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Abstract

Extreme rainfall events on various time scales causing floods, generating landslides
and damaging ecological systems, get raising concerns under detected climate
variability. Many studies show that there is an increasing chance of intense rainfall
and flooding in future warmer climates. This thesis aims to further develop an
understanding of extreme rainfall following two different aspects: firstly rainfall
maxima covering a wide range of time scales and space scales are analyzed revisiting
Jennings (1950) observationally established scaling law; and secondly, daily-scales
extreme rainfall events are related to large-scale dynamic processes with the aim to
provide an extreme value downscaling scheme.

First, global climate model (GCM) simulations are compared with observations in
terms of resolution dependence and climate change. The analysis shows the following
results: (i) the observed scaling law relating rainfall maxima to duration (Jennings
1950) is basically reproduced but exhibits resolution dependence, (ii) the intensity of
rainfall extremes is up to one order of magnitude smaller in the model data, (iii) the
increase of rainfall maxima on short time scales in the warmer climate simulations
(RCP 8.5) vanishes beyond monthly time scales. The Jennings’ law may provide
guidance for cascade dependent bias correction of rainfall extremes in simulations.

Then, a conceptual stochastic rainfall model which reveals similar scaling
behavior is introduced as a first order auto-regressive process AR(1) to represent the
lower tropospheric vertical moisture fluxes, whose upward components balance the
rainfall while the downward components are truncated and defined as no-rain.
Estimates of ERA-40 vertical moisture flux autocorrelations (at grids near the rainfall
stations) provide estimates for the truncated AR(1). Subjected to maximum
depth-duration analysis, the scaling coefficient, b =~ 0.5, is obtained extending for
about two orders of magnitude, which is associated with a wide range of vertical
moisture flux autocorrelations 0.1 <a < 0.7.

Finally, to link daily-scale rainfall extremes with large-scale circulations, extreme
value statistics (the Point Process PP, model) is employed to identify warm season
(MJJAS) daily-scale rainfall extremes over continental China. The Western Pacific
Subtropical High (represented by the WPSH-index) is implanted as a covariate of one
or more parameters into the PP model. Observations show that WPSH statistically
significant influences extreme rainfall in vast regions except south China. The relation
between WPSH and extreme rainfall is also analyzed in MPI-ESM simulated
present-day and future climates and then compared with the observations. The results
suggest the extreme value statistics as a function of WPSH could be used for
statistical downscaling of extreme rainfall events statistics over China.
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Zusammensassung

Extreme Niederschlagsereignisse verschiedener Zeitskalen bekommen eine
wachsende Bedeutung, da sie Hochwasser und Erdrutsche verursachen kénnen, und
das Okosystem schadigen. Zahlreiche vorhergehende Studien zeigen eine
zunehmende Wahrscheinlichkeit von Starkniederschlagsereignissen und Fluten in
Modellsimulationen eines erwérmten Klimas. Diese Arbeit hat das Ziel, das
Verstandnis von Extremniederschldgen im Hinblick auf zwei verschiedene Punkte zu
erweitern:

1) Niederschlagsmaxima umfassen einen grossen Bereich zeitlicher und
raumlicher Skalen, die nach Jennings (1950) Beobachtungen einem Skalierungsgesetz
folgen und 2) auf regionaler Skala werden tagliche Extremeniederschldage mit
dynamische Prozessen in \erbindung gebracht mit dem Ziel, Grundlagen fir ein
,Downscaling” Schema der Statistik von Extremereignissen zu entwickeln.

Zunéchst werden Simulationen eines Globalen Zirkulationsmodells (GCM) mit
dem beobachtete Skalierungsgesetz unter dem Aspekt der Klimaveranderung und der
Modellauflésung verglichen. Dabei ergeben sich folgende Ergebnisse: (i) das
Skalierungsgesetz von Niederschlagsmaxima und -dauer kann im wesentlichen
reproduziert werden. Jedoch zeigt sich Auflésungsabhéngigkeit. (ii) In den
Modellsimulationen ist die Starke der Niederschlagsereignisse um bis zu einer
GroRenordnung kleiner als in den Beobachtungen. (iii) Die Zunahme von
Niederschlagsmaxima auf kurzen zeitlichen Skalen verschwindet im erwédrmten
Klima (RCP 8.5) ab monatlichen Zeitskalen.

Ein konzeptionelles stochastisches Niederschlagsmodell, welches ein &hnliches
Skalierungsverhalten wie die Beobachtungen aufweist, wird als autoregressiver
Prozess erster Ordnung, AR(1), eingefthrt, um die unteren tropospharischen
vertikalen Feuchtefluss wiederzugeben. Dabei balanciert die Aufwértskomponente des
Flusses den Niederschlag, wohingegen die Abwartskomponente abgeschnitten und als
,kein Niederschlag® definiert wird. Schitzungen der Autokorrelationen des vertikalen
Feuchteflusses (ERA-40) an Gitterpunkten nahe von Stationsmessungen liefern
Schétzungen fur den abgeschnitten AR(1) Prozess. Die Analyse der maximalen
Niederschlagsmenge und -dauer ergibt einen Skalierungsparameter von b ~ 0.5, fur
zwei bis drei GroRenordnungen. Diese Wertbereich ist von b mit der
Autokorrelationen des vertikalen Feuchteflusses verbunden (mit 0.1 <a<0.7).

AbschlieBend wird die Extremwertstatistik (Punktprozessmodell, PP) fiir
Niederschlagsextreme eingefuhrt mit der Mdglichkeit, Kovariable in einen Parameter
(oder mehrere) einzufiihren. Als Testgebiet dient das chinesische Festland, das in der
warmen Jahreszeit (MJJAS) unter dem Einfluss des West-Pazifische Subtropen-Hochs
(dargestellt durch den WPSH Index) steht. Beobachtungen zeigen, dass der WPSH
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Index statistisch signifikant die extremen Niederschldge in weiten Bereichen
(Ausnahme Sidchina) beeinflusst. Diese Beziehung zwischen WPSH Index und der
Extremwertstatistik der Niederschldage wird fur Simulationen (MPI-ESM) des
gegenwartigen Klimas analysiert und mit Beobachtungen verglichen. Das gute
Ergebnis ermutigt dieses Verfahrens auch als mogliches ,Down-Scaling’ der
Extremwert-Statistik in Abhangigkeit vom WPSH auch (wie hier gezeigt) fur
Klima-Szenarien einzusetzen.
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Chapter 1

Introduction

1.1 Motivation

This June, north Indian state of Uttarakhand suffered devastating floods and
landslides caused by a continuous heavy rainfall. This event is the country's worst
natural disaster since the 2004 Tsunami, with the estimated death toll of more than
5,700 (Solanki, 2013). Just one month later, most parts of southwest China
experienced widespread flooding caused by heavy rainfall, which affected more than
six million people in 21 provinces (Zhang, 2013). Among them, Sichuan province was
the hardest hit. July 16, Chinese national media “Xinhua” states: “A total of 58 people
died and 175 others went missing due to rainstorm-triggered floods and a landslide
last week in southwest China's Sichuan Province”.

As a major cause for floods, generation of landslides and crop damage etc,
extreme rainfall events get raising concerns under detected climate variability (Kunkel
et al., 1999; Easterling et al., 2000; Rosenzweig et al., 2002; Schmidhuber and
Tubiello., 2007; Wieczorek and Leahy, 2008).

In this chapter, a general introduction provides a brief review of previous and
current work on extreme rainfall.

1.2 Definition of extreme rainfall

Extremes can be categorized on the basis of frequency of occurrence (e.g., once per
20 years), intensity (e.g., > 50mm/day defined as storm in China), and the impacts
(e.g. economic cost or damage) etc (Beniston and Stephenson, 2004). Each definition
on its own has limitations to describe “extremes”.

“Extremes” in most analyses of rainfall extremes primarily refer to two types of
descriptions relating to the frequency of the occurrence (Klein Tank et al. 2009). One
depends on various climate extremes indices, i.e., an event that is as rare as the 10%
or 90% quantile of a particular distribution (Tebaldi et al., 2006; Curriero et al., 2001;
Zhai et al., 1999, 2005). It normally represents moderately extreme rainfall events
with recurrence times of a year or shorter. Since these events occur relatively
frequent, changes can be easily detected and results are overall robust. The other one
depends on the application of an asymptotic extreme value theory (Katz, 1999), i.e.
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employing the Generalized Extreme Value (GEV) distribution to approximate the
distribution of annual maximum rainfall. This type is normally linked with extreme
events with re-occurrence times of multi-year to multi-decade (e.g., Kharin and
Zwiers, 2005; Kharin et al., 2007; Feng et al., 2007).

Extreme value theory (details see, Coles, 2001; Coles and Pericchi, 2003) is
widely used for analyzing extreme rainfall events. It mainly comprises two ways,
which are similar as the methods mentioned previously, to define an extreme rainfall
event: (i) the maximum of a number of data in a given block; (ii) the intensity of an
occurrence larger than a specific threshold. For the latter definition, rainfall extremes
are considered as independent exceedances of a specific threshold. Extremes are
commonly located in the tail of a stable probability density function. Due to the
different way to define the extremes, block maxima or peak over threshold (POT), the
tail data can be fitted to GEV or the generalized Pareto distribution (GPD). Kharin
and Zwiers (2005) fitted the GEV distribution to annual maxima of near-surface
temperature and 24-h rainfall amounts to calculate the 20-year return value, using
different daily model output in a period of 20-yr which simulated by an ensemble of
CGCMs in IPCC AR4. They used the 20-year return value to express climate
extremes, compared present-day simulated extremes with observations and analyzed
future scenario extremes under climate change. Combining POT method, Li et al.
(2005) used a GPD model to interpret a limiting distribution of observed winter
rainfall that lie above a given threshold. Using five time series from geographically
dispersed weather stations in Southwest Western Australia, they calculated the return
periods for two separate periods 1930-1965 and 19662001 and found return periods
for the winter extreme daily rainfall have increased after 1965.

1.3 Scaling in extreme rainfall events

The description of a general space-time statistical structure of rainfall is a vital issue
in meteorology, and the main subject of a wide literature (e.g., Austin and Houze,
1972; Zawadzki, 1973; Lovejoy and Mandelbrot, 1985; Schertzer and Lovejoy, 1987,
Crane, 1990). Atmospheric processes for rainfall normally are considered
complicated, combining various non-linear processes in different temporal and spatial
characteristic scales. Rainfall events whose temporal scales vary from seconds to
years (e.g. drought) comprise physical processes from spatial scales of 10°m
(condensation effect) to scale of 10°m (large-scale air mass and moisture transfer).
The demand of linking rainfall statistical properties at different scales is more or less
satisfied with development of the theory of self-organized-criticality (SOC) and
multifractals which generally obey a scale invariance property, namely scaling
behavior (Lovejoy and Schertzer, 1985, 1990, 2006; Tessier et al., 1993, 1996; Davis
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et al., 1994; Schertzer and Lovejoy, 1987; Verrier et al., 2010). Even though a lot of
work has been done to establish the multifractal properties of rainfall temporally and
spatially, the terminology, notation and analysis of multifractal processes are not
standardized (Vaneziano et al., 2006). Besides, under multifractal framework, scale
properties in the rainfall process normally have been investigated without taking into
account the rain generation mechanisms. Various methods are used to describe
different scaling behavior of rainfall in multi time-scales. Fraedrich and Larnder
(1993) applied temporal power spectrum analysis on sets of daily and 5-min rainfall
time series in Europe. The ensemble mean power spectra show distinct scaling
regimes of rainfall in continental Europe: < 2.4h, b = 1 (1/f noise); between 2.4 h and
3 days (frontal systems), b = 0.5; between 3 days and 1 month (general circulation
fluctuations), a transition regime; between 1 month and 3 years a spectral plateau with
b =~ 0; > 3 years (climate variability), b = 0.7 (the power spectrum exponent, 0 < b <
1; b = 0: white noise; b = 1: pink noise). Marini (2005) presented the variance of
temporal and spatial rainfall to the scale using sets of high resolution observation data
(from 2s to 1 hour in time and 4 km in space). He suggests existence of three temporal
regimes for time scales between 1s to around 10 days: inner regime (1 min ~ 15 min),
transition regime (15 min ~ 80 hours) and scaling regime (> 80 hours); and two
spatial regimes for spatial scale between 4 km and 100 km: inner regime (4 km ~ 20
km) and transition regime (> 20 km).

