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中 文 摘 要 ： 極端天氣與氣候事件所帶來的環境災害對於人類生命財產安全以及
社會經濟發展都有很大的影響。極端降雨所帶來的洪水、土石流往
往造成人員傷亡、房屋與基礎建設的損毀，持續的熱浪不只影響民
眾生活與健康，也造成農牧產業減產與基礎設施維運的問題。從過
去歷次聯合國氣候變遷科學報告中，認為未來暖化氣候將造成各地
熱浪、極端降雨發生頻率與強度大幅增加。雖然已經有相當多氣候
變遷對極端降雨、乾旱以及熱浪影響的研究，但是多半的分析推估
都是以相對基期氣候的極端指標長期平均變化，或是以統計極值分
析探討極端事件的重現期改變。本計畫的特點是將從整體極端事件
的角度出發，從全球完整天氣分析與氣候觀測記錄，全面性地尋找
時間與空間中互相連接的極端天氣發生位置與時間。而極端天氣可
以是豪雨、熱浪、乾旱或其他可以客觀定義的致災現象。這些極端
天氣發生機率或強度可以用來做為測試評估決定整體極端事件的持
續時間、影響範圍、強度以及整體累積效應所需的時空連結條件
，分析的結果可以將不同區域歷史上所發生過的極端天氣與氣候事
件加以排序、比較。這些時空相互連結極端事件的整體累積強度比
極端指標長期平均變化更能連結到個別事件所帶來的可能潛在災害
規模大小，特別是規模大且嚴重的極端事件所可能導致的災害往往
遠大過比平均極端事件。此外也可以進一步討論個別獨立搜尋的不
同極端事件種類的時空交集所形成的複合型氣象災害的特性與交互
作用機制。.
計畫研究將從應用極端事件偵測分析方法到過去歷史紀錄與觀測分
析資料開始，從過去研究文獻、紀錄以及媒體所報導的知名歷史極
端事件出發加以評估驗證。此客觀事件偵測方法也一樣可以運用到
全球與區域氣候模式的歷史模擬資料，檢驗模式模擬不同地區極端
天氣與氣候事件的能力。此外，運用極端事件時空演變比起極端指
標平均變化，更可以將極端事件所伴隨的氣象環境條件與物理過程
加以同步呈現
、分析比較，以說明不同氣候區域極端事件的差異。計畫所提的研
究工作除了評估過去全球與區域不同型態的極端事件特性與伴隨物
理機制隨時間的變化外，也將運用全球與區域氣候模式對於未來氣
候變遷情境下的推估模擬資料，探討未來個別與複合極端事件規模
與其時空演變與物理過程的變化範圍與不確定性。此外，也可以運
用耦合模式比對計畫模擬實驗資料庫中所設計的歷史偵測歸因數值
實驗，以過去所發展的極端事件歸因分析架構，量化人為或其他個
別氣候驅動因子對於極端事件發生的可歸因風險變化程度。

中文關鍵詞： 氣候變遷、天氣與氣候極端事件

英 文 摘 要 ： Natural disasters due to events of extreme precipitation,
drought, and heatwaves have a huge influence on security of
human life and properties, societal economy and
development. Extreme rainfall leads to flooding and
landslide including risk to human life, damage to buildings
and infrastructure, and loss of crops and livestock.
Extended heatwave not only affect human health, but also
have large impact on crop yields and food security and
increase strain on infrastructure (power, water and



transport). From past IPCC reports, it is commonly expected
that precipitation extremes and frequency of heat waves
will increase as the climate warms and with more moisture.
Although there are plenty of studies working on the topic,
usually the projected change are expressed as long-term
mean change of extremes or as changes in return level and
return period based on statistical extreme value analysis.
The uniqueness of the proposed research work is on search
of events by spatial and temporal connected extremes
occurrences. The extremes can be heavy rainfall, heat
waves, and drought etc. The occurrence or severity of
events can be used as threshold to test the sensitivity of
methodology in determining the event duration, affected
area and
integrated magnitude of event. The outcome can be compared
and ranked through record history and with different
regions. The total magnitude of unsegregated extreme events
should link more directly to the potential damages
of natural disasters. The joint events from different
extremes that lead to compound hazard can be further
explored.
The research will be start from applying the methodology to
the growing historical records and observational analysis.
The result can be evaluated from the well-known historical
extreme events in the literatures and past media coverages.
The same objective approach be applied to global and
regional climate model simulation to obtain the
characteristics of spatial and temporal evolution of
extreme events in the model and to further assess the
capability of model in capturing the observed statistics of
extreme events in their historical runs. Another advantage
of using event approach and compared to the mean changes is
that the event associated environmental thermal and
dynamical conditions in different climate regions can be
constructed to further delineate the underlying physical
processes separately. The compounding processes that lead
to compound disasters can also jointly discussed. The
proposed study not only analyzing the global and regional
aspects of different type of precipitation and temperature
extreme events change through time in the past and into the
future, but also the associated environmental and
meteorological conditions that cause the events to happen
both individually or jointly. Additional effort to quantify
the attributable risks of extreme events due to human
impact or other individual forcing can be studied using
IPCC CMIP designed numerical experiments with large
ensemble members.



英文關鍵詞： Climate Change, Weather and Climate Extreme Events
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Project Abstract 

Natural disasters due to events of extreme precipitation, drought, and 
heatwaves have a huge influence on security of human life and properties, 
societal economy and development. Extreme rainfall leads to flooding and 
landslide including risk to human life, damage to buildings and infrastructure, 
and loss of crops and livestock. Extended heatwave not only affect human 
health, but also have large impact on crop yields and food security and 
increase strain on infrastructure (power, water and transport). From past IPCC 
reports, it is commonly expected that precipitation extremes and frequency of 
heat waves will increase as the climate warms and with more moisture. 
Although there are plenty of studies working on the topic, usually the 
projected change are expressed as long-term mean change of extremes or as 



changes in return level and return period based on statistical extreme value 
analysis. The uniqueness of the proposed research work is on search of 
events by spatial and temporal connected extremes occurrences. The 
extremes can be heavy rainfall, heat waves, and drought etc. The occurrence 
or severity of events can be used as threshold to test the sensitivity of 
methodology in determining the event duration, affected area and integrated 
magnitude of event. The outcome can be compared and ranked through 
record history and with different regions. The total magnitude of unsegregated 
extreme events should link more directly to the potential damages of natural 
disasters. The joint events from different extremes that lead to compound 
hazard can be further explored.

The research will be start from applying the methodology to the growing 
historical records and observational analysis. The result can be evaluated 
from the well-known historical extreme events in the literatures and past 
media coverages. The same objective approach be applied to global and 
regional climate model simulation to obtain the characteristics of spatial and 
temporal evolution of extreme events in the model and to further assess the 
capability of model in capturing the observed statistics of extreme events in 
their historical runs. Another advantage of using event approach and 
compared to the mean changes is that the event associated environmental 
thermal and dynamical conditions in different climate regions can be 
constructed to further delineate the underlying physical processes separately. 
The compounding processes that lead to compound disasters can also jointly 
discussed. The proposed study not only analyzing the global and regional 
aspects of different type of precipitation and temperature extreme events 
change through time in the past and into the future, but also the associated 
environmental and meteorological conditions that cause the events to happen 
both individually or jointly. Additional effort to quantify the attributable risks of 
extreme events due to human impact or other individual forcing can be 
studied using IPCC CMIP designed numerical experiments with large 
ensemble members

Keyword: Climate change, Weather and Climate Extreme Events.



Project Progress Report

1. Background

Human activities and environment are greatly affected by climate and weather 
extremes. An increasing growing interest in extreme weather and climate 
events is motivated by the vulnerability of our society to the impacts of such 
events. The impacts of the changing climate will likely be felt most strongly 
through changes in intensity and frequency of weather and climate extremes. 
Recent study by Donat et al (2016) analyzing most global land areas gridded 
observation and long-term reanalysis data for the past century showed that 
warm extremes have increased in frequency and intensity, while cold 
extremes have decreased in frequency and intensity (consistent with 
increased temperature values) in most regions of the globe throughout the 
past century.  There has been a likely increasing trend in the frequency of 
heatwaves since the middle of the 20th century in Europe, Australia, and 
much of Asia where there are sufficient data (IPCC 2013).

In additional to heat waves extreme statistics, the understanding of physical 
driver are also important for evaluating the capability of model simulation and 
projection for temperature extreme. Heat waves are often associated with 
quasi-stationary anticyclonic  circulation anomalies that produce prolonged 
hot conditions at the surface (Black and Sutton, 2007; Garcia-Herrera et al., 
2010). Heat waves can also be amplified by pre-existing dry soil conditions in 
transitional climate zones induced by precipitation deficits or/and 
evapotranspiration excesses (Fischer et al., 2007; Seneviratne et al., 2010; 
Mueller and Seneviratne, 2012). Using different heatwave indices, Meehl and 
Tebaldi, (2014) showed observations that present-day heat waves over 
Europe and North America coincide with a specific atmospheric circulation 
pattern that is intensified and produce more severe heat waves in those 
regions in the future. For East Asia, westward movement of the western North 
Pacific subtropical high is the primary factor for large-scale heat waves. (Ding 
et al. 2010, Luo and Lau, 2017) covered region with anomalous subsidence, 
which leads to warming, and clear sky and causes greater solar heating. In 



India, heatwaves during the pre-monsoon season (March−May) cover some 
area of the country nearly every year, cause high mortality, and affect a large 
population (Pai et al 2013). During 2015, local circulation pattern and dry soil 
moisture in premonsoon period can often have an influence on severe 
temperature extremes and end when the rainfall season comes (Ratnam et al. 
2016).

While the low resolution global climate model with bias in simulation surface 
air temperature tends to prevent meaning comparison with absolute extreme 
temperature indices (developed by Expert Team on Climate Change Detection 
and Indices, ETCCDI, Zhang et al. 2011) without bias correction, the 
percentile based temperature extreme indices are in fairly good agreement in 
the temporal evolution of CMIP models and reanalyses (Sillmann at al. 
2013a). For the future projected changes in extreme temperature indices, 
similarly often only the time-mean evolution of percentile based temperature 
extreme indices in model future scenarios projection runs are reported. 
(Sillmann at al. 2013b). Or alternatively using extreme value analyses to 
discuss the projected mean future changes in the return period of extreme 
events from CMIP model simulation (IPCC 2012).

Although there are plenty of studies working on the topic, as shown previously 
as example from previous review papers and assessment reports, usually the 
projected change are expressed as long-term mean change of extremes or as 
changes in return level and return period based on statistical extreme value 
analysis. While there are still quite rich information associated with those 
aspects from mean changes in observational analysis, model evaluation and 
future projections. They are less likely to trace back to the individual extreme 
events that might have spatial and temporal coherence that can not be 
revealed from segregational gridded analysis for extremes and then take 
further area averages. The specific physical processes that drive regional 
temperature extreme and heat waves also can not be discussed directly with 
the time mean and regional average of extreme indices.

Therefore, the uniqueness of the proposed research work is on search of 
events by spatial and temporal connected temperature extremes occurrences. 



The extremes can also be changed to heavy rainfall or any other well known 
natural hazard. The occurrence or severity of events can be used as threshold 
to test the sensitivity of methodology in determining the event duration, 
affected area and integrated magnitude of event. The outcome can be 
compared and ranked through record history and with different regions. The 
total magnitude of unsegregated extreme events should link more directly to 
the potential damages of natural disasters.

