphysics.
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Figure 1.5: Instrumentation map for PRECIP 2022 (PRECIP 2022).

Despite there being a wealth of knowledge depicting all these interactions with regards

to rainfall intensity and duration, there are still challenges in predicting these extreme

rainfall events. Having determined that these events are often the result of interwoven

dynamics, thermodynamics, and microphysics, the complexities which need to be accounted

for in prediction are substantial. When predicting these rainfall events, NWP models

are often tasked with nowcasting eminent rainfall to issue warnings (Lawson et al. 2018).

The microphysical processes inherent to even the �nest resolution NWP models cannot

be resolved leading to parameterization. These microphysical parameterization schemes,

often referred to as microphysics schemes, try to directly predict changes to the DSD

within an environment without explicitly modeling how each drop evolves. The most

common microphysics schemes characterize the DSD using simple distributions such as

the exponential distribution as single moment schemes (e.g., allow� to vary) or double

moment schemes (e.g., allowN0 and� to vary). While this introduces �exibility in how we

represent the DSD, most DSDs do not follow the exponential distribution. Similarly, the skill

of a microphysics scheme is dependent on the dataset it was developed on and where it is

applied. As previously mentioned, the common DSDs found in the tropics may not be similar

to those found in the midlatitudes, thus microphysics schemes developed in the midlatitudes
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may not perform well within the tropics. There have been many intercomparisons of

microphysics schemes compared against observations for heavy rain events and rarely

do all microphysics schemes perform well, suggesting that improvement is necessary in

either making microphysics schemes more applicable for more regions or the underlying

microphysical assumptions require updating (e.g., Chen et al. 2022a; Chung et al. 2020; Tao

et al. 2011; Wang et al. 2023).

In the mesoscale, these events are also complex and can be di�cult to predict. To create

a more probabilistic forecast, often models are run as an ensemble. By running multiple

of the same model in tandem with slight perturbations in each, convergence in results can

point to a stronger forecast. However, convergence is not guaranteed and when it does not

converge, this can point to the di�culties in predicting these dynamics-thermodynamics-

microphysics interactions. Just as there have been many studies pointing to the di�culties

in microphysics schemes representing precipitation faithfully, there are also countless

ensemble modeling studies where convergence of results leads to misrepresentations of

rainfall intensity, duration, and accumulation in Taiwan (e.g., Chien and Chiu 2023; Ho

et al. 2022; Hsiao et al. 2013; Lee et al. 2019; Yang et al. 2004). Model spread can indicate

mismatches in how microphysics responds to dynamics and thermodynamics, or vice versa,

emphasizing the need for improved observational constraints.

One of the most e�ective ways to enhance NWP model skill is through additional ob-

servations. Through collection of disdrometer data, there is more training data available

to improve DSD representation. Similarly, by collecting more radar data, there is greater

understanding of the processes inherent to rainfall as well as the utility of rainfall estimation

for the purposes of model comparison. Not only can they serve to better our NWP models,

radars are vital tools in nowcasting extreme precipitation. However, as previously men-

tioned, disdrometers and radars are limited in their capabilities. Disdrometers act as point

source measurements of the DSD and can rarely measure DSDs above the surface. Radars

can be overcome by attenuation, beam blockage, and still require some a priori knowledge of

the DSD, often collected by a disdrometer at the surface. As both disdrometers and radars are

costly instruments as well, dense networks of observations are hard to come by. This chal-

lenge is particularly pronounced in regions of complex terrain, where logistical constraints,

limited accessibility, and radar beam blockage make the deployment and maintenance of

dense observational networks di�cult. Therefore, locations with dense, high-quality obser-

vations and consistent rainfall o�er prime opportunities to study microphysical, dynamical,
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and thermodynamic processes and to improve NWP model predictions.

The PRECIP �eld campaign provides such an opportunity. While TAMEX and SoWMEX/-

TiMREX were groundbreaking studies that improved much of our understanding of extreme

rainfall, they were either limited in their technological capacity as in the case of TAMEX or

limited in the types of cases observed as in SoWMEX/TiMREX, capturing only a subset of

the full rainfall intensity-duration spectrum. As such, this dissertation seeks to investigate

extreme rainfall across di�erent scales contextualized through the rainfall intensity-duration

spectrum during PRECIP 2022. This work investigates the fundamental processes governing

extreme rainfall while advancing new observational and modeling approaches, including

radar-based retrievals, disdrometer analyses, and numerical weather prediction applications.

The broader objective of this research is to identify where extreme rainfall occurs during

PRECIP, identify the microphysical processes aloft that in�uence that rainfall, and then

determine what occurs dynamically and thermodynamically to promote or deter these

microphysical processes, ultimately linking dynamics, thermodynamics, and microphysics

to more holistically explain controls on rainfall intensity and duration.