Even before discovery of the Gutenberg-Richter scaling law (Gutenberg and
Richter, 1954), which is a relation for earthquake numbers and magnitude, a scaling

law relating the global maximum of rainfall to durations has already been discovered
by Jennings (1950, shown in figure 1.1).
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The startling scaling law relationship can be expressed as P ~ d ° with b =~ 0.5
between the global maximum of rainfall P and durations d. This simple relation is
valid in a range from minutes to years, hence on six orders of magnitude. For
durations shorter than 3 days, records are from different locations over tropics and
subtropics; for longer durations world-wide records mainly include three rain spells
from three locations: Cherrapunji (India) and Commerson and Foc Foc (La Reunion).
The result of Jennings (1950) entered hydrology textbooks, papers and reports, and
has been substantiated since with more stations and extended records becoming
available (Paulhus 1965; Eagleson 1970; Hubert et al., 1993; WMO, 1986, 1995;
Galmarini et al., 2004). The plot of records later was reproduced by Paulhus (1965)
and Galmarini et al. (2004) using updated data. As expected, when more data became
available, the estimate of record rainfall got improved comparing to smaller record in
older data sets. Using the most recent data (Table 1.1), the scaling phenomenon is
re-plotted in Figure 1.2. The best-fit line indicates the startling relationship P ~ d °
with b = 0.5.

There were two papers commenting on Jennings scaling law. By employing
multi-fractal methodology, Hubert et al. (1993) connected the scaling exponent to a
singularity parameter with a multi-fractal analysis, but there is no rainfall mechanism
involved. Galmarini et al. (2004) proposed a combination of the rainfall distribution
with a time-lag autocorrelation thereby covering scaling ranges of about three decades
of duration.

1.4 Rainfall and extreme rainfall under climate change

Although there is no pronouncing evidence of global trends, many studies using
observation data show existence of trends in rainfall at continental scales. As
addressed in Intergovernmental Panel on Climate Change (IPCC) Fourth Assessment
Report (AR4, IPCC, 2007), “very likely rainfall increases in high latitudes and likely
decreases in most subtropical land regions, continuing observed recent trends”.

However, the frequency of heavy rainfall events is reported to increase over most
areas across the globe in the past 50 years. For example, Groisman et al. (2005) used
several dataset which covering half of the land area of the globe, and found the very
heavy rainfall, defined as the upper 1% of daily rainfall events, to exhibit a
widespread increase in the mid-latitudes in the past 50 - 100 years. Alexander et al.
(2006) found extreme rainfall in stations covering the northern hemisphere
midlatitudes and part of Australia display a significant increase in 1979 - 2003
compared to the period of 1901 - 1950. Min et al. (2011) found that 65% (61%) of the
data-covered areas have positive trends for annual maxima of daily (five-day)
consecutive over the period from 1951 to 1999.
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Table 1.1: World record point rainfall measurements from National Weather
Service (2013)
Duration  Amount (mm) Location Start date
1 min 31 Unionville, Maryland, USA 4 Jul 1956
3 min 44 Haughton Grove, Jamaica 30 Sep 1925
5 min 63 Porto Bello, Panama 29 Nov 1911
8 min 126 Fussen, Bavaria, Germany 25 May 1920
15 min 198 Plumb Point, Jamaica 12 May 1916
20 min 206 Curtea de Arges, Romania 7 Jul 1889
30 min 280 Sikeshugou, Hebei, China 3Jul 1974
42 min 305 Holt, Missouri, USA 22 Jun 1947
60 min 401* Shangdi, Nei Monggol, China 3 Jul 1975
72 min 440 Gaoj, Gansu, China 12 Aug 1985
2 hr 489 Yujiawanzi, Nei Monggol, China 19 Jul 1975
25hr 550 Bainaobao, Hebei, China 25 Jun 1972
2.75 hr 559 D'Hanis, Texas, USA 31 May 1935
3hr 724* Smethport, Pennsylvania, USA 18 Jul 1942
45 hr 782 Smethport, Pennsylvania, USA 18 Jul 1942
6 hr 840* Muduocaidang, Nei Monggol, China 1 Aug 1977
8 hr 1050* Muduocaidang, Nei Monggol, China 1 Aug 1977
9hr 1087 Belouve, La Réunion 28 Feb 1964
10 hr 1400* Muduocaidang, Nei Monggol, China 1 Aug 1977
18 hr 1589 Foc Foc, La Réunion 7 Jan 1966
18.5 hr 1689 Belouve, La Réunion 28 Feb 1964
20 hr 1697 Foc Foc, La Réunion 7 Jan 1966
22 hr 1780 Foc Foc, La Réunion 7 Jan 1966
1 day 1825 Foc Foc, La Réunion 7 Jan 1966
2 day 2467 Auré re, La Réunion 7 Jan 1958
3 day 3929 Commerson, La Réunion 24 Feb 2007
4 day 4869 Commerson, La Réunion 24 Feb 2007
5 day 4979 Commerson, La Réunion 24 Feb 2007
6 day 5075 Commerson, La Réunion 24 Feb 2007
7 day 5400 Commerson, La Réunion 24 Feb 2007
8 day 5510 Commerson, La Réunion 24 Feb 2007
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Table 1.1: continued

Duration  Amount (mm) Location Start date

9 day 5512 Commerson, La Réunion 24 Feb 2007
10 day 5678 Commerson, La Réunion 18 Jan 1980
11 day 5949 Commerson, La Réunion 17 Jan 1980
12 day 5949 Commerson, La Réunion 16 Jan 1980
13 day 6072 Commerson, La Réunion 15 Jan 1980
14 day 6082 Commerson, La Réunion 15 Jan 1980
15 day 6083 Commerson, La Réunion 14 Jan 1980
1 month 9300 Cherrapunji, Meghalaya, India 1Jul 1861

2 month 12767 Cherrapunji, Meghalaya, India 1Jun 1861
3 month 16369 Cherrapunji, Meghalaya, India 1 May 1861
4 month 18738 Cherrapunji, Meghalaya, India 1 Apr 1861
5 month 20412 Cherrapunji, Meghalaya, India 1 Apr 1861
6 month 22454 Cherrapunji, Meghalaya, India 1 Apr 1861
11 month 22990 Cherrapunji, Meghalaya, India 1Jan 1861

1 year 26461 Cherrapunji, Meghalaya, India 1 Aug 1860
2 year 40768 Cherrapunji, Meghalaya, India 1 Jan 1860

* indicates estimated value. Coordinates are approximate.

m)

Precipitation (m

10 min 1 hour 1day 1week 1 month 1year

Duration (s)

Figure 1.2: Same as figure 1.1, but using the most recent data in table 1.1. Blue
markers: records from tropics; blue circles: records from La Réunion; red circles:
records from Cherrapunji, India.
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The reason is that extreme rainfall is proportional to the availability of water
vapor content. However, mean rainfall is associated with surface-energy balance, e.g.
when surface receives more long-wave radiation, more rainfall would be generated to
release extra energy as latent heat; or the ability of the atmosphere to radiate
long-wave energy (Bates et al., 2008; Stephens et al. 2012).

A greater increase is expected in frequency and intensity of extreme events in
future warm scenario suggested by IPCC AR4 model simulations and also theoretical
studies; and these changes could occur even with relatively small mean climate
changes. Consistent with more extreme rainfall events, there is an increased chance of
intense rainfall and flooding in future warmer climate. These estimations were later
confirmed by a subsequent assessment by the IPCC in its special report on “Managing
the Risks of Extreme Events to Advance Climate Change Adaptation” (SREX) (IPCC,
2012). With the growth of population and impact of human activities, environment
and society are vulnerable and susceptible to extreme events. Therefore, changes to
rainfall extremes associated with climate change are one of the most important issues
of concern.

Although global climate models (GCMs) support the claim that rainfall will
increase in many regions of the world in future warmer climate, and provide rainfall
frequency and intensity projections, fine resolution simulations generated from
statistical or dynamical approaches are still required to assess changes in rainfall
extremes (e.g. Jones et al., 2009). Most models can quite well simulate light to middle
rainfall, but has poor ability to simulate heavy rainfall events (Durman et al. 2001;
Alexander and Arblaster, 2009). Kharin et al. (2013) assessing the performance of the
Coupled Model Intercomparison Project (CMIP5) models, found the models to
overall agree with the observations in 20-year return value of extreme rainfall in the
extratropics. However, there remain large uncertainties in simulated extreme rainfall,
especially in tropical and subtropical regions. Relative (%) increases in the intensity
of rainfall extremes generally exceed those for annual mean rainfall under global
warming. Globally averaged, the CMIP5 multi-model 20-year return value increase is
about 6% in the RCP2.6 experiment, 10% in the RCP4.5 experiment and more than
20% in the RCP8.5 experiment by the end of the 21st century.

As extreme events are more uncertain than normal data, more work on the
extremes under climate scenarios is necessary.

1.5 Downscaling methods

To fill the gap between the resolution of output from GCMs and required data in finer
resolution, downscaling is used as a strategy to provide locally relevant data. There
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are two essentially downscaling methods: dynamic and statistical approaches.

Dynamical downscaling approach provides output at a resolution much higher
than a GCM can produce, which is primarily based on the use of regional climate
models (RCMs). A RCM is driven by a GCM, and their physical consistency is
controlled by the agreement of their large-scale circulations (von Storch et al., 2000).
In most cases, RCM-GCMs are one-way coupled, which means RCMs give no
feedback to the driving GCMs (IPCC, 2007; Maraun et al., 2010). Technically, the
GCMs simulate the response of the global circulation to large-scale forcings, e.g.
increasing CO2 concentrations or increasing radiation forcing. The GCM applies
certain driving factors to the RCM, then depending on sub-GCM qgrid scale forcings
the RCM runs similar as a GCM but based on its own physical equations, and
output the factors at a fine spatial and/or temporal scale. RCMs at higher spatial
resolution provide a better description of the regional topography and/or land cover
inhomogeneity. Expectedly, the output variables respecting with orographic effects
can be improved (Giorgi and Mearns, 1999). When the resolution is high enough,
realistic mesoscale circulations appear (e.g. Murphy, 2000).

Many studies have shown the ability of RCMs to produce more realistic climate
comparing to their driving GCMs at regional scales. Bell et al. (2004) coupled
National Center for Atmospheric Research Community Climate Model version 3.6.6
(with a horizontal resolution of 2.8° x 2.8°) and the second generation NCAR
Regional Climate Model (with a horizontal resolution of 40 km) to construct
frequency and intensity of extreme events, including minimum temperature,
maximum temperature and extreme rainfall at high temporal and spatial resolution in
future climate scenarios for California.

However, RCMs are not expected to certainly improve regional rainfall extremes.
Many studies (Rauscher et al., 2009) have shown that the skill of RCMs severely
depends not only on the model resolution but also on the region and the season. The
primary problem is that significant biases of the simulated mean rainfall on large
scales in the driving GCM can be inherited by RCMs (Durman et al., 2001). How to
measure system errors in GCMs; and be cancelled is then another acute problem
(Christensen et al., 2008). Besides, RCMs commonly suffer from other obvious
problems: imperfect parameterization schemes, numerical stability etc (e.g. Lenderink
and van Meijgaard, 2008; Maraun et al., 2010; Bachner et al., 2008; Murphy et al.,
2009). The output field variable presenting areal-average value, is inconsistency with
site-specific data (Chen and Knuston, 2008). Detailed reviews are given by Foley
(2010), Rummukainen (2010), and Feser et al. (2011).

An alternative approach of dynamic downscaling is statistical downscaling.
Compared to using RCMs at a very high cost of computation sources, statistical
downscaling is computationally efficient and inexpensive. Statistical downscaling
approaches are divided by Maraun et al (2010) into prefect prognosis, model output
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statistics (MOS) and weather generators. Perfect prognosis refers to statistical
downscaling relationships being established by observations. For MOS, both RCM
simulated data and observations are used to develop downscaling relationship.
Weather generators are hybrid downscaling methods by using observations, RCMs
simulation data or both. However, studies applying those methods mainly focused on
mean, variance and quantiles of rainfall intensity or parameters of the rainfall
distribution. Only few studies (Sillmann et al., 2011; Wang and Zhang, 2008) based
on extreme value theory validate extreme rainfall intensities (e.g., 20, 50 or 100 year
return levels).