The idea of event detection and tracking is certainly not new. For example, 
looking at consecutive satellite image of tropical cyclone to determine the 
tracks of its center location and even guessing the intensity from the structure. 
With key sets of meteorological conditions, the storm tracking can also use 
typical storm characteristics to search and detect the snapshots of potential 
storm locations and linking location through time. Using an object oriented 
approach and applied to high spatial and temporal resolution precipitation 
data set PERSIANN, Sellars et al (2015) segment out precipitation events as 
a 4-D objects (latitude, longitude, time, and intensity) that characterize the 
events and their structure for further study.

Based from the similar approach, here we will first applied such object 
oriented analysis to the heat wave event detection and heat wave magnitude 
index to demonstrate how to construct an extremes heat wave events from 
temperature data set. The purpose is just to generalize the concept to search 
different type of extreme event individually or event jointly.

The research will be start from applying the methodology to the growing 
historical records and observational analysis. The result can be evaluated 
from the well known historical extreme events in the literatures and past 
media coverages. The same objective approach be applied to global and 
regional climate model simulation to obtain the characteristics of spatial and 
temporal evolution of extreme events in the model and to further assess the 
capability of model in capturing the observed statistics of extreme events in 
their historical runs. Then the future projected changes in extreme events 
statistics will be estimated from CMIP model future scenarios runs along with 
the changes in the associated environmental and meteorological conditions 



that cause the events to happen both individually or jointly. Additional effort to 
quantify the attributable risks of extreme events due to human impact or other 
individual forcing can also be studied using IPCC CMIP designed numerical 
experiments with large ensemble members.

The overall the 3-year project goals are as the follows:

(1) Using high resolution observational data, from both meteorological 
analysis and satellite retrieval, to search studied extreme events by 
spatial and temporal connection of extreme occurrences and magnitude 
and link the integrated connected volume to the potential damages of the 
extreme event.

(2) Comparing, ranking and categorizing the events statistics from both 
regional view and global perspectives, and evaluating the methodology 
with historical event records found in the literatures and past media 
coverages.

(3) Using spatial and temporal evolution information of extreme events in 
different climate regions to construct the concurrent meteorological 
conditions and analyze the underlying physical processes for different 
extremes.

(4) Applying the same extreme event searching methodology to climate model 
simulated data and evaluate current generation climate model’s ability to 
capture different regional extreme events statistics and associated large-
scale driver.

(5) To quantify the attributable risks of extreme events due to human impact or 
other individual forcing can be studied using designed numerical 
experiments with large ensemble members

(6) To estimated the projected future change in temperature and rainfall 
extremes from event perspective and their associated change in the 
large-scale conditions.

Using heatwave as an example, We have finished the test of extreme event 
tracking scheme using temperature data fro Reanalysis. It is documented in a 



paper already submitted to “Weather and Climate Extremes” for review. The 
paper is attached in the end of report as the main result from the first year of 
project.
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ABSTRACT 

Public perceptions of the risk posed by natural hazard and climate change are typically 

associated with extreme events. While there are studies focused on the detailed synergy for 

processes that lead to the event occurrence. Past literatures working on long-term variations 

of global weather and climate extremes often study the derived indices and apply further 

statistical models to data sampled from a fixed grid point or area. Our study, using extreme 

heat wave events as an example, proposes an alternative framework to track and analyze 

extremes from an event perspective to facilitate better climate risk communication. 

With a selected threshold of daily heat wave intensity and objective spatial and 

temporal connectivity algorithm, we introduce an event-tracking method to automatically track 

all global heat waves based on long-term reanalysis data. Two closely but separate European 

heat wave events (Scandinavia and France) in 2003 are used to demonstrate the validity of 

our event-tracking method. We further highlighted the genesis frequency, occurrence density 

and tracks of all historical heat wave events over the global land area from 1979 to 2018. The 

contributions from heat wave’s intensity, affected area and temporal evolution to each 

individual extreme event are documented.  With the retaining spatial and temporal evolutions 

of tracked heat wave events during their lifespans, the precursory and concurrent 

environmental conditions associated with the event can be further studied. The integrated size 

and scale measures of heat wave extreme events can be compared historically in a region 

and/or across different climate regimes.  They also provide better information for the risk 

assessment on event associated loss and damages, and can easily be extended to study 

compound hazards with intersections of different types of extreme events.   

 

Key words: Extreme event, Heat wave, Feature tracking, Depth-First Search algorithm 
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1. Introduction 

Extreme heat waves have serious impacts on society and environment (Schär et al., 

2004; Lobell and Field, 2007; Miller et al., 2008; McMichael and Lindgren, 2011; Schaeffer et 

al., 2012; Stillman, 2019).  There are detailed studies on particular extreme heat wave events 

that lead to sharply increased mortality, catastrophic crop failures and elevated risks of 

massive wildfires. (Poumadère et al., 2005; Westerling et al., 2006; Kaiser et al., 2007; García-

Herrera et al., 2010; Barriopedro et al., 2011; Lesk et al., 2016; Lewis et al., 2020).  However, 

how past heat wave events occurred historically and their projected changes with different 

future climate scenarios are often discussed with only heat waves related indices and statistics 

based on absolute or relative (percentile-based) thresholds locally from station or gridded 

temperature data (Tebaldi et al., 2006; Kharin et al., 2013; Sillmann et al., 2013a, 2013b; 

Alexander et al., 2016).  Even though these temperature related indices and applied extreme 

statistical models can provide useful insights of local extreme characteristics.  They no longer 

linked back to the heat wave events discussed in the media and previously mentioned 

literature.  Our study aims to examine the global heat waves from an event perspective that 

provide alternative view to the commonly used heat wave statistics from station and gridded 

data at fixed location. 

Some researchers studied the heat wave from Lagrangian coordinate viewpoint (Bieli 

et al., 2015; Quinting et al., 2017; Zschenderlein et al., 2019). They utilized a Lagrangian 

analysis tool (Sprenger and Wernli, 2015; LAGRANTO) to trace air masses linked with heat 

waves in Europe and Australia. Compared to conventional Eulerian coordinates, their results 

clearly demonstrated the ease of studying weather patterns that cause heat waves from a 

Lagrangian perspective. However, the air mass trajectory method also exposed a shortcoming 

in terms of the decision on a targeted area to start the tracing process. The requirement of the 

initial targeted area in their method raises the difficulty and limits the flexibility to apply similar 

techniques on heat waves globally due to a lack of universal meteorological background for 

different studied regions around the world.  
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The heat wave is usually induced by specific local weather conditions (Perkins, 2015; 

Horton et al., 2016). For example, in mid-latitudes, atmospheric blocking with moisture deficit 

can lead to a continuous warm period (Karl and Quayle, 1981; Meehl and Tebaldi, 2004; Black 

et al., 2004; García-Herrera et al., 2010; Barriopedro et al., 2011; Matsueda, 2011; Pfahl and 

Wernli, 2012). In East Asia, the position and extension of summertime western Pacific 

subtropical high controls the span of consecutive hot days (Ding et al., 2010; Luo and Lau, 

2017; Kueh et al 2017). While in India, surface dryness before the arrival of monsoon rainfall 

is crucial for the occurrence of extremely high temperatures (Kumar, 1998; Bandyopadhyay 

et al., 2016; Rohini et al., 2016). Therefore, one can’t trace heat waves in different regions 

simply based on just similar meteorological conditions. On the other hand, the nature of the 

heat wave, namely prolonged extremely high temperatures, would be relatively easy for 

scientists to detect areas where heat waves occurred.  Therefore, through continuously 

analyzing observed areas of high temperature extremes, it is possible to follow this “footprint” 

to track a heat wave event and explore how its characteristics evolve in both space and time.  

Again, it provides a different view from the commonly used local temperature time series and 

heat wave statistics that are often calculated independently for adjacent locations. 

The main objective of this study is to develop a tracking method that can automatically 

and objectively detect heat wave events worldwide.  There are two key issues that need to be 

addressed in the algorithm: one is “how to find the area with continuous temperature extremes 

with well-defined intensity?” and the other is “how to connect them together through space 

and time?” For the first task, finding the area with prolonged temperature extremes, we simply 

use an indicator developed by Russo et al. (2015).  There is no universal definition of heat 

wave (Robinson, 2001; Perkins, 2015). Finding a proper local definition of heat wave is beyond 

the scope of our study.  Nevertheless, to track a heat wave event, one still has to start from a 

properly defined indicator. This indicator, as an essential part of their heat wave magnitude 

index daily (hereafter HWMId) by Russo et al. (2015), features the ability to represent daily 

magnitude during a heat wave event at each grid point within its field.  We will describe the 

definition in more detail later. 
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The second task is to connect the area with the selected magnitude of heat wave 

indicator, or the “footprints” of the heat wave through time. The idea of tracking an extreme 

event is not new. For example, Dvorak (1975) proposed to look at consecutive satellite images 

of a tropical cyclone to determine the track of its center, or to estimate the intensity through 

studying the shape and structure of the cyclone (Hodges, 1994; Bengtsson et al., 1995; Vitart 

et al., 1997; Hoskins and Hodges, 2002). Sellars et al. (2015) described a method which 

features characterizing spatial and temporal structures of an object to study the evolution and 

movement of precipitation systems. Following the concept from Sellars et al. (2015), our work 

applies a similar object-oriented analysis to the daily magnitude indices to spatially and 

temporally characterize a heat wave, and thus constructs extreme heat wave events around 

the world from a long-term global daily temperature dataset. With information on the detailed 

spatial and temporal evolution of an extreme heat wave event, it is possible to study concurrent 

meteorological backgrounds associated with the event to clarify physical processes that lead 

to the occurrence or termination of the heat wave as well as the variation of intensity for all the 

extreme events found in the record. 

The data used for this study and analysis framework are introduced in Section 2. The 

verification of the ability of the heat-wave-event tracking method is described in Section 3 with 

two historical heat wave events that occurred over Scandinavia and France in 2003 to explain 

and highlight the additional information provided by our framework. Furthermore, the scale, 

genesis frequency and trajectory of historical heat wave events are shown and briefly 

discussed in section 4. Section 5 concludes the benefits of our event-tracking method and 

gives suggestions for relevant application and future extension of our work. 

2. Data sets and methods 

2.1. Reanalysis data 

The daily maximum temperature (Tmax) used for the heat wave analysis is from ERA-

Interim dataset produced by the European Center for Medium-Range Weather Forecasts (Dee 
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et al., 2011).  The data spatial resolution is at 0.75° in both longitude and latitude. Our analyzed 

period is from 1979 to 2018. The daily 500hPa geopotential height fields concurrent with 

extreme heat wave events are also obtained to briefly highlight the main associated 

environmental conditions.  

2.2. Daily heat-wave magnitude index  

Following Russo et al. (2015), their heat wave magnitude index, HWMId, consists of 

two parts: “heat wave definition” and “daily magnitude of the heat wave”. They defined a heat 

wave as more than three consecutive days with Tmax above a daily threshold.  The threshold 

is defined as the 90th percentile of daily Tmax centered on a 31-days window throughout the 

reference years.  For a given day d, the corresponding data pool, Ad, is defined by 

       (1)	

!"#$#%&%'#()*#+%*"#%,(-)(%).%+#*+%/('%0(y,i) is the Tmax of the day i in the year y. 