1.5 Science Objectives and Dissertation Structure

This dissertation is structured into three sequential chapters, each scaling outward with

regards to extreme rainfall development. Chapter 2 compares the innovative attenuation-

based rain rate retrieval against traditional rain rate estimators across the PRECIP �eld

campaign. The particular attenuation-based rain rate seeks to leverage the strengths of

both power-based rain rate estimators in their resolution as well as phase-based rain rate

estimators in their ability to overcome partial beam blockage. In addition to comparisons

made across rain rate estimators, modi�cations and improvements to the attenuation-based

rain rate are made to better account for terrain, clutter-induced noise, and by localizing the

parameters of the retrieval to Taiwan using the extensive disdrometer network (Cornejo

et al. 2025).

Having produced a method by which extreme rainfall could be located and quanti�ed,

Chapter 3 expands on the previous chapter by investigating the changes in the DSD aloft

that result in extreme rainfall. Using a novel methodology, making use of the attenuation

retrieval in Chapter 2, in which the DSD can be modeled using di�erent dual-polarimetric

radar �elds, microphysical �ngerprints of warm rain processes have their corresponding
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changes in the DSD �nally quanti�ed. Additionally, particle identi�cation is applied to

further determine how graupel aloft can modify the DSD aloft as well as rain rate near the

surface (Cornejo et al. 2026).

Chapter 4 scales out further by comparing a high resolution NWP ensemble among one

another as well as with observations including rain rate retrievals from Chapter 2, modeled

DSDs from Chapter 3, and multi-Doppler syntheses of 3-dimensional winds. The intent of

this chapter is to have a multifaceted approach in which model representation of dynamics,

thermodynamics, and microphysics ultimately impacts rainfall intensity and duration. This

analysis highlights key mesoscale (e.g., vorticity, divergence, lift) and microphysical factors

(e.g., warm rain processes and DSD shape) that lead to or deter extreme rainfall. Chapter 5

integrates the major �ndings of this work, explores their broader implications, and outlines

avenues for future research.
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Chapter 2

Speci�c Attenuation-Based Rain-Rate

Applicability to Varying Rainfall

Intensity in Complex Terrain

2.1 Introduction

Ground-based radar remains one of the most powerful tools for estimating rainfall accumu-

lation. With its ability to remotely sense precipitation at long distances, radars are often

used to �ll the gaps in regions of sparsely populated ground measurements such as in

regions of complex terrain and over bodies of water. While radar re�ectivity factor,Zh , is

commonly used to describe precipitation intensity, the advent of dual-polarization radar

has allowed for increased accuracy and skill in estimating rainfall (Goddard and Cherry

1984; Ryzhkov and Zrni¢ 1995; Sachidananda and Zrni¢ 1987). Di�erential re�ectivity (Zdr )

helps to account for variability in drop size distributions (DSDs), while speci�c di�erential

phase (Kdp ) is immune to radar calibration and signal loss owing to attenuation (Ryzhkov

et al. 2022). A combination of these polarimetric variables is therefore used in radar-based

rain estimation, taking into account their relative strengths and weaknesses for a range of

rainfall intensities (e.g., Cifelli et al. 2011). However, practical issues remain in applying these

hybrid dual-polarization algorithms to a variety of climate regimes owing to the remaining

The following Chapter is a reformatted reprint of Cornejo, I. C., Rowe, A. K., Dixon, M., and Romatschke,
U. (2025); Journal of Atmospheric and Oceanic Technology; DOI: 10.1175/JTECH-D-24-0094.1.
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sensitivity to DSD variability and challenges in regions of partial beam blockage. A newer

approach, presented in Ryzhkov et al. (2014), has shown that the utilization of speci�c

attenuation,Ah , can outperform re�ectivity- and more traditional dual-polarization-based

rain estimates in a broad array of scenarios.