Notice that the validity of statistical downscaling is based on an assumption that
the empirical relationship identified for the present-day climate will hold for future
climate scenarios (Wilby et al., 2004).

1.6 Scope of this thesis

Based on these previous works, the thesis targets to answer a few questions as
follows:

» Can GCMs simulations with different resolutions (T63 and T31) reproduce
Jennings scaling law, the observed maximum rainfall-duration scaling-law
relationship? Can Jennings scaling law be found in single grid-points? What kind
of information is embedded in the scaling exponent? Do extremes in a warmer
climate increase simultaneously on all different time scales compared to the
present-day climate?

» Can we construct a simple model to simulate Jennings’ scaling law? What is the
mechanism explanation?

» How to relate daily-scale extreme rainfall events with large-scale circulation to
understand the dynamics of generation of extremes?

The thesis is mainly composed of three chapters to answer these three questions
respectively, besides the first one for the general introduction and last one for
summary and discussion. Content from the three chapters are prepared for
publication, one is already published, one is accepted and the last one is in
preparation. Chapter 2 and Chapter 3 focused on the characteristics of
“scale-invariance” Jennings scaling law and the dynamics behind it; and this implies
that there will be a partial overlap of some contents between the two chapters. Chapter
4 gives a case study on linking extr-
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emes with a large-scale circulation factor, which could be useful as a statistical
approach downscaling extremes.

In Chapter 2 and 3, the notion “extreme” will be used for global maximum rainfall
events. In Chapter 4, “extreme” means intensity of a rainfall event higher than a
threshold, see the text for details.

10



Chapter 2

Scaling of rainfall extremes
versus duration

Section Summary

Rainfall maxima in global climate model (GCM) simulations are compared with
observations in terms of resolution dependence and climate change. The analysis
shows the following results: (i) the observed scaling law relating rainfall maxima to
duration (Jennings 1950) is basically reproduced but exhibits resolution dependence,
(i) the intensity of rainfall extremes is up to one order of magnitude smaller in the
model data, (iii) the increase of rainfall maxima on short time scales in the warmer
climate simulations (RCP 8.5) vanishes for monthly time scales, (iv) Jennings scaling
exponent is found associated with Hurst exponent.

11



2 Scaling of rainfall extremes versus duration

2.1 Introduction

So far, there is no analysis of global climate model (GCM) simulations verifying the
observed maximum rainfall depth-duration scaling. One aim of the analysis is to
assess the ability of global climate models to represent this behavior on daily to
annual time scales. Simulations of two climate models contributing to CMIP5
present-day and global warming experiments (RCP8.5) are used.

It is notable that, Cherrapunji, which is located at 91°42'E, 25°18'N and on the
windward flank of the Khasi Hills, holds the world rainfall records from 15 days to
two years (Jennings, 1950; Paulhus,1965; Dahr and Farooqui, 1973), and records
between 1 day to 15 days are so close to world ones. And those rainfall records from
this single station for duration from one day to two years can be fit as a straight line in
log-log plot, and its slope is close to 0.5 (Dahr and Farooqui, 1973). And based on the
analysis on 11 single stations, including Commerson (La Réunion) which contributes
a sequence in world records, Galmarini et al. (2004) shows that single-exponent
scaling laws exist for single stations experiencing extremely high rainfall.

When trying to find autocorrelation in observation and simulation data, a close
relation is found, between the scaling exponent and Hurst exponent; and this result
probably can also be used to understand the existence of the scaling exponent.

The simulations considered in this study are briefly described in Section 2.2. A
comparison of the extreme events in simulations with observations by revisiting the
scaling law is presented in Section 2.3, followed by a brief conclusion.

2.2 Data and Methods

The GCM simulations used in the present analysis are performed by two
state-of-the-art coupled ocean-atmosphere general circulation models: ECHAMS5
/MPIOM (EH50M), ECHAMG6/MPIOM (EH60M) and HadGEM2-ES (HadGEM)
with a spectral and a grid point global atmosphere, respectively. The models are being
developed by the MPI-M (Max Planck Institute for Meteorology) and the Hadley
Center participating in the CMIP5 runs. A detailed description of ECHAMS is given
by Roeckner et al. (2006), ECHAMBG6 by Stevens et al. (2013), and HadGEM by Jones
et al. (2011). Table 2.1 summarizes the basic information on horizontal and vertical
resolutions, temporal resolutions, and simulation lengths. Present-day climate
ECHAM simulations are compared to estimate resolution dependence. For future
climate simulations based on the Representative Concentration Pathway we select
RCP8.5 with a continuous rise in radiative forcing during the 21* century leading to a
value of about 8.5 Wm™ in 2100 because, if Jennings scaling law exists in the
simulation of the high emission scenarios we may expect it to hold also for those with

12
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less emission. For comparison, historical simulations for 1860-2005 by the same
models are also analyzed.

Table 2.1: Simulations of present-day (with different resolutions) and future climates

Model and resolutions Experiment Record Length
Hadley-Atm: N96L.38 RCP8.5 (daily sampling) 2006-2100
Hadley-OM: GR1.0L40  Historical (daily sampling) 1860-2005
MPI-ECHAMG6: T63L47 RCP8.5 (daily sampling) 2006—-2200
MPI-OM: GR1.5L40 Historical (daily sampling) 1850-2005
MPI-ECHAMS5: T63L31  Historical (six hourly sampling) 1800-2000
MPI-OM: GR1.5L40 A1B (six hourly sampling) 2001-2200
MPI-ECHAMS: T31L19  Historical (six hourly sampling) 1860-2000

MPI-OM: GR3.0L40 Full forcing (six hourly sampling) 1860-2000

The greatest point rainfall for different durations are extracted in this way: firstly,
use a running window to search for the maximum total from time series of all single
grid points either located at land or at sea; secondly, change the window length which
means time duration and redo it.

The slopes of the line in logarithm figures are calculated by polynomials
least-squares fitting.

2.3 Revisiting Jennings scaling law

The simulations are analyzed without bias correction to focus on the models’
non-linear scaling behavior of extremes, although climate models are incapable to
provide the correct magnitude of global rainfall (see for example, Haerter et al. 2011).
Furthermore, recent developments of bias corrections for rainfall (Haerter et al 2011)
suggest a cascade of time scales to be considered, ranging from daily via monthly to
annual periods, which however could modify the models’ intrinsic scaling behavior.

The greatest point rainfall depths for different durations are extracted: firstly by
running a duration-window to search for the maximum total rainfall P from all grid
point time series at land and at sea separately and secondly, by continuing with
different window lengths d to assess the relationship P = Pq (d /do )°. Rainfall P and Py
are in mm, and duration d and do in hours. The monthly maximum Py is used to
quantify the deviations of simulated from observed records.

The global observed maximum rainfall-duration relation serves as a reference to
compare the simulated data from land and ocean grid points, which range from six
hours or one day to one year. The scaling-law relationship P = Po(d /do)" is addressed

13
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by a log-log comparison with the exponent b = 0.5 representing the slope while the
logarithm of Py is given by the intercept (Figure 2.1a). The results of the simulations
are displayed in the same manner with slopes obtained by least-square fits (note that
the simulated data are shifted to avoid overlaps; the corresponding factors are
included in Figure 2.1a). The following results are noted:

Scaling-law relationships simulated: The maximum rainfall-duration scaling-law
exponents as b = 0.5 in the higher resolutions is obtained (EH50M T63L31, EH6OM
and HadGEM) compared to b = 0.7 for the lower resolution model EH50M
(T31L19). It is obvious that a reduced temporal resolution reduces the duration range
to three (two) orders of magnitude given the six hourly (or daily) sampling, compared
with the range of six orders in observations which include rainfall events measured in
minutes.

Locations and durations of rainfall maxima: In simulations with T63L31
resolution associated with short duration (< 5 days) maxima originate from different
locations distributed in Russia, northern China and Australia, which are over a wide
range of latitudes; while longer durations (> 5 days) comprise only of a few rain spells
which occur mostly over Bengladesh and Papua New Guinea (Figure 2.1b). Rainfall
maxima over the ocean are distributed over a wide range of locations in the Pacific
and the eastern Bay of Bengal. A similar behavior is observed over land (Jennings,
1950; Galmarini et al., 2004): Rainfall maxima with durations shorter than 6 days, are
reported from different locations in the tropics and subtropics, while for longer
durations world-wide rainfall records consist of three rain spells from tropical
locations Cherrapunji (India), Commerson and Foc Foc (La Reunion). In contrast to
simulations with T31L19 resolution, land records are scattered over a wide range of
both latitudes and longitude (shown in Figure 2.1c). It appears that with increasing
resolution the topography induces localized rainfall maxima.

Rainfall-depths: For all time scales, the magnitudes of maxima are much larger at
higher spatial and vertical resolutions (T63L31 versus T31L19). Monthly rainfall
maxima Py range from Pg= 940 mm in EH50M (T31L19), 1998 mm in EH50M
(T63L31), 2047 mm in EH60OM (historical) and 2210 mm in EH6OM(RCP8.5), to
3044 mm in HadGEM (historical) and 3165 mm in HadGEM (RCP8.5). At all time
scales, simulated maxima are distinctly below the observed ones and the largest

14
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Figure 2.1: (@) Maximum rainfall-duration diagram from observed station data
(black) and simulated grid point values over land (red) and ocean (blue). To avoid
overlaps simulated records are shifted by the indicated power of 10; thin solid lines
indicate fits for land and ocean. (b) Geographical locations of simulated grid point
data, symbols are the same as in (a). These values lie far below the observed one
month maximum of 10,867 mm.
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Figure 2.2: Land-ocean comparison: Relative changes of maximum rainfall versus
duration between maxima over land compared to ocean in different simulations
(symbols as in figure 2.1a): Hadley (RCP8.5, red), Hadley (historical, cyan),
EH60M (RCP8.5, magenta), EH6OM (historical, blue), EH50M (T63L31, black),
EH50M (T31L19, green).
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Figure 2.3: Warmer and present-day climates: Relative changes of maximum rainfall
versus duration between maxima in warm climate scenarios (RCP8.5) compared to
present-day simulations, respectively, over ocean (blue) and land (red) in CMIP5:
HadGEM (triangle) and EH60OM (star).
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deviation of one order of magnitude is found in the simulations with the lowest
resolution of T31L19. This is consistent with findings that the amplitude of extremes
increase with resolution in simulations performed with models from the same
modeling group (Kharin et al., 2007). Thus, for bias correction of global rainfall
extremes from high resolution simulations the observed monthly maximum Pg needs
to be adapted to recover Jennings scaling law. Low resolution models, however,
would require a correct cascade related scaling exponent.

Land and ocean: In average, the rainfall maxima over land are higher than ocean
in EH50M (T63T31) for durations below the annual time scale; the opposite holds for
EH50M (T31L19) simulations (Figure 2.2). That is, rainfall maxima are higher over
oceans than over continents in low resolution simulations where moisture supply
plays the dominant role. With higher resolutions the magnitudes of the rainfall
maxima increase in general but the increments are higher over land than over ocean;
this may be caused by increased instability due to topographic effects. In a warmer
climate, relative changes between the rainfall maxima over land and ocean decrease
with longer durations in EH60M, while they depend on different time scales in
HadGEM (Figure 2.2).

Future climates: For warmer climates the higher resolution simulations (RCP8.5,
EH60M and HadGEM) show that rainfall extremes tend to become more severe at
shorter time scales over land (Figure 2.3). For durations of days the maximum rainfall
depth increased by about 50% while there is almost no change in maximum rainfall
for durations of months. Beyond months the models diverge (Figure 2.3, inner panel):
HadGEM simulations report rain maxima increasing by 50% at annual time scales,
while EH60M rainfall maxima do not change or decrease up to -10%, compared to
their present day simulations. Rainfall extremes over ocean and land show similar
behaviour for shorter durations while for long durations HadGEM remains close to
zero, and EH60M increases up to 20%.

Second and third maxima: For all simulations, the second and third rainfall
maxima versus duration follow the same scaling law. The differences between the first,
second and third maxima are less than 10% at all time scales. That is, the scaling
exponent b appears to be independent of the rainfall depth. In addition, missing an
individual extreme event does not severely change the scaling relationship.
Furthermore, extending the analysis to second/third maxima provides a control on
outliers affecting the comparison of records, for example in present versus future
climates over land and sea. As shown in Figure 2.4, the variations of relative changes
calculated from second and third maxima are consistent with those from first maxima.
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Figure 2.4: Same as figure 2.3, but also for the second (dashed lines) and third

(dotted lines) maxima

2.4 Scaling properties and long lag correlation

2.4.1 Methods

Then, rescaled range analysis, structure function and power spectrum are applied to
calculate Hurst exponent H.