Secondly, a daily heat wave magnitude (hereinafter, Md) is defined as :	

									(2)	
with Td being the Tmax on day d of a heat wave, T25p and T75p are the 25th and 75th percentile 

values chosen from the yearly Tmax in the 30 years base period. With a denominator of Md 

representing a measure of variability of annual Tmax time series, a non-dimensional Md value 

of 3 means the temperature anomaly on day d with respect to T25p is 3 times the inter quartile 

range of 30 years Tmax. In case when a daily Tmax is lower than the 25th percentile of annual 

Tmax, Md is actually zero. In other words, the definition of Md filters out the contribution to 

HWMId from some relatively lower temperature days in a heat wave.  It is noteworthy that we 

calculate Md only for heat wave days defined above (Russo et al., 2015) and later tracked a 

heat wave event for areas with only non-zero Md value.  It is also flexible to select different Md 

threshold levels and focus only on heat waves with larger daily intensities.  
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2.3. Event Tracking 

Sellars et al. (2015) described a method to segment out a precipitation event as a 4-D 

object (longitude, latitude, time, and intensity) that characterizes the event and the structure. 

Following their general concept, this study uses a connectivity algorithm (Becker et al., 1982; 

Esfahanian and Hakimi, 1984) to track similar 4-D objects of an extreme heat wave event from 

the previously mentioned daily magnitude Md distribution through time.  

Conceptually it is simply to identify isolated 3-D (longitude, latitude, and time; this 

applied to all 3-D mentioned later) objects with non-zero daily magnitude Md through the time 

frame analyzed and over all the land area. Although recently marine heatwaves have attracted 

considerable scientific and public interest (Frölicher et al., 2018; Hobday et al., 2018; Oliver 

et al. 2018), we decided to focus on heat waves over land first here.  Note that this limitation 

certainly can affect the size of heat wave events we analyzed, especially over islands and 

coastal regions. To decide whether a 3-D (longitude, latitude, and time) voxel connected to a 

neighboring voxel,  it still required an algorithm to automatically track and classify the 

connected voxels as the same group, and therefore an individual extreme event that 

separated from other events.  For that purpose, we examine the voxel connectivity with a 

depth-first search algorithm (Tarjan, 1972). The details of the algorithm are described in the 

appendix. 

To ensure the severity of the selected events, only the events which contain more than 

27 voxels in the event-tracking process would be further analyzed in this study.  This number 

threshold is arbitrarily chosen.  One can certainly further limit the analysis to irregular 3-D 

object events with larger numbers of connected voxels either with longer duration and/or wider 

spatial extent.  But again, one should be aware of the possible regional constraint of object 

size for island or coastal regions when examining regional heat wave events. 

It is also worth mentioning that such an event-tracking method is not limited to the 

scope of heat waves. It is straightforward to apply to a different target of interest (e.g. drought 

or heavy precipitation) or even look at compound events with intersection of objects when one 

explores different hazards jointly. 



 8 

2.4. Heat-wave magnitude scale (HWMS) 

After determining all the individual heat wave events, one can further calculate the heat 

wave magnitude scale (hereinafter, HWMS; unit: day • km2) for all tracked heat wave events. 

HWMS is simply defined as the summation of daily magnitude Md for all connected voxels of 

a 3-D  (longitude, latitude, and time) event object.  Note that even though the voxels that 

construct the object are connected, the shape of the event object can be irregular in time and 

space.  HWMS is an indicator for the severity of a heat wave event that includes contributions 

from duration, daily intensity and affected area.  Not only the total event volume affects HWMS 

but also the daily magnitude Md contributes to the index.  One can easily use HWMS index to 

rank all of the studied heat wave events.  Furthermore, it is also possible to category the heat 

wave event based on their scales.  The importance of HWMS is emphasized here since often 

the loss and damage associated with extreme events are much larger for events with longer 

lifetime and greater intensity (Emanuel, 2005; Coronese et al., 2019).   

In addition to HWMS, further statistics on the genesis, lysis, and tracks of all heat wave 

events globally can be studied.  The duration, impacted area, and controlling environmental 

conditions of heat wave events can then be compared regionally. 

3. Heat-wave-event tracking method demonstration 

In this section, we use historical heat wave events (one started from July 14th 2003 

over Scandinavia and the other occurred in 2003 August first over France) as examples to 

demonstrate how our event-tracking method worked. The reason to choose these two events 

is because they occurred over nearby regions and with close time frames. Thus, they can be 

used to test whether the application of the event-tracking method explained in Section 2.3 can 

successfully separate those heat wave events into different groups. 

Fig. 1a shows the 3-D (longitude, latitude, and time) result of applying our event-

tracking method on the study of European heat waves in 2003. From Fig. 1a, it is clear that 

the heat wave events can be separated into two different groups: the Scandinavian heat wave 
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(orange color) and the French heat wave (green color). In addition to the location difference, 

Fig. 1a also provides information that the Scandinavian heat wave (7/14 to 7/23) occurred 

earlier than the French heat wave (8/1 to 8/25). Furthermore, it is also clearly revealed that 

the affected areas of heat waves are changed with time. To verify the features shown in Fig. 

1a, we also construct a top-down view (Fig. 1b). By changing the 3-D view to 2-D view, it 

allows us to compare our results with Fig. 5a of Russo et al. (2015) which only shows the 

horizontal distribution of yearly maximum HWMId values in 2003. It is noted that the location 

of heat waves identified in Fig. 1a are very similar to those in Russo et al. (2015), suggesting 

that our event-tracking method is capable of picking up the same events. However, it should 

be noted that in Russo et al. (2015), there was no information of the space-time development 

of heat waves that we showed in Fig. 1a.  In other words, our event-tracking method has the 

ability to individually, spatially and temporally identify the neighboring heat waves into different 

groups. The starting/ending time and affected location of heat wave events can be precisely 

determined. 

 

 

Fig. 1. Schematic plots in (a) 3-D (longitude, latitude, time) and (b) top-down view on the 

spatial and temporal ranges of the Scandinavian (orange) and French (green) heat wave 

events in 2003. The X, Y and Z axis represent longitude, latitude and time, respectively. 
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To further demonstrate the study of heat wave events with our event-tracking method 

can help to link the events with associated weather systems, we superimposed the concurrent 

horizontal distribution of 500hPa geopotential height (contours) with period mean Md (shaded 

area) at various time frames across the development of the above-mentioned two European 

heat waves (Fig. 2). Previous studies suggested that a variety of meteorological conditions 

through summer months such as persistent blocking, anomalously clear skies and the 

downward net radiative fluxes, prolonged high sea surface temperatures, intense negative soil 

moisture anomalies resulting from a lack of rainfall, all contribute to the 2003 summer 

European heat waves (Schär et al., 2004; García-Herrera et al., 2010). The detailed analysis 

on specific heat wave events is beyond the scope of our study.  Here we just use 500hPa 

geopotential height to highlight the main blocking feature associated with the events. The 

variation of 500hPa geopotential height represents typical weather evolution before, during, 

and after blocking occurrence.  

 

 

Fig. 2. Time period averages of spatial distribution of daily heat wave magnitude,  Md, (color 

shadings) and concurrent 500hPa geopotential high (contours, unit: m) sequentially in (a-e) 

Scandinavia and (f-j) France. The number range above each panel is the corresponding 

duration in terms of Julian day. 
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In Fig. 2a, there was no high-pressure system above Scandinavia before the heat 

wave events started. Then, the blocking expanded to the north on July 13 (Fig. 2b). Affected 

by the movement of blocking, it is also noted from Fig. 2b that some heat wave signals (Md > 

0.8) started to appear in southern Norway. During July 14-18 (Fig. 2c), the main blocking 

center remained over Scandinavia, producing a stable and warm atmospheric condition, and 

the daily magnitude Md signals well echoed this condition with intensified index values raging 

around that area. The Md signals started dissipating during July 19-22 (Fig. 2d) where the 

high-pressure system moved eastward. After the blocking system moved away, the signal of 

heat waves also disappeared (Fig. 2e). 

Before the French heat wave started in 2003, the center of the high-pressure system 

stayed south of 40°N at the end of July (Fig. 2f). During the end of July and early August, the 

blocking continued to strengthen and started to expand to the north, and some weak Md 

signals can be spotted in Southern Europe (Fig. 2g). During August 2 to 12 period (Fig. 2h), 

the extreme heat wave struck France, with the strong and mature blocking persisting over 

France and Germany. The severity of the heat wave is presented by the intense and the 

noticeable Md signals covering the entire area of France. Finally, during August 13 to 24 period 

(Fig. 2i), the blocking and the Md index retreated southward and started to weaken, 

announcing the end of the extreme warmth. The pattern of blocking completely disappeared 

over most of the area of Europe after the heat wave event ended, shown in Fig. 2j. The results 

above are clear demonstrations for the validation of our event-tracking method, with both heat 

wave events being individually detected and corresponded well with the weather system. 

Also, by using the event-tracking method, which provides the additional space-time 

information of Md, we can construct the stacked bar chart to show the time evolution of size 

and intensity of heat wave affected area (Fig. 3). Here, the height of stacked bars corresponds 

to the daily total area affected by the heat wave event and the stacked color dots represents 

contribution from the daily magnitude Md of all grid boxes (0.75°x0.75°) across the region.  As 

shown in Fig. 3, the Scandinavian heat wave expanded its daily affected area from about 

50000 to a maximum of 650,000 km2 during its lifespan. The heat wave reached its peak area 
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total intensity on 7/16 with daily magnitude Md values greater than 1.5 covered about 300,000 

km2. In comparison, the French heat wave persisted for 10 days with Md values greater than 

1.5 spanned an area at least 500,000 km2. Not only the duration, but also the affected area 

and intensity were all much more severe than the earlier Scandinavian heat wave.  Using 

stacked bar charts to show the time development of Md can provide more detailed information 

in terms of heat wave’s intensity, affected area and temporal evolution for each individual 

extreme event. 

 

 

Fig. 3. Stacked bar chart to demonstrate the accumulation of grid daily heat wave magnitude, 

Md, over affected areas. The Scandinavian heat wave begins from 7/14 to 8/4 and the French 

heat wave begins from 8/1 to 8/25. The colors and lengths of the lines show the daily Md 
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values and affected areas. The X and Y axis represent time and affected area (unit: km2) 

respectively. Dark gray and light grey backgrounds represent the periods that are shown in 

Fig. 2b to 2d and Fig. 2g to2i. 

4. Applications 

4.1. Global heat wave magnitude scale (HWMS) ranking and comparison 

Summarizing the daily magnitude Md for all extreme heat wave events tracked, we 

have calculated previously mentioned HWMS for all the heat wave events that occurred over 

land area during 1979 to 2018 period.  From event perspective and hazard evaluation, this 

scale measure is certainly better related to loss and damage associated with the extremes. 

The few major disasters can have disproportionately large contributions to the total economic 

impact of all hazards (Coronese et al., 2019). Again, the event integrated HWMS could be a 

critical information for risk assessment that is not necessarily captured by the heat waves 

related extreme indices and statistics from point or gridded data individually. 