The loss of radar power over a speci�ed distance (Ah) has been historically thought

of as a problem to be corrected from theZh (Hitsch�eld and Bordan 1954). Past studies

have shown, however, thatAh is directly related to liquid water content and rain rate (Atlas

and Ulbrich 1977; Matrosov 2005). In a comparison study using disdrometer-simulated rain

rate estimates,R(Ah) has been shown to outperformR(Zh), R(Zh ,Zdr ), andR(Kdp ) at

minimizing error at S-Band frequencies (Ryzhkov et al. 2022). Despite this known advantage

of R(Ah), a challenge is how to accurately measureAh . A method that has been popularized

by Ryzhkov et al. (2014) is to use a modi�ed form of the ZPHI method, named for its

requirements of onlyZh and di�erential phase shift (� dp ; Bringi et al. 1990; Meneghini and

Nakamura 1990; Testud et al. 2000). This method of calculatingAh proves to have many

bene�ts over other rain rate products owing to its abilities to mitigate the e�ects of partial

beam blockage, radar miscalibration, and wet radome. Additionally,R(Ah) has been shown

to be DSD invariant at S-Band frequencies (Ryzhkov et al. 2014, 2022). For these reasons,

R(Ah) has entered operational radar usage in the US and Taiwan (Chang et al. 2021; Cocks

et al. 2019; Wang et al. 2019; Zhang et al. 2020).

While there are many advantages to using ZPHI for measuringAh , practical limitations

remain in applying this method to radars in di�erent geographical and climate regions. In

applyingR(Ah) to C-band radars in the mountainous areas of Taiwan,R(Ah) improved

rain estimates overall in both a 12-h typhoon rainy period and a 12-h stratiform-convective

event, but required the use of higher elevation angles in completely blocked regions (Wang

et al. 2014). This approach required assumptions about the vertical pro�le ofZh using

these two cases and avoided mixed-phase regions. Mixed-phase precipitation has also been

shown to create an arti�cial increase inAh while also decreasingAh in other regions along

the ray (Wang et al. 2019). Studies have found that segmenting the rays before and after

the mixed-phase precipitation can �x this problem, but segmentation can also cause the

Ah calculation to become unreliable in regions of low phase shift or weak precipitation

(Ryzhkov et al. 2014; Wang et al. 2019) and is sensitive to the choice of �lter of phase

shift along the ray (Dufton 2016). Additionally, whileR(Ah) is invariant to DSD, the ZPHI

method is sensitive to DSD through conversion of� dp into path-integrated attenuation
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(PIA) (i.e., the� parameter) that varies in continental versus tropical regimes (Ryzhkov et al.

2014; Wang et al. 2014, 2019; Wol� et al. 2019). Therefore, implementing the ZPHI method

requires a series of automated procedures to account for these sensitivities to local terrain,

ray segmentation, and rain type. These procedures have been tested for select case studies

in the aforementioned literature, but questions remain about the contribution of each of

these sensitivities to rainfall estimation across a broader array of rain intensities.

As shown in Ryzhkov et al. (2022) for select simulated cases over Oklahoma,R(Ah)

should perform well in both high and moderate intensity rainfall, butR(Ah) may not be well

suited for low intensities owing to a weak attenuation signal (Zhang et al. 2020). Furthermore,

small errors withinR(Ah) owing to data quality, �ltering choices, and assumptions made

within the ZPHI method may compound to reduce accuracy over longer duration (i.e.,

> 24 hr) rain events. This study takes advantage of the multi-month deployment of an

S-band radar in mountainous Taiwan to quantify the bene�ts ofR(Ah) across a range of

rain intensities and durations. The National Science Foundation (NSF) National Center for

Atmospheric Research (NCAR) S-band dual-polarization Doppler (S-Pol) radar was deployed

in northwestern Taiwan from 25 May 2022 to 10 August 2022 as part of the Prediction of

Rainfall Extremes Campaign in the Paci�c (PRECIP) to capture both high intensity and high

duration rainfall (Fig. 2.1a). S-Pol was situated in close proximity to the mountains of Taiwan

allowing for processes leading to orographic enhancement of rainfall to be explored while

also presenting challenges for radar-based rain estimation owing to partial and complete

beam blockage. (Fig. 2.1b).

Within the campaign, 11 Intensive Observation Periods (IOPs) added additional sounding

operations, while S-Pol ran nearly continuously during this 77-day period, capturing various

heavy rainfall events from short-duration, intense afternoon thunderstorms to long-duration

convective and stratiform precipitation associated with Mei-yu fronts. These slow-moving

moisture-driven fronts produce a large portion of the rainfall in Taiwan, often last several

days, and span across large portions of east Asia (e.g., Chen 1992; Henny et al. 2021). An

advantage of evaluating radar-based rain estimation in Taiwan is the dense surface network

of rain gauges and disdrometers operated by the Central Weather Administration (CWA)

of Taiwan (Fig. 2.1a). Maximum 24-hour rainfall accumulations observed by rain gauges

within 100 km of S-Pol reached values of 300+ mm during PRECIP (Fig. 2.2a). As a proxy for

intensity, the maximum 1-hour rainfall accumulations showed upwards of 100 mm on the

western slopes of the mountains within 150 km of S-Pol, suggesting periods of orographic
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