Rescaled range analysis (R/S):

Hurst in 1951 introduced the R/S method, which is useful to measure some statistical
aspects of the natural record in time, as discussed by Mandelbrot (1983) and
Mandelbrot and Wallis (1969). RS analysis can be introduced as follow (Feder, 1988).

Given a time series {X(z), t=1, ..., N} at discrete time, the average over a period d
is calculated as

<X >d:%iX(t) (2.1)

A new variable W(t), the so-called accumulated departure of the natural record in
time from the average of X(t) over a period of d is given
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WO=Y(X-<X>) @2

k=1
The range is defined as the difference between the maximum and minimum W:
R(d) =maxW((t) —minW (t) (2.3)
I<t<d I<t<d

Hurst found the natural phenomena, he studied, followed the empirical relation (R/S):

lim =2 o gH (2.4)

Where S(d) is the standard deviation of the cumulative-summed time series W(t); and
H is the Hurst exponent. By plotting log(R/S) versus log(d), one can obtain it as the
slope of a straight line, in the scaling region.

Hurst exponent is a classical way to measure the persistence of a signal:

0.5 < H < 1 was taken to indicate persistence, while H = 0.5 indicates an
uncorrelated process. 0 < H < 0.5 indicates anti-correlation. To decrease fluctuation,
the original time series is separated to several groups (depends on the sample size) of
2900 data sets and calculate the ensemble average of R/S.

Generalized Structure function:

For stationary processes, X(t), a Structure Function of order q is defined as the g-th
moment of the accumulated sum of X(t):

t+d

Sy o(d) =< W (t+d)-W (1)) >=< (D (X,~< X >))*> (2.5)

i=t+1

Where t denotes the t-th data point, and < > denotes the ensemble average.
If the process X(t) is scale- invariant and self- similar over some range of time lags
d1 <d < d2, then the gth-order structure function is expected to scale as:

S,,q(d) oc dH@ (2.6)

H(q) is the Hurst exponent and identifies long-time correlation, as well as the
stationary/non-stationary and mono-fractal/multi-fractal nature of the data. Practically,
H is determined by the slope of S,4(d) versus d on a log-log plot, which is equal to
gH(qg). And g may be any real number not only integers.

Fourier spectrum:

The Fourier spectrum is a standard tool in fractal analysis, scaling regime
classification and detecting long lag correlation of time series of variables (Harris et
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al., 2001; Fraedrich and Larnder, 1993; Yano et al. 2004). Numerous studies have
found evidence of scaling power spectra for rainfall in both space and time scales. The
power spectrum density of a stationary process exhibits the power-law scaling:

lim F (o) of o 2.7)

where ® is the frequency and £ is an exponent that provides information on the
scaling behavior of the field. The exponent g can be used as an indicator to
characteristic time scales. When characteristic time scales are absence in a range of
the power law, fluctuations within the range are scale-independent.

The relation between £ and H is:

0<p=2H-1<1 (2.8)

2.4.2 Results

To link rainfall at different time scales of aggregation, three methods namely R/S,
generalized structure function, Fourier spectrum are employed to analyze the scaling
regime and related long lag correlation.

The simulation with T31 resolution:

As Figure 2.5 shows, land records in full forcing millennium run are mainly
composed of three rain spells from three single grid points, which are geographically
next to each other over Bengladesh. Bengladesh is located in a tropical monsoon
region in South Asia, north of Bay of Bengal and south of Himalayas and the Tibetan
Plateau. It had three main seasons: a cool dry season (mid-October to the end of
February), a hot summer season (from March to mid-May) and a wet monsoon season
(late May to early October). With strong influence of monsoon, about 70% rainfall
occurs between June and September. Notice, the single grid points, which are
analyzed in this section, are all located in the Bengladesh. The maxima from the three
single grid points in the simulation are marked as blue, red, green separately. The
value of scaling exponent close to 0.7 can be found for the relationship between
maxima and duration between more than 1 day and a few months respectively. The
time series from the blue grid-point is analyzed and results are shown below.

As shown in Figure 2.6a, there are several evident peaks in the power spectrum,
around 6 hours, 1 day, 3 months, 6 months, 1 year and 2 years respectively. The
period ranging from 1 day to 3 months, which appears lack of characteristic time
scales, has a declining slope (the bold back line) indicating with the power exponent
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2.4 Scaling properties and long lag correlation

B~0.60r H = 0.8. Moreover, H = 0.75 is obtained by calculating the slopes of

ensemble average of the R/S function in the lag range roughly between 2 days and 3

months (Figure 2.6b).

Precipitation (mm)

5 1 day 1 week 1 rmonth 1 year

Duration (hour)

Figure 2.5: Maximum rainfall P versus time duration d in EH50M (T31L19, from

three land grid points)
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Figure 2.6: (a) Power spectrum versus frequency: the slope is the spectral exponent

B~0.6=H =(B+1)/2~0.8 (b) Rescaled Range Analysis (R/S, ensemble average

of 100 groups) versus duration d, the slope is H = 0.75 (from grid point data marked

blue in figure 2.5)

In Figure 2.7, the qth order generalized structure function Syq(d) of the
accumulated data W(t) are plotted versus aggregation interval d for g=0.5, 1.0, 1.5, ...,
5.0 in the left plot. With the order goes higher, Sy,4(d) represents more extreme rainfall
events. Figure 2.7 clearly reveals the presence of different regimes (separated by
dotted lines on the plot). The time scales, at which the scaling regimes break, are
consistent with the peaks in Figure 2.6a, except for the missing 2-year time scale
because of the limitation of aggregation intervals. Notice the time scales between 6



2 Scaling of rainfall extremes versus duration

months and 1 year, Sy,q(d) decreases with aggregation interval at higher orders, that
indicates the period with no or rare rainfall extremes.

The scaling regime is roughly between less than 1 day and 3 months. This scaling
range of time scales associate with variability of monsoon systems from synoptic
scale to seasonal scale. The Hurst exponent of gth moment can be deduced from the
slopes of the linear regression lines, whose value is equal to gH(q), between 1 day and
3 months in left plot. Surprisingly, Hurst exponent decreases from 0.95 to 0.72 with
increasing g. This indicates that: light rainfall varies as 1/f noise, and extreme rainfall
events in this time range are also persistent correlated. When q=7, Sy4(d) should only
represent the maximum rainfall event in all time scales; which implies H(7) should be
the same value as Jennings scaling exponent in the same time range, since H(7)
should be equal to the slope of log(Pmax") versus log(t)-q graph. And H(7) is
consistent with the scaling exponent b as 0.7. The results are in good agreement with
those from the other two grid points.

A

o

= &h
1]

v

Time Lag (x 6hours) q

Figure 2.7: (a) Structure function, S(d) of gth moments versus time lag for the grid
point marked blue in figure 2.5. (b) H(q) versus moments q

Analysis based on power spectrum, rescaled range analysis and the structure
function shows long range correlation in the time series. Compared with the other two
methods, generalized structure function offers several advantages: greater accuracy
with almost no statistical bias, the absence of transition regions between different
scaling ranges and identification of multi-fractal scaling in the data. Therefore, this
method is exclusively used for later analysis.
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2.4 Scaling properties and long lag correlation

Simulations with T63 resolution:

Land records in EH50M (T63L31) are mainly composed of three rain spells from
three single grid points, which marked red, blue, green (Figure 2.8a). The value of
scaling exponent close to 0.6 can be found for the relationship between maxima and
duration between more than 1 day and a few months respectively.

The generalized structure function S,,4(d) is plotted against aggregation interval d
for different order q in Figure 2.8b. The first thing to be noted in the figure is that a
scaling regime ranges from 4 day to 3 months. Beyond 3 months to 2 years, there are
several other scaling breaks the same as in T31. The decrease of Sy4(d) with interval
aggregating between 6 months and 1 year at all orders may be interpreted as a dry
period.

The Hurst exponents of qth moment are deduced from the slope of the linear lines
in Figure 2.8b: H(q) decreases from 0.95 to 0.57 with increasing q (Figure 2.8c).
H(g=7) is approximately equal to its Jennings scaling exponent. The results are also in
good agreement with those from the other two grid points.

Land records in EH6OM (RCP8.5)/ Hadley (RCP8.5) are mainly from two/ one
rain spells from two/one single grid points. Analysis using generalized structure
function shows similar results like that of EH50M T63, shown in Figure 2.9 and 2.10;
only with longer aggregation intervals, a break at around two-year scale can be found.
For comparison, the same analysis is applied to a time series extracted from one grid
point at (90E, 27N) in ERA-40; notice that the grid point is exactly located at the
same region of Bengladesh like the previous grid points. The results are shown in
Figure 2.11. The breaks at around 2 days, 5 months, 1 year and 1.5 years scales can be
found. And H(q) decreases from 0.92 to 0.51 when the order increasing; which
implies light rainfall are highly correlated, the correlation decreases in stronger
rainfall events, until zero for the most extreme ones (white noise).

2.5 Summary and discussion

The ability of global climate models to reproduce extremes on different time scales is
of great importance for climate estimates of the past and the future. Therefore, the
comparison with observed functional relationships is useful to verify model
performance. The maximum rainfall-duration  scaling-law  relationship:
P =Py(d /do)b, b = 0.5; which has been observed at land stations to hold over a wide
duration range, is the basis for the verification analysis of two state-of-the-art global
(grid-point and spectral) climate models. The main results can be summarized as
follows:
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2 Scaling of rainfall extremes versus duration

1). Jennings scaling law for the world’s maximum rainfall is found in model data
covering a wide range of scales with three orders in magnitude (compared to six
orders in observations). The scaling exponent b = 0.5 is found at both land and ocean
grid points (which is also observed at land stations). The lower resolution model
follows a larger scaling exponent b = 0.7. Furthermore, second and third maxima
show similar behavior. The analysis of Jennings maximum rainfall depth-duration
scaling law in global climate models may provide guidance for cascade dependent
bias correction not only for the first maxima but also for general extreme rainfall
events.

ii). The simulated rainfall extremes (T31L19 resolution) are about one order of
magnitude smaller than the observed ones; this difference is reduced for models with
enhanced spatial resolution. Magnitudes of rainfall maxima increase in general with
higher resolution (EH50M, T63L31) but the increments are higher over land than
over ocean. In the warmer climate (RCP8.5) the intensity in the maximum rainfall
events increases by about 50% for durations of days, but vanishes for monthly time
scales.

iii). In high resolution simulations (T63L31), the scaling law is composed of rain
spells of short duration occurring at different locations, while rainfall extremes of
longer durations (> 5 days) are located at few grid points and generated by few
extreme spells.

iv). The scaling phenomenon for time scales longer than one day is related to the
existence of scaling regime. The increase of scaling exponent b from 0.5 to 0.7 (with
increasing resolution) may indicate a random process modified by enhanced
persistence (Zhu et al., 2010). Employing the generalized structure function analysis
(Harris et al., 2001) to the 6-hourly time series at those grid points which contribute to
the maxima selected for Jennings scaling law (from T63L31 to T31L19 resolution)
lead to the Hurst exponents as a measure of autocorrelation or persistence.

v). 1/f noise is found in light rainfall in a specific Asia monsoon area in all
simulations and ERA-40.

Revisiting Jennings law using ERA-40 reanalysis:

Jennings scaling law is also revisited using ERA-40 data covering the period from
1957 to 2012. The scaling exponent as 0.7 is found for first (Figure 2.12a), second
and third maxima. The same exponent value is found in T31 simulation previously.
The assimilation model used for the ERA-40 data has a horizontal spectral resolution
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2.5 Summary and discussion

of T159 and L60 height level. Why the maxima scaling is similar as the one in the low
resolution (T31) simulation? The locations of the maxima are plotted in Figure 2.12b,
except the maximum record at 12 hours originates from Asia monsoon region, the
others are scattered in tropical continents or islands. This phenomenon is
contradictory with both the observations and simulations. The reason may be related
to excessive tropical oceanic rainfall after 1991, which is also considered as one of the
most serious problems in ERA-40 (Uppala et al., 2005).

Time series from one grid point, which contributes the maxima roughly between 2
days to 20 days, is analyzed by generalized structure function (shown in Figure 2.12c).
Rainfall events in the time range (6 hours ~ 15 days) are persistent correlated, Hurst
exponent varies between 0.82 and 0.72 (Figure 2.12d). For most extreme events, the
correlation is calculated as 0.72, which is consistent as its Jennings scaling exponent,
as expected.

Disappearance of scaling in the transfer regime:

As mentioned in the introduction of this chapter, scaling records for durations shorter
than 3 days are scattered over the tropics and subtropics, in a wide range of longitudes
and latitudes. Why can the scaling law not originate from a single station like those
records at longer time scales?

Generalized structure function analysis is again employed to analyze a rainfall
time series, collected by the TOGA/COARE research vessel Kexue with resolution of
1 minute covering the period from November 1, 1992 to March 3, 1993. Together
with rainfall, several other variables from the dataset have been assessed by Yano et al.
(2004). They found existence of clear 1/ f spectra in temperature, humidity, and wind
speed, but not in rainfall. Later 1/f noise has been found in binary time series of
rainfall by Blender et al. (2011).

As shown in Figure 2.13, the multi- order moment structure function as a function
of scale show inner scaling regime (< 10 min), transfer regime (between 10 min and
27 hours) and scaling regime (> 27 hours). The boundary between the inner and the
transition regime may be located 10 ~ 15 min, and between transition and scaling
regimes 20 ~ 80 hours, depending on site and season (Marini, 2003; 2005). The
transition regime can not be described by a simple power law scaling. For q = 0.5, the
existence of scaling lasts the whole scales, and H(0.5) = 0.95 (close to 1/f noise). And
the existence of transition regime between around 10 min and 27 hours gives an
explanation for records for shorter time scales from different stations. But how those
records in Jennings figure generate a scaling relationship is still unknown.
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Chapter 3

A conceptual model:
scaling of rainfall extremes

Section Summary

The observed relation of worldwide rainfall maxima P versus duration d follows
Jennings scaling law, P ~ d°, with scaling coefficient b ~ 0.5. This scaling is
demonstrated to hold for single station rainfall extending over three decades. A
conceptual stochastic rainfall model which reveals similar scaling behavior is
introduced as a first order auto-regressive process AR(1) to represent the lower
tropospheric vertical moisture fluxes, whose upward components balance the rainfall
while the downward components are truncated and defined as no-rain. Estimates of
ERA-40 vertical moisture flux autocorrelations (at grids near the rainfall stations)
provide estimates for the truncated AR(1). Subjected to maximum depth-duration
analysis, the scaling coefficient, b ~ 0.5, is obtained extending for about two orders of
magnitude, which is associated with a wide range of vertical moisture flux
autocorrelations 0.1 <a < 0.7.
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3 A conceptual model: scaling of rainfall extremes

3.1 Introduction

Rainfall maxima, which are the sole subject of Jennings law, always refer to certain
accumulation time scales, covering duration up from minutes to 2 years. This is a
scaling law of extremes (first maxima) and not of the variability as described by
variance density in a log-power/log-frequency plot or related functions in the time
domain. On time scales of a few days, the local thermodynamics certainly play a
determining role; beyond a few days, weeks, months, other large-scale physical
factors enter. A prominent example is the Cherrapunji station in India, which is
presumably related to the fact that it is in the reign of the Asian summer monsoon in a
unique topographic setting and rain-bearing systems like tropical and midlatitude
cyclones.

So far, only two papers have commented on this scaling; Hubert et al. (1993)
connected the scaling exponent to a singularity parameter by employing multi-fractal
methodology, while Galmarini et al. (2004) proposed a combination of the rainfall
distribution with a time-lag autocorrelation thereby covering scaling ranges of about
three decades of duration. As a parsimonious theoretical concept of the Jennings law,
scaling of maximum rainfall depth versus duration has not yet been introduced.

The modeling of daily rainfall data is one challenging subject because the
methodologies which can be successfully applied to continuous time series generally
fail to presence the intermittences (no rain days). Since daily rainfall data is a basic
climate dataset and an important input for modeling hydrologic impact, several
methods were designed to generate daily rainfall. Generally, those methods or say
generators can be classified into four groups, and a detailed review is given by
Srikanthan and McMahon (2001). Most common models of daily rainfall are based on
Markove chains to simulate the relation between the current day state and one- or
several preceding days. The order of the Markov chain determines the number of
preceding days. The optimum order of Markov chain model may be required
differently depending on the location and during the time period of the year. But a
general conclusion is that a first-order model normally is adequate (Jimoh and
Wenster, 1996, 1999). Various literatures have considered first order (two states, rain
and o rain day) Markov models (Gabriel and Newmann, 1962; Caskey, 1963; Weiss,
1964; Feyerherm and Bark, 1965, 1967; Lowry and Guthrie, 1968; Selvalingam and
Miura, 1978; Stern, 1980; Richardson, 1981; Stern and Coe, 1984; Hannachi, 2012).
To solve the deficiency in this approach, the lack of probably embedding
intermittences, a truncated first-order Markov chain model (namely, truncated AR1),
has been applied to model daily rainfall (Kelman, 1977; Hannachi, 2012). The
censored AR(1) process is widely used as a simple and effective method to generate
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3.2 Jennings scaling law over continental China

rainfall, as Hannachi (2102) demonstrated in a simulation producing rainfall data in
Armagh/Northern Ireland. Truncated AR(1) basically is a truncated normal probability
distribution, and its probability density function has been estimated by Cohen (1959).
In this analysis, the simple conceptual model is employed, the censored (or truncated)
AR(1) process, to simulate Jennings scaling law observed in rainfall data. In this
study, the positive values of a first order autoregressive process represent the vertical
moisture flux in the lower troposphere.

Jennings scaling law is revisited focusing on the scaling behavior of single station
rainfall observations (section 3.2). Section 3.3 introduces the conceptual stochastic
model of rainfall and its maximum rainfall depth-duration scaling analysis. Section
3.4 provides conclusions.

3.2 Jennings scaling law over continental China

When reanalyzing the Cherrapunji (India) daily rainfall time series, Dhar and
Farooqui (1973) found that the time span for maximum rainfall depth-duration scaling
ranges from one day to two years. Therefore, scaling law holds also for single stations
lying in the Jennings scaling line. Along this line, it will not be surprising to find
similar maximum rainfall-duration scaling at other stations, but the extent of the
scaling regime may vary. This hypothesis is tested with daily rainfall time series at
732 basic weather stations over China (1951 - 2008, provided by the National
Climate Center, China Meteorological Administration).
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Figure 3.1: Maximum rainfall-duration scaling diagram: Cherrapunji (India,
pentagrams, b = 0.5), Lushan (green triangles, b = 0.47), Dongxing (red circles, b =
0.44) and Fangcheng (blue stars, b = 0.44).
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3 A conceptual model: scaling of rainfall extremes

The maximum accumulated rainfall data from 1 day to 2 years are extracted
(Figure 3.1): shorter term records (< 6 days) are from Shangchuandao (1 day),
Yangjiang (2 days) in Guangdong and Lushan (from 3 to 6 days) in Jiangxi province
(in central China). Longer term (> 6 days) records are mainly from Fangcheng and
Dongxing in Guangxi province. As shown in Figure 3.1, the maximum rainfall
depth-duration relation is observed in the selected single station records with the
scaling exponent b =~ 0.5. Notice that the scaling exponent b remains constant for the
second and the third maxima, which can be considered as the maxima found in a
shorter time series. This means that the value of the scaling exponent close to 0.5 is
stable with respect to the record length of rainfall data. Thus Jennings scaling law
appears as a more general scaling rule governing single station rainfall depth-duration
extremes. In the following, we introduce a conceptual model to simulate the
scaling-behavior in single station data.

3.3 A conceptual model

In a qualitative sense, moisture which is supplied by surface evaporation and lateral
convergence in the lower layers of the troposphere sustaining the vertical moisture
flux, provides the water source for rainfall in the case of upward moisture flux
(associated with the meso- to synoptic and larger scale airflow dynamics) and governs
the dry episodes of zero rain when a downward moisture flow or zero motion is
favored. Therefore, a time series of vertical moisture flow may be a suitable surrogate
for a rainfall time series, if we assume, for simplicity, that only upward vertical
moisture flux is proportional to rainfall rate while subsidence characterizes the
zero-rainfall or dry phases. This is a basic mechanism of rain-bearing synoptic scale
systems ranging from tropical cyclones and monsoonal depressions to the mid-latitude
disturbances often characterized as slant-wise convection. The vertical upward motion
is relevant for convection and stratiform rainfall, which are embedded in and usually
forced by the developing low pressure systems of synoptic scale with and without
being effected by topography.

Here we introduce a parsimonious surrogate model for rainfall to describe the
maximum depth-duration scaling following three steps: (i) A first order autoregressive
process AR(1) is introduced as a surrogate of vertical moisture flux time series at
locations near the rainfall stations analyzed in Figure 3.1. (ii) This surrogate AR(1)
moisture flux time series is truncated to keep only upward fluxes representing rainfall
sequences at a single station. (iii) In the end, the truncated surrogate moisture flux
time series is subjected to maximum rainfall depth-duration scaling analysis. The
moisture flux data are derived from ERA-40 datasets (European Centre for Medium-
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3.3 A conceptual model

-Range Weather Forecasts reanalysis; 1.125-degree grid, 1958 to 2001; Uppala et al.
2005).

Vertical moisture flux — an AR(1) process: Based on ERA-40 datasets daily vertical
moisture fluxes in the lower troposphere

m(t) = w(t) q(t) 3.1)

are calculated, where w represents the vertical velocity and g the mixing ratio.
ERA-40 grids are chosen to include those rainfall stations exhibiting Jennings scaling
law (Figure 3.1, note Fangcheng and Dongxing are located in the same grid). The first
order autoregressive process AR(1) with discrete time steps t and Gaussian random

noise r (mean as u and variance as o)

m@t)—u=a(mt-1)-u)+r (3.2

is characterized by the lag-1 autocorrelation a; it corresponds to an integral time

scale, T~ ia‘ =1/(1—-a), as a suitable measure for the memory of the underlying
i=0

process (see for example, Fraedrich and Zielmann (1994) on surrogate predictability
experiments based on the first order autoregressive process AR1). Figure 3.2 shows
the lag-1 autocorrelation coefficients of water flux anomalies in the lower troposphere
at the selected grids and their AR(1) processes. Notice that, for Fangcheng and
Lushan, most maximum rainfall events happen during the rainy season. Therefore we
use the water vapor flux data in rainy season to reduce seasonal fluctuations. All of
them show short term memory (less than 4 days), which leads to the respective AR(1)
processes. The next step is to treat an autoregressive process as a surrogate of the
sequences of positive and negative moisture fluxes (or “updraft versus subsidence”).

Rainfall — a truncated AR(1):

Rainfall rate R(t) can be estimated to be proportional to the vertical flux of moisture:

R=Ewq, w>0 (3.3)
where w > 0 is the ascent rate, and E is the rainfall efficiency which is defined as the
ratio of the mass of water falling as rainfall to the influx of water vapor mass into the
cloud and supposed constant (see for example, Doswell et al. 1996). Then the total
rainfall is formalized as p = R. tg, with the rainfall duration ty. Based on this premise,
we assume a proportionality between the amplitude of the daily moisture updraft m(t)
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3 A conceptual model: scaling of rainfall extremes

and the expected value of daily rainfall p(t), the surrogate rainfall time series —
suitable for statistical analysis — is simply given by the positive values of the moisture
flux m(t)>0, while the negative values m(t)<O represent zero rainfall.

E-m(t) w>0
p(t) _{ 0 for W< (3.4)
where E is a constant for rainfall efficiency and supposing E = 1 in our analysis; both
units of p and m are mm/day. This model generates a truncated stochastic time series
which is based on a continuous autoregressive process to model intermittent
phenomena (see Hannachi (2012) for a comprehensive analysis, application and
review). The choice of short-term memory and autoregressive type stochastic models
for rainfall surrogates has been substantiated further by observed scaling properties of
daily rainfall records (see for example, Fraedrich and Larnder, 1993; Fraedrich et al.,

2009).

autocorrelation

time lag

Figure 3.2: Autocorrelation functions (full lines) of 850hpa vertical water fluxes
anomalies at grids close to the following stations (black) and their first order
autoregressive processes (red): Lushan (triangles, a =~ 0.36), and Dongxing and
Fangcheng (circles, a = 0.31).

Maximum rainfall depth-duration scaling for a truncated AR(1):

An example of an AR(1) process is shown in Figure 3.3a for the station
Fangcheng/Dongxing (a ~ 0.31) where the positive part represents upward water
vapor flux or rainfall intensity. Figure 3.3b shows the associated maximum rainfall
depth-duration scaling (or Jennings scaling law) suggesting a power law exponent
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3.3 A conceptual model

close to b = 0.5, which last from days to three months. Due to the limited length of the
rain season here, the duration cannot be longer than four months. The mean of
expected rainfall in Fangcheng is 51.1mm/day, compared to 11.9 mm/day in the
observations; the standard deviation of expected rainfall is 55 mm/day, compared to
30.3 mm/day in the observations. The same analysis has also been done for station
Lushan (a = 0.36, Figure 3.4). The mean of expected rainfall in Lushan is 32 mm/day,
while 7.1 mm/day for the observed in the rain season; and the standard deviation of
expected rainfall is 39 mm/day, while 21 mm/day for the observed in the rain season.
The average and variance of the rainfall in Fangcheng is higher than in Lushan. Since
the rainfall efficiency cannot be 100%, the magnitudes of simulated rainfall are much
higher than that of the observed ones. AR(1) processes are capable to reproduce the
Jennings scaling law in single stations.

Supposing the moisture flux is a zero-mean, unit variance AR(1) process

(n=0,0=1), equation (3.3) becomes

m()=a - m(t-1) +r (3.5)

the maximum rainfall depth-duration relation is extracted from the positive part of this
truncated AR(1) process. As shown in Figure 3.5, the Jennings scaling law with
power law exponent close to b =~ 0.5 covers about two orders of magnitude. Note that
the power law scaling does not change substantially for different coefficients

0.1 < a < 0.7. However, for larger integral time scales (for example a = 0.999) the
power law slope increases to b = 0.8. The results stay robust for second and third
maxima. In this sense we may interpret the Jennings law’ scaling as an outcome of an
AR(1) process. The calculations above are based on a constant efficiency, E = 1.
Calculations for varying E, and with shorter memory show that the scaling exponent
does not change: we ran a simulation with a ‘weakly' stochastic E with seasonal long
memory:

E(t+1) = A . E(t) + 0.05r  (3.6)

where E(1) =0.7; A =1 - 1/90 =0.99, since 90 days are a season; and r: random noise
with mean 0 and variance 1.

The result shows the scaling exponent 0.5 for 0.1 < a < 0.7 (Figure 3.6).
Therefore, the efficiency E does not have to be a constant. E with a reasonable
variation does not change the scaling exponent.
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Figure 3.3: (a) Snapshot of a first order autoregressive process time series at station
Fangcheng (AR(1) with a ~ 0.31) with positive ranges marked blue. (b) Simulated
maxima rainfall (red circles) versus duration relationship by the positive parts of AR
(1) processes at Fangcheng station. Blue circles: observed maxima; Green circles:
the expected rainfall; Black Pentagram: world records.
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Figure 3.4: Same as figure 3.3 but for the station Lushan (AR(1) with a = 0.36)
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3 A conceptual model: scaling of rainfall extremes

3.4 Summary and discussion

The Jennings scaling law, P ~ d ® with b =~ 0.5 has been revealed from a worldwide
ensemble of rainfall observations (Jennings 1950). The finding has been substantiated
for three decades of the scaling regime when the analysis is confined to daily rainfall
records (taken from China’s basic weather stations). As a concept for such station
related maximum rainfall depth-duration scaling behavior, a truncated (censored) first
order autoregressive process is introduced, which has recently also been used to
simulate daily rainfall times series in mid-latitudes (Hannachi 2012). Here we provide
the physical censor to truncate the downward episodes of an AR(1)-process for the
case of downward lower troposphere moisture fluxes. The remaining upward-only
moisture flux time series, sustaining the rainfall events, describes the rainfall
intermittency and shows the scaling behavior of the maximum rainfall depth-duration
following Jennings scaling law as observed at single rainfall stations.

In this sense, we have introduced the dynamics behind the underlying the first
order autoregressive process as a surrogate model for atmospheric water fluxes; and
by implementing the censorship truncating the downward fluxes, only the positive
(upward) fluxes are kept and thus intermittent, which leads to the nonlinear scaling
behavior documented by Jennings scaling law.
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Chapter 4

Daily-scale rainfall extremes and
related dynamics (a case study)

Section Summary

In this chapter, dynamic processes which lead to daily scale extreme rainfall events
are investigated. Extreme Value Distribution (EVD) is employed to identify warm
season (MJJAS) rainfall extremes over continental China using both observations and
Global Climate Model (GCM, MPI-ESM) simulations. The spatial patterns of extreme
rainfall using simulations of present-day conditions are compared with observations.
An extreme value Point Process (PP) model is fitted to MJJAS extreme daily rainfall
with index presenting Western Pacific Subtropical High (WPSH). That is, WPSH is
covariate of one or more parameters of the PP model. Results show that WPSH
statistically significant influences on extreme rainfall in vast regions except south
China. A high phase of WPSH, indicating the subtropical high extend more westward
and has a stronger intensity, corresponds to a substantially increased likelihood of
extreme rainfall over north China, but a decreased likelihood of extreme rainfall over
southern China and the northern border of northeastern China. The influence of
WPSH on extreme rainfall over China in simulated climate is also analyzed. Changes
of the distribution of extreme rainfall are investigated under climate change.
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4 Daily-scale rainfall extremes and related dynamics

4.1 Introduction

The expected changes of extreme rainfall events under climate change have attracted
considerable research efforts in the last years, mainly due to the occurrence of floods
and the related damages (see for example, Benestad, 2006; Kattsov et al., 2007;
Holman, 2012). The potential of changes of extreme events is likely to vary at a much
higher rate than changes of the total rainfall under global climate change (Karl and
Knight, 1998; Kunkel et al., 1999; Groisman et al., 2005; Alexander et al., 2006; and
Trenberth, 2011). Since the 1990s, extreme weather/climate events in China happen
frequently, especially extreme rainfall events, which caused floods in 1998 and 2008
in southern China.

The space and time variability of the rainfall over China is very complicated,
dominated by the East Asian Summer Monsoon (EASM). The beginning of the rainy
season, the jumps of the rain belt and summer rainfall anomalies are all closely related
to the shift and intensity of the EASM. The northward progression of EASM is
closely associated with the variation of the Western Pacific Subtropical High
(WPSH). The WPSH tends to expand and strengthen during boreal summer. The two
seasonal abrupt northward migrations of the WPSH in March—July characterize three
different month-long rainfall periods over China, namely the pre-Meiyu period, the
Meiyu period and the post Meiyu period. The two jumps of the WPSH normally
happen in mid-June and late July, or sometimes in August: the first jump signals the
beginning of Meiyu in the Yangtze River valley, Japan, and Korea; the second jump
the WPSH shift to its most northern position, signals the end of the Meiyu and the
start of the rainy season in northern and northeastern China. The distribution of
summer rainfall in China is associated with the east-west movement and the strength
of the WPSH. Overall, the location and intensity of the WPSH determine the area,
where, in the warm season, warm and humid air from the lower latitudes meets the
cold and dry air from mid to high latitudes. In addition, both zonal and meridional
changes of the WPSH exhibit also interannual to decadal variations, which have a
pronounced connection with the interannual to decadal scale changes of the EASM.
Since the late 1970s, the WPSH has extended westward, which has resulted in a
rain-band shift over China, with excessive rainfall along the middle and lower reaches
of the Yangtze River valley and deficient rainfall in north China (Hu et al., 2003; Yu
and Zhou, 2007). Therefore, if the WPSH is well predicted, it could establish a
promising way for the EASM rainfall (Wang et al., 2013).

Relating the WPSH, a large-scale atmosphere circulation, with smaller-scale
variables, in our study extreme rainfall at a single station can be used for downscaling
(Katz et al., 2002). Instead of dynamic downscaling usually by employing Regional
Climate Models (normally at very high costs of computer consumption), a statistical
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approach is used which is easy to understand and inexpensive. For exceptional and
rare events, Extreme Value Distributions (EVD) have been widely used to play the
bridge (Katz et al., 2002; Kharin and Zwiers, 2005; Wang and Zhang, 2008). In detail,
based on maximum likelihood estimation, the Generalized Extreme Value (GEV)
distribution, Generalized Pareto distribution (GPD) and return values with embedded
covariates contribute substantially to quantify potential changes of climate extremes
under anthropogenic forcings, to indicate an influence of large-scale circulation
patterns on the occurrence and distribution of extreme events. This study is an attempt
to link downscaling with statistics of extreme daily rainfall events over China based
on EVD.

Coupled General Circulation Models (CGCMs) are the state-of-the-art tools to
simulate present-day climate and future scenarios, and provide long-term data for the
analysis of extreme events (IPCC, 2007). However, most models only poorly simulate
heavy rainfall events (Durman et al., 2001; Alexander, 2009; Zhang et al., 2013),
especially in the subtropics (Kharin et al., 2013). In this analysis, the spatial pattern of
extreme rainfall is compared with the observed one over China. The influence of
WPSH on extreme rainfall is also analyzed.

The study is organized as follows. Section 4.2 gives information about the
observation data and model simulations, used for the analysis and the WPSH indices.
Section 4.3 concentrates on the methodology of the applied PP model for stationary
and non-stationary processes. The results of our analysis are shown and discussed in
section 4.4. In the last section, the results are summarized and an outlook is given for
possible future studies.

4.2 Data and indices of Western Pacific Subtropical High

Observation and reanalysis data:

The daily rainfall dataset is provided by Climate Data Center (CDC) of the National
Meteorological Center of the China Meteorological Administration, including 732
observation stations in mainland China. Only warm season data covering the period
between 1959 and 2005 are used in this analysis. The data were subjected to quality
control in the CDC. Temporal inhomogeneity, caused by station relocation, is
screened out, when the location (or the elevation) of the rain gauge experienced a
change of more than 20 km (50 m) (Zhai and Ren, 1999). As some inhomogeneities
may still remain, this imperfection of the dataset is acknowledged. Stations with too
many missing values are dropped: a year is considered to be missing if there are more
than 10 days missing rainy daily in MJJAS; a station is considered only when > 25
years of valid observations (non-missing values) are available. Ultimately, 483
stations passed this quality control, and most of them are located in eastern China.
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4 Daily-scale rainfall extremes and related dynamics

The monthly values of the 500hpa geo-potential high from 1959 to 2005 are
extracted from the National Centers for Environmental Prediction - National Center
for Atmospheric Research (NCEP-NCAR) reanalysis dataset (Kalnay et al. 1996;
Kistler et al. 2001). A climate shift in the mid-to-late 1970s has been detected in this
dataset (Trenberth and Hurrell 1994). A change in the surface station or increased
urban heat island effect has been stated as a possible reason.

Model data:

The GCM simulations used in this analysis are performed by state-of-the-art coupled
ocean-atmosphere general circulation models: MPI-ESM (mainly includes ECHAMG6
and MPIOM) with a spectral atmosphere. The model is being developed by the
MPI-M (Max Planck Institute for Meteorology) participating in the CMIP5 runs. A
detailed description of ECHAMBG is given by Stevens et al. (2013). ECHAMBG is run at
T63 resolution (= 1.9° x 1.9°) with 47 vertical levels up to 10Pa. The ocean model
MPIOM has a horizontal grid spacing of about 1° with 40 unevenly spaced vertical
levels. This analysis particularly concentrate on the warm season (MJJAS) daily
rainfall in two 47-year time slices in this study. The first is taken from the present
climate simulation ranging from 1959-2005 (referred to as 20C). The second time
slice, ranging from 2153-2199, is taken from the rising radiative forcing period of the
Representative Concentration Pathway 4.5, which are named after a continuous rise in
radiative forcing during the 21% century leading to 4.5Wm~2 in the year 2100
(hereinafter referred to as RCP4.5).

WPSH indices:

The WPSH is usually represented by a specific closed isoline of the 500hPa (or
850hpa) geopotential height, for example, the extent of the 5880 geopotential meter
(gpm) at 500hpa. Most former studies of the WPSH are base on a series of indices
published and updated by CMA in Meteorological Monthly, including the intensity
(the “volume” of WPSH over 5880 gpm), the ridge (the latitude of the central axis
position), the north margin (the average latitude degree of the north margin of the
5880 gpm contour) and the west boundary (the minimal longitude degree of the 5880
gpm contour).

Except these indices, a variety of interrelated WPSH indices have also been used
(Lu, 2002; Yang and Sun, 2003; 2005; Sui et al., 2007; Wu and Zhou, 2008; Wang et
al., 2013). Here we use the monthly indices defined by 500 hPa geopotential height
(Z500) anomaly averaged over 10°N - 30°N, 120°E - 140°E. A detailed description
is given by Sui et al., 2007. The correlation between Sui’s WPSH index (hereafter
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referred to as WPSH) and the indices from CMA is given in Table 4.1. This WPSH
index is significantly correlated with the western boundary and intensity of the
subtropical high. Therefore, a high phase of WPSH may indicate the subtropical
extends more westward and has stronger intensity.

Table 4.1: Correlations between the index from Sui et al. (2007) and indices from
CMA, numbers in bold type are statistically significant

Correlation Ridge = West boundary Intensity  North margin
WPSH -0.2 -0.468 0.668 -0.12
Ridge 0.054 0.068 0.937
West boundary -0.6 0.002
Intensity 0.06

4.3 Methodology

In early time, some fixed thresholds were used in China to define extreme events:
rainfall greater than 25mm/day is defined as heavy rainfall, greater than 50mm/day is
storm. But obviously, it failed to describe the extreme rainfall in dry areas, for
example, rainfall intensity as high as 10mm/day can cause landslide. This fixed
threshold method also cannot describe “extreme rainfall events” in dry season
(normally in winter). Internationally, thresholds in percentage are broadly used. Here
the 90 percentile of rainy day events during 1959-2005 is used for each station as an
extreme event criterion.

4.3.1 Extreme Value Distributions

Supposing in a given series of maxima, taken over a certain time block are M;, My,

..., My, according to Fisher-Tippett Theorem (Fisher and Tippett, 1928), there exist

sequences of constants a, > 0 and by:

Mn _bn
a

n

Pr( <7)>G(z) N> 4.1)

G(z) follows the Generalized Extreme Value (GEV) distribution which can be
described by:

G(z)=exp(—[1+a(zj7“)]é) (4.2)
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with the parameters: location p , scale o and shape & and ¢ > 0, 1+§(Z_—”) >0.¢
(e}

determines the three types EVD: Frechet ¢ > 0, Gumbel & = 0 (interpreted as the limit
case ¢ — 0), and Weibull £ <0.

In our case, the warm seasonal rainfall maxima can be directly fit into the GEV
model (1) through maximum likelihood or other statistical techniques. But the
estimated parameters can be very inaccurate when the length of the time series is short.
But here we have only 6000 samples at most while, for some stations only less than
3000 samples (excluding missing values) are available to calibrate the model. One
alternative method could be the peaks-over-threshold (POT) method. A well defined
threshold is selected, and the data exceeding the threshold can be fit into the
Generalized Pareto Distribution (GPD). GPD works better than GEV because more
values are incorporated in estimating the distribution. The parameters of GPD can be
deduced by the corresponding GEV distribution, but not vice versa (Coles, 2001; Katz
et al., 2005). And the scale parameter has to be adjusted to the choice of the threshold.

But in this study, another alternative approach is adopted: a Point Process (PP)
model. The PP approach is used to describe the occurrence of extreme rainfall events
in warm seasons, whose value is over the sufficient large threshold u. Following the
convention, a fixed 90% percentile threshold is taken at each station; notice that, to
prevent not really extreme rainfall events to be taken into account in dry regions
(especially in the northwestern China), the threshold is defined as the 90% of all
observed rainy days at each station.

With the extracted extreme values Xy, ..., Xp, with y = X; —u > 0 and threshold u,
a non-homogeneous Possion process with intensity measure on A= [t;, to]x(y,») is
given by

A(A) = (1, —ti)(1+a%)< (4.3)

The advantage of the PP model is that the parameterization is in terms of the GEV
parameters, and these parameters are normally better estimated because more values
fitting into the model are extracted. And the scale parameter ¢ is invariant to threshold
in contrast to that of the GPD model. Therefore, the PP model can be used for
non-stationary effects by including time or covariates in the parameters, because of
the invariance of all parameters to the threshold.

Parameter estimation:
Parameter estimation is performed based on the maximum likelihood method. The

basic method of estimation is therefore to choose the parameters (iu, o and &) to

minimize the negative log-likelihood.
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Goodness of fit:

To check whether the extreme rainfall data can be well fitted by PP, a
Kolmogorov-Smirnov (KS) test (Stephens, 1970) is applied. This test measures the
overall differences between two (cumulative) distribution functions: the empirical
distribution function estimated from extreme rainfall samples and its theoretical
distribution. When the maximum difference exceeds a certain critical value, the
hypothesis is rejected, that the theoretical distribution can not represent the observed
extremes.

Since the theoretical distribution is unknown, a parametric bootstrap procedure is
applied to obtain the significance levels for the distribution of difference, (e.g., Kharin
and Zwiers, 2000; Sillmann et al., 2011). First, a random series with the same size of
observed extremes are generated from each fitted PP, and a difference is derived from
each generated sample. Secondly, repeat the first step for 1000 times. The 5th quantile
of the differences is employed as the critical value for the rejection of the null
hypothesis at the 5% significance level.

Return values:

The N year return levels Xy are estimated by:

XN:U+%[(Nnyku/n)é—1], E20 (4.4)

Where c'=c+&-(u—p), ny is the number of rain days per year; k is the number of

extreme rainfall days exceeding u; and k./n represents the exceedance probability.
4.3.2 Point Processes model for non-stationary processes

Predictor variables may be incorporated into the PP model by expressing the location
and scale parameters as functions of the predictors. The shape parameter is usually
taken as a constant. Because the scale parameter needs to be positive, a log transferred
scale parameter is used:

H=p,+a- X 1

In(c)=0c,+b-X (4.5)

é = éo J
where X is a predictor variable. In the following, the model without a predictor (M) is
called the stationary model. In this case, the covariates have no influence on the
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parameters of the distribution. The coefficients a, b, represent the effect of the
predictor on the PP, for models with only one covariate (a) in location parameter
(M,), or only one covariate (b) in scale parameter (M2), or two covariates (a, b) in
location and scale parameters respectively (M3) are called non-stationary models.

Notice, in the likelihood function, p and o are taken in the form presented in (5),

depends on the regression coefficients p, and o,, a and b. They can be estimated

using the Maximum Likelihood (ML) method to find the minimum of —log(L), with
PP model parameters. The collection of models (Mo, M1, M, and M3) mentioned
above, where one or two parameters of the PP model are conditioned on WPSH, are
summarized in Table 4.2. The degree of freedom (dof) for each model corresponds to
the number of parameters in the respective PP model.

Table 4.2: The PP models for the stationary case (model 0) and the non-stationary
cases (model 1, 2, 3), where one or two parameters are conditioned on WPSH and
their corresponding degrees of freedom (dof)

Model PP model parameters Dof
0 Mos Oos & 3
1 Ho +WPSH -a; oy; & 4
2 Ho; O, +WPSH-b; &, 4
3 w, +WPSH -a; o, +WPSH -b; &, 5

Model selection:

To avoid over-fitting and to test for significant improvement of higher dimensional
statistical models, Akaike’s information criterion (AIC) is applied (details in Akaike,
1974). For small-sample bias adjustment, AIC is calculated following Hurvich and
Tsai (1989):

n

AIC = —2Iog[[(2?| y)]+2K(
n-K-1

) (4.6)

A
With maximized Likelihood, £(@|y), number of estimated parameters, K, and the

multiplier, the correction factor n/(n-K-1).
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From a set of models with AIC; (model number j), the best model is the one with

the minimum value AICnin. Akaike differences (A;) are calculated to rank and
compare the models

A;=AIC; - AIC;, 4.7
While A; <2 gives models with strong, 4<A; <7 considerably less and A; >10

no support.
exp(-0.54)
ijlexp(—O.SA )

gives the possibility of the model j is the best one.

(4.8)

j =

4.4 Results: extreme rainfall events and Western Pacific Subtropical

High

4.4.1 The distribution of rainfall extremes and its relationship with WPSH

in observations

Distribution of extreme rainfall (stationary model):

The stationary PP model is employed to fit daily extreme rainfall observation data in
warm season over China. The method of maximum likelihood is used through to
estimate the three parameters (location, scale and shape); 458 out of 483 stations
passed the goodness of fit check. Figure 4.1 shows the results: a distinct
northwest-southeast gradient of the three parameters can be seen, with higher (lower)
values of location and scale parameters in the southeastern (northwestern) China
(Figure 4.1a, b). Notice that, in northwestern China occur obvious biases because data
are available only from a few stations. This gradient reflects the overall spatial rainfall
pattern in China with abundant rainfall and higher variability in southeastern China,
and a lack of rainfall in northwestern China. The shape parameter is generally
positive, indicating a Frechet distribution (Figure 4.1c). The RV20 (Figure 4.1d),
which can be used to infer measures for flood protection, combining the information
of the three individual PP model parameters, also reveals a northwest-southeast
gradient with lower (higher) return values in northwestern (southeastern) China.
Notice, RV20 varies largely by region: the maximum return values in the southeast
can be twice as large as the smaller ones in the northwest.
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Figure 4.1: Parameters of PP distribution: location (a), scale (b), and shape (c) for the
observed daily extreme rainfall for the period of 1959-2005; 20-year return values
(RV20, d) are calculated based on the three parameters. Stations where the KS test
failed are not shown.

Trends of extreme rainfall (non-stationary model):

Under climate change, extreme rainfall may exhibit trends. To investigate the
temporal trend in extreme rainfall events, time is used as a predictor variable in
non-stationary models (M1, M2 and M3) to allow the location, or scale, or both
parameters to vary linearly. For each station, the best model is selected with AIC
criteria which take into account the numbers of parameters and the negative
maximized log-likelihood (nllh) associated with each model (Figure 4.2). The
estimate of the coefficient (a) of the location parameter is also shown in Figure 4.2 to
give an impression of the phase of the trends. The location parameter of extreme
rainfall distribution has a positive trend in Northwest and Southeast China, a negative
trend in North China in the last 50 years. Few stations, however, do not satisfy the
non-stationary model, that is, their trends are not significant. This finding is consistent
with trends of R95 (annual total rainfall of top 5% rainfall) over China using another
statistical method (see You et al., 2011).
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80E 90E 100E 110E 120E 130E
Figure 4.2: Trends of distribution of observed extreme rainfall: implanting time as a
covariate in the location (M1), scale (M2) and both location and scale (M3)
parameters of the PP model respectively; and best model selected with the AIC
criteria (MO: the stationary model). Solid lines: the corresponding slope of the
location parameter.

Influence of WPSH on the distribution of extreme rainfall events

(non-stationary model):

The regional mean of the 500 hPa geopotential height within 10°N - 30°N, 120°E -
140°E is used to quantify the interannual variability of the WPSH (Sui et al. 2007;
Wu and Zhou, 2008). As shown in Figure 4.3a, this area is one center of the standard
deviation of summer (JJA) mean geopotential height at 500 hPa for the reanalysis.

To understand how changes in the large-scale circulation affect extreme rainfall,
WPSH is included as a covariate into the PP model of daily extreme rainfall at each
station. A collection of models are set up, including the stationary model without
covariate, and non-stationary models where one or more parameters of the PP model
are linked to WPSH. Then AIC is employed to choose the best one model with
significant improvement at each station. As shown in Figure 4.3b, except for a small
area in southeastern China, most parts agree with the non-stationary model (M;, j > 1)
being selected as the best model. Thus, the large-scale factor WPSH significantly
influences the extreme rainfall over China. Notice that, South China overall is not
influenced by WPSH, because a considerable amount of rainfall is caused by tropical
cyclones (in some years up to 30% of total warm season’s rainfall). The blue (black)
lines indicate the positive (negative) slope of the location parameter in model 1. When
WPSH is in a high phase, the location parameter of the extreme rainfall distribution
tends to increase at most stations with model 1 as best model.
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Figure 4.3: (a) Contours represent climatological 500 hPa geopeotential height

(Z500) of the reanalysis and shading denotes spatial distribution of standard deviation
of Z500 calculated by 2 - 5 year band pass filtered data normalized by zonal mean
value. (b) The same as figure 4.2 but using WPSH as the covariate.

One goal of this analysis is to construct the empirical relationship between the
large-scale factor WPSH and local extreme rainfall. Based on this relationship, the
changes of WPSH may be expected to project the changes of the 20-year Return
Value (20RV) over China under climate change conditions. Observation data from
1959-2005 are used to calibrate the relationship. An obvious trend in the time series
of WPSH can be found in Figure 4.4a. To show the ability of the non-stationary PP
models to “predict” the changes of extreme rainfall with respect to the changes of
WPSH, mean anomalies of WPSH in two different periods (1959-1979 and
1980-2005) are used to generate projections of the changes of RV20; and then
compared with the deviations of RV20 calculated from fitted stationary PP model in
the two periods. As shown in Figure 4.4, the projected relative changes of 20-yr return
value of extreme daily rainfall have similar patterns as the observed ones: decrease in
north China, increase in Southern China and at the northern border of northeast China,
but generally the intensity of changes is underestimated, which is not surprising
because of the variations of WPSH.
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Figure 4.4: (a) Time series of WPSH anomalies with respect to the mean value during
1959 - 2008; (b) the deviation of 20RV of extreme daily rainfall in 1980-2008 vs.
1959-1979 and (c) PP model projected changes of 20RV with WPSH anomalies
varying from 5.72hpa to -7hpa.

4.4.2 The distribution of rainfall extremes and its relationship with WPSH

in simulations: present and future

Distributions of extreme rainfall events simulated by GCMs in

present-day (stationary model):

The same method as before is used to fit stationary PP model to 20C daily warm
season extreme rainfall and the results are compared with the observed data.

As shown in Figure 4.5, there is a general agreement between the spatial patterns
of the location and scale parameters, and the 20-year Return Value (RV20). There are
also differences: for example, the observed maxima of RV20 are located in the south-
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east coastline and, in parts, mid and -lower Yangtze region, but inside two river
valleys in middle China for 20C; also the center which is over the southern and
eastern edges of Tibet for 20C is not observed. This is possibly due to the horizontal
resolution which does not enable an accurate representation of the topography along
the southern and eastern edges of Tibet, and shows a fake high rainfall center; and this
is also found by Wang and Yu (2013). Not surprisingly, the location and scale
parameters of the PP model fitted to the 20C simulations are lower (around 20mm
less) than the ones observed (Figure 4.5a and 4.5b), because the model simulated
extreme rainfall is normally interpreted as an areal (grid-point) mean of extremes.
Different from observations, the shape parameter for 20C is mostly negative
indicating a Weibull distribution (Figure 4.5c¢); this may significantly contribute to the
severe underestimation of RV20 in 20C (Figure 4.5d), which is half as strong as the
observed one.
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Figure 4.5: Same as figure 4.1, but for ensemble mean of 20C members: calculating
the parameters and RV20 using each simulation then calculate the mean.
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4.4 Results: extreme rainfall events and WPSH

Influence of WPSH on the distribution of rainfall extremes in present-day

simulations:

All simulation ensemble members can reasonably reproduce its location of the isoline
of 5860 gpm (representing the WPSH), but with relatively weaker intensity, which
leads to slightly shifting the western edge and center to the northeast (compared to
reanalysis). The locations of interannual variability centers (the standard deviation of
JJA mean geopotential height at 500hpa) of WPSH are generally well reproduced but
with different strength in all the ensemble members.

Again, a collection of models are set up, where one or more parameters of the PP
model are linked to the WPSH (Figure 4.6). In 20Cs simulations a large area over
southern Tibet, two river regions and southeastern China agree with the
non-stationary model, in which WPSH is implanted as a covariate only in the location
parameter, being selected as the best model; this implies WPSH significantly
influences extreme rainfall events in those regions. The pattern of impact of WPSH on
extreme rainfall is similar to the one in observations: positive in eastern China without
the southeastern coast area. However, the influence of WPSH on extreme rainfall is
much weaker in simulation than observed comparing the impact area or the slope of
the location parameter (a). This may be related to the WPSH being weakly simulated
in 20Cs. Therefore, significant trends in extreme rainfall can be found in some regions
in 20Cs simulations comparing with observations.

Influence of WPSH on the distribution of rainfall extremes in a future

climate:

The location of WPSH in the future RCP4.5 is similar as in 20Cs, as shown in Figure
4.7. However, its intensity significantly increases compared to the ones in 20Cs. The
interannual variability centers of WPSH also stay almost the same places as in the
20Cs, only are stronger.

The same analysis as before is applied, including WPSH in the future as a
covariate into the PP model (Figure 4.7). Non-stationary models instead of the
stationary model have been selected as the best model in most parts of mid- and
southern China including Tibet, which implies a strong influence of WPSH on
extreme rainfall. The overall slope of the location parameter in model 1 is positive in
these regions, suggesting a positive influence of WPSH on extreme rainfall. Negative
influence of WPSH index can be found in some grid points in northern China.
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Figure 4.6: (a) Same as figure 4.3a (b) Time series of WPSH anomalies and its linear
trend (c) Same as figure 4.2b but for 20C ensemble runs using WPSH as a covariate.
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Figure 4.7: The same as figure 4.6 but for RCP4.5 run.

GCMs simulated climate change of the distribution of extreme rainfall

events (stationary model):

The same analysis is applied to the future extreme rainfall events for the period of
2153-2199 under RCP4.5. The PP model parameters and RV20 in future climatology
and their significant changes (10% significance level) are illustrated and compared
with the 20C ensemble mean in Figure 4.8. The changes in the location parameters
and RV20 (Figure 4.8a, d, right) are generally significant in China: increase for most
parts but a decrease for the southern Tibetan Plateau and the central part of
northeastern and northern China. Increasing RV20 also suggests a decrease in the
return period of a certain extreme rainfall event. The scale parameter (Figure 4.8b,
right) is similar to the changes of the location and RV20, an increase in mid southern
China and decrease in southern Tibet. The shape parameter (Figure 4.8c, left) for most
parts with the exception of some parts in northeastern China stays negative which
implies that extreme rainfall remains Weibull distributed. Compared with 20C only a
few scattering stations in northern China change.
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Figure 4.8: Left column: same as figure 4.1 but for RCP4.5 run; Right column:
significant difference of the PP parameters (a, location; b, scale; ¢, shape) and (d)
RV20 between the RCP4.5 (2153-2199) and 20C1 (1959-2005) run.
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4.5 Summary

4.5 Summary

In this study, the Point Process (PP) model is employed to fit daily extreme rainfall
events in warm season over China. It shows abilities to represent the correct spatial
pattern of extreme rainfall events. The non-stationary PP model is applied to estimate
trends of extreme events, and then reveal almost no significant trends in general.
Furthermore, PP is employed to build a relationship between Western Pacific
Subtropical High, which is one of the most important large-scale atmospheric
circulation systems affecting the East Asia summer monsoon, and its local extreme
rainfall. Results show the WPSH significantly influence extreme rainfall in most area
except south China. Based on the relationship using calibration data in the period
1959-2005, the projection of WPSH anomalies can be used to predict the changes of
extreme rainfall. A comparison between projected changes using the statistical
non-stationary model and the observed one, in two periods 1959-1979 and
1980-2000, is given and shows a good matching. Overall, with higher WPSH,
extreme rainfall has less risk in the north China, and higher risk in southern China and
the north border of northeastern China.

A comparison of the 20C ensemble simulations with the observation for the time
period between 1959 and 2005 showed that the MPI-ESM overall simulated the
pattern of the rainfall extremes expressed by the parameters and the 20-year return
value of the stationary PP well, but the intensity is underestimated because the GCMs
simulated extremes normally represent a grid-point mean of extremes. However, the
simulated rainfall extremes in China are Weibull distributed, while the observed ones
are Frechet distributed in general.

The differences in distribution parameters and RV20 estimated by the stationary
PP model between the 20C and RCP4.5 simulations were assessed. Results show
significant changes of the mean (location parameter), variance (scale parameter) and
20-year return value in almost the whole China in future scenario RCP4.5: increase in
southern China and the northern part of northeastern China, and decrease in Tibet and
central- northeastern China.
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Chapter 5

Summary and Outlook

5.1 Summary and conclusion

The well-known Jennings law of observed extreme rainfall events versus their
duration, which covers a wide range of spatial and temporal scales is revisited using
Global Climate Model (GCM) simulations (Chapter 2) and is conceptually interpreted
by truncating a first order autoregressive model (Chapter 3). Extreme value
distributions of daily time scales are used to relate extreme rainfall statistics to
large-scale circulation dynamics. This point process model, which is tested for the
warm season in China related to the Summer Monsoon system characterized by the
Western Pacific Subtropical High (WPSH), can be considered as a first step towards
downscaling extreme value statistics. Overall, the study answered the following
questions:

Can GCMs simulations with different resolutions (T63 and T31) reproduce Jennings
scaling law, that is the observed maximum rainfall-duration scaling-law
relationship?

Can Jennings scaling law be found in single grid-points?

What kind of information is embedded in the scaling exponent?

Do extremes in a warmer climate increase simultaneously on all different time scales
compared to the present-day climate?

Yes, the Jennings scaling law, P ~ d ® has been substantiated for three decades of
the scaling regime using simulations of spectral and gridpoint GCMs, where the
analysis is confined to daily rainfall records. The maximum rainfall-duration
scaling-law exponents are b = 0.5 in the higher resolutions (EH50M T63L31,
EH60OM and HadGEM) compared to b ~ 0.7 for the lower resolution GCM EH50M
(T31L19).

Yes, the similar scaling phenomena are found at few grid points which generate
few extreme spells contributing the global records.

Based on the generalized structure function, the scaling exponent was found to be
equal to the Hurst exponent. The increase of the scaling exponent from 0.5 to 0.7
(with increasing resolution) may indicate a random process modified by enhanced
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persistence (Zhu et al., 2010).
In the warmer climate (RCP8.5) the intensity in the maximum rainfall events
increases by about 50% for durations of days, but vanishes for monthly time scales.

Can we construct a simple model to simulate Jennings’ scaling law? What is the
mechanism explanation?

Yes. Atruncated (censored) AR(1) is introduced to explain the scaling behavior oft
he single station maximum rainfall depth-duration for two orders of magnitude. The
dynamics behind the underlying AR(1) is introduced as a surrogate model for
atmospheric water fluxes. By implementing the censorship the downward fluxes are
truncated and only the positive (upward) fluxes are kept. Thus intermittency is
introduced, which leads to the nonlinear scaling behavior documented by Jennings
law.

How to relate daily-scale extreme rainfall events with large-scale circulation to
understand the dynamics of generation of extremes?

Non-stationary PP models are employed to build a relationship between daily
extreme rainfall events over China and Western Pacific Subtropical High (WPSH),
which is one of the most influential East Asia summer monsoon systems. The results
show that a high phase of WPSH which indicates that the subtropical high extending
more westward and with stronger intensity, corresponds to a substantially increased
likelihood of extreme rainfall over North China, but a decreased likelihood of extreme
rainfall over southern China and the northern border of northeastern China.

5.2 Future research

As shown in Chapter 4, the MPI-ESM is able to represent observed patterns of
large-scale rainfall extremes over eastern China. However, simulations in some
regions can be improved, for example, the southern and eastern edges of Tibet with its
complex orography. Moreover, the relation between WPSH and extreme rainfall is
incorrectly represented over southeast China, and possibly due to the absence of
meso-scale systems (e.g. typhoon) in T63 simulations. These problems could be
improved by increasing the horizontal resolution of CGCMs.

Large-scale atmospheric circulation patterns are important for the understanding
and interpretation of changes of extreme climate events. The inclusion of WPSH in
the statistical modeling of warm season extreme rainfall statistics can explain most of
the variability of the extreme rainfall over China. In former studies, 500-hpa geopot-
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5.2 Future research area

ential height is commonly used as a predictor for summer rainfall in the context of
statistical downscaling (Zhu et al., 2008; Wei and Huang, 2010). However, the
relationship between WPSH and extreme rainfall over China in simulations is overall
underestimated. The reason might be the location of WPSH which, shifting eastward,
also leads to rainfall systems centered further eastward.

The statistical modeling of extreme value distributions can be further expanded
and improved introducing other potential predictor candidates: high time resolution
water vapor (based on GPS-systems, see Bordi et al 2013), land-ocean sea level
pressure or temperature differences, 850-hPa zonal and meridional velocity and
200-hPa zonal velocity, or circulation regimes.
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