With at least 27 connected voxels with non-zero Md as event threshold, totally there 

are 5861 heat wave events identified throughout the period and area of our study.  Fig. 4 

shows the probability density function (PDF) of all analyzed historical heat wave events with 

HWMS more than 106 day • km2. The complete PDF of event HWMS is also provided in the 

inset of figure. Only less than 20% of all events are highlighted to focus on those more 

prominent events that lead to greater loss and damages.  Events ranked at top 20% (10%), 

shaded with yellow (pink), are required to have the value of HWMS larger than about 106 (106.3) 

day • km2.  HWMS for the Scandinavia and France heat wave in 2003 are 106.4 and 107.3 day • 

km2, respectively (highlighted with blue and green dash lines in Fig. 4).  Both 2003 events 

ranked in the top 10%, but HWMS for France heat wave is more than 6 times larger than for 

Scandinavia heat wave.  In fact, the 2003 France heat wave was one of the top 1% events.  It 

is also worthwhile to note that 2010 Russia heat wave is with largest HWMS (108.01 day • km2) 

among all identified heat waves during 1979-2018. 
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Fig. 4. The probability density functions (PDF) of all tracked historical heat wave events from 

1979 to 2018 with the heat wave magnitude scale (HWMS) exceed 106 day • km2.  Events 

ranked at top 10% (20%) are shaded with pink (yellow) color. The Y-axis is the event 

probability in percentage and the X-axis is the scale measure in terms of log10(HWMS) (unit: 

log10(day • km2)). The red, orange and green dotted lines respectively represent the HWMS 

of the Russian (2010), Scandinavian (2003) and French (2003) heat wave events. The 

complete PDF of event HWMS is also provided in the inset of figure with alternative colors 

denoting each 10% interval. 
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Fig. 4 is constructed based on all heat wave events over the land. Due to the different 

characteristics of duration, affected area and daily normalized intensity, for discussion on 

scale and severity of individual heat waves over a regional domain, one should reconstruct 

the probability density function of HWMS using all events only over that region.  Since the 

weather conditions that lead to heat waves are often different regionally, it might also make 

more sense to compare historical events in similar heat wave climate backgrounds.  The area 

size constraint of islands and coastal regions can further add limitations of HWMS measure.  

For example, in Japan and Korea the top 10% regional heat wave events generally only have 

the value of HWMS greater than 105.7 day • km2.  Compared to the threshold for the top 10% 

of  global events (106.3 day • km2), the criteria of corresponding HWMS is much smaller in 

Japan and Korea. 

4.2. The genesis frequencies, occurrence densities and tracks of heat wave events 

The event-tracking method allows one to follow every step of development within the 

lifespan of a heat wave event. As we discussed earlier, heat waves can be induced by different 

local weather systems (Perkins, 2015). Also unlike the distinct genesis, structure, and moving 

patterns of tropical and extratropical cyclone tracks (Knapp, 2010; Hoskins and Hodges 2019), 

heat wave events are typically expected to be more stationary.  Nevertheless, as we 

demonstrated earlier, there is still daily evolution of affected areas and intensities (Fig. 2 and 

3).  Thus, the global distribution of all major heat wave event evolution can provide further 

insights that are not previously studied. For example, one can try to further quantify different 

regional heat wave mechanisms and associated characteristics from a global perspective. 

Again, it can’t be done with only statistics of only local heat wave indices.   

Fig. 5 presents the genesis frequency, occurrence density and trajectories of all 

historical heat wave events with the HWMS larger than 106 (day • km2) from 1979 to 2018. 

The genesis of extreme heat wave events are more frequently found over the tropical region 

as compared to over the extratropics (Fig. 5a). One possibility for that is due to the current 

definition of heat wave daily magnitude that is easier for tropical regions to get a non-zero 
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value due to smaller seasonality of yearly Tmax and therefore potential time period for heat 

waves to occur is longer. On the other hand, heat waves occurred only in summer for 

extratropics. In Fig. 5b, the distribution of extreme heat wave occurrence track density again 

clearly shows tropical regions tend to experience more passage of extreme heat wave events. 

Northeastern part of South America is the area where extreme heat waves occurred most 

frequently, with frequencies reaching more than 80 times over the 40 studied years (about 

twice per year). In comparison to that, the majority of extratropical regions show less heat 

wave occurrence frequency of only 5 to 30 times in 40 years.  

 

 

Fig. 5. (a) The genesis frequency, (b) occurrence density and (c) selected trajectories of 

historical heat wave events from 1979 to 2018. In (a) the beginning and (b) all daily centroid 
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locations of tracked heat wave events are calculated and counted within a 4° x 4° gridded 

area. In (c), the gray and pink trajectories respectively represent the HWMS larger than 106 

(day • km2) and 107.13 (day • km2), or the 80th and 99th percentile values. 

 

Since the event-tracking method can record the “footprint” of the heat wave, the 

trajectories displayed in Fig. 5c showed the spatial movement of the daily centroid of the area 

covered by individual historical events selected.  The results presented here are the heat wave 

events with the HWMS larger than 106 and 107.13 day • km2, which stands for the 80th and 

99th percentile values respectively (in grey and pink color). As expected from the association 

of heat wave to atmospheric blocking in the extratropics, extension of subtropical high, and 

soil dryness, most historical heat waves did not move too far away from where they formed. 

However, even for blocking, detailed daily evolution can be traced and tracked (Barnes et al., 

2012).   

5. Conclusions and Discussion 

In this study, we described an event tracking method to objectively find all historical 

heat waves globally based on a well-designed daily heat wave magnitude index (Russo et al 

2015). The new approach can automatically search for extreme high temperature areas over 

land that are connected spatially and through time. Compared to more conventional studies 

derive heat wave related indices and statistics based on local thresholds at station or gridded 

temperature data (e.g. Sillmann et al., 2013a and 2013b), it provides an alternative view from 

event perspective linked more directly to the historical experience and climate risk story lines 

(Shepherd et al., 2018). Such linkage and additional information should be welcomed to the 

user community on further impact and adaptation studies.  With the specific spatial and 

temporal footprint of the extreme event retained by our event-tracking method, it is possible 

to find the concurrent weather systems and climatic conditions that are responsible for the 
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growing, mature and decaying stages of event evolution.  We have demonstrated these 

benefits with two heat waves that occurred in Europe in 2003. 

Our heat wave event tracking method is designed to be flexible enough to choose a 

specific study target with different intensity thresholds or criteria on connectivity algorithms. 

With non-zero daily heat wave magnitude index and no further restriction on voxel connectivity, 

there are totally 5861 heat wave events found over land globally with at least 27 voxels in 3-

D (longitude, latitude, and time) .  We have defined a heat wave event severity measure, 

HWMS, summarized all daily intensity index of 3-D event objects that can be ranked compared 

and categorized. However, one should be aware of the size limitation for islands and coastal 

regions in our analysis when making comparisons on events from different regions.  HWMS 

value have to be more than about 106.3 day • km2 to be listed in the top 10% of all historical 

heat wave events.  That is roughly corresponding to an affected area of 600km by 600km for 

consecutive 6 days.  The 2010 Russia heat wave is with largest HWMS (108.0 day • km2) 

among all the heat wave events during 1979-2018. The disproportional large impact from 

major disasters (Coronese et al., 2019) highlight the importance of additional information of 

HWMS that describes not only the event severity, but also better information to scale their 

potential loss and damages.  Using a stacked bar chart, the contribution from heat wave’s 

intensity, affected area, duration and temporal evolution to the HWMS for each individual 

extreme event can be studied further. 

With all the heat wave event tracks found, one can study the genesis frequency, 

occurrence and trajectory distribution as other extreme events (e.g. tropical and extratropical 

cyclones). Furthermore, this method not only can be used on reanalysis data, but also on 

gridded observation or data from the climate model simulation. The systematic understanding 

of how these underlying physical and dynamical processes changed in different regions and 

through time from long-term reanalysis and climate simulation again will enrich the analysis 

on extreme events from simple statistics to more complete depictions.  In addition to the 

probabilistic view based on local extreme statistics with model uncertainty and future 

scenarios, it is even more desirable to convert such statistical climate variables projection into 
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objectively measurable “plausible events” experienced in daily life at different locations 

(Hazeleger et al., 2015; Zappa and Shepherd, 2017).  Such information can help to set a more 

clear goal for climate impact and adaptation study to assess and quantify climate change risk 

and opportunities. 

Finally, even though we are only focused on extreme heat wave events in this paper, 

our event-tracking method can easily apply to a different target of interests (e.g. rainfall 

extreme, drought) with proper selection of intensity threshold.  With objective extreme event 

tracking methods applied to long-term historical data and model outputs, systematic validation 

and comparison of the effect of climate change on extreme events among observations and 

model simulations can be performed across different regions over the globe.  One can even 

further extend and explore compound extreme events (e.g. droughts, heat waves and fire; 

cold surges and strong winds; heavy rainfall, flooding and landslides, etc.) through the 

intersection of tracked events of interest. It was argued that the impact and risk to society 

posed by weather and climate extremes are not necessarily captured accurately by the 

analysis of a single variable but depend upon many possible combinations (Leonard et al., 

2014). Our extreme-tracking method from an event perspective can be crucial to help the 

search for compound events with a very flexible yet quantitatively solid approach.  
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Appendix: Depth-First Search algorithm 

The following is a brief description of the Depth-First Search (hereinafter, DFS) 

algorithm (Tarjan, 1972) applied on ERA-Interim data.  All the ERA-Interim daily Tmax data 
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points can be viewed as 3-D voxels (P(x,y,z); longitude, latitude, and time) with daily intensity 

Md values. The DFS method consists of two parts: (1) to decide whether two voxels are 

connected and can be joined in the same group, and (2) to separate unconnected voxel groups 

from each other. For the condition of connection, if two adjacent voxels (no matter in horizontal 

and vertical direction) both with the Md greater than 0, they are viewed as connected. The 

steps to join or separate additional voxels with non-zero Md are as follows and the searching 

order first looks at the x-axis, and then the y-axis, and the z-axis for the last: 

1. Let P(xk,yl,zm) be all of the voxels in the 3-D data set and S={P(xk,yl,zm),….} represent a 

group with connected voxels listed. The subscripts k, l, and m are the dimension sizes in 

x, y, and z direction, respectively. 

2. Let P(xk,yl,zm) and P(xk+1,yl,zm) are connected in x direction (and later similarly checking 

the connection for y and z directions with the same procedures): 

i. If P(xk,yl,zm) is included in S1 group and P(xk+1,yl,zm) is not included in any other 

group S, P(xk+1,yl,zm) is assigned to S1 group. 

ii. If P(xk,yl,zm) is included in S1 and P(xk+1,yl,zm) is included in S2, then S1 becomes 

the union of two originally separate sets (S1 &%1%2). 

iii. If P(xk,yl,zm) and P(xk+1,yl,zm) is not included in any S, it will create new S and 

let S={ P(xk,yl,zm), P(xk+1,yl,zm)}. 

 

Fig. A.1 is a schematic diagram to show the procedures before and after grouping for a simple 

example of a few voxels with non-zero Md. Based on the above definition, the decision-making 

process is listed as follows and shown in Fig. A.1(b): 

1. Starting from P(1,1,1) in the x-direction, P(4,1,1) is the first voxel with non-zero Md. 

2. The P(4,1,1) is connected to the P(4,1,2) on the Z-axis and they aren't included in any S, 

so S1={P(4,1,1),P(4,1,2)}. 

3. The P(4,1,2) is connected to the P(4,2,2) on the Y-axis and there is no other connection 

to the P(4,2,2). Thus, the S1={P(4,1,1),P(4,1,2),P(4,2,2)} is defined. 
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4. The next process starts with P(1,2,1), the next voxel with non-zero Md. The P(1,2,1) is 

connected to the P(2,2,1) on the X-axis and they aren't included in any S, so 

S2={P(1,2,1),P(2,2,1)}. 

5. The P(2,2,1) is connected to the P(2,3,1) on the Y-axis and the P(2,2,2) on the Z-axis. 

Considering there is no further voxel connected with either the P(2,3,1) or the P(2,2,2), 

thus the set S2={P(1,2,1),P(2,2,1),P(2,3,1),P(2,2,2)} is defined. 

 

Finally the two sets (S1 and S2) are identified through the DFS algorithm. The results are 

colored in pink and blue to represent two individual events, shown in Fig. A.1(c). 

 

 
 
Fig. A.1. Schematic plots to illustrate the principle of the depth-first search (DFS) algorithm. 

For step 1 (a), assuming the Md indices (voxels) distribute in a time-space coordinate and the 

X-axis, Y-axis and Z-axis represent longitude, latitude and time, respectively. The voxels with 

the Md values greater than 0 are colored in green and transparent cubes are for the value of 

0. For step 2 (b), the adjacency list is the decision-making process of the DFS algorithm. The 

circles with a number inside correspond to the associated voxels in step 1. The arrows indicate 

each decision-making process. Two different sets are separately colored in blue and pink. For 

step 3 (c), same as (a) but colored in blue and pink to represent two different sets based on 

the rule in step 2. 

Data availability statements 
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ERA-Interim analyses are freely available from the ECMWF data server 

(https://ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim). The tracks of 

historical heat wave events and the tracking code that support the findings of this study are 

available from the corresponding author upon reasonable request. 
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中國科學院 

大氣物理研究所 
16:40-17:10 

Interannual variability of the tropical 
cyclone landfall frequency over the 

southern and northern regions of East Asia 
in autumn 

陳正達 教  授 臺灣師範大學 17:10-17:40 

Simulation and Future Projection of 
Tropical Cyclone near Taiwan in High-

Resolution AGCM: Simulation and Further 
Dynamical Downscaling 

曹  傑 教  授 雲南大學 17:40-18:10 
一種新的夏季遙相關型：孟加拉灣–東亞

–太平洋遙相關 
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8月 26日 上午                          會議地點： 大理海灣國際酒店 

特邀報告          主持人：溫之平 教授 

報告人                     單   位 報告時間 報告題目 

鐘  中 教  授 國防科學技術大學 09:00-09:30 
夏季西北太平洋熱帶氣旋活動與中國中

東部高溫熱浪的關係 

柯亙重 教  授 高雄師範大學 09:30-10:00 
The impact of ENSO on Submonthly Wave 

Patterns in the East Asian summer 
monsoon region 

蔡榕碩 研究員 
自然資源部第三海洋

研究所 
10:00-10:30 

國家重點研發專案：海岸帶和沿海地區
全球變化綜合風險研究中期進展報告 

10:30－10:45   茶歇 

 

 

特邀報告          主持人：余嘉裕 教授 

報告人                     單   位 報告時間 報告題目 

陳光華 研究員 
中國科學院 

大氣物理研究所 
10:45-11:15 登陸颱風變性過程降雨分佈的差異對比 

談珮華 教  授 嘉義大學 11:15-11:45 
Asymmetric relationships between ENSO 
and entrance tropical cyclones in the South 

China Sea during fall 

武亮 副研究員 
中國科學院 

大氣物理研究所 
11:25-11:45 

Dominant Role of Central Pacific Warming 
on Tropical Cyclones over the Western 

North Pacific 
11:45－14:00   茶歇 

  



Simulation and Future Projection of Tropical Cyclone near Taiwan in High-
Resolution AGCM: Simulation and Further Dynamical Downscaling 

Cheng-Ta Chen1, Chao-Tzuen Cheng2, Teng-Ping Tseng1, Akio Kitoh3, Chia-Ying Tu4 

1National Taiwan Normal University, Department of Earth Sciences 
2National Science and Technology Center for Disaster Reduction 

3Japan Meteorological Business Support Center 
4Research Center for Environment Change, Academia Sinica 

Typhoon is the major contributor to the annual damage and economic lost due to 
natural disaster to Taiwan.  How the characteristics of these high-impact weather 
extremes will change in a warming climate has attracted considerable interests not only 
from research community, but also government agencies working on climate change 
adaptation.  For proper assessments, the reliability of simulated tropical cyclone (TC) 
activities, including tracks, intensity, associated rainfall near Taiwan and how they 
respond to the large-scale climate conditions are very crucial.  Limited by computational 
resources, only a few very high resolution (1/4° or less) global climate models (GCMs) 
can produce more realistic intense TCs and at the same time have long enough 
integration to sample the climate-TC interactions and their local impact.  But for region 
like Taiwan, where complicated topography and coastal line are still under represented 
by global model, the model bias still too large for climate impact and adaptation studies.   
Therefore, further dynamical downscaling from high resolution GCMs are needed.   

Here we present the both original simulation and dynamical downscaling for all the 
TC tracks found in two different multidecadal runs using very high resolution GCMs, 
MRIGCM and HiRAM.  It is one of the key productions from our Taiwan Climate 
Change project Information and adaptation knowledge Platform (TCCIP) to provide 
5km resolution of future projected local extremes and potential hazards due to climate 
change impact on typhoon.  But one should be aware of limited model uncertainty on 
future change change and the sampling problem for TC tracks near Taiwan in GCMs. 



Simulation and Future Projection of Tropical 
Cyclone near Taiwan in High-Resolution AGCM: 
Simulation and Further Dynamical Downscaling

Cheng-Ta Chen1, Chao-Tzuen Cheng2, Teng-Ping Tseng1, 
Akio Kitoh3, Chia-Ying Tu4

1National Taiwan Normal University, Department of Earth Sciences 
2National Science and Technology Center for Disaster Reduction 

3Japan Meteorological Business Support Center 
4Research Center for Environment Change, Academia Sinica
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MRI-AGCM GFDL-HiRAM

Version:	AGCM3.2S	(TL960,	20km)		
															AGCM3.2H	(TL320,	60km,	ensemble)	
Grid:	Gaussian	
Level:	64,	top	@	0.01	hPa	
Δt:	10	min	
Convection:	YS,	AS,	KF	
Hydrostatic

Version:	HiRAM2	(C384,	25km)		
															HiRAM2	(C192,	50km,	ensemble)	
Grid:	Cubed	sphere	
Level:	32,	top	@	1hPa	
Δt:	10	min	
Convection:	Shallow	Convection	
Hydrostatic	

High	Resolution	AGCM	for	climate	projection
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-mean

-mean
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168 Mizuta et al., Classification of CMIP5 Future Climate Responses

the central and eastern tropical Pacific. This spatial pattern in the 
tropics is emphasized in Cluster 2 (Figs. 2c, f). The pattern in Fig. 
2f is similar to the observed interannual variation pattern associ-
ated with ENSO, consistent with the CMIP3 result that projects 
El Niño-like response in many models (Yamaguchi and Noda 
2006). In contrast, Cluster 1 (Figs. 2b, e) shows smaller warming 
in the eastern tropical Pacific, which is an opposite characteristic 
to Cluster 2. In addition, warming in the Southern Hemisphere 
is larger in Cluster 1, to the extent that the warming in the mid- 
latitudes (~40°) is about the same between the both hemispheres. 
Cluster 3 (Figs. 2d, g) has large warming in the western North 
Pacific. Warming is larger than the other clusters also around 
northern Indian Ocean and the North Atlantic. In contrast, 
warming in the Southern Hemisphere is smallest, thus the inter- 
hemispheric contrast is large. 

More specifically, the clustered SST change patterns are fea-
tured by the zonal gradient of the change in the equatorial Pacific 
and inter-hemispheric contrast of the warming. Figure 3 shows the 
scatter diagram of the annual-mean normalized SST change of each 
model, for the difference between 15°S−30°S and 15°N−30°N  
versus the difference between 5°S−5°N, 150°W−90°W (called 
Niño 3 region) and 0°N−15°N, 130°E−150°E (called Niño West 

models, and thus tend to be clustered earlier. This characteristic 
has been also found in the cluster analysis of CMIP5 model 
climatology of surface temperature and precipitation (Knutti et al. 
2013). As we ended up as three clusters, 8, 14, and 6 models are 
classified as Cluster 1, Cluster 2, and Cluster 3, respectively. 

Based on the result of the cluster analysis above, we composed 
three kinds of the future SST change by averaging each cluster 
of the models, after normalized by the annual-mean tropical 
mean (30°S−30°N) SST change. Figure 2 shows the annual-mean 
normalized SST change between the present-day and the end of 
21st century, for the composite of the total 28 models and the 
composites of the three clusters of the models, together with the 
deviations for each cluster from the total mean. The SST changes 
are multiplied by the annual-mean tropical SST change averaged 
for the total 28 models (2.74K) in order that the annual-mean 
tropical SST change becomes the same value as that in the 28 
CMIP5 model mean. Note that the resultant three kinds of the 
SST change pattern have almost the same values of SST for not 
only the tropical mean but also the global mean. It is shown that 
SST warming even in the total mean is spatially inhomogeneous 
(Fig. 2a): warming is larger in the Northern Hemisphere than in 
the Southern Hemisphere, and the largest SST warming occurs in 
the northern North Pacific. Relatively larger warming is found in 

Fig. 1. Dendrogram of SST cluster analysis based on 28 CMIP5 SST 
changes in the tropics (30°S−30°N). 

Fig. 2. Annual-mean sea surface temperature changes (K) from the present-day (1979−2003, historical experiment) and the end of the 21st century 
(2075−2099, RCP 8.5 experiment), for (a) the composite of total 28 models, and (b−d) the composites of the three clusters of the models. (e−g) Differences 
for each cluster from the total mean. The regions where over 75% of the models agree with the sign of the difference are colored. Contours denote 0. The 
change is normalized by the tropical (30°S−30°N) mean for each model before making composition, and then multiplied by 28 models mean tropical SST 
change (2.74K). 

Fig. 3. Scatter diagram of the annual-mean SST change (K) of each model, 
for the difference between 15°S−30°S and 15°N−30°N versus the differ-
ence between 5°S−5°N, 150°W−90°W (called Niño 3 region) and 0°N− 
15°N, 130°E−150°E (called Niño West region). The change is normalized 
by the tropical mean for each model and then multiplied by 28 models 
mean tropical SST change (2.74K). The digits denote the cluster number 
of the models.
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4	SST	near	Taiwan	@	end	of	21st	century



Low	level	circulation	changes

�7

HiRAM	used	the	same	SST	as	MRI_c0

									MRI_c0										MRI_c1												MRI_c2											MRI_c3												HiRAM_c0

Spring 
(MAM)	

Summer	
(JJA)	

Autumn	
(SON)	

Winter	
(DJF)

(m)
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➲ TC	frequency	and	intensity	were	
reasonably	simulated.	

➲ Frequency:	HiRAM	overestimated,	
MRI	underestimated.	

➲ Maxi.	Winds:	HiRAM	underestimated,	
MRI	overestimated.	

TC	track	density	of	1979-2003	in	OBS,	MRI-AGCM	and	HiRAM		

OBS MRI HiRAM

• OBS	
• MRI	
• HiRAM
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➲Reasonable	seasonal	cycle	for	TC	genesis
➲MRI-AGCM	 (HiRAM)	 overestimate	 (underestimate)	
strong	TC	#

➲End	of	21st	century	(RCP8.5)	
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➲ Test	Genesis	Potential	Index	(GPI)	of	Murakami	and	
Wang	(2010)	by	altering	variables	individually	

▪ j 2 W a 5 0-( PCI
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HiRAM MRI-AGCMRCP8.5	
JJA	

TC	
Genesis	
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HiRAM MRI-AGCM

Future Changes in GPI and attribution (RCP8.5)

GPI ↓ 
Not favor

SST ↑ 
Favor

Vorticity ↓
Not Favor

GPI ↓ 
Not favor

SST ↑ 
Favor

Vorticity ↓
Not Favor



HiRAM MRI-AGCM

Future Changes in GPI and attribution (RCP8.5)

Mid-level RH ↓ 
Not favor

Mid-level W ↓ 
Not favor

Vertical Wind 
Shear ↓
Favor

Mid-level RH ↓ 
Not favor

Mid-level W ↓ 
Not favor

Vertical Wind 
Shear ↓
Favor
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HiRAM MRI-AGCM

8PIVOM V I & H VL

➲ MRI	overestimate	the	frequency	of	high	wind	
➲ Max.	winds	are	stronger	in	MRI	that	in	HiRAM.			
➲ Downscaling	can	reduce	the	over/underestimation.	

Results	are	closer	to	observation.	
➲ Ratio	of	strong	TC	increase	in	future



➲ Fewer	 TC	 in	MRI	 results	 in	 less	
rainfall	amount.	

➲ Rainfall	intensity	are	similar.	

Total Typhoon Prec. of Present

SDII of Present

F8 C M I WV
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➲ TC	tracks	is	highly	uncertain	in	
a	small	domain
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F8 N M MV a

Present C0 C1

C2 C3

Genesis	frequency

Track	density

Present c0 c1 c2 c3
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➲ Future	TC	#	all	decrease:	
▪ Northwest	Pacific	TC	#:	c2	>	c0	>	c3	>	c1	
▪ Taiwan	TC	#:	c2	>	c3	~	c0	>	c1.		

➲ Again,	ratio	of	strong	TC	increase	in	all	members.

MRI	
20km Northwest	Pacific	TCs Ratio	to	

Taiwan TCs	Affecting	Taiwan

membe
r Total	# TS Cat1-2 Cat	3-5 Total	# TS Cat1-2 Cat	3-5

1979-2003
OBS 641 43% 44% 13% 18% 115 30% 53% 17%

Present 688 49% 30% 25% 13% 87 28% 40% 32%
2075-2099

C0 365(-47%) 36% 29% 36% 13% 48	(-45%) 17% 42% 42%
C1 299(-57%) 37% 26% 37% 9% 27	(-69%) 26% 19% 56%
C2 454(-34%) 34% 29% 37% 14% 65	(-25%) 15% 32% 52%
C3 312(-55%) 40% 28% 32% 16% 50	(-43%) 34% 28% 38%
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HiRAM C192 (Δx=50km).
WRF ΔX=15, 5, 2.5km in 
D01, D02, and D03. 



							MRI_c0															MRI_c1														MRI_c2													MRI_c3													HiRAM_c0

Summer	
(JJA)	

Autumn	
(SON)	

(m)

C192									HiRAM_c0									HiRAM_c1								HiRAM_c2								HiRAM_c3									

Summer	
(JJA)	

Autumn	
(SON)	

(m)

Projections	of	circulation	changes
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TC	#	in	HiRAM	ensemble

HiRAM	
C192 Northwest	Pacific	TC Ratio	to	

Taiwan TC	Affecting	Taiwan

membe
r Total	# TS Cat1-2 Cat	3-5 Total	# TS Cat1-2 Cat	3-5

1979-2003
OBS 641 43% 44% 13% 18% 115 30% 53% 17%

Present 1035 76% 24% 0% 15% 150 69% 31% 0%
2075-2099

C0 634(-39%) 74% 26% 0% 12% 74	(-56%) 68% 32% 0%
C1 620(-40%) 75% 25% 0% 12% 77	(-52%) 69% 31% 0%
C2 731(-29%) 72% 28% 0% 12% 89	(-50%) 55% 45% 0%
C3 607(-41%) 70% 30% 0% 13% 81	(-51%) 54% 46% 0%

➲ Future	TC	#	all	decrease:	
▪ Northwest	Pacific:	TC	#	c2	>	c0	>	c1	>	c3.	
▪ Taiwan:	TC	#	c2	>	c3	>	c1	>	c0		(c1,	c2,	c3	are	close)	

➲ Difficult	to	tell	intensity	changes.	
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● Present	
● Future

● AGCM	
● RCM	
● OBS

(b)	Wind	in	RCM	&	AGCM (c)	Pres.	in	RCM	&	AGCM

● Present	
● Future

(a)	Wind-Pres.	relationship

➲ PDF	of	max.	wind	&	min.	press	in	RCM	is	stronger	and	also	closer	to	observation.			
➲ Also	shown	was	stronger	TC	intensity	in	the	end	of	21st	century.

(a)	PDF	of	maxi.	wind (b)	PDF	of	mimi.	pressure

➲ Wind-pressure	relationship	in	RCM	is	closer	to	observation	than	that	in	AGCM.			
➲ Maxi.	wind	&	mini.	pressure	in	RCM	is	stronger	than	that	in	AGCM
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➲More	reasonable	annual	TC	rainfall	were	simulated	in	RCM.

present c0 c1 c2 c3

HiRAM

RCM

(mm/year)	
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Summary
➲ TC	projections	of	super-high	resolution	AGCM	(Δx=20-25km)	:		
Although	HiRAM	overestimates	and	MRI	underestimates	TC	#,	
similar	future	change	features	are	found.	
▪ Future	TC	#	in	both	models	are	reduced,	associated	with	smaller	low-level	
vorticity,	and	mid-level	RH	&	W.	

▪ TC	#	reduction	rate	are	similar	(~45%)	in	both	models.			
▪ Ratio	of	strong	TC	increases	significantly	in	the	future	.	

➲ TC	projections	of	MRI-AGCM3.2S	(Δx=20km)	ensemble:	
▪ Subtropical	high	over	NW	Pacific	intensified	more	in	c1	&	c3,	associated	with	
fewer	TC	in	northwest	Pacific.	

▪ Northwest	Pacific	TC	#:	c2	>	c0	>	c3	>	c1	
▪ Taiwan	TC	#:	c2	>	c3	~	c0	>	c1.		
▪ Again,	ratio	of	strong	TC	increase



Summary
➲ TC	projection	of	HiRAM	c912	(Δx=50km)	ensemble:	
▪ Subtropical	high	over	NW	Pacific	also	intensified	more	in	c1	&	c3,	associated	
with	fewer	TC	in	northwest	Pacific.	

▪ Northwest	Pacific:	TC	#	c2	>	c0	>	c1	>	c3.	
▪ Taiwan:	TC	#	c2	>	c3	>	c1	>	c0		(c1,	c2,	c3	are	close)	
▪ Difficult	to	tell	intensity	changes.	
▪ Downscaling	can	effectively	increase	insufficient	TC	intensity	in	HiRAM	c192	

➲ Dynamical	downscaling	for	Taiwan	area	
▪ More	realistic	terrain-circulation	interaction	results	in	better	rainfall	
distribution	in	RCM.	

▪ Downscaling	also	can	reduce	the	TC	intensity	bias.	Results	are	closer	to	
observation.	

▪ Total	TC	rainfall	amount	decrease	because	of	decreased	TC	frequency.		
▪ Most	rainfall	intensity	increase.		Spatial	distributions	of	rainfall	intensity	
changes	are	affected	by	the	uncertainty	in	TC	track	projection.



歷史與推估未來的極端降雨與熱浪事件改變：

觀測、模擬、歸因 

出席國際會議心得報告 

The Scientific discussion meeting organised by Professor Hayley Fowler at Royal 
Society in London is a very interesting meeting that gathered leading scientists on the 
subject.  It was shown that extreme heavy precipitation is increasing in frequency and 
intensity, and results from new global sub-daily datasets and high resolution modeling 
suggest that precipitation extremes will intensify more than anticipated based upon 
theoretical considerations. Understanding this process is vital in advancing the theoretical 
knowledge necessary for a step change in regional prediction from understanding the 
nature and drivers of precipitation extremes. The following is the schedule: 

February 3rd 

Session 1 (Chaired by Professor Gabriele Hegerl FRS, University of Edinburgh, UK) 

09:05-09:30 

UK climate change adaptation and the climate change risk assessment process 

The Baroness Brown of Cambridge DBE FREng FRS, Committee on Climate 
Change, UK 

09:30-10:00 

計畫編號  NSC 108-2111-M-003-006

計畫名稱
歷史與推估未來的極端降雨與熱浪事件改變：觀測、模擬、歸

因

出國人員姓名 
服務機關及職稱

 陳正達（國立台灣師範大學地球科學教授）

會議時間地點 2020年2月3日至4日，The	Royal	Society,	London,	UK

會議名稱
Royal Society Discussion meeting on Intensification of short-
duration rainfall extremes and implications for flash flood risks

發表論文題目
Circulation and rainfall types modulate the linkage between 
hourly precipitation extremes and atmospheric temperature



The INTENSE project: using observations and models to understand the past, 
present and future of sub-daily rainfall extremes 
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Circulation and rainfall types modulate the linkage between hourly 
precipitation extremes and atmospheric temperature 

Cheng-Ta Chen and Tzu-Chin Wu 

National Taiwan Normal University, Department of Earth Sciences 

Events of extreme precipitation have a huge influence on society. They are 
associated with flooding and landslides, and can have impacts on transport and 
safety.  It is commonly expected that precipitation extremes will increase as the 
climate warms.  A simple explanation is that due to the saturation vapor pressure 
increase with temperature (Clausius–Clapeyron relation), the air parcel tends to have 
more moisture in the warmer condition.  But the question is whether changes in other 
dynamical processes can play a role in determining the rainfall amount and pattern 
during the weather extremes.  Using the local concurrent temperature, moisture, 
precipitation, circulation, and types of rainfall events, We demonstrate the possibility 
of modulation on linkage between precipitation extreme and environmental thermal 
conditions due to local weather associated with rainfall type or rainfall contrast 
associated with background monsoon circulation. 



Circulation and rainfall types modulate the linkage between 
hourly precipitation extremes and atmospheric temperature 

Cheng-Ta Chen and Tzu-Chin Wu 
National Taiwan Normal University, Department of Earth Sciences, Taipei, Taiwan

Motivation: Why extreme rainfall intensity reduced at higher temperature?

Summer rainfall-types affect negative scaling for extreme rainfall and temperatures above 25 °C 

2010 
Russia

[Lenderink	et	al.	2011]

Relative	humidity(RH)	as	
a	function	of	the	
temperature	in	South	
Western	Germany

[Westra	et	al.	2014]

[Berg	et	al	2013]understanding of the interactions
between atmospheric variables and
the physical processes that cause
them to change. Two processes have
been identi!ed as having a particularly
large in"uence on the scaling:
changes to atmospheric moisture
availability with increasing temperature
(discussed in section 2.2.2) and
changes to the frequency of
atmospheric circulation patterns and
the mechanisms that produce rainfall
(discussed in section 2.2.3).
2.2.2. In!uence of Moisture
Availability on the Observed Scaling
Temperature has been used as a proxy
for atmospheric water vapor, as direct
water vapor observations are scarce.
However, the connection between the
variables is complex, as shown in
investigations of relative humidity as a
function of temperature [Hardwick-
Jones et al., 2010]. Furthermore,
near-surface temperatures can change
during the rainfall event itself [Haerter
et al., 2010], and this can potentially
in"uence the scaling results. Daily
mean temperature therefore has been
used to minimize such effects, as it is
generally more strongly related to the
temperature of the air masses, and was
found to produce similar results to
maximum daily temperature in a study
at 137 locations in Australia [Hardwick-
Jones et al., 2010].

Changes in relative humidity were
shown by Hardwick-Jones et al. [2010]
to affect the scaling relationship at high
temperatures. They found a reduction
in relative humidity above ~24°C,
suggesting that moisture availability
may decline as temperature increases
(Figure 1b). Thus, moisture availability
does not increase endlessly with

temperature, and may limit the extreme rainfall intensities above a speci!c temperature threshold. However,
because the results were presented in terms of relative humidity, it is unclear whether the total moisture
content is decreasing with temperature or whether it is only the moisture content relative to the
atmosphere’s moisture-holding capacity that is changing [Berg et al., 2009].

Dew point temperature Td has been used as an alternative measure with which to investigate the combined
effect of atmospheric temperature and moisture availability. Dew point represents the actual absolute
speci!c humidity qv of the atmosphere directly, and is de!ned by

qsat Td! " # qv

Figure 1. Conceptual diagram of the observed relationship between
temperature and extreme rainfall intensity as understood from empirical
studies. (a) The basic behavior of higher rainfall intensity percentiles
(solid black line) with CC scaling (long-dashed black lines) below about 12°C,
super-CC scaling (dot-dashed black lines) between 12°C and 24°C, and
negative scaling for temperatures above 24°C. (b) Typical pattern of
observed decrease in relative humidity for higher temperatures [Hardwick-
Jones et al., 2010; Berg and Haerter, 2013]. (c) The hypothesis [Haerter and
Berg, 2009] of the super-CC scaling being caused by a shift from a stratiform
(red) to a convective (blue) weather regime. The inset in Figure 1c shows the
relative contribution of convective rainfall to total rainfall.
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Figure S8: Relative humidity as function of temperature. a, Scatter
plot of relative humidity vs. temperature for stratiform records, conditional
on precipitation. Solid (dashed) lines indicate the mean (mean ± one stan-
dard deviation) of relative humidity for every four degrees Celsius temper-
ature bin. b, Same as (a) but for convective precipitation. c, Same as (a)
but for convective cloud conditions without precipitation. Note that we have
removed the scattered data in (c) for clarity of presentation.
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[Utsumi	et	al	2011]

Network–Daily (GHCN!Daily) (available at http://www.
ncdc.noaa.gov/oa/climate/ghcn!daily/). GHCN!Daily con-
tains over 43,000 stations. Most of these stations report
precipitation values, and more than 23,000 stations report
daily maximum and minimum temperatures. Some stations
have records spanning over 100 years. To improve the het-
erogeneity of the spatial density of stations, we selected
observational stations containing the longest time series data
in each 0.5° ! 0.5° longitude!latitude grid box, resulting in a
subset of approximately 8,900 stations considered in this
study. The 99th!percentile daily precipitation intensity (P99_d)
was estimated as a function of Ta for each station following
the framework of the earlier studies [e.g., Lenderink and van
Meijgaard, 2008; Hardwick Jones et al., 2010; Berg and
Haerter, 2011] using only the data for wet days. Because
GHCN!Daily provides only daily maximum and minimum
surface air temperatures, the average of daily maximum and
minimum surface air temperature was used as the approxi-
mate mean daily surface air temperature, Ta. The precipitation
data from each station were first stratified by Ta, and then, for
each temperature bin with a variable width, P99_d was cal-
culated. The average temperature bin size was defined as 2°C
but was adjusted so that each bin had roughly the same
number of data values. We required at least 150 data values in
each bin. The average temperature for each bin was used in
the analysis. This proceduremakes the result more robust than
an analysis with even!width bins because the effect of the
difference in the number of observations in each bin can be
neglected. Then, for a stronger signal and more robust anal-
ysis, combinations of P99_d and Ta in each non!overlapping
4° ! 4° grid box were gathered and analyses were carried out
for each 4° ! 4° grid box. We verified that the fundamental
conclusion did not change even when the analysis was carried
out for each station.
[7] For most regions, changes in P99_d with Ta could be

classified into three categories as observed previously
[Berg et al., 2009; Hardwick Jones et al., 2010]: a
monotonic increase in P99_d with an increase in Ta (e.g.,
France (Figure 1)), a monotonic decrease (e.g., Thailand

(Figure 1)), and a peak!like structure (e.g., Eastern United
States, Australia, India, and Japan (Figure 1)) where P99_d
increased with Ta up to a threshold Ta (hereafter called
“peak!point temperature”) and then decreased with a further
increase in Ta. The peak!point temperature was detected by
applying “locally weighted regression (LOWESS) smoothing”
[Cleveland, 1979] to the P99_d scatter plots on Ta. The tem-
perature at which the LOWESS smoothed curve had a peak
was regarded as the peak!point temperature. We verified that
the LOWESS smoothing captured the peak!point temperature
well. The monotonic increase in P99_d was dominant at very
high latitudes (>55°N) (Figure 2a). The monotonic decrease
was dominant in the tropics (20°N–20°S), which is consistent
with the result found by a regional study in Australia
[Hardwick Jones et al., 2010]. Mid!latitudes (20°–55°N
and S) exhibited a peak!like structure of P99_d. Berg et al.
[2009] reported the decrease in the extreme daily precipitation
intensity with an increase in Ta in summer in Europe. In our
result without the separation of seasons, such negative scaling
disappeared at high latitudes in Europe. Among the regions
with peak!like structures, high!latitude regions or moun-
tainous regions (e.g., the Rocky Mountains) tend to have low
peak!point temperatures (Figure 2a), implying that the peak!
point temperature is closely related to the local temperature
(see auxiliary material).1

[8] To address the second question, “If an increase is
observed in P99_d, to what extent is the CC scaling applicable
to it?”, we investigated the applicability of the CC scaling to
the increasing phase in P99_d using an exponential regression
that related precipitation, P, to temperature changes, DT,
following the methodology proposed by Hardwick Jones
et al. [2010]:

P2 ! P1 1" !# $DT ;

where a is the rate at which P changes with Ta. Exponential
regression fitting was then applied to the gathered data in each
4° ! 4° grid box. If a peak!like structure was observed in the
relationship between P99_d and Ta, regression fitting was
applied only up to the peak!point temperature.
[9] A limited number of regions had a similar to the CC

rate of 7%/°C (green color in Figure 2b). The CC!like relation
was dominant in mid!latitudes (30°N–45°N) of East Asia,
pacific coastal regions of North America, Eastern Australia,
and Eastern Europe. a larger than the CC rate was observed
mainly in the region 15°–30°N and S except in North America.
The tropics commonly exhibited negative a values. a in
other regions was mostly smaller than the CC rate.

3. Analysis Using Fine Temporal!Resolution
Data in Japan

[10] Because in many regions, we observed decreases in
P99_d when Ta increased, we analyzed sub!hourly temporal
resolution data to address the third question (“what are the
causes of the decreases in P99_d: the decreases in the
precipitation!event intensity and/or duration?”). Fine
temporal!resolution in!situ data are not readily available on
the global scale. In this study, we set the study area to Japan
because sub!hourly in!situ data that cover a wide range of

Figure 1. Behavior of P99_d in six countries (Eastern United
States (E.US), Australia (AS), France (FR), India (IN), Japan
(JA), Thailand (TH)). “E.US” is the part of the United States
extending from 22°N to 50°N and 65°W to 85°W. Each plot
shows P99_d for each Ta bin at each station. Thick lines denote
the LOWESS smoothed lines for the six countries. CC scaling
is illustrated by thin black lines for reference.

1Auxiliary materials are available in the HTML. doi:10.1029/
2011GL048426.
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humidity. The saturation level of the atmosphere would affect
the precipitation trigger [Berg et al., 2009], which partly
determines the WTF. Hence, the saturation level of the
atmosphere could be related to the decreases in WTF and
hence in the extreme precipitation intensity. However, it
should be noted that the atmospheric saturation level can be
both a cause and a consequence of the extreme precipitation.
[12] Lenderink et al. [2011] observed a peak like structure

for hourly precipitation extremes in the subtropics (Hong
Kong), while such a peak like structure was not observed in
a higher latitude (the Netherlands). Our results confirm
similar latitudinal difference for hourly and 6!hourly pre-
cipitation in Japan (Figure 3). Furthermore, such latitudinal
difference can be seen across the world at least on the daily
timescale (Figure 2). Berg and Haerter [2011] found in
Germany that the 5!min and hourly convective extreme pre-
cipitation level off at high temperatures instead of increasing
with temperature. They proposed an expectation that if the
data at higher temperatures (>20°C) is available, total extreme
precipitation intensity (without separation of large!scale and
convective precipitation) would level off because the con-
vective precipitation would become dominant. Our result in
Kyushu and the South Islands, which covers higher tem-
peratures than that of Berg and Haerter [2011], provides
supportive fact for their expectation on timescales longer than
1!hour, although the precipitation intensity of our result does
decrease (not level off). The clear leveling off of the precip-

itation extremes was not observed on the 10!min timescale in
contrast to the result of Berg and Haerter [2011].
[13] On the short timescales, a tends to be close to the CC

rate of 7%/°C (Figure 3). This finding can be supported by
the fact that the latitudinal gradient of the historical extreme
10!min precipitation in Japan better agrees with the latitu-
dinal gradient of the mean precipitable water than that of the
long timescale extreme precipitations [Ninomiya, 1977]. A
similar timescale tendency of the applicability of the CC
scaling was observed in Australia [Hardwick Jones et al.,
2010] and our result was not consistent with the result
obtained for Germany by Haerter et al. [2010], who argued
that the CC scaling may not provide an accurate estimate of
the temperature relationship of precipitation at any temporal
resolution. Further studies are needed to assess the appli-
cability of the CC scaling on sub!hourly timescales.

4. Conclusions

[14] The global relationship between the extreme daily
precipitation intensity and surface air temperature was
investigated using a global in!situ dataset. The monotonic
increase in P99_d with Td was observed almost only at high
latitudes (>55°N). At mid!latitudes (20°–55°N and S), the
relationship between P99_d and Td exhibited a peak!like
structure. In the tropics (20°S–20°N), P99_d exhibited a
monotonic decrease with an increase in Td. Even for the

Figure 3. (a) Locations of three regions analyzed. Red circles in the map indicate the stations included for the analysis.
(b, c, and d) The behaviors of P99_10m, P99_1h, P99_6h, P99_d, Pinst, and WTF are shown. The units of precipitations are con-
verted to mm/day, and Pinst is multiplied by 10 for visibility. The values of a for P99_10m, P99_1h, P99_6h, and P99_d estimated
by exponential fitting are shown above each graph (Figures 3b–3d).
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climatological regimes are available for Japan. We analyzed
hourly and 10!min meteorological data for 17 stations
located across three Japanese regions (North Island, Kyushu,
and Southern Islands) obtained from the Automated Mete-
orological Data Acquisition System (AMeDAS), maintained
by Japan Meteorological Agency. We considered the period
1980–2004 for hourly data and 1995–2004 for 10!min data.
The 99th!percentile precipitations for the 10!min, hourly,
6!hourly, and daily timescales (P99_10m, P99_1h, P99_6h, and
P99_d, respectively) were estimated based on 10!min (for
P99_10m) and hourly data (for P99_h, P99_6h, and P99_d) as a
function of Ta. “Heavy precipitation days” were defined
as conditioned days having daily precipitation amounts
that exceeded the 90th!percentile daily precipitation and for
which two statistics, “Wet time fraction” (WTF) and “Mean
instantaneous precipitation intensity” (Pinst), were computed.
The 90th percentile, not the 99th percentile, was used as the
threshold to ensure an adequate sample size. We obtained
similar analysis results for both percentile thresholds but
with noise for the case of the 99th!percentile threshold.
WTF was defined as the mean time fraction of wet events
on “heavy precipitation days.” Pinst was defined as

Pinst ! Pday=Dwet;

where Pday is the total precipitation on “heavy precipitation
days” and Dwet is the total time (min) of wet events on
“heavy precipitation days.” Pinst represents the mean pre-
cipitation intensity considering only wet events on “heavy

precipitation days.” WTF and Pinst were computed from
the 10!min data.
[11] P99_d shows a monotonic increase with Ta for the

North Island and a clear peak!like structure for Kyushu and
the Southern Islands (Figure 3), which represents the lati-
tudinal behavior of P99_d with an increase in Ta found in the
global analysis: a monotonic increase in P99_d at high lati-
tudes and a peak!like structure at mid!latitudes (Figure 2a).
The decreases in P99_d at high temperatures in Kyushu and
the Southern Islands were accompanied by steep decreases
in WTF. In contrast to WTF, Pinst did not decrease at high
temperatures in all regions even when P99_d and WTF
decreased with increases in Ta. Hence, the decreases in
P99_d could be largely attributed to the decreases in WTF,
not to the decreases in the intensity of individual storms. If
the considered timescale became shorter and reached 10!min,
the clear peak like structure was not observed any more
(Figure 3). The decreases inWTF found here were in line with
the tendency that the wet!event duration decreases with an
increase in temperature in Europe, as shown byHaerter et al.
[2010], except that decreases in WTF were found only at
high temperatures in this study. Our result explicitly attri-
butes the decreases in the extreme precipitation intensity at
high temperatures, reported by previous regional studies
[e.g., Berg et al., 2009; Hardwick Jones et al., 2010], to
the changes in the wet!event duration measured by WTF.
Hardwick Jones et al. [2010] observed in Australia that the
decrease in the extreme daily precipitation intensity at high
temperatures is accompanied by a decrease in the relative

Figure 2. Global distribution of (a) peak!point temperatures and (b) a for P99_d. The colored grid boxes have a with 5%
significance level. Grid boxes with no significance are indicated by crosses. White color indicates grids with no data suitable
for the analysis.
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Station Data Sources and Rain-type Classifications

3036 G. Lenderink et al.: Hourly precipitation extremes
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Fig. 1. Dependency of different percentiles of hourly precipitation extremes on daily mean temperature
(left: HKO; right: NL). Stippled lines are estimates from the GPD fitting procedure, whereas solid lines
are the percentiles computed from the raw data (in most cases these overlap). The grey shading denotes
the 98% uncertainty range derived from the GPD fit. Red (black) stippled lines denote dependencies of
14% (7 %) per degree. For comparison, these lines are identical in all plots; the distance between two
lines is a factor 2 in intensity.

19

Fig. 1. Dependency of different percentiles of hourly precipitation extremes on daily mean temperature (left: HKO; right: NL). Stippled
lines are estimates from the GPD fitting procedure, whereas solid lines are the percentiles computed from the raw data (in most cases these
overlap). The grey shading denotes the 98% uncertainty range derived from the GPD fit. Red (black) stippled lines denote dependencies of
14% (7%) per degree. For comparison, these lines are identical in all plots; the distance between two lines is a factor 2 in intensity.

are first computed from the GPD fit. Anomalies compared
to the average of all 15-yr periods are then computed, and
then averaged over several months, e.g. June, July and Au-
gust (JJA) or the months May until October (MJJASO). This
measure is denoted as 1Prh. Error bands are based on the
98% confidence interval of the GPD fit procedure, assuming
errors of the separate months to be independent. The choice
of 15 yr is a compromise between being able to determine the
different extremes (which are very noisy with less than 10 yr
of data) and being able to capture inter-decadal variations
(which are more damped with longer aggregation periods).
Here, we use the daily mean dew point temperature because
hourly observations are not available for the De Bilt time se-
ries before 1950. We note that for the period 1950–2006 sim-
ilar results are obtained using hourly dew point temperatures.

3 Scaling of hourly precipitation extremes

Figure 1 shows scaling relations of hourly precipitation ex-
tremes derived using the daily mean temperature for data
from the Hong Kong Observatory (HKO) and the 27 stations
in the Netherlands (NL). For NL, this is the reproduction of
Fig. 1d in Lenderink and van Meijgaard (2010), yet with one
year more data for each station. There is clear hint of a de-
crease in precipitation intensity for temperatures above 24 �C
in NL, but the number of observations with rain above that
temperature is very small and consequently the error bands
are large. For instance, above 24 �C there is no observation
corresponding to the 99.9th percentile, and this percentile
is computed from the extrapolation by means of the GPD

fit (indicated by the dashed purple line in Fig. 1). There is
a very clear fall off in intensity above 24 �C in HKO. Since
there are many days (about 50% of days in 1971–2000) with
daily mean temperatures above that temperature in HKO, this
fall off in intensity is obviously well sampled. Below 24 �C,
both data sources show a super C-C scaling. At the same
temperature, and for the same percentile, intensities in HKO
are generally larger than those in NL by 20–30%.
Results using the dew point temperature are shown in

Fig. 2, where we used the hourly dew point temperature at the
time of each hourly rainfall observation (h-0), and from two
(h-2) and four hours (h-4) before each rainfall observation.
Taking the dew point temperature from four hours before
each rainfall observation (h-4) the most consistent scaling is
obtained. With consistent we mean here the most constant
dependency across the largest range in dew point tempera-
tures. Taking the dew point temperature at the time of the
precipitation event (h-0) less consistent results are obtained,
in particular for the high temperature range. This is because
the shower affects the dew point temperature by evaporation
of precipitation (causing an increase in dew point) and the
transport of dry air by the convective downdrafts associated
with the shower (causing a decrease in dew point). In par-
ticular for the most intense showers often a decrease in dew
point temperature is observed during the shower. The dew
point temperature from four hours earlier is therefore a bet-
ter measure of the near surface humidity from the air mass
in which the shower develops. To keep the text concise we
will omit “taken four hours before each hourly precipitation
observation” in the following, and just use “hourly dew point
temperature”.
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Fig. 1. Dependency of different percentiles of hourly precipitation extremes on daily mean temperature
(left: HKO; right: NL). Stippled lines are estimates from the GPD fitting procedure, whereas solid lines
are the percentiles computed from the raw data (in most cases these overlap). The grey shading denotes
the 98% uncertainty range derived from the GPD fit. Red (black) stippled lines denote dependencies of
14% (7 %) per degree. For comparison, these lines are identical in all plots; the distance between two
lines is a factor 2 in intensity.
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Fig. 1. Dependency of different percentiles of hourly precipitation extremes on daily mean temperature (left: HKO; right: NL). Stippled
lines are estimates from the GPD fitting procedure, whereas solid lines are the percentiles computed from the raw data (in most cases these
overlap). The grey shading denotes the 98% uncertainty range derived from the GPD fit. Red (black) stippled lines denote dependencies of
14% (7%) per degree. For comparison, these lines are identical in all plots; the distance between two lines is a factor 2 in intensity.
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year more data for each station. There is clear hint of a de-
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temperature is very small and consequently the error bands
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corresponding to the 99.9th percentile, and this percentile
is computed from the extrapolation by means of the GPD
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there are many days (about 50% of days in 1971–2000) with
daily mean temperatures above that temperature in HKO, this
fall off in intensity is obviously well sampled. Below 24 �C,
both data sources show a super C-C scaling. At the same
temperature, and for the same percentile, intensities in HKO
are generally larger than those in NL by 20–30%.
Results using the dew point temperature are shown in

Fig. 2, where we used the hourly dew point temperature at the
time of each hourly rainfall observation (h-0), and from two
(h-2) and four hours (h-4) before each rainfall observation.
Taking the dew point temperature from four hours before
each rainfall observation (h-4) the most consistent scaling is
obtained. With consistent we mean here the most constant
dependency across the largest range in dew point tempera-
tures. Taking the dew point temperature at the time of the
precipitation event (h-0) less consistent results are obtained,
in particular for the high temperature range. This is because
the shower affects the dew point temperature by evaporation
of precipitation (causing an increase in dew point) and the
transport of dry air by the convective downdrafts associated
with the shower (causing a decrease in dew point). In par-
ticular for the most intense showers often a decrease in dew
point temperature is observed during the shower. The dew
point temperature from four hours earlier is therefore a bet-
ter measure of the near surface humidity from the air mass
in which the shower develops. To keep the text concise we
will omit “taken four hours before each hourly precipitation
observation” in the following, and just use “hourly dew point
temperature”.
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et al., 2011; Liu et al., 2011; Lin et al., 2015; Huang et al., 2016]. Among these dynamical downscaling studies,
many have focused on the total summer rainfall [e.g., Liu et al., 2011; Hsu et al., 2011] or a speci!c type of
rainfall [e.g., Huang et al., 2016]. Nevertheless, the present-day simulation and future projections of the
contribution of the four types of rain events (i.e., TC, FC, DC, and SC) to total summer rainfall in Taiwan have
yet to be examined in detail.

The objective of this study is to investigate these issues, while focusing on the potential changes in rainfall
characteristics in Taiwan during a warmer future. This is not only important to the long-term water manage-
ment in Taiwan [Yu et al., 2006] but also to gain a better understanding of how the rainfall characteristics
in East Asia will be modulated by future climate changes. Here a Weather Research and Forecasting (WRF)
model [Skamarock et al., 2008], driven by a global High Resolution Atmospheric Model (HiRAM) [Zhao
et al., 2009], was used. This speci!c nested regional-global climate model approach, hereafter referred to
as WRF-HiRAM, has been recently demonstrated by Huang et al. [2016] to accurately simulate the formation
of diurnal rainfall in Taiwan.

The remainder of this paper is organized as follows. Details of the models, the observational data, and the
statistical methods used for analyses are introduced in section 2. The results of the present-day simulation
and future rainfall projections are presented in section 3. Discussions about the causes of the changes in
rainfall related to changes in the atmospheric circulation are provided in section 4. The !ndings are summar-
ized in section 5.

2. Data and Methods
2.1. Model

The dynamical downscaling experiment uses WRF version 3.5.1 [Skamarock et al., 2008], which is driven by
HiRAM [Zhao et al., 2009] with two time-slice simulations of the current climate conditions (1979–2003, under

Figure 1. (top) GMS IR image and (bottom) JMA surface weather map for (a) a typical tropical cyclone (TC) event that occurred in Taiwan on 29 July 2001, (b) a typical
frontal convection (FC) event that occurred in Taiwan on 01 June 2002, (c) a typical diurnal convection (DC) event that occurred in Taiwan on 13 August 2002,
and (d) a typical southerly convection (SC) propagating from the nearby ocean through the intensi!ed southerly monsoonal "ow that occurred in Taiwan on
13 August 1998. The location of Taiwan is marked by the yellow color in the JMA maps.
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Summer rainfall in Taiwan is composed of four types of rain events: tropical cyclone (TC), frontal convection (FC), diurnal convection (DC), and other 
southerly convection (SC) that propagates from the nearby ocean. 

•For TC events, we identified the genesis and trajectory of the rain event following the procedures described by Huang and Chan [2014], which is based on 
the Joint Typhoon Warning Center best track data, map of local maximum relative vorticity at 850 hPa, and map of temperature at 300 hPa 

•For FC and DC events, we identified their occurrences according to the method provided by Huang and Chen [2015]; i.e., FC generally occurs in Taiwan in 
association with a clear meridional temperature gradient coupled with an obvious, large-scale wind convergence zone between 115°E–125°E and 20°N–
30°N, while a DC event generally appears over Taiwan under conditions of a clear daytime land-sea thermal contrast (i.e., warm land and cold ocean) 
coupled with a local sea-breeze convergence in Taiwan. 

•SC events were identified as other rainfall or clouds over the nearby ocean propagating toward Taiwan through the intensified southerly monsoonal flow. 

• Hourly rainfall events (> 0.1mm) and daily mean 
surface air temperature from 15 stations in summer 
(JJA) during 1982-2016 period are analyzed following 
Lenderink et al (2011)
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