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ABSTRACT 

The study presented in this thesis investigated the relationships between 

climate change and extreme events in China through high-resolution climate 

projections, and examination of the compound effects of temperature, among 

multiple climatic variables, at regional scales. The Clausius-Clapeyron (CC) relation 

was used to investigate the relationship between temperature increases and 

precipitation extremes. The likely changes in precipitation and precipitation 

extremes across the country were also evaluated to help in understanding the local 

climatic response to global warming. The relationship between temperature 

increases and changes in high-temperature extremes, and simulations of the 

compound effects of relative humidity and high-temperature extremes, were 

unraveled using a dynamical downscaling approach. The impact of climate 

warming on wind strength was also studied, and wind chill effects were projected 

on low-temperature extremes. After a systematic review of human thermal climate 

indices, selected indices were adopted to project the compound effects of 

temperature, relative humidity, wind, and solar radiation to provide a 

comprehensive assessment of climate change impacts and to quantify 

climate/health relations over China. The potential changes in intensity and 

frequency of the compound extremes were assessed over China, in the context of 

global warming.  

The impact of global warming on the characteristics of mean and extreme 

precipitations over China was investigated through a dynamical downscaling 

approach.  As a basis for projecting changes in daily rainfall extremes, it was found that 



ii 
 

rainfall intensity increased, following either the CC, or super CC relation, over a certain 

atmospheric temperature range (from 0 to 22°C). For temperatures above 22°C, a negative 

correlation between temperature and precipitation was found, which could be caused by a 

strong positive feedback from drying soil. A shift in the distribution of precipitation, 

from light to intense, was detected in all projections for China.  

Temperatures, relative humidity, and relationship among them were 

investigated here for a comprehensive assessment of climate change impacts over 

China. There was a significant change in the temperature and a relatively small 

change in relative humidity. The compound effects of high-temperatures and 

relative humidity were substantially smaller than has generally been anticipated 

for China. 

Human thermal climate indices were investigated to provide a 

comprehensive assessment of climate change impacts over China. The 

physiological impacts of global warming on humans, represented by human 

perceived equivalent temperature (HPET), under both normal and extreme 

conditions, have been well studied. The uncertainty that arose from using multiple 

climate indices and uncertainty from using different emissions scenarios were 

compared. Results indicated that the range in HPETs that arose from method 

uncertainty is greater than the range that arose from emissions uncertainty for 

every sub-region in China.  
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CHAPTER 1 INTRODUCTION 

1.1 BACKGROUND 

Since the Industrial Revolution anthropogenic activities have increased the 

concentration of Greenhouse Gases (GHGs) in the climate system. This increase 

in GHGs (carbon dioxide, methane, and others) is responsible for trapping a 

proportion of the outgoing thermal radiation from the planet and re-directing this 

back to Earth’s surface. Thus, the surface energy balance has been increased by a 

net radiative forcing of 2.3W/m2 since 1750 (Myhre et al., 2013). This increased 

total energy content of the climate system changes the weather on global and 

regional scales (Stocker et al., 2013). It is unequivocal that climate change has 

imprinted on the mean temperature, as rising temperatures has been recorded from 

virtually all land regions (Hartmann et al., 2013). For instance, a rate of +1.7℃ per 

decade has recorded in surface temperature across China since 1950 (Hu et al., 

2003). Climate change not only alters the mean state of the climate but also the 

frequency and intensity of climate extremes such as heat waves, cold spells, and 

precipitation extremes (Haines et al., 2006; Hansen et al., 2012; McMichael et al., 

2006; Patz et al., 2005).  

Formally, climate extremes are defined as the occurrence of a climate 

variable (e.g., temperature, precipitation) at the lower or upper end of their 

distribution (Seneviratne et al., 2012). Figure 1 illustrates how changes in the 

distribution of surface temperature can affect temperature extremes. Temperature, 

as one of the most important climate variables, has a significant impact on fatalities 

from weather in China (Zhai and Pan, 2013; Wang et al., 2015C; Lin et al., 2016, 
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Ma et al., 2017). China has experienced more frequent and intense extreme 

temperature events in the past 10 years than ever recorded (Fang et al., 2008; Ding 

et al., 2010; Ren and Zhou, 2014; Chen et al., 2015). In detail, analysis based on 

long-term data records shows that hot days and heat waves events sharply 

increased by more than 10% over China in the last decade (Ding et al., 2010). 

Studies on mainland China have also suggested a countrywide increase in the 

frequency of heat events and warm days (nights). For example, Ren and Zhou’s 

research indicated that the annual highest daily maximum and daily minimum 

temperatures had increased across the country. Their results also showed that warm 

nights (days) had significantly increased, at a rate of 8.16 nights (5.22 days) over 

the entire nation in the past 10 years (Ren and Zhou, 2014). The effects of 

temperature extremes can also be compounded by other factors, such as air 

pollution, sunlight intensity, wind strength, and humidity.  
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Figure 1 Hypothetical temperature distributions with and without climate change. 

Figure 1 Hypothetical temperature distributions with and without climate 

change. (a) Shifting the entire distribution to higher temperatures increases hot 

extremes and simultaneously decreases cold extremes. (b) When climate change 

increases the variability, both cold and hot extremes become more likely. (c) A 

changed symmetry can leave cold extremes almost unaffected but lead to more hot 

extremes (Figure from Seneviratne et al., 2012).   



4 
 

Air temperatures compounded by these climatic factors can form a Human 

Perceived Equivalent Temperature (HPET), which is a function for measuring the 

thermal comfort of the human body. The contributions of compound effects to 

HPET vary under different weather conditions. When the air temperature is high, 

relative humidity brings surplus heat stress to the human body. When the air 

temperature is low, the chilling effect of strong winds can lower the HPET by up 

to 20°C or more. HPET can influence how humans perceive the effects of global 

warming, affecting human comfort under normal conditions, and can potentially 

lead to reduced labor capacity, temperature-related discomfort, stress, stroke, 

morbidity and even mortality. Extreme temperature events (e.g., heat waves and 

cold surges), compounded by abnormal weather conditions, can create HPET 

extremes that can contribute to substantially higher temperature-related mortality 

than extreme temperature events alone.  

As for the other variables, the impact of climate-change-induced temperature 

increases on them is less clear, due to their larger interannual variabilities. The 

temporal and spatial distributions of precipitation, for example, remain very 

uncertain in China, due to its large landmass, complex topography, and large-scale 

Asian monsoons, driven by the temperature differences between the Asian 

continent and the Pacific Ocean (Zhou et al., 2013). Global warming is expected 

to lead to a large increase in atmospheric water vapor content and to changes in 

the hydrological cycle, which include an intensification of precipitation extremes 

(defined, for example, as a high percentile of daily precipitation). This is 

particularly true for China where precipitation extremes have frequently struck its 
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major cities in recent years, causing tremendous amounts of damage. For instance, 

the heaviest rainfall in 60 years hit Beijing on July 21st, 2012. Around 175-200 

mm fell over much of the city within 10 hours. It caused an estimated $1.5 billion 

in economic losses, and 1.9 million people were affected by the downpour and the 

flood (Zheng et al., 2016). Substantial research has demonstrated that precipitation 

extremes increase proportionately to the mean atmospheric water vapor content 

(Trenberth and Shea, 2005; Vautard et al., 2007; Lenderink et al., 2009). Mean water 

vapor content increases strongly at an approximate rate of 7.5%/K with respect to 

surface temperature. Therefore, it is compelling to link the change in surface 

temperature to changes in precipitation extremes, but these correlations do not yet 

imply causality (Wilson et al., 2015).  

Owing to their substantial impacts on society and ecosystems, climate 

extremes have been studied for a long time (e.g., Gumbel, 1942; Revfeim, 1983; 

Mearns et al., 1984). Recent modeling efforts suggest that continued emission of 

GHGs will cause further warming, and long-lasting changes in all components of 

the climate system, increasing the likelihood of severe and pervasive climate 

extremes (IPCC, 2014). A better understanding of the physical drivers and 

statistical properties of such extremes could ameliorate their prediction and long-

term projections. This could improve adaptation and mitigation strategies, for 

example, by better preparing large cities against mortalities and economic losses 

caused by extreme events (Masson et al., 2013).  

The climate system is complex, however, involving various processes 

interacting at manifold spatial and temporal levels, which results in a large number 
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of challenges for climate change research and impact studies (Bellprat, 2013). For 

example: future climate scenarios may not be developed while including the 

consideration of climate mitigation policies in the course of future climate 

projections; the resolution of Global Climate Models (GCMs) is too coarse to 

capture the spatial details needed for analysing changes in climate extremes at the 

local level; the causality between changes in climate extremes and anthropogenic 

temperature increases is difficult to establish (being governed by the internal 

variability of the climate system, every individual extreme event could, in principle, 

occur by chance);  and, despite understanding the relationship between them, the 

compound effects of temperature extremes, and other climatic variables, are rarely 

studied in order to gain a comprehensive assessment of climate change.  

To deal with these challenges in climate extremes research, the following 

section presents a thorough literature review of previous, including a summary of 

the shortcomings of previous studies. 

1.2 DEVELOPMENT OF CLIMATE SCENARIOS 

Future climate scenarios are plausible representations of emissions of 

substances (i.e., greenhouse gases) that are radiatively active or which can affect 

constituents (e.g., sulfur dioxide which forms sulfate aerosols) that are radiatively 

active (Jones et al., 2004) in the climate system. The development of climate 

scenarios is usually based on a coherent and internally consistent set of 

assumptions about driving forces (including population growth, economic 

development, and technological advances, etc.) and their interactions. Previously, 

the Intergovernmental Panel on Climate Change (IPCC) considered that 



7 
 

uncertainties in economic growth, population, and technology in business-as-usual 

energy and economic futures, added significant changes to the understanding of 

the driving forces of emissions and methodologies, and, therefore, developed a set 

of emission scenarios known as Special Report on Emissions Scenarios (SRES) 

(Nakicenovic and Swart, 2000). The SRES scenarios have been widely used in 

climate change research, impact assessments, and in mitigation and adaption to 

climate change, since 2000 (Lewis and Nocera, 2006; Meehl and Tebaldi, 2004; 

Raupach et al., 2007; Schär et al., 2004). All SRES scenarios have explicitly 

considered the effects of prescribed levels of emissions into the atmosphere; 

however, there are still no additional climate initiatives, while there is enormous 

uncertainty in the contributing factors, such as population change, energy use, and 

economic development (Jones et al., 2004). Thus, the likely effects of political or 

legislative actions on future climate projections cannot be reflected in the SRES 

scenarios. Therefore, Representative Concentration Pathways (RCPs) have been 

developed, which allow for policy changes to be implemented without taking 

socio-economic scenarios as the starting point (Van Vuuren et al., 2011). RCPs are 

based on radiative forcing projections, which are essentially cumulative emissions 

budgets in the atmosphere. They are less predetermined than SRES scenarios, as 

the end-point (cumulative emissions budgets) can be reached via multiple 

pathways. Based on radiative forcing levels from cumulative emissions budgets, 

RCPs are developed with four individual scenarios (RCP2.6, RCP4.5, RCP6.0, and 

RCP8.5) where each scenario consists of a specific radiative forcing projection. 

Projections of the components of radiative forcing serve as inputs for GCMs. 
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1.3 GLOBAL CLIMATE MODELS 

GCMs are used to study the climate system, including the atmosphere, 

pedosphere, hydrosphere, and cryosphere, etc., and simulate the energy, 

momentum, and mass fluxes interacting among them. For each component, the 

physical property is governed by equations derived from first principles, i.e., from 

equations of motion, and the conservation of mass and energy. These equations are 

solved on a discretized grid with a typical horizontal resolution of between 100 km 

and 300 km. Some processes (e.g., precipitation, radiative transfer), which are on 

scales that are smaller than the resolutions of GCMs cannot be explicitly resolved. 

Therefore, these processes need to be parameterized, based on empirical 

knowledge, or on a physical understanding of the processes. This means that 

GCMs only simulate the geophysical and biogeochemical cycles of the global 

climate at a relatively coarse resolution. They are not adequate for capturing the 

fine-scale details of local climates, or representing the local climate variability in 

many regions, particularly in regions where there are coastlines, or heterogeneous 

land surface cover, or any other complex orography (Jones et al., 2004). Because 

every individual climate extreme event occurs on a relatively small scale, the 

spatial variability of climate extremes will increase with the resolution because of 

the more realistic orography and physical parameterizations included. The 

limitations on model resolution and parameterizations could result in creditable 

uncertainty in studying climate extremes. As a result, if the projections generated 

by GCMs are used directly for the study of climate extremes, the mismatch in 

spatial resolution will likely lead to unrealistic outputs. 
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1.4 DYNAMICAL DOWNSCALING 

To capture the variety of surface characteristics of climate extremes in 

climate projections, downscaling techniques need to be employed to derive fine-

scale information from the GCM outputs (Giorgi et al., 2001). Downscaling 

approaches are usually divided into two categories, dynamical and statistical. 

Statistical downscaling techniques construct statistical relationships between 

large-scale climate patterns (predictors) and regional or local climate (predictands) 

that are based on historical data. The constructed statistical relationships are then 

applied to the large-scale climate patterns simulated by GCMs to estimate targeted 

regional-scale climate patterns. The advantages of these techniques are that they 

are suitable for locations with limited computational resources, due to them being 

computationally inexpensive, and they can be rapidly applied to multiple GCMs; 

however, there are some shortcomings residing in them, such as they assume 

constancy of empirical relationships in the future, demand access to daily 

observational data spanning the range of variability, and limited variables are 

produced for some techniques. The main disadvantage is that the constructed 

statistical relationship may not hold in a future climate, without considering the 

interactions among all climatic variables.  

In contrast, the dynamical downscaling approach considers the processes that 

comprise the climate system and their interconnections. Therefore, it can simulate 

climate patterns responding more realistically to climate change (Wang et al., 

2015B). Dynamical downscaling techniques are used to produce comprehensive 

physical models that simulate the regional climate system over the area of interest. 
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The main advantages of dynamical downscaling are that they provide highly 

resolved spatial and temporal information on a large, physically-consistent set of 

climate variables. Information on the changes in temporal and spatial variability of 

local climate is essentially important for a thorough assessment of climate change 

impacts on extreme events. Climate extremes can be better represented in the 

physically-based models than in GCMs. A downscaling technique serves as a tool 

to add detailed sub-GCM grid-scale information of future climate change to the 

coarse resolution projections of GCMs. Among all dynamical downscaling 

techniques, nesting Regional Climate Models (RCMs) into GCMs is one of the 

most popular techniques. RCMs are developed with the same laws of physics as 

described for GCMs, but account for fine-scale processes than can be resolved by 

a GCM’ coarse resolution (Feser et al., 2011). Therefore, RCMs can be integrated 

on a grid with a typical horizontal resolution of 25 to 50 km, while using surface 

boundary conditions derived from GCMs (Giorgi and Mearns, 1999; Wang et al., 

2004; Rummukainen, 2010), and thus can provide a variety of climate variables at 

fine spatial scales (Lavender and Walsh, 2011; White et al., 2013; Zhang et al., 

2006).  

1.5 REGIONAL CLIMATE MODELS 

Commonly-used RCMs, in recent years, have included, but were not limited 

to: the Canadian Regional Climate Model developed by the Canadian Centre for 

Climate Modeling and Analysis (available at http://www.ec.gc.ca/ccmac-

cccma/default.asp?lang=en&n=82DD0FCC-1), the Air Force Weather Agency, 

the Naval Research Laboratory, the University of Oklahoma, and the Federal 

http://www.ec.gc.ca/ccmac-cccma/default.asp?lang=en&n=82DD0FCC-1
http://www.ec.gc.ca/ccmac-cccma/default.asp?lang=en&n=82DD0FCC-1
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Aviation Administration (available at: http://www.wrf-model.org), the National 

Oceanic and Atmospheric Administration (represented by the National Centers for 

Environmental Prediction and the (then) Forecast Systems Laboratory), the 

Weather Research and Forecasting (WRF) model developed through a 

collaborative partnership, principally among the National Center for Atmospheric 

Research, the Regional Climate Model (RegCM) system which was originally 

developed at the National Center for Atmospheric Research, and is now maintained 

in the Earth System Physics section of the International Centre for Theoretical 

Physics (available at: http://www.ictp.it/research/esp/models/regcm4.aspx), and 

the Providing Regional Climates for Impacts Studies (PRECIS) model developed 

by the UK Met Office Hadley Centre (available at: 

http://www.metoffice.gov.uk/precis/). Each of the above-mentioned models of 

regional downscaling has its advantages and disadvantages; however, RCMs are 

driven by boundary conditions derived from GCMs, playing the role of adding 

regional details to the better-resolved simulations. This process is not supposed to 

correct the systematic errors of the large-scale outputs of GCMs. RCMs will 

inevitably inherit the uncertainties from their driving model. This means that the 

quality of RCMs’ simulations is to a large extent dependent on the driving forces 

coming from the GCMs (the “Garbage In, Garbage Out” principle). Therefore, this 

dependence must be taken into consideration when evaluating the performance of 

RCMs. 

1.6 OBJECTIVES 

Many research efforts have contributed to the understanding of the effects of 

http://www.wrf-model.org/
http://www.ictp.it/research/esp/models/regcm4.aspx
http://www.metoffice.gov.uk/precis/
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climate change on the climate system but assessing the impacts on climate 

extremes is still challenging because of the lack of investigation into the 

relationships between climate change and extreme events, through high-resolution 

climate projections at regional scales, and the difficulty in quantifying the 

compound effects of temperature and other climatic variables. Climate change-

induced temperature increases, and the compound effects of multiple climatic 

variables, are two important phenomena that potentially aggravate climatic 

extremes. Therefore, the objectives of this study were to construct high-resolution 

climate projections, in order to investigate these relationships, and to assess the 

compound effects of associated variables in climate extremes.  

This thesis consists of seven chapters and two appendices. Following a 

detailed introduction of this research is presented in this chapter. A description of 

the RCMs adopted in this research, the study area, and the observation and 

reanalysis datasets used to gauge the skills of the selected RCM, are included in 

Chapter 2. The core of this thesis consists of four articles, of which two are 

published (Chapters 3 and 4), and two are under review (Chapters 5 and 6). Chapter 

3 introduces novel research that investigates the relationship between temperature 

increases and precipitation extremes. The likely changes in precipitation and 

precipitation extremes across the country were evaluated to help in understanding 

the local climatic response to global warming.  Chapter 4 presents a dynamical 

downscaling approach that was used to unravel the relationship between 

temperature increases and changes in high-temperature extremes and simulate the 

combined effects of relative humidity and high-temperature extremes. In Chapter 
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5, the RCM simulations are reported on. These were employed to study the impacts 

of global warming on wind strength, and to project the wind chill effects on low-

temperature extremes. Following that, Chapter 6 presents the high-resolution 

projections of compound indices of temperature and associated variables (relative 

humidity, wind, solar radiation) in future periods, and assesses the potential 

changes in intensity and frequency of compound extremes over China, in the 

context of global warming. The conclusions and outlook of this research are 

summarized in Chapter 7. 
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CHAPTER 2 METHODOLOGY, DATA, AND STUDY AREA 

2.1 METHODOLOGY 

In order to provide reliable information on changes in climate extremes, and 

to make impact assessments, climate projections are required on a more detailed 

scale than can be provided from GCMs, which have a typical resolution of about 

150-300km. Building dedicated RCMs, specifically formulated for adding this 

detail to global projections, is particularly vital for developing countries, where 

climate extremes are likely to increase vulnerability to the impact-relevance 

consequences of climate warming. In view of this vulnerability, it is imperative 

that developing countries can be provided with a means of generating detailed, 

high-quality climate projections for their own regions. In order to help address this 

need, the Met Office Hadley Centre developed PRECIS, a regional climate 

modeling system which enables developing countries to generate their own 

national scenarios of climate change for use in impact studies. In this study, the 

PRECIS model was employed to develop fine-scale physically-based climate 

projections for China, by adding localized physical processes to the large-scale 

outputs from its driving GCMs under RCP emissions scenarios.  

The PRECIS model can be easily applied to any area of the globe, with the 

provision of a simple user interface, as well as a visualization and data-processing 

package (Jones et al., 2004; Wilson et al., 2011). The PRECIS model is able to run 

at two different horizontal resolutions: 0.44° × 0.44° (approximately 50 km × 50 

km) and 0.22° × 0.22° (approximately 25 km × 25 km), with 19 vertical 

atmospheric levels, using a hybrid coordinate system. Herein, PRECIS was run at 
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its highest resolution (i.e., 25 km) from 1969 to 2099, with the purpose of 

providing full simulations for both present-day and future climate. In addition, the 

PRECIS model is an atmospheric and land surface model of limited area and high 

resolution, which was originally designed to serve both operational forecasting and 

atmospheric research needs. Dynamical flow, the atmospheric sulfur cycle, clouds 

and precipitation, radiative processes, the land surface, and the deep soil are all 

described. The PRECIS model has been widely applied in regional simulations (Xu 

et al., 2006; Feng et al., 2012; Wang et al., 2014; Wang et al., 2015), and its ability 

in climatological mean and extreme climate simulations over China has been tested 

and verified (Xu et al., 2009). Moreover, PRECIS exhibits improved performance 

in simulating the interannual variations presented by its driving data (Wang et al., 

2016). 

The Hadley Centre Global Environment Model version 2 - Earth Systems 

(HadGEM2-ES), as the driving GCM of the PRECIS model, provides 

meteorological forcing at the limits of the PRECIS model’s domain as its Lateral 

Boundary Conditions (LBCs), in order to produce high-resolution historical 

simulations and future projections (Collins et al., 2008). HadGEM2-ES is one of 

the GCMs that participated in the Coupled Model Intercomparison Project, phase 

5 (CMIP5), which generates projections of future climate conditions across the 

globe, using RCPs. Although over 40 models participated in CMIP5, only 11 of 

these models had the added capability of explicitly representing biogeochemical 

processes that interact with the physical climate biogeochemical processes that 

interact with the physical climate. This means that the global climate models are 
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Earth System Models (ESMs). These 11 ESMs are: BCC_CSM1.1 (developed by 

Beijing Climate Center, China Meteorological Administration), BNU-ESM 

(developed by College of Global Change and Earth System Science, Beijing 

Normal University, China), CanESM2 (developed by Canadian Centre for Climate 

Modeling and Analysis), GFDL-ESM2G (developed by NOAA Geophysical Fluid 

Dynamics Laboratory, USA), GFDL-ESM2M (developed by NOAA Geophysical 

Fluid Dynamics Laboratory, USA), INM-CM4.0 (developed by Institute for 

Numerical Mathematics, Russia), IPSL-CM5A-MR (developed by  Institute Pierre 

Simon Laplace, France), MIROC-ESM (developed by Japan Agency for Marine-

Earth Science and Technology, Atmosphere and Ocean Research Institute (The 

University of Tokyo), and National Institute for Environmental Studies), MIROC-

ESM-CHEM (developed by Japan Agency for Marine-Earth Science and 

Technology, Atmosphere and Ocean Research Institute at the University of Tokyo, 

and National Institute for Environmental Studies), NorESM1-M (developed by 

Norwegian Climate Center, Norway) and HadGEM2-ES (MACA, 2017). 

Distinctive from the others, HadGEM2-ES has the highest resolution among these 

ESMs, incorporating dynamic vegetation (Martin et al., 2011; Jiang et al., 2015). 

Studies have indicated that higher horizontal resolution is associated with 

enhanced skill in representing climate variables in the CMIP5 models (Rupp et al., 

2013; Zhang et al., 2013). Plus, studies have been carried out to examine their 

capacities to simulate the associated variables (i.e., minimum/maximum 

temperature, precipitation, wind, humidity, solar radiation). Overall, from these 

studies, HadGEM2-ES is the best model for most variables, particularly surface 
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conditions and atmospheric circulation. 

2.2 DATA 

To gauge the skill of the selected RCM in representing the mean state and 

variability of the present climate, observational datasets are needed as references 

to compare with model results. The historical observations of climatology over 

China representing the period 1976-2005 are derived from multiple types of 

datasets, including interpolated data and station data, based on the availabilities of 

concerned climatic variables. The simulated mean state of the present climate is 

compared with the monthly gridded dataset from the Climate Research Unit (CRU) 

with a spatial resolution of 0.5° × 0.5°. The CRU dataset is based on the 

interpolation from monthly observations at meteorological stations across the 

world's land areas and covers a period of more than 50 years (Harris et al., 2014). 

It applies enhancement with a quality control algorithm to develop the global 

climate variables products highly resolved in time and space. As CRU is a monthly 

observational dataset, it can not be used to calculate the climate extremes. To 

computing the climate extremes, the longest time-scale of inputs is daily due to the 

density of extreme events. For precipitation extremes, APHRODITE’s (Asian 

Precipitation-Highly-Resolved Observational Data Integration Towards 

Evaluation) daily gridded precipitation is the only long-term (1951 to present) 

continental-scale daily product that contains a dense network of daily rain-gauge 

data covering Asia. As for temperature extremes, no daily gridded dataset is 

available on the regional basis of China. Station data from Chinese National 

Meteoritical Center (CNMC) is selected to derive the selected temperature indices 
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to validate the dynamically downscaled simulation. Data from 202 stations is 

selected from 726 stations for analysis after passing the spatial and temporal 

consistency test (Feng et al., 2004). The detailed descriptions of three selected 

datasets are listed as below: 

2.2.1 CRU 

CRU is a global (excluding Antarctica) land surface climatology dataset with 

a 50km × 50km resolution. The climatology dataset comprises nine variables, 

namely cloud cover, diurnal temperature range, ground frost frequency, mean 

temperature, precipitation, sunshine, vapor pressure, wet-day frequency, and wind 

speed. Data of these variables were constructed from interpolated station data with 

a function of latitude, longitude, and elevation through the thin-plate splines 

method. The interpolations are compared with other climatological methods for 

assessing their accuracy and cross-validation. Therefore, the dataset used in this 

thesis has advantages in incorporating elevation as a predictor variable, containing 

a complete suite of surface climatic variables, being strictly constrained to an 

extended period 1961-2015, and describing an evaluation of regional errors 

associated with land surface climatology. The CRU dataset has been widely used 

by researchers for climate model evaluation, climate change impact assessment, 

energy modeling, and ecosystem modeling.  

The station data used to interpolate the dataset was collected from a number 

of sources. The main source is from the global standardized climatology which 

was released by World Meteorological Organization (WMO) through the National 

Climate Data Center (NCDC). This source has provided complimented stations 
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and variables in countries where most sources were unable to obtain. With station 

data provided by all these sources, additional stations were included to gain the 

improvement in interpolation accuracy without getting any penalty associated with 

relaxing temporal fidelity (Willmott and Robeson, 1996). In the absence of marked 

interdecadal variability, climatic variables from these additional stations were 

assigned a low weight during the interpolation to avoid unduly biasing the 

variables from the main stations. 

Data obtained from the NCDC were assumed to have been quality checked 

at the source. Data were subjected to a two-stage Quality Control (QC) checks to 

flag these data which failed the QC (New et al., 2000). In the first stage, each 

station variable is subjected to a standard series of automated tests prior to 

interpolation. For instance, R internal consistency checks were adopted to ensure 

that the monthly means follow a consistent seasonal cycle and do not exceed the 

predefined absolute limits. R between-variable consistency tests were used during 

the data collection period to ensure that months with zero precipitation do not have 

any positive values in wet days and that monthly mean, minimum, and maximum 

temperatures are consistent. In the second stage of QC, the interpolation 

diagnostics were performed during the interpolation of station data to identify 

station-months with large residuals. As a general rule, all data that failed the QC 

tests is, therefore, excluded from analysis and interpolation.  

2.2.2 APHRODITE 

The APHRODITE dataset was a state-of-the-art daily precipitation dataset 

developed for monitoring and predicting the Asian hydrometeorological 
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environment through assembling historical observations.  As intra-seasonal 

oscillation is one of the most dominant precipitation variations in the regions under 

monsoon circulations, daily data are needed for reproducing Asian monsoon 

precipitation. The APHRODITE dataset covers the whole of Asia with high-

resolution grids (0.25° × 0.25°). The station data used to interpolate the dataset 

was collected from a number of sources. One source is also from the global 

standardized climatology from NCDC released by WMO. In addition to those 

reporting to the WMO Global Telecommunications System, rain gauge 

observations from thousands of Asian stations were collected and analyzed to 

create a 57-year (from 1959 to 2015) daily precipitation dataset (Yatagai et al., 

2012). The data used in APHRODITE analysis were the global summary of the 

day-based data, and detailed information on the data sources is provided on the 

website (www.chikyu.ac.jp/precip/).  

The conversion of all data to a common digital data format was performed 

with an initial QC check to eliminate data-handling errors (e.g., invalid dates and 

shifted columns) subjectively. Then, the next-step QC process was carried out to 

check locations where there was no geographical information, to check initial 

errors, to locate erroneous station data and put them on a blacklist. In general, there 

were two procedures for the QC of metadata. One procedure was to compare the 

locations in the APHRODITE with national boundaries. The other one is to 

compare the elevations with Global 30 Arc-Second Elevation Data Set (GTOPO30 

dataset). As for serial data, QC procedures can also be roughly categorized into 

two group-tests, namely tests of multiple-station records and single-station records. 

http://www.chikyu.ac.jp/precip/
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Through the QC procedures for serial data, discrepancies between two or more 

databases containing the same measurements can be detected and duplicate data is, 

therefore, removed for consistency of the dataset. Additionally, unit conversion 

errors such as errors with factors relating to the conversion between units of 

millimeters and inches can be also found and removed from the APHRODITE 

dataset.  

2.2.3 Station Data 

Long-term observational data are essential for understanding local and regional 

climate and climate change. These data are also important for climate model 

evaluations and climate change impact assessments. This thesis adopted an 

unprecedented climatic dataset that comprises the daily meteorological data from 

202 stations in China from 1951 to 2015 (as shown in Figure 2.1). Nine daily 

variables are contained in this dataset: maximum surface air temperature, mean 

surface air temperature, minimum surface air temperatures, pan evaporation, 

precipitation, relative humidity, sunshine duration hours, wind gust, and wind 

speed. The only source of daily data is from stations released by the CNMC. These 

stations are fairly evenly distributed across the eastern part of China. As for the 

western part of China, the coverage becomes coarser due to the increasing distance 

among stations. It should be noted that there is a large void exists in the Tarim 

basin in Xinjiang province and the western Tibetan Plateau in Tibet province. 

Although the number of stations in service has been increased over past decades, 

there is still lack of stations for the western parts of China. Some of the concerning 

climatic variables, namely mean surface air temperature, maximum and minimum 
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surface air temperatures, wind speed, sunshine duration hours, and precipitation 

have been fully recorded at all stations after the network was established by CNMC 

around 1958. Daily precipitation is only needed for validating the outputs of RCM 

in terms of precipitation indices. Plus, no interpolation based on these station data 

will be performed. Therefore, the station data is good enough for this study to 

validate the RCM outputs and evaluate the skills of RCM in reproducing the 

historical mean and extreme climatology. The recording situations of additional 

variables, pan evaporation, relative humidity, and wind gust, vary in the stations 

considerably but had remained stable since 1980.  
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Figure 2 Spatial distribution of selected stations for analysis in China. 

               Figure 2.1 Spatial distribution of selected stations for analysis in China. 
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Sensor upgrades and changes in geographical locations of individual stations 

sometimes result in sudden changes in the climatology between two adjacent 

weather stations in China (Feng et al., 2004). These sudden changes could have 

created amplitudes of daily variations and erroneous trends in climatology. 

Therefore, it is important to identify these changes and estimate their corrections. 

The premise of accomplishing this task is that the individual station’s metadata has 

the record of geographical locations and sensors changes information. With 

identified those changes, the effects of them on the homogeneity (a consistent 

‘tempo’ in variations of the dataset) of the station’s data can be examined through 

comparing the temporal variations of the data at the same station and the variations 

within neighbouring stations (Tao et al., 1991; Kaiser et al., 1993). A number of 

methods have been developed to examine and evaluate the homogeneity of daily 

climate data series (Jones et al., 1986; Forsythe et al., 1995). In this dataset, three 

statistical methods, departure accumulating method (Buishand, 1982), standard 

normal homogeneity test (Alexandersson, 1986), and moving t-test (Peterson et al., 

1998), were employed to check the homogeneity of the station data series because 

such a combination of statistical methods is often considered most effective to 

uncover data inhomogeneity (Wijngaard et al., 2003). 

These three objective statistical methods here comprised the main 

procedures of the QC system. The detailed characteristics QC methods in 

developing this dataset are presented as follow. The first procedure of QC 

identified 0.05% of the data records as errors result from data coding, typos, 

incorrect units, and incorrect reading. Second, the QC inspected the temporal and 
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spatial consistencies of the variables’ time series. Nearly 37.9% of the stations 

were found to have one or more variables with inconsistent changes (Feng et al., 

2004). Based on the evaluations of sources causing the temporal and spatial 

inconsistencies or discontinuities, these data segments containing inconsistent 

values were, then adjusted considerably. Through the QC procedures, the adjusted 

data series showed both temporally and spatially consistent trends in the frequency 

of extreme climate events occurrence compared with the unadjusted data series. 

2.3 STUDY AREA 

China has various climates due to its large landmass, complex topography 

and large-scale Asian monsoon driven by the temperature differences between the 

Asian continent and the Pacific Ocean (Li et al., 2011). The various climates make 

China sensitive to the effects of climate change mainly in the fields of agriculture, 

forestry, fishery, ecosystems and water resources. Particularly, climate extremes 

can cause extensive damages to various systems and undo socioeconomic 

structures decades in the making. For example, South China suffered from a severe 

snow storm in early 2008. Heavy snows caused extensive damage, power systems 

failure, crops loss and transportation disruption for almost half the whole territory. 

The direct economic losses inflicted by the storm were over $20 billion (Zhou et 

al., 2011). The heaviest rainfall in 60 years hit Beijing on July 21st, 2012. Around 

175-200 mm fell over much of the city within 10 hours. It caused an estimated $1.5 

billion in economic losses and 1.9 million people affected by the downpour and 

flood (Zhou et al., 2013; Zheng et al., 2016). Substantial researchers demonstrate 

that precipitation, particularly extreme precipitation, from climate system is 
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susceptible to the global warming (Karl et al., 1995; Wood et al., 1997; Held and 

Soden, 2006; Seager et al., 2007; Hartmann et al., 2013). Therefore, studying how 

the global warming may change the climate extremes over China in the future has 

great significance.  

PRECIS computational domain is centered at (34°N, 105°E), and it covers 

China with 292 × 186 horizontal grid points and a lateral buffer zone of 20 grid 

points. The spatial resolution is 0.22° × 0.22°. PRECIS runs are integrated 

continuously during 1969-2005 for the historical simulation and 2006-2099 for the 

future projections. Future projection simulations are forced with specified 

concentrations consistent with a medium emission scenario (RCP4.5) and a high 

emission scenario (RCP8.5). RCP4.5 is a stabilization scenario, with the total 

radiative forcing of 4.5 W/m2 until 2100. RCP8.5 is a scenario of comparatively 

high greenhouse gas emissions with stabilizing near 8.5 W/m2 (Moss et al., 2010). 

With these two RCP scenarios, changes in precipitation can be investigated under 

increasing radiative forcing. By considering the internal regional features of 

precipitation in China and based on some previous studies (Li et al., 2011; Luo et 

al., 2013; Bucchignani et al., 2014; Guo et al., 2017), the contiguous China domain 

was divided into five sub-regions, namely Northwest China, Northcentral China, 

Tibet, Northeast China, and South China. As shown in Figure 2.2, these sub-

regions are typically used in weather- and climate-related discussions in China 

because of the climatic similarities within each sub-region. The five sub-regions 

represent five distinct climate types which are dry, warm, plateau, cold, and wet 

climate. For each sub-region, the area-averaged precipitation was calculated for 
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the validation and undermentioned differences in total and extreme precipitation 

changes. 
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Figur3 Model domain, topography (unit: m), and the five sub-regions: Northwest, Northcentral, 

Northeast, Tibet and South). 

Figure 2.2 Model domain, topography (unit: m), and the five sub-regions: 

Northwest, Northcentral, Northeast, Tibet and South. 
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CHAPTER 3 HIGH-RESOLUTION PROJECTIONS OF MEAN 

AND EXTREME PRECIPITATIONS OVER CHINA THROUGH 

PRECIS UNDER RCPS   

The impact of global warming on the characteristics of mean and extreme 

precipitations over China is investigated by using the PRECIS model. The PRECIS 

model was driven by the HadGEM2-ES. The results of both models are analyzed 

in terms of mean precipitation and indices of precipitation extremes (R95p, R99p, 

SDII, WDF, and CWD) over China at the resolution of 25 km under the 

Representative Concentration Pathways 4.5 and 8.5 (RCP4.5 & RCP8.5) scenarios 

for the baseline period (1976-2005) and two future periods (2036-2065 and 2070-

2099). With improved resolution, the PRECIS model is able to better represent the 

fine-scale physical process than HadGEM2-ES. It can provide reliable spatial 

patterns of precipitation and its related extremes with high correlations to 

observations. Moreover, there is a notable improvement in temporal patterns 

simulation through the PRECIS model. The PRECIS model better reproduces the 

regional annual cycle and frequencies of daily precipitation intensity than its 

driving GCM. Under RCP4.5 and RCP8.5, both the HadGEM2-ES and the precis 

project increasing annual precipitation over the entire country for two future 

periods. Precipitation increase in winter is greater than the increase in summer. 

The results suggest that increased radiative forcing from RCP4.5 to RCP8.5 would 

further intensify the magnitude of projected precipitation changes by both PRECIS 

and HadGEM2-ES. For example, some parts of south China with decreased 

precipitation under RCP4.5 would expect even less precipitation under RCP8.5; 
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regions (Northwest, Northcentral and Northeast China) with increased 

precipitation under RCP4.5 would expect more precipitation under RCP8.5. Apart 

from the projected increase in annual total precipitation, the results also suggest 

that there will be an increase in the days with precipitation higher than 15 mm and 

a decrease in the days with precipitation less than 5 mm. Under both RCPs, there 

would be an increasing trend in the magnitude of changes in precipitation extremes 

indices (R95p, R99p, and SDII) over China, while an opposite trend is projected 

for CWD and no apparent trend is projected for WDF from 2036-2065 to 2070-

2099. Increased extreme precipitation amounts accompanied by decreased 

frequencies of extreme precipitation suggest that the future daily extreme 

precipitation intensity is likely to become large in Northeast China and South 

China.   

3.1 INTRODUCTION 

China has various climates due to its large landmass, complex topography 

and large-scale Asian monsoon driven by the temperature differences between the 

Asian continent and the Pacific Ocean (Li et al., 2011). The various climates make 

China sensitive to the effects of climate change mainly in the fields of agriculture, 

forestry, fishery, ecosystems and water resources. Particularly, extreme 

precipitation events can cause extensive damages to various systems and undo 

socioeconomic structures decades in the making. For example, South China 

suffered from a severe snow storm in early 2008. Heavy snows caused extensive 

damage, power systems failure, crops loss and transportation disruption for almost 

half the whole territory. The direct economic losses inflicted by the storm were 
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over $20 billion (Zhou et al., 2011). The heaviest rainfall in 60 years hit Beijing 

on July 21st, 2012. Around 175-200 mm fell over much of the city within 10 hours. 

It caused an estimated $1.5 billion in economic losses and 1.9 million people 

affected by the downpour and flood (Zhou et al., 2013; Zheng et al., 2016). 

Substantial researchers demonstrate that precipitation, particularly extreme 

precipitation, from climate system is susceptible to the global warming (Karl et al., 

1995; Wood et al., 1997; Held and Soden, 2006; Seager et al., 2007; Hartmann et 

al., 2013). Therefore, studying how the global warming may change the 

precipitation over China in the future has great significance. Climate models play 

a crucial role in facilitating researchers to study climate systems and climate 

change (Chen and Sun, 2009). GCMs are widely used to reproducing large-scale 

climates (Xu and Xu, 2012; Sperber et al., 2013; Kitoh et al. 2013; Gong et al., 

2014) and projecting response of them to future external forcing with roughly 1 to 

2° spatial resolution (Taylor et al., 2012). With coarse resolutions, GCMs are 

incapable of representing many processes that drive regional climate variability, 

especially in terms of reflecting extreme precipitation events (Huang et al., 2013; 

Bucchignani et al., 2014; Bao and Feng, 2015). Extreme precipitation takes place 

on a very small spatial scale which makes GCMs unable to simulate (Wehner et 

al., 2010; Feng et al., 2011; White et al., 2013). There is some progress in 

improving the resolution of GCMs in the Coupled Model Intercomparison Project 

phase 5 (CMIP5) (Taylor et al., 2012; Lee et al., 2014), but their resolution is still 

too coarse to be applied for down streams at the regional scale. By contrast, RCMs 

can represent fine-scale physics processes and dynamically downscale the initial 
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and lateral boundary conditions from GCMs to provide regional information and 

(Giorgi and Mearns, 1991; Giorgi, 2006; Christensen et al., 2007; Liang et al., 

2008; Colette et al., 2012; Racherla et al., 2012; Hewitson et al., 2014; Ji and Kang, 

2015). RCMs make high-resolution information available for downstream 

application and have been widely used to obtain historical climate simulations and 

future projections over China (Hirakuchi and Giorgi, 1995; Gao et al., 2001; Yu et 

al., 2010; Sato and Xue, 2013). 

Previously, a number of studies have been carried out for simulating climatic 

changes over China. For example, the RegCM was developed to downscale the 

National Center for Atmospheric Research (NCAR) Community Climate System 

Model over China (Liu et al., 2013). RegCM produced high spatial pattern 

correlations with observations for precipitation and surface air temperature and 

corrected some wet and cold biases in its driving GCM. The Flexible Global 

Ocean-Atmosphere-Land System model, grid point version 2 (FGOALS-g2) was 

also downscaled through RegCM over China (Zou and Zhou, 2013). RegCM was 

able to reproduce the spatial distribution of extreme summer precipitation and 

projected more intensified changes in extreme precipitation than FGOALS-g2. 

Most recently, the Beijing Climate Center Climate System Model version 1.1 

(BCC-CSM1.1) was adopted to downscaled to simulate climate change through 

RegCM over China. It is also shown that RegCM improved the climate simulation 

(Gao et al., 2013). Results from regional climate model COSMO-CLM (CCLM) 

downscaling the European Centre/Hamburg version 5 (ECHAM5) over East Asia 

showed that CCLM could reasonably capture the regional climate features, but 
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CCLM simulated a wet bias over some parts of China (Wang et al., 2013). The 

WRF model driven by the operational seasonal forecast model Climate Forecast 

System (CFS) was used to downscale the annual and seasonal precipitation over 

continental China. WRF was capable of reducing the wet bias of seasonal mean 

precipitation and improve inter-annual variations over regions (Yuan et al., 2013). 

The WRF model has the ability to simulate the mean and extreme precipitations 

over China was also examined through downscaling the Geophysical Fluid 

Dynamics Laboratory Earth System Model with the Generalized Ocean Layer 

Dynamics component (GFDL-ESM2G) (Dunne et al, 2012; Bao et al., 2015). WRF 

successfully eliminated some artificial precipitation maximum areas and provided 

more reliable spatial distributions of total and extreme precipitation in China. As 

for the PRECIS model (Wilson et al., 2015), there are some studies had been done 

through it for downscaling the Hadley Centre Coupled Model version 3 (HadCM3) 

over China under Special Report on Emissions Scenarios B2 (SRES B2) scenario 

(Xu et al., 2006). The regional model’s ability to simulate the historical and future 

climate of China was tested and verified.  

Many studies indicate that the CMIP5 multi-model has an improved 

representation of rainfall compared to the CMIP3 (Sperber et al., 2012; Sun et al., 

2015; Zhang et sl., 2015). This is reflected by the more realistic magnitude of 

rainfall in terms of the skill of simulating pattern correlations with respect to 

observations. Additionally, the CMIP5 models outperform the CMIP3 models for 

the time mean, the inter-annual variability of the East Asian monsoon, and inter-

seasonal variability for rainfall/convection.  
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Previous studies have demonstrated the RCMs are good at adding value to 

GCMs’ simulations over China.  However, most of them were in 50 km resolution 

and based on the results of CMIP3. With the release of CMIP5, most of the studies 

suggest there will be substantial changes in the precipitation under RCPs compared 

with SRES scenarios (Van et al., 2011; Taylor et al., 2012; Chen and Frauenfeld, 

2014). Therefore, it is necessary to investigate how the mean and extreme 

precipitation over China will response under any Representative Concentration 

Pathways scenarios. 

The aim of this study is to carry out a total of 95 years (2005-2099) transient 

simulation of precipitation (including total precipitation and extreme precipitation) 

over China under RCPs at 25 km grid cells. To archive this, the historical 

simulation of precipitation for both PRECIS and its driving GCM will be validated 

with the observation dataset regarding spatial and temporal patterns. The future 

precipitation will be simulated by PRECIS under RCPs and analyzed with respect 

to changes in the mean precipitation and selected indices of extremes. The paper 

is organized as follows. Section 2 will describe model details, experimental design, 

and data. Evaluation of historical simulation in terms of total precipitation and 

extreme precipitation by the models will be shown in section 3. Future projections 

under the two RCPs will be presented in section 4. The final section will provide 

the summary and conclusions. 

3.2 MODELS, EXPERIMENT DESIGN AND DATA 

The regional climate model used in the present study is the PRECIS model 

version 2.0.0 developed by Met Office Hadley Centre, UK (Jones et al., 2004; 
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Wilson et al., 2015). It is an atmospheric and land surface model of limited area 

and high resolution which is originally designed to serve both operational 

forecasting and atmospheric research needs. Dynamical flow, the atmospheric 

sulfur cycle, clouds and precipitation, radiative processes, the land surface and the 

deep soil are all described. The PRECIS model has been widely applied in regional 

simulations (Xu et al., 2006; Feng et al., 2012; Wang et al., 2014; Wang et al., 

2015), and its ability in climatological mean and extreme climate simulations over 

China has been tested and verified (Xu et al., 2009). Moreover, PRECIS exhibits 

improved performance in simulating the inter-annual variations presented by its 

driving data (Wang et al., 2016). 

HadGEM2-ES provides the meteorological forcing at the limits of the 

PRECIS model’s domain as its LBC to produce the high-resolution historical 

simulation and future projection (Collins et al., 2008). Though over 40 models 

participated in CMIP5, only 11 of these models had the added capability to 

explicitly represent biogeochemical processes that interact with the physical 

climate biogeochemical processes that interact with the physical climate. This 

means that the global climate models are Earth System Models (ESMs). These 11 

ESMs are BCC_CSM1.1, BNU-ESM, CanESM2, GFDL-ESM2G, GFDL-

ESM2M, INM-CM4.0, IPSL-CM5A-MR, MIROC-ESM, MIROC-ESM-CHEM, 

NorESM1-M and HadGEM2-ES (MACA, 2017). Distinctive from the others, 

HadGEM2-ES has the highest resolution among these ESMs incorporating 

dynamic vegetation (Martin et al., 2011; Jiang et al., 2015). Studies indicate that 

higher horizontal resolution is associated with enhanced skill in representing 
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climatic variables in the CMIP5 models (Rupp et al., 2013; Zhang et al., 2013). 

Plus, there are studies carried out to examine their capacities to simulate the 

associated variables (i.e., minimum/maximum temperature, precipitation, wind, 

humidity, solar radiation). Overall, from these studies, HadGEM2-ES is the best 

model for most variables, especially for surface conditions and atmospheric 

circulation. 

PRECIS computational domain is centered at (34°N, 105°E), and it covers 

China with 292 × 186 horizontal grid points and a lateral buffer zone of 20 grid 

points. The spatial resolution is 0.22° × 0.22°. PRECIS runs are integrated 

continuously during 1969-2005 for the historical simulation and 2006-2099 for the 

future projections. Future projection simulations are forced with specified 

concentrations consistent with a medium emission scenario (RCP4.5) and a high 

emission scenario (RCP8.5). RCP4.5 is a stabilization scenario, with the total 

radiative forcing of 4.5 W/m2 until 2100. RCP8.5 is a scenario of comparatively 

high greenhouse gas emissions with stabilizing near 8.5 W/m2 (Moss et al., 2010). 

With these two RCP scenarios, changes in precipitation can be investigated under 

increasing radiative forcing. 

By considering the internal regional features of precipitation in China and 

based on some previous studies (Li et al., 2011; Luo et al., 2013; Bucchignani et 

al., 2014; Guo et al., 2017), the contiguous China domain was divided into five 

sub-regions, namely Northwest China, Northcentral China, Tibet, Northeast China, 

and South China. As shown in Figure 2.2, these sub-regions are typically used in 

weather- and climate-related discussions in China because of the climatic 
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similarities within each sub-region. The five sub-regions represent five distinct 

climate types which are dry, warm, plateau, cold, and wet climate. For each sub-

region, the area-averaged precipitation was calculated for the validation and 

undermentioned differences in total and extreme precipitation changes. Five 

precipitation indices are used in this study (Table 3.1). They are described in detail 

by Frich et al. (2002) and Zou and Zhou (2013), including percentage of wed days 

exceeding 95th percentile (R95p), percentage of wed days exceeding 99th 

percentile (R99p), simple daily intensity index (SDII), wet-day frequency (WDF), 

and consecutive wet days (CWD). To assess the skills of model simulations of the 

historical climate, observational data are needed as references to compare with the 

model results. The observed precipitation and temperature (used in examine 

Clausius-Clapeyron relation) are from APHRODITE’s gridded daily precipitation 

and temperature dataset with a spatial resolution of 0.25° × 0.25° (Yatagai et al., 

2012). The APHRODITE dataset is based on the interpolation from more than 

5000 valid stations across Asia and covers a period of more than 50 years. It applies 

enhancement with a quality control algorithm to develop the only Asian 

precipitation products highly resolved in time and space.  
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Table 1 Definitions of Extreme Precipitation I  

 

Labels Name Index Definition Units 

R95p 

percentage of 

wed days 

exceeding 95th 

percentiles 

the percentage of wet days (define a wet day as 

having precipitation >=1 mm/day) with daily 

precipitation exceeding the 95th percentile of the 

daily precipitation at wet days 

% 

R99p 

percentage of 

wed days 

exceeding 99th 

percentiles 

the percentage of wet days where the daily 

precipitation amount is over the 99th percentile of 

the daily precipitation amount at wet days 

% 

SDII 

simple daily 

intensity index 

the daily mean intensity of a time series of daily 

precipitation amounts at wet days 

mm/day 

WDF 

wet-day 

frequency 

the percentage of days in baseline period which 

are wet days 

% 

CWD 

consecutive 

wet days 

the largest numbers of consecutive wet days of a 

time series of daily precipitation 

day 

 

Table 3 Definitions of Extreme Precipitation Indices Used in Chapter 3. 
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3.3 HISTORICAL SIMULATION OF PRECIPITATION 

Figure 3.1 shows the spatial distribution of annual, winter and summer mean 

precipitation over China from HadGEM2-ES, PRECIS, and APHRODITE for the 

period from 1976 to 2005. Three months’ result, namely June, July and August 

(JJA) in summer, and December, January and February (DJF) in winter are selected 

to calculating the two-seasonal mean precipitation. APHRODITE shows that 

annual mean precipitation amounts are relatively low over Northwest China, 

increasing southeastward and reaching the maximum at the southwest of Yunnan-

Kweichow Plateau (located in between 22° N and 30° N, 100° E and 111° E) in 

South China. The mean precipitation for winter and summer also exhibit similar 

spatial distribution. But the summer precipitation amounts outweigh the winter’s 

due to the nature of monsoon climate in East Asia. Compared to APHRODITE, 

HadGEM2-ES simulates the annual mean precipitation in a different spatial pattern, 

the precipitation amount increasing southward. The simulated precipitation 

amounts are higher than the observations’ over South China and the Tibetan 

Plateau. There is an artificial strong precipitation area simulated by HadGEM2-ES 

over the west of Tarim Basin in Northwest China along the southern edge of the 

Tibetan Plateau in both seasons. The overestimation of precipitation here is a 

common occurrence in many other GCMs with coarse resolution (Flato et al., 

2013). PRECIS significantly reduces their occurrences and reproduces better 

spatial patterns of mean precipitation. Furthermore, PRECIS captures the 

observational maximum precipitation area locating at the southwest of Yunnan-

Kweichow Plateau and eliminates the artificial strong precipitation area over the 
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Tarim Basin in both seasons. These results are congruent with previous studies that 

employed other RCMs such as RegCM and WRF to simulate the historical climate 

over China (Gao et al., 2008; Zou and Zhou, 2013; Bao et al., 2015). It should be 

noticed that the PRECIS model is not implicitly perfect since the simulated 

precipitation is overestimated over South China and the Tibetan Plateau in winter. 

Generally, major model biases in simulating present-day climate would be 

systematically propagated into future climate projections at regional scales (Liang 

et al., 2008; Xue et al., 2014). A more accurate simulation of present-day climate 

provides confidence that future projections are more credible (Wang et al., 2016). 

In this study, the simulations will be used to calculate the percentage changes in 

precipitation to minimize the effects of the modeling bias on the reliability of future 

precipitation projections. Future precipitation projections will be developed by 

applying the projected changes to the observed precipitation for the current climate 

of China. In this sense, the developed precipitation projections in this study will 

be bias-corrected and thus can provide helpful information for assessing the 

potential effects of climate change in the context of China. Besides, there is a study 

showing that bias correction methods impaired the GCM advantages by altering 

spatiotemporal field consistency and relations among variables, they largely 

neglected the feedback mechanisms (Ehret et al., 2012). Thus, the validity of 

correcting the model bias using bias correction methods still remains to be verified. 

But it is indubitable that PRECIS more reasonably captures spatial patterns than 

HadGEM2-ES does in both seasons.  
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Figure 4 Spatial distributions of precipitation (unit: mm/d) for 1976-2005 over China from HadGEM2-ES, PRECIS, and observations. 

Figure 3.1 Spatial distributions of precipitation (unit: mm/d) over China from 

HadGEM2-ES (a, d, and g), PRECIS (b, e, and h), and observations (APHRO 

referred as APHRODITE) (c, f, and i) for 1976-2005. 
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To gauge the skills of HadGEM2-ES and PRECIS in reproducing the annual, 

summer and winter mean precipitation, the Taylor Diagram is introduced to 

summarize how closely the patterns from two models’ results match the 

observation (Taylor, 2001). It exhibits the correlation coefficient (COR), standard 

deviation (SD), and root-mean-square error (RMSE) between simulated patterns 

and the observational pattern in a graphical way. The simulated pattern with the 

right amplitude of its variations (represented by SD), high correlation, and low 

RMSE agrees well with the observation. On the plot, the pattern will have a closer 

distance to the reference point marked “OBS” on the x-axis. Figure 3.2 shows the 

relative merits of HadGEM2-ES and PRECIS with respect to reproducing the 

spatial patterns of annual, summer and winter mean precipitation for China and 

five sub-regions. In comparison with HadGEM2-ES, all the annual and two 

seasons’ results from PRECIS have CORs between 0.6 and 0.9, and SDs between 

1 and 1.5 for China, which indicates that PRECIS has reasonable performance in 

simulating the spatial distribution of precipitation. Overall, PRECIS has a 

relatively high skill of reproducing the spatial distribution of mean precipitation in 

both seasons over China. As for the five sub-regions, PRECIS still performs better 

than HadGEM2-ES in simulating annual, summer and winter precipitation, but 

PRECIS, itself, shows an inconsistent performance level at the different sub-region. 

Results of PRECIS over Northwest China have the lowest CORs and highest 

RMSEs compared with the results of other four regions. The poor performance of 

PRECIS could be caused by its driving GCM since HadGEM2-ES, here, simulates 
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the highest RMSE and SD among all five sub-regions. Simulated patterns of 

PRECIS over the Tibetan Plateau agrees best with the observation as they have the 

lowest RMSEs and highest CORs for both seasons. However, the relatively high 

skill of PRECIS in simulating spatial patterns is not necessarily related to the inputs 

of the driving GCM because the performance of HadGEM2-ES over the Tibetan 

Plateau is not the best. The high skill of PRECIS may result from the model’s 

inherent capacity of simulating the precipitation in high altitude areas. Overall, it 

is evident that PRECIS outperforms HadGEM2-ES with respect to simulating the 

spatial distributions of annual, summer, and winter precipitation for China and five 

sub-regions. 
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Figure 5 Comparison of model simulations of precipitation during 1976-2005 over China and five sub-regions in Taylor diagrams. 

Figure 3.2 Comparison between model simulations and observation of 

precipitation over China and five sub-regions in Taylor diagrams for 1976-2005. 
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Figure 3.3 demonstrates the annual cycles of precipitation estimated from 

two models’ outputs and the observational data for China and five sub-regions. For 

China, the curve of PRECIS well matches the annual cycle of APHRODITE. It is 

noteworthy that the maximum value of the curve equals the value of the 

observational curve. Though HadGEM2-ES does capture the trends of the 

observed annual cycle, it holistically overestimates the amount ranging from 0.5 

to 1.9 mm/day. For Northwest China, the contrast between two models’ results is 

more obvious than that for the entire country. The annual cycle for PRECIS agrees 

with the observational cycle, while the cycle for HadGEM2-ES towers above the 

observation for all months with the maximum difference up to 250% of the 

reference value. However, PRECIS overestimates the precipitation amounts before 

July, and both models simulate an earlier wet season. As for Tibet, both models 

over simulate precipitation amounts for the full cycle, but values of PRECIS are 

closer to the observation than those of HadGEM2-ES. For Northcentral China, two 

models’ results exhibit overestimations in all seasons and especially in spring and 

autumn. Nonetheless, both PRECIS and HadGEM2-ES do capture the wettest 

month, July. For Northeast China, the annual cycles of HadGEM2-ES and PRECIS 

generally stick together from March to August and reach the maximum in July 

which is the observed wettest month. But the results of PRECIS match the 

observation better than HadGEM2-ES for the months before March and after 

September. For South China, HadGEM2-ES simulate July as the wettest month in 

the annual cycle, whereas the month with maximum precipitation is June in the 

PRECIS simulation and the observation. Based on the results above, PRECIS is 
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more reliable than HadGEM2-ES to represent the annual cycles for China and all 

five sub-regions.  
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Figure 6 Annual cycle of precipitation (unit: mm/d) over China and the five sub-regions during 1976-2005. 

Figure 3.3 Annual cycle of precipitation (unit: mm/d) over China and the 

five sub-regions during 1976-2005. 
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Figure 3.4 shows the histograms of the frequency distribution of the daily 

precipitation intensity of PRECIS, HadGEM2-ES, and APHRODITE over five 

sub-regions for the baseline period. For each chart, the daily precipitation data of 

every grid cell in the selected region is taken into account for the analysis. Each 

column represents the percentage of days that all grids’ precipitation amounts in a 

sub-region falling into a range (0-5, 5-10, 10-15, 15-20, 20-30 and >30) for 30 

years. Compared with the observation, both simulations tend to underestimate the 

frequencies of daily precipitation intensities below 5 mm/day and overestimate the 

frequencies of daily precipitation intensities between 5 mm/day and 30 mm/day 

for five sub-regions. However, the PRECIS model performs better than 

HadGEM2-ES as its results are more accordant with APHRODITE data. Moreover, 

the observed shifting of the daily precipitation amount distribution toward heavy 

precipitation is in agreement with a recently published study (Ma et al., 2017). Ma 

et al. provide evidence that the observed shift from weak precipitation to intense 

precipitation is primarily due to the contribution of increased radiative forcing, 

with anthropogenic aerosols forcing offsetting some of the effects of the increased 

radiative forcing during the second half of the twentieth century. Anthropogenic 

aerosols from air pollution can affect precipitation via aerosol-radiation interaction 

(ARI) and aerosol-cloud interaction (ACI) effects (Li et al., 2017). While the ARI 

effect is included in most of the CMIP5 models, only a very small number of 

models fully or partially include the ACI effect, which implies that current climate 

models do not have all the capacities needed to fully represent the multiple aerosol 

effects on precipitation. The aerosol group from Met Office develops the aerosols 
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emission, transport, and deposition schemes, and the interaction of aerosols with 

radiation and clouds within the PRECIS model to make the simulated results more 

consistent with observations (Mulcahy et al., 2014). 
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Figure 7 Frequencies (unit of axis y: %) of daily precipitation intensities (unit of axis x: mm/day) of model simulations and observat ions over the five sub-regions for 1976-2005. 

Figure 3.4 Frequencies (unit of axis y: %) of daily precipitation intensities 

(unit of axis x: mm/day) of model simulations and observations over the five sub-

regions for 1976-2005. 
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In Figure 3.5, simulated indices of precipitation extremes (R95p, R99p, SDII, 

WDF, and CWD) from HadGEM2-ES and PRECIS are validated with indices 

derived from the observation for the baseline period. R95p is defined as the 

percentage of wet days (define a wet day as having precipitation >=1 mm/day) 

with daily precipitation exceeding the 95th percentile of the daily precipitation at 

wet days for the baseline period. The spatial patterns of R95p (Figures 3.5 (a) to 

3.5 (c)) is well simulated by PRECIS. High values of the wet days with extreme 

precipitation over the east part of South China and southwest of Yunnan-

Kweichow Plateau are well captured. Low values of the index over Northwest 

China, Tibet, and Northcentral China are also very well produced.  HadGEM2-ES 

tends to greatly overestimate the high values of Southeast China and low values 

over Northwest China and Tibet. HadGEM2-ES fails to capture the maximum 

values of the index over the southwest of Yunnan-Kweichow Plateau. As for R99p 

(Figures 3.5 (d) to 3.5 (f)), it is defined as the percentage of wet days where the 

daily precipitation amount is over the 99th percentile of the daily precipitation 

amount at wet days for the given reference period. Both models have a similar 

spatial distribution with observations’, but they slightly overestimate values of the 

index over Southeast China and the Tibetan Plateau and underestimate the values 

over the southwest of Yunnan-Kweichow Plateau. PRECIS better captures the low 

values of R99p over Northeast China than HadGEM2-ES does. The SDII is defined 

as the daily mean intensity of a time series of daily precipitation amounts at wet 

days. As shown in Figures 3.5 (g) -3.5 (i), there is good agreement between the 

PRECIS simulating SDII and the observed SDII over China. However, SDII is 
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underestimated in the model over Northwest China and South China. Despite the 

simulation over Tibet, HadGEM2-ES largely underestimate SDII all over China. 

The WDF is defined as the percentage of days in the baseline period which are wet 

days. The simulated WDF and observed WDF are shown in Figures 3.5 (j) - 3.5 

(l). High frequencies of wet days over the southwest of Yunnan-Kweichow Plateau 

and low frequencies over Northwest China and Northcentral China are well 

simulated by PRECIS.  HadGEM2-ES, whereas, highly overestimate the index for 

the Szechwan Basin with the maximum value being 70%. Figures 3.5 (m) - 3.5 (o) 

show the spatial distribution of the CWD per baseline period over China. The index 

presents the largest numbers of consecutive wet days of a time series of daily 

precipitation. The CWD is more in South China and Tibet, and less in Northwest 

China for both models. These spatial patterns are well captured by PRECIS. The 

index is largely overestimated by HadGEM2-ES over China except for the two 

sub-regions, Northeast China and Northcentral China. Therefore, it is unequivocal 

that PRECIS better depicts spatial distributions of extreme precipitation than 

HadGEM2-ES simulation does for China. 
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Figure 8 Spatial distributions of indices of annual mean precipitation extreme (R95p, unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, unit: %; and CWD, unit: days) over China for HadGEM2-ES, PRECIS, and observations from 1976 to 2005. 

Figure 3.5 Spatial distributions of indices of annual mean precipitation 

extreme (R95p, unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, unit: %; and 

CWD, unit: days) over China for HadGEM2-ES, PRECIS, and observations from 

1976 to 2005. 
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In Figure 3.6, regional statistics are shown for indices of precipitation 

extremes derived from two models and the observation over five sub-regions. 

Overall, results of PRECIS are more consistent with the observation data than 

results of HadGEM2-ES are. PRECIS gives more reliable and reasonable regional 

averages of indices of precipitation extremes for China. In Northwest China, both 

models tend to overestimate R95p, R99p, WDF, and CWD and underestimate SDII. 

However, HadGEM2-ES simulates much higher values for R95p, R99p, WDF, and 

CWD and a lower value for SDII in comparison with APHRODITE. In Tibet and 

Northcentral China, both models produce higher values of all five indices than the 

observation. In Northeast China, HadGEM2-ES overestimates the averages of 

R95p, R99p, and CWD and underestimates the averages of SDII and WDF. 

PRECIS simulating indices are consistent with results of HadGEM2-ES excepting 

on CWD which is underestimated by PRECIS. In South China, HadGEM2-ES 

underestimates the averages of R95p, R99p, and SDII and overestimates the 

averages of WDF and CWD. PRECIS is only consistent with HadGEM2-ES for 

R95p, SDII, and WDF. For R99p and CWD, PRECIS slightly overestimates the 

indices instead of underestimating them. However, PRECIS simulating indices are 

all closer to the indices derived from APHRODITE. Therefore, PRECIS makes a 

remarkable improvement in reproducing the historical precipitation compared with 

its driving GCM. It is further proved that high-resolution simulation is essential to 

obtain the plausible distribution of precipitation over China. A faithful 

reproduction of historical climate is the premise for projecting a plausible range of 

future climate.  



55 
 

 

Figure 9 Regional averages for indices of annual mean precipitation extreme (R95p, unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, unit: %; and CWD, unit: days) for HadGEM2-ES, PRECIS, and observations. 

Figure 3.6 Regional averages for indices of annual mean precipitation 

extreme (R95p, unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, unit: %; and 

CWD, unit: days) for HadGEM2-ES, PRECIS, and observations. 

  



56 
 

Increasing observational and climate modeling studies have investigated the 

relationship between atmospheric temperature and rainfall intensity as a basis for 

projecting changes in daily rainfall extremes, arguing that the intensity should 

increase following either the Clausius-Clapeyron (CC) relation or Super CC 

relation over a certain surface-air-temperature range and availability in moisture. 

As shown in Figure 3.7, both models reproduce the CC scaling of daily 

precipitation extremes under 14 °C and the supper CC rate of extremes above 15 °C 

up to 22 °C reasonably well for the 90th, 99th, and 99.9th percentiles. There are 

subtle differences between the two models for temperature above 22 °C. 

HadGEM2-ES appears to retain the super CC scaling, whereas the PRECIS model 

simulates a strong reduction in precipitation intensity. The strong reduction in 

modeled precipitation intensity for temperatures above 22 °C is associated with a 

deficit in atmospheric moisture content, but this relationship is yet to be understood. 

Relations between temperature and precipitation are difficult to assess because of 

an ambiguity of causes and effects, in particular over moisture-limited regions and 

the summer season (Trenberth and Shea, 2005). Most important is the dependency 

of both temperature and precipitation on the atmospheric circulation conditions 

(Lenderink et al., 2009). For temperatures above 22 °C, anomalous atmospheric 

conditions (e.g., with severe soil drying and/or strong high-pressure systems) is 

likely to suppress the occurrence and intensity of precipitation extremes. High-

pressure systems could cause warm weather with low relative humidity and low 

precipitation at the same time. A prolonged period with dry weather could result 

in soil moisture depletion, with further reduced surface evaporation and 



57 
 

temperature increases (Vautard et al., 2007). This again implies a negative 

correlation between temperature and precipitation, which could also be further 

enhanced by feedbacks from clouds. Moreover, in the observations there are is a 

fall off in precipitation intensity with increase in the highest temperature range. It 

is interesting that the PRECIS model discussed here employs a closure of the 

convection scheme based on moisture convergence (Wilson et al., 2015). Results 

show that this closure led to a strong positive feedback with drying soil leading to 

a reduction in precipitation, opposing the results of HadGEM2-ES that gave rise 

to a negative soil moisture feedback. Therefore, the results exhibit a reference for 

adding values to its driving GCM by catching fine-scale physical process. 
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Figure 10 Dependencies of different extreme percentiles (90th - 99.9th) of the distribution of daily precipitation on temperature in three datasets (HadGEM2-ES, PRECIS, and APHRODITE). 

Figure 3.7 Dependencies of different extreme percentiles (90th - 99.9th) of 

the distribution of daily precipitation on temperature in three datasets (HadGEM2-

ES, PRECIS, and APHRODITE). 
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3.4 PROJECTIONS OF FUTURE PRECIPITATION 

In Figure 3.8, it shows the projected precipitation changes relative to the 

baseline period for HadGEM2-ES and PRECIS under RCP4.5 and RCP8.5 

scenarios for the period 2036-2065 (the 2050s) and the period 2070-2099 (the 

2080s). For the 2050s, both models project a general increase in the annual 

precipitation over most parts of China under both scenarios. HadGEM2-ES 

simulates less precipitation in northern sub-regions (Northwest China, 

Northcentral China, and Northeast China) than southern sub-regions (Tibet and 

South China). However, PRECIS gives an opposite spatial pattern that northern 

sub-regions have a larger increment than southern sub-regions. For northern sub-

regions, their relatively high latitudes make them receive more positive albedo-

temperature feedback. Therefore, the northern sub-regions have higher 

temperature increase than the southern sub-regions (Li et al., 2011).  Due to a rise 

in air temperature, water vapor in the atmosphere increases nonlinearly with 

temperature. This increase in precipitable water is, to first order, responsible for 

the increase in precipitation, particularly in middle to high latitudes. As for Tibet, 

melting of the ice and snow cover in the high-elevation areas under warming 

climate increases water vapor which traps more heat in the surface, and makes the 

surface less reflective and adds to the warming effect (Hewitson et al., 2014). 

Hence, it is associated with an establishment of a large-scale thermal contrast 

between the Asian land mass and neighboring oceans (Li et al., 2008; Li and Yanai, 

1996; Wu et al.,2012). However, in the air above, models consistently project 

enhanced upper-tropospheric warming in the tropics (Meehl et al., 2007). This is 
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related to increasing condensational heating in the future climate. The upper-

troposphere over the Indian Ocean warms more than over the Tibetan plateau, 

reducing the meridional thermal gradient between the Asian continent and adjacent 

oceans, thus leading to a weakening of the Asian monsoon circulation (Ueda et al., 

2006). Therefore, less precipitation should be projected in the southern sub-regions 

than in the northern sub-regions. The results provide a useful reference for 

identifying the added value of high-resolution model over its low-resolution 

counterpart in terms of precipitation projection. 
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Figure 11 Spatial distributions of percentage changes for two future periods (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of annual, winter, and summer mean precipitation (unit: %) as projected by HadGEM2-ES and PRECIS. 

Figures 3.8 Spatial distributions of percentage changes for two future periods 

(2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of annual, 

winter, and summer mean precipitation (unit: %) as projected by HadGEM2-ES 

and PRECIS. 
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Under RCP4.5, PRECIS projects the maximum positive changes taking place 

in Northwest China. These results derived from PRECIS are consistent with the 

results of Bao’s research on WRF driven by GFDL-ESM2G and Gao’s research on 

RegCM driven by FvGCM over China (Gao et al., 2008; Bao et al., 2015). For the 

2080s, the area with maximum annual precipitation change remains the same 

location for two models but becomes larger than it in the 2050s. Under each 

representative concertation pathway scenario, it also has been found that the 

positive precipitation changes are increasing from the 2050s to the 2080s. Figure 

3.9 demonstrates the area-averages of precipitation changes and their differences 

between RCP4.5 and RCP8.5 for five sub-regions. Through the comparison 

between the results under two RCPs, the changes in Northwest and Northcentral 

China are more sensitive to the increase in the radiative forcing for both models, 

especially in winter. It is possible that the enhanced warming under RCP8.5 

reduces the thermal contrast between the Asian land mass and neighboring oceans 

in wintertime. Therefore, northern sub-regions will experience a weak winter 

monsoon, which prevents cold-dry air from high latitudes. For South China, 

HadGEM2-ES models the precipitation with a low sensitivity to the high radiative 

forcing scenario, whereas PRECIS simulates the precipitation a relatively strong 

response to the radiative forcing increase and has all negative changes for both 

seasons in the 2080s. As for precipitation changes in winter and summer, it is 

evident that precipitation increases in winter are greater than increases in summer, 

especially for HadGEM2-ES. Also, a downward trend from north to south over the 

landmass of China is detected in the output of PRECIS for both seasons, and an 
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opposite trend from south to north is found in the output of HadGEM2-ES in winter. 

This result is consistent with the studies on the precipitation associated with 

climate warming in China (Piao et al., 2010; Liu et al., 2013; Sun and Ao, 2013).  

They found that the coupling relationship of winter precipitation and climate 

warming over China can be physically explained via the East Asian Winter 

Monsoon (EAWM) variability. Previous studies have shown that the EAWM 

experienced an abrupt decadal change around the mid-1980s (Wang et al., 2012), 

after which it became weaker, the weakening of the EAWM during the past several 

decades could be related to climate warming, because simulations of coupled 

climate models show that the EASM will decrease under the warming background 

(Hori et al., 2006). The weakened EAWM further weakens the control of its related 

cold-dry air over East Asia, favoring the northward flow of warm moist air from 

low latitudes and the ocean. Consequently, in a weaker EAWM year, there is more 

winter precipitation over China (Zhou, 2011). These results are consistent with the 

distribution of winter precipitation and extreme precipitation associated with 

climate warming in China. The quantitative analysis shows that both winter and 

summer precipitation and extreme precipitation are increasing, however, the rate 

of increase in summer is less than that in winter. These results indicate that the 

response of precipitation and extreme precipitation is stronger in winter, the season 

with greater warming, which further suggests that investigating the seasonal 

impact of warming offers more comprehensive data.” 
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Figure 12 Future percentage changes (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of annual, winter, and summer mean precipitation (unit: %) for HadGEM2-ES and PRECIS over the five sub-regions under RCP4.5 and RCP8.5. 

Figures 3.9 Future percentage changes (2036-2065 relative to 1976-2005 and 

2070-2099 relative to 1976-2005) of annual, winter, and summer mean 

precipitation (unit: %) for HadGEM2-ES and PRECIS over the five sub-regions 

under RCP4.5 and RCP8.5. 
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Temporal changes in the frequencies of precipitation intensities under 

RCP4.5 and RCP 8.5 between future periods and the reference period are shown 

in Figure 3.10. For all five sub-regions, both PRECIS and HadGEM2-ES have 

negative changes in the frequencies of precipitation intensities below 5 mm/day 

and positive changes in the frequencies of precipitation intensities above 15 

mm/day under no matter which radiative concentration pathway scenario for both 

periods. The above results suggest a shift in the distribution of precipitation from 

light to intense precipitation together across the whole of China. Studies indicate 

that this is primarily due to the contribution of radiative forcing increased by GHG. 

GHG-induced warming increases the water holding capacity of the atmosphere and 

thus increases atmospheric precipitable water. As the atmosphere becomes more 

stable with more moisture, the frequency of precipitating events decreases, but the 

precipitation intensity can be stronger once an event occurs because more moisture 

is available in a warmer atmosphere. Furthermore, the observed changes are 

qualitatively consistent with model projected changes under increasing radiative 

forcing (Sun et al. 2007; Chou et al. 2012; Ma et al., 2015), although it is should 

note that the observed changes of precipitation in China are significantly affected 

by internal climate variability (Dong et al. 2014). Zhou et al. distinguished that the 

changes in precipitation characteristics more due to external radiative forcing than 

internal climate variability (Zhou et al., 2013). Overall, most results of PRECIS 

are consistent with its driving GCM for temporal changes over five sub-regions. 

However, there are some inconsistencies between two models for the frequencies 

of precipitation intensities from 5 mm/day to 30 mm/day over the southern sub-
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regions.  PRECIS projects positive changes in the frequencies of precipitation 

intensities between 5 mm/day and 30 mm/day, while HadGEM2-ES projects 

negative changes among that range over Tibet and South China. PRECIS simulates 

a more violent alteration in the temporal changes in the frequencies of precipitation 

intensities than HadGEM2-ES does. From the 2050s to the 2080s, different trends 

are detected in the temporal changes derived from PRECIS and HadGEM2-ES for 

five sub-regions. 
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Figure 13 Temporal changes in the frequencies of precipitation intensities (unit: %) between two future periods (2036-2065 and 2070-2099) and the reference period (1976-2005) as projected by HadGEM2-ES and PRECIS. 

Figure 3.10 Temporal changes in the frequencies of precipitation intensities 

(unit: %) between two future periods (2036-2065 and 2070-2099) and the reference 

period (1976-2005) as projected by HadGEM2-ES and PRECIS. 
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Figure 3.11 shows the projected changes relative to the reference period in 

the indices of precipitation extremes over China under RCP4.5 and RCP8.5 for 

two future periods. Regional statistics for projected changes relative to the baseline 

period in indices of precipitation extremes and comparison between results under 

RCP4.5 and under RCP8.5 for two future periods are displayed in Figure 3.12. As 

shown in Figures, most markers are above 0 for R95p, R99p, and SDII which 

means both models simulate an increase in three indices over China under both 

scenarios for two periods. A widespread increase of R95p was also projected over 

China by using RegCM4 to downscale BCC-CSM1.1. under the RCP scenarios (Ji 

and Kang, 2015). Results from R99p have the similar spatial distribution with 

R95p, but the magnitude of maximum change is up to 10%. The projected SDII 

change pattern is very similar to the result derived by using RegCM3 to downscale 

the CCSR/NIES/FRCGC/MORPC3.2_hires under A1B (Xu et al., 2013). With an 

increase in the radiative forcing, both models simulate positive changes of R95p, 

R99p, and SDII in most sub-regions, except negative changes simulated by 

PRECIS in South China and Northeast China in the 2080s. As for WDF and CWD, 

both models tend to have markers below 0 for Northeast China and South China. 

Therefore, the extreme precipitation amounts in Northeast China and South China 

are projected to increase while the frequencies of their extreme precipitation are 

decreasing for both models. It suggests that the future daily extreme precipitation 

intensities are likely to become large in Northeast China and South China. 

Researchers also found that the frequency of precipitating events decreases (CWD 

decreases), but the precipitation intensity can be stronger once an event occurs 
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because more moisture is available in a warmer atmosphere (Kitoh and Hirokazu, 

2016; Zou et al., 2016). In WDF, changes are increased by the increment in 

radiative forcing for the northern sub-regions and decreased for the southern sub-

regions for PRECIS. As for HadGEM2-ES, only changes over Tibet, Northeast 

China and South China in the 2050s are decreased by the radiative forcing 

increasing. Under both RCPs, HadGEM2-ES projects an increase in CWD over 

Tibet and Northwest China for both periods. Compare to the results under RCP4.5, 

HadGEM2-ES tends to simulate CWD with lower values under RCP8.5. PRECIS, 

however, simulates negative changes in CWD over most parts of China, 

particularly in the three northern sub-regions. The CWD modeled by PRECIS is 

relatively less sensitive to the increase in the radiative forcing compared with its 

driving GCM.  
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Figure 14 Spatial distributions of projected changes in the indices of precipitation extremes (R95p, unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, unit: %; and CWD, unit: days) between two future periods and the baseline period over China. 

Figure 3.11 Spatial distributions of projected changes in the indices of 

precipitation extremes (R95p, unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, 

unit: %; and CWD, unit: days) over China under RCP4.5 and RCP8.5 between two 

future periods (2036-2065 and 2070-2099) and the baseline period as projected by 

HadGEM2-ES and PRECIS. 
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Figure 15 Projected changes in indices of precipitation extremes (R95p, unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, unit: %; and CWD, unit: days) between two future periods (2036-2065 and 2070-2099) and the baseline period over China under RCP4.5 and RCP8.5 

Figure 3.12 Projected changes in indices of precipitation extremes (R95p, 

unit: %; R99p, unit: %; SDII, unit: mm/day; WDF, unit: %; and CWD, unit: days) 

over China under RCP4.5 and RCP8.5 between two future periods (2036-2065 and 

2070-2099) and the baseline period as projected by HadGEM2-ES and PRECIS. 

  



72 
 

3.5 SUMMARY 

In this study, the high-resolution model PRECIS driven by HadGEM2-ES 

was used to downscale the historical and two future periods’ precipitation and 

extremes under RCP4.5 and RCP8.5 over China. First, this study examines the 

performances of both models on simulating the historical climate for the baseline 

period from 1976 to 2005. The PRECIS model is capable of simulating 

precipitation and the related extremes and reproducing their spatial distributions 

over China. The PRECIS model also captures the regional features in observations 

and exhibits more reasonable regional averages of indices of precipitation 

extremes. With improved resolution, the PRECIS model is capable of better 

representing the fine-scale physical process than HadGEM2-ES. It can provide 

reliable spatial patterns of precipitation and extremes with high spatial correlations 

to observations. In terms of temporal distribution, both the annual cycle and the 

frequency of daily precipitation intensity simulated by PRECIS agree well with the 

observation. Through the discussion and analysis, it further proves that dynamical 

downscaling adds values to regional simulation in the mean precipitation and 

extreme precipitation with physical explanations. All of the above points to the 

importance of using a high-resolution regional climate model to represent the 

historical precipitation better and provide reliable projections for the future 

precipitation and extremes over China. 

Under RCP4.5 and RCP8.5, both models project the precipitation increased 

over most parts of China for two future periods. The projected maximum change 

in the annual mean precipitation is about 1.5 times of that for the baseline period. 
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Precipitation changes in winter are greater than changes in summer for both models. 

The PRECIS model simulates a more violent alteration in the temporal changes in 

the frequencies of precipitation intensities than HadGEM2-ES does. The radiative 

forcing increasing from RCP4.5 to RCP8.5 intensifies the precipitation changes 

for two models in the 2050s and the 2080s. Under each representative concertation 

pathway scenario, it also has been found that the positive precipitation changes are 

increased from the 2050s to the 2080s. Both models have the geographical 

differences in projected precipitation changes as is evident that three northern sub-

regions have larger magnitudes of precipitation changes than the two southern sub-

regions.  For all five sub-regions, both PRECIS and HadGEM2-ES project 

negative changes in the frequencies of precipitation intensities below 5 mm/day 

and positive changes in the frequencies of precipitation intensities above 15 

mm/day under both RCPs for the two future periods. Especially, frequencies of 

precipitation intensities above 30 mm/day are found with a high rise over Northeast 

China, Tibet, and South China.  

Analysis of changes in the indices of precipitation extremes relative to the 

baseline period indicates that both models simulate an increase in R95p, R99p, and 

SDII over China under both scenarios for two periods. Both models tend to have 

negative changes in WDF and CWD over Northeast China and South China. The 

increased extreme precipitation amounts accompanied by decreased frequencies of 

their extreme precipitation suggests that the future daily extreme precipitation 

intensities are likely to become large in Northeast China and South China for both 

models. For five sub-regions, their changes have a growing trend in R95p, R99p, 
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and SDII, and an opposite trend in CWD from the 2050s to the 2080s. As the 

radiative forcing increases from RCP4.5 to RCP8.5, HadGEM2-ES intensifies the 

changes in R95p, R99p, and SDII for all sub-regions; intensifies the changes in 

WDF over the northern sub-regions and diminishes the changes over the southern 

sub-regions; diminishes the changes in CWD as a whole for the five regions.   
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CHAPTER 4 INVESTIGATIONS OF CHANGES IN EXTREME 

TEMPERATURE AND HUMIDITY OVER CHINA THROUGH A 

DYNAMICAL DOWNSCALING APPROACH 

Impacts of climate change relating to public health are often determined by 

multiple climate variables. The health-related metrics combining high-temperature 

and relative humidity are most concerned. Temperatures, relative humidity, and 

the relationship among them are investigated here for a comprehensive assessment 

of climate change impacts over China. A projection of combined temperatures and 

humidity through the PRECIS model is addressed. The PRECIS model’s skill in 

reproducing the historical climate over China was first gauged through validating 

its historical simulation with the observation dataset in terms of the two 

contributing variables. With good results of validation, a plausible range of 

combined temperatures and relative humidity were generated under RCPs. The 

results suggested that the annual mean temperature of China will increase by up to 

6 °C at the end of 21st century. Contrary to the significant change in the 

temperature, the maximum magnitude of changes in relative humidity is only 8% 

from the value in the baseline period. The dew point temperature is projected to be 

14.9 °C (within the human comfort zone) over the entire nation under high 

radiative forcing scenario at the end of this century. Therefore, the combined 

effects of high-temperatures and relative humidity are substantially smaller than 

generally anticipated for China. Even though the impact-relevant metric like the 

dew point temperature is not projected as bad as the generally anticipated, the 

frequency of high-temperature extremes was found with increasing by 40% and 
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the duration increasing by 150% in China. China is still expected to have severer 

high-temperature extremes, more frequent extremely hot days, and a longer 

duration of warm spells than before. Regionally, South China has the smallest 

changes in the mean, maximum and minimum temperatures while the largest 

increases in all five high-temperature indices. Consequently, the climate over 

South China for two future periods will be changing more drastically than the 

baseline period. Extra precautions need to be taken by South China in the future. 

4.1 INTRODUCTION 

China was experiencing more frequency and intensity of extreme 

temperature events than before in the past 10 years (Fang et al., 2008; Ding et al., 

2010; Ren and Zhou, 2014; Chen et al., 2015). In detail, analysis based on longer 

data records showed that the hot days and heat waves events sharply increased by 

more than 10% over China in the last decade (Ding et al., 2010). Studies for 

mainland China also suggested a countrywide increase in the frequency of hot 

events and warm days (nights). For example, Ren and Zhou’s research indicated 

that annual highest daily maximum temperature and daily minimum temperature 

increased across the country. Their results also showed that warm nights (days) 

significantly increased at a rate of 8.16 nights (5.22 days) over the entire nation in 

the past 10 years (Ren and Zhou, 2014). Temperature is one of the most important 

climate variables with regard to human comfort, and excessively high temperatures 

account for more fatalities than lightnings, floods, tornadoes and hurricanes do in 

China (Wang et al., 2015; Lin et al., 2016, Ma et al., 2017). But the effects of high-

temperature extremes can be compounded by other factors, such as air pollution, 
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sunlight intensity, wind strength, and humidity. Particularly, the humidity can be 

combined with high temperatures to create some indices such as apparent 

temperature, heat index and dew point temperature (Isaac and van Wijngaarden, 

2012). Such indices account for temperatures that can be perceived by the human 

body. One of the human body’s effective mechanisms in guarding against 

excessive heat is perspiration. Perspiration cools the body because the process of 

sweat evaporating into the atmosphere consumes latent heat. If the atmosphere has 

a high humidity, the rate of evaporation process is retarded, and loss of latent heat 

is reduced. This results in the threat of heat stroke (a potentially fatal caused by 

the increase in the body’s internal temperature) faced by people. Therefore, useful 

guidelines can be provided for people by studying the combination of heat and 

humidity. To this end, temperature and humidity are considered as well-established 

risk factors for human health under climate change. For a comprehensive 

assessment of the combined impacts under climate change, it is imperative to take 

into account for the uncertainties in both contributing variables. It is well 

understood that the different variables can be linked to first principles or basic 

mechanisms. For instance, the Clausius-Clapeyron equation illustrates that 

saturation vapor pressure increases exponentially with temperature. In the other 

word, warmer air is able to hold more moisture. Despite the knowledge about the 

relationship between temperature and humidity, it is often ignored in the context 

of projection. For example, the Fifth Assessment Report of the Intergovernmental 

Panel on Climate Change provides projections of many variables including 

temperature and humidity, but each of them is analyzed and discussed separately.  
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Some recent studies have quantified how relationships across variables 

evolve into the future. Beniston analyzed the trends in joint quantiles of 

temperature and precipitation in Europe since 1901 and projected them for 2100 

(Beniston, 2009). Utsumi et al. investigated the applicability of the Clausius-

Clapeyron relation to the scaling relationship between extreme precipitation 

intensity and surface air temperature (Utsumi et al., 2011). There are also some 

studies having quantified how often-correlated uncertainties in the relationships 

can be transformed into joint probabilistic projections. Watterson calculated joint 

PDFs for climate change with properties matching Australian projections 

(Watterson, 2011). Tebaldi and Sanso applied a hierarchical Bayesian approach to 

obtain the joint projections of temperature and precipitation change from multiple 

climate models (Tebaldi and Sanso, 2009). Fischer and Knutti used simulations 

from 15 GCMs of the CMIP5 to demonstrate that models projecting greater 

warming also show a stronger reduction in relative humidity and uncertainties in 

some impact-relevant metrics such as extremes of health indicators are 

substantially smaller than generally anticipated. However, two drawbacks can be 

concluded from the previous studies (Fischer and Knutti, 2013). First, few studies 

have been carried out to address joint projections in temperature and humidity 

which are considered as well-established risk factors for human health. Second, 

for existing studies on projecting temperature and humidity, there is no RCMs but 

GCMs having been applied to address the joint projection in these two variables. 

However, GCMs assume that relative humidity stays constant and will increase at 

a rate of ~6.8%/°C as indicated by the Clausius-Clapeyron relationship. Substantial 
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researchers have found that the assumption of constant relative humidity does not 

hold across all temperatures. Especially, a recent study on investigating the 

relationship between extreme sub-daily precipitation and surface temperature in 

China has revealed that RCMs with a closure of the convection scheme based on 

moisture convergence can better simulate the relationship than GCMs (Zhu et al., 

2017). This will be elaborated in the following section. 

The objective of this study is to address projections of combined temperature 

extremes and humidity through an RCM. The selected RCM’s skill in reproducing 

the historical climate over China will be gauged through validating its historical 

simulation with a dataset in terms of observed temperatures and relative humidity. 

Particularly, the simulated relationship between two variables will be examined 

for addressing the joint behavior of uncertainties. After the validation, the 

independent climate variables will be projected from the dynamical downscaling 

under different greenhouse gas emission scenarios. Projections will be combined 

to quantify how the relationship between the two variables evolves under climate 

change. Eventually, the impacts of climate change on temperature extremes and 

relative humidity can be assessed comprehensively by considering the joint 

behavior of uncertainties.  

4.2 MODELS, EXPERIMENTAL DESIGN AND DATA 

The regional climate model used in this study is the PRECIS model 

developed by UK Met Office Hadley Centre (Jones et al., 2004; Wilson et al., 

2015). It is an atmospheric and land surface model of limited area and high 

resolution which is originally designed to operational forecast and satisfy 
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atmospheric research needs. It describes dynamical flow, the atmospheric sulfur 

cycle, clouds and precipitation, radiative processes, the land surface and the deep 

soil. The PRECIS model has been widely applied in regional climate simulations 

(Xu et al., 2006; Feng et al., 2012; Wang et al., 2014; Wang et al., 2015), and its 

ability in simulating climatological mean and extreme climate over China has been 

tested and verified (Xu et al., 2009). Moreover, PRECIS exhibits improvements in 

its simulating performance of the inter-annual variations presented by the driving 

data (Wang et al., 2015). 

The HadGEM2-ES provides the meteorological forcing at the boundaries of 

the PRECIS model’s domain as its lateral boundary conditions to be dynamically 

downscaled for the high-resolution historical and future climate (Collins et al., 

2008). The HadGEM2-ES climate model comprises an atmospheric GCM at N96 

and L38 horizontal and vertical resolution, and an ocean GCM with a 1 ° horizontal 

resolution (increasing to 1/3 ° at the equator) and 40 vertical levels. This model 

has also been validated that it has the ability in simulating climate over China (Yan 

et al., 2015). 

The computational domain of PRECIS simulation is centered at (34°N, 

105°E), and it covers China with 292 × 186 horizontal grid points and a lateral 

buffer zone of 8 grid points. The spatial resolution is 0.22° × 0.22°. The PRECIS 

model runs continuously from 1969 to 2005 for the historical simulation and from 

2006 to 2099 for the future projections. Future simulations are forced with 

specified concentrations consistent with a medium emission scenario (RCP4.5) 

and a high emission scenario (RCP8.5). RCP4.5 is a stabilization scenario, with 
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the total radiative forcing of 4.5 W/m2 until 2100. RCP8.5 is a scenario of 

comparatively high greenhouse gas emissions with stabilizing near 8.5 W/m2 

(Moss et al., 2010). With these two RCP scenarios, changes in temperature can be 

investigated under increasing radiative forcing. 

To further investigate the geographical features of temperature changes, the 

contiguous China domain was divided into five sub-regions which are in 

accordance with the Third China’s National Assessment Report on Climate 

Change (Wang and Zheng, 2012). As shown in Figure 2.2, five sub-regions are 

Northwest China, Northcentral China, Tibet, Northeast China, and South China. 

For each sub-region, the area-averaged temperature change was calculated to 

obtain the differences in the mean and extreme temperature of all five sub-regions. 

The temperature indices can be divided into two main categories, namely low-

temperature indices and high-temperature indices. As the objective of this study is 

to investigate the combined effects of temperature and humidity. The combined 

effects are effective when high-temperature is compounded by humidity. Therefore, 

five high-temperature indices are used in this study and have been described in 

detail in Table 4.1 (Frich et al., 2002). To assess the skills of model simulations of 

the historical climate, observational data are needed as references to compare with 

the model results. The observed mean, maximum and minimum temperature are 

from the CRU monthly gridded dataset with a spatial resolution of 0.5° × 0.5°. The 

CRU dataset is based on the interpolation from monthly observations at 

meteorological stations across the world's land areas and covers a period of more 

than 50 years (Harris et al., 2014). It applies enhancement with a quality control 
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algorithm to develop the global climate variables products highly resolved in time 

and space. As CRU is a monthly observational dataset, it can not be used to 

calculate the temperature indices. Daily maximum and minimum temperature data 

from Chinese National Meteoritical Center is adopted to derive the five selected 

indices to validate the dynamically downscaled simulation (as shown in Figure 

2.1). Data from 202 stations is selected from 726 stations for analysis after passing 

the spatial and temporal consistency test (Feng et al., 2004).  
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Table 2 Definitions of Extreme Temperature Indices Used in Chapter 4.  
 

Labels Name Index Definition Units 

SU 

summer days 

per period 

the counted number of days where the daily 

maximum temperature great than 25 °C 

1 

TR 

tropical nights 

index per 

period 

the counted number of days where the daily 

minimum temperature great than 20 °C 

1 

TN90p 

percentage of 

days when 

TN > 90th 

percentile 

the percentage of time where daily minimum 

temperature is great than the 90th percentile of daily 

minimum temperature for the reference period 

% 

TX90p 

percentage of 

days when 

TX > 90th 

percentile 

the percentage of time where daily maximum 

temperature is great than the 90th percentile of daily 

maximum temperature for the reference period 

% 

HWFI 

warm spell 

days 

annual count of days with at least 6 consecutive 

days when the daily maximum temperature is great 

than 90th percentile 

1 

 

Table 4.1 Definitions of Extreme Temperature Indices Used in Chapter 4.  

  



84 
 

4.3 SIMULATIONS OF HISTORICAL TEMPERATURE AND 

HUMIDITY 

Figure 4.1 shows the spatial distribution of annual mean, maximum and 

minimum temperature over China derived from HadGEM2-ES, PRECIS, and CRU 

for the period from 1976 to 2005. The figure of CRU shows that annual mean 

temperature is relatively low over Tibet, increasing southeastward and reaching 

the maximum in South China. The annual maximum and minimum temperature 

also exhibit similar spatial distribution. Compared to CRU, HadGEM2-ES 

simulates the annual mean temperature in a similar spatial pattern, the temperature 

increasing southeastward. However, the simulated temperature is higher than the 

observations’ over the Tibetan Plateau and Northeast China. There is an 

overestimation of annual maximum temperature and an underestimation of annual 

minimum temperature over the whole China except South China.  The non-

uniformities between simulated temperature and observation is a common 

occurrence in many other GCMs with a coarse resolution (Flato et al., 2013, Zhou 

et al., 2013). PRECIS significantly eliminates its occurrences and reproduces better 

spatial patterns for annual mean, maximum and minimum temperature. PRECIS 

captures the warm observational center locating in South China and Northwest 

China, and the cold center at the Tibetan Plateau for both day-time and night-time. 
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Figure 16 Spatial distributions of mean (TMP), maximum (TMX) and minimum (TMN) temperature (unit: °C) over China from HadGEM2-ES, PRECIS, and observations for 1976-2005. 

Figure 4.1 Spatial distributions of mean (TMP), maximum (TMX) and 

minimum (TMN) temperature (unit: °C) over China from HadGEM2-ES (a, d, and 

g), PRECIS (b, e, and h), and observations (CRU) (c, f, and i) for 1976-2005. 
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To gauge the skills of HadGEM2-ES and PRECIS in reproducing the annual 

mean, maximum and minimum temperature, the Taylor Diagram is introduced to 

summarize how closely the patterns from two models’ results match the 

observation (Taylor, 2001). It exhibits the correlation coefficient, standard 

deviation, and root-mean-square error between simulated patterns and the 

observational pattern in a graphical way. The simulated pattern with the right 

amplitude of its variations (represented by SD), high correlation, and low RMSE 

agrees well with the observation. On the plot, the pattern will have a closer distance 

to the reference point marked “OBS” on the x-axis. Figure 4.2 shows the relative 

merits of HadGEM2-ES and PRECIS with respect to reproducing the spatial 

patterns of annual mean, maximum and minimum temperature for China and its 

five sub-regions. All results from PRECIS have CORs greater than 0.95, and SDs 

between 0.9 and 1.1 for China, while results from HadGEM2-ES have smaller 

CORs and wider spread SDs between 0.8 and 1.2 than PRECIS. It indicates that 

PRECIS has a relatively high skill of reproducing the spatial distribution of mean 

temperature over China for both days and nights. As for the five sub-regions, the 

performance of PRECIS outweighs HadGEM2-ES in every sub-region, but 

PRECIS shows an inconsistent performance level in all sub-regions. Results of 

PRECIS have the lowest CORs and highest RMSEs over Northwest China 

compared with the results of other four regions. The relatively poor performance 

of PRECIS over this sub-region could be caused by its driving GCM since 

HadGEM2-ES, here, simulates the highest RMSE and SD among all five sub-

regions. Simulated patterns of PRECIS over South China agree best with the 
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observation as their points have the shortest distances to the reference point in the 

plot. The relatively high skill of PRECIS in simulating spatial patterns may relate 

to the inputs of its driving GCM because the performance of HadGEM2-ES over 

South China is also the best among all five sub-regions. Overall, it is evident that 

PRECIS outperforms HadGEM2-ES, and the performance of HadGEM2-ES 

affects the skill of PRECIS with respect to simulating the spatial distributions of 

annual mean, maximum and minimum temperature for China and five sub-regions.  
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Figure 17 Comparison of model simulations of mean (TMP), maximum (TMX) and minimum (TMN) temperature over China and five sub-regions in Taylor diagrams for 1976-2005. 

Figure 4.2 Comparison of model simulations of mean (TMP), maximum 

(TMX) and minimum (TMN) temperature over China and five sub-regions in 

Taylor diagrams for 1976-2005. 
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Figure 4.3 demonstrates the annual cycles of temperature estimated from two 

models’ outputs and the observational data for China and five sub-regions. For 

China, the curve of PRECIS well matches the annual cycle of CRU for annual 

mean, maximum and minimum temperature. Though HadGEM2-ES does capture 

the trends of the observed annual cycle, it holistically overestimates around 1.7 °C 

for the annual mean temperature and about 2.1 °C for the annual maximum 

temperature, and underestimates 2.3 °C for the annual minimum temperature. In 

northern sub-regions (Northcentral, Northwest, and Northeast China), HadGEM2-

ES tends to overestimate the annual mean, maximum and minimum temperature 

in June, July and August, namely the temperature in summer, and underestimate 

the temperature as large as 6 °C in winter (December, January and February). 

Annual cycles of PRECIS are also above the curves of observation in summer for 

all three temperature indices. As for the other three seasons, the results of PRECIS, 

however, better agree with CRU than results of its driving GCM. In South China, 

both models’ values generally coalesce together and are closer to the observation’s 

except that the annual cycle of HadGEM2-ES is about 1 °C under the observation 

of the annual minimum temperature. In Tibet, results of HadGEM2-ES exhibit 

overestimation for both the annual mean and maximum temperature, and 

underestimation for the annual minimum temperature. The curve of HadGEM2-ES 

is about 5 °C above the observation for the annual maximum temperature and is 

about 3 °C below the reference curve for the annual minimum temperature. As for 

the results of PRECIS, they only have some underestimations in winter and spring 

for the annual mean temperature. Other than that, they match with the observation 
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better than HadGEM2-ES for all three indices. Based on the results above, PRECIS 

is more reliable than HadGEM2-ES to represent the annual cycles for China and 

all five sub-regions. 

  



91 
 

 

Figure 18 Annual cycle of mean (TMP), maximum (TMX) and minimum (TMN) temperature (unit: °C) over China and its five sub-regions during 1976-2005. 

Figure 4.3 Annual cycle of mean (TMP), maximum (TMX) and minimum 

(TMN) temperature (unit: °C) over China and its five sub-regions during 1976-

2005. 
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In Figure 4.4, simulated indices of temperature extremes (SU, TR, TN90, 

and TX90) from HadGEM2-ES and PRECIS are validated with indices derived 

from the observational data from selected stations for the baseline period. Per 

definition, the indices (TN90p, TX90p, and HWFI) are calculated by referring to 

the 90th percentile of the daily maximum and minimum temperature for the 

baseline period. Therefore, it is necessary to validate these thresholds for extreme 

temperature indices with the observation dataset. For each chart, the daily 

temperature data of every grid cell in the selected region is considered for the 

analysis. Each column represents the mean value of the selected index calculated 

from all grids’ temperature in a sub-region for 30 years. For China, values of 

PRECIS match with the values of the observation in respect to the four selected 

extreme indices. HadGEM2-ES, on the other side, underestimates all indices. For 

all five sub-regions, both models can capture the geographical differences for most 

indices. For example, PRECIS can eliminate these unrealistic occurrences and 

gives the highest or lowest values in the right sub-regions for all indices. Therefore, 

it is unequivocal that PRECIS, with the finer scale physical processes simulation, 

can better depict the distributions of extreme temperature events than HadGEM2-

ES simulation for China. It is further proved that high-resolution simulation is 

essential to obtain the plausible distribution of temperature over China. A faithful 

reproduction of historical climate is the premise for projecting a plausible range of 

future climate. 
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Figure 19 Regional averages for indices of annual mean temperature extreme (SU, unit: day; TR, unit: day; TN90, unit: °C; TX90, unit: °C; HWFI, unit: day) over China for HadGEM2-ES, PRECIS, and observations from 1976 to 2005. 

Figure 4.4 Regional averages for indices of annual mean temperature 

extreme (SU, unit: day; TR, unit: day; TN90, unit: °C; TX90, unit: °C; HWFI, unit: 

day) over China for HadGEM2-ES, PRECIS, and observations from 1976 to 2005. 
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To validate the skill of the PRECIS model in simulating the historical relative 

humidity, the monthly vapor pressure data from CRU was used to calculate the 

relative humidity. The relative humidity was computed from the observed vapor 

pressure (e) and temperature as follows. First, the saturation vapor pressure (es) at 

a temperature (T) was measured by the conversion equation from the Goff-Gratch 

vapor pressure formula (Goff and Gratch 1946; Murray 1967; List 2000). This 

formula is valid for temperatures between -45 °C and 60 °C. The relative humidity 

(RH) was obtained by dividing the saturation vapor pressure by the observed vapor 

pressure. 

𝑒𝑠(𝑇) = 6.112𝑒17.62𝑇/(243.12+𝑇) 

𝑅𝐻 = 100 × (
𝑒

𝑒𝑠
) 

After converting the observed vapor pressure to relative humidity, each 

model’s output was validated with the dataset regarding the observed annual mean 

relative humidity. As shown in Figure 4.5, the observation shows that the annual 

mean relative humidity is relatively low in Northwest China, increasing 

southeastward. Compared to CRU, HadGEM2-ES overestimates the relative 

humidity across the nation and simulates an artificial high relative humidity area 

over the Tarim Basin in Northwest China. The PRECIS model successfully 

eliminates this overestimation and faithfully reproduces the high humidity center 

in Southwest China. In addition, the PRECIS model simulates more reliable spatial 

distributions and closer magnitude of relative humidity in China. 
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Figure 20 Spatial distributions of mean relative humidity (unit: %) over China from HadGEM2-ES (a), PRECIS (b), and observations (CRU) (c) for 1976-2005. 

Figure 4.5 Spatial distributions of mean relative humidity (unit: %) over 

China from HadGEM2-ES (a), PRECIS (b), and observations (CRU) (c) for 1976-

2005. 
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In the introduction section, it is mentioned that the PRECIS model with a 

closure of the convection scheme based on moisture convergence can better 

simulate the relationship between extreme sub-daily precipitation and surface 

temperature in China than its driving GCM. The GCM predicts an exponentially 

increase in extreme precipitation intensity with temperature increasing in the 

absence of moisture limitation. Observations suggest that there is a negative 

scaling of extreme precipitation with high temperatures. A previous study 

indicated that the PRECIS model simulated a peak structure in the curve relating 

daily precipitation extremes with local temperatures. The curve increases at a rate 

determined by the Clausius-Clapeyron relationship at the low-medium range of 

temperature variations but decreases at high temperatures. The strong reduction in 

modeled precipitation intensity with high temperatures is associated with a deficit 

in humidity (atmospheric moisture content), but this relationship is yet to be 

understood. Relations between temperature and humidity are difficult to assess 

because of an ambiguity of causes and effects, in particular over moisture-limited 

regions and the summer season (Trenberth and Shea, 2005). Most important is the 

dependency of both temperature and humidity on the atmospheric circulation 

conditions (Lenderink and Meijgaard, 2009). The PRECIS model employs a 

closure of the convection scheme based on moisture convergence (Wilson et al., 

2015). This closure led to a strong positive feedback with drying soil leading to a 

reduction in precipitation, opposing the results of HadGEM2-ES that gave rise to 

a negative soil moisture feedback. Despite the fact that extreme precipitation 

intensities over China are overestimated by PRECIS, it still produces a more 
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realistic relationship between temperature and relative humidity, which is well 

reflected in the diagram (Figure 4.6). Therefore, the results exhibit a reference for 

PRECIS adding values to its driving GCM by capturing the relationship between 

temperature and relative humidity in the land surface. 
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Figure 21 Dependencies of extreme percentiles (90th) of the distribution of daily precipitation on temperature in three datasets (HadGEM2-ES, PRECIS, and Observations). 

Figure 4.6 Dependencies of extreme percentiles (90th) of the distribution of 

daily precipitation on temperature in three datasets (HadGEM2-ES, PRECIS, and 

Observations). 
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4.4 PROJECTIONS OF FUTURE TEMPERATURE AND 

HUMIDITY 

In Figure 4.7, it shows the projected temperature changes relative to the 

baseline period for PRECIS under RCP4.5 and RCP8.5 scenarios for the period 

2036-2065 (the 2050s) and the period 2070-2099 (the 2080s). Under RCP4.5, 

PRECIS projects general increases in the annual mean, maximum and minimum 

temperature over the whole China for both periods. It also can be found that the 

positive temperature changes are increasing in the mean temperature of days and 

nights from the 2050s to the 2080s. For both periods, there is no large difference 

between the mean minimum temperature and mean maximum temperature in terms 

of the warming magnitude. But the model tends to simulate warming spread to 

larger areas in the mean minimum temperature than in the mean maximum 

temperature. PRECIS simulates that the northern sub-regions (Northwest China, 

Northcentral China, Northeast China, and Tibet) slightly warm more than southern 

sub-region (South China) does. Under RCP8.5, PRECIS also projects warming 

across the landmass of China, while the degree of warming is larger than the degree 

under RCP4.5 for each period. Especially in the 2080s, the warming in days’ and 

nights’ temperature became more significant with an increase in the radiative 

forcing. It is also noted that contrast between the warmings in the maximum 

temperature and in the minimum temperature is greater under RCP8.5 than RCP4.5 

in the 2080s. Moreover, the warming in the northern sub-regions is higher than in 

the southern sub-regions concerning warming magnitude for both days’ and nights’ 

temperature in the 2080s. With the big difference between these areas, warming 
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centers with significant temperature changes can be detected. At the late of the 21st 

century, there are two warming centers with changes greater than 6 °C that can be 

detected in the mean maximum temperature namely, the northern parts of 

Northwest China and Northeast China.  As for the mean minimum temperature, 

the areas with changes more than 6 °C are across the northern regions, and only 

one warming center with changes > 9 °C can be found.  
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Figure 22 Spatial distributions of percentage changes for two future periods (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of mean (TMP), maximum (TMX) and minimum (TMN) temperature (unit: °C) as projected by PRECIS. 

Figure 4.7 Spatial distributions of percentage changes for two future periods 

(2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of mean 

(TMP), maximum (TMX) and minimum (TMN) temperature (unit: °C) as 

projected by PRECIS. 
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Figure 4.8 demonstrates the area-averages of temperature changes for China 

and its five sub-regions. For both mean maximum and minimum temperature, all 

China and its five sub-regions have positive changes under both RCPs for two 

future periods. Besides, four northern sub-regions have larger mean temperature 

changes than the one southern sub-region. For Northwest, Northcentral and 

Northwest China, the main reason why they have higher warming rate than South 

China is that their relatively high latitudes make them receive more positive 

albedo-temperature feedback. As for Tibet, melting of the ice and snow cover in 

the high-elevation areas under warming climate increases water vapor which traps 

more heat in the surface, and makes the surface less reflective and adds to the 

warming effect (Wang et al., 2015). It is also apparent that warming in the mean 

temperature of nights is greater than the mean temperature of days (from 0.3 °C to 

1.5 °C). This warming trend agrees with the conclusion drew from figure 4.5 that 

warming in the minimum temperature contributes more to the warming in the 

annual temperature than the maximum temperature does. It had been found that 

the greenhouse effect would be more effective and impedes radiation from 

escaping into space (Gong et al., 2014). Therefore, the minimum temperature 

would rise faster than the maximum temperature, and the difference between them 

(diurnal temperature) will be amplified with more greenhouse gas emission. In 

detail, the annual mean temperature of China will increase 2.3 °C in the 2050s and 

3.4 °C in the 2080s under RCP4.5, and 2.9 °C in the 2050s and 5.7 °C in the 2080s 

under RCP8.5. Among all five sub-regions, Northwest will expect the largest 

warming for both the annual maximum and minimum temperature under both 
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scenarios in both two future periods. In the 2080s, the increment of minimum 

temperature can reach 7.0 °C under RCP8.5. The second largest warming will take 

place in Tibet and Northeast with increases both close to the temperature of 

Northwest regarding the annual mean maximum and minimum temperature. South 

China will have the smallest warming for both days and nights’ temperature under 

two different scenarios in both periods (1.9 °C in the 2050s and 3.1 °C in the 2080s 

under RCP4.5; 2.4 °C in the 2050s and 5.0 °C in the 2080s under RCP8.5 with 

respect to the annual mean temperature).  
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Figure 23 Future percentage changes (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of mean (TMP), maximum (TMX) and minimum (TMN) temperature (unit: °C) for PRECIS over China and its five sub-regions under RCP4.5 and RCP8.5. 

Figure 4.8 Future percentage changes (2036-2065 relative to 1976-2005 and 

2070-2099 relative to 1976-2005) of mean (TMP), maximum (TMX) and 

minimum (TMN) temperature (unit: °C) for PRECIS over China and its five sub-

regions under RCP4.5 and RCP8.5. 
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Figure 4.9 shows the projected changes relative to the reference period in the 

indices of temperature extremes over China under RCP4.5 and RCP8.5 for two 

future periods. Results for Summer Days have the maximum change takes place in 

the southern part of South China, and the minimum change is in Tibet. Under 

stabilized radiative forcing scenario, the index’s changes in the 2050s are relatively 

consistent with changes in the 2080s. But the spatial distribution of the index 

shows noticeable changes between two periods under high concentration scenario. 

For a given future period, all five sub-regions will have more summer days than 

the reference period with the radiative forcing increases from RCP4.5 to RCP8.5. 

But the areas with maximum and minimum changes remain the same throughout 

the entire period. The pattern of Tropical Nights is consistent with that of Summer 

Days in terms of geographical differences in the index changes. The only 

difference is that the magnitude of index changes in Tropical Nights is smaller than 

that in Summer Days. TN90p presents the percentage of time where a daily 

minimum temperature in a time series is less than the 90th percentile of daily 

minimum temperature for the baseline period. Figures g1 to g4 show that the most 

significant increases in TN90p appear in the southern part of South China sub-

region. In the late 21st century, the increase can go up to 60% percentage under 

the high emission scenario. TX90p is defined as the percentage of time where a 

daily maximum temperature in a time series is less than the 90th percentile of daily 

maximum temperature for the baseline period. TX90p has the similar spatial 

distributions of the increases to TN90p with larger increases in southern sub-region 

than in northern sub-regions, but the magnitude of increases is smaller for every 
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scenario (only 46% under RCP8.5 in the 2080s). The geographical features of 

HWFI (Warm spell duration index: annual count of days with at least 6 consecutive 

days when daily maximum temperature > 90th percentile of daily maximum 

temperature for the baseline period) have positive changes over China under any 

RCP for any period. The increase in HWFI is amplified by the increase in radiative 

forcing.  
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Figure 24 Spatial distributions of projected indices of high-temperature extremes (SU, unit: day; TR, unit: day; TN90p, unit: %; TX90p, unit: %; HWFI, unit: day) over China under RCP4.5 and RCP8.5 for two future periods (2036-2065 and 2070-2099). 

Figure 4.9 Spatial distributions of projected indices of high-temperature 

extremes (SU, unit: day; TR, unit: day; TN90p, unit: %; TX90p, unit: %; HWFI, 

unit: day) over China under RCP4.5 and RCP8.5 for two future periods (2036-

2065 and 2070-2099). 
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Regional statistics for projected indices of temperature extremes under 

RCP4.5 and RCP8.5 for two future periods are displayed in Figure 4.10. All the 

projected regional hot extreme events have the same geophysical distribution 

compared to the histogram for the baseline period. From RCP4.5 to 8.5, both SU 

and TR are increasing with the radiative forcing increasing. Therefore, the entire 

nation will have hotter extreme events under RCP8.5 than RCP4.5. Moreover, the 

magnitudes of increase are relatively small between two RCPS in the 2050s when 

both RCPs have no significant difference in the radiative forcing. When comes to 

the 2080s, the magnitude of changes between two RCPs is larger than the 2050s.  

Despite the spatial distribution of the extreme events, what most concerned is the 

future changes of them relative to the baseline period. From Table 4.2, it can be 

noted that all values in SU and TR are positive. Therefore, China will have more 

summer days and tropical nights in the future. Regionally, South China has the 

largest increases in SU and TR. In opposite, the Tibetan Plateau has the smallest 

increase in SU and TR. TN90p and TX90p have all values above 10% which mean 

the extremely high temperature above the 90th percentile of daily minimum and 

maximum temperature in the baseline period have more frequency to happen in the 

future. It is noted that TN90p’s values out weight TX90p’s. Future nights have 

more frequency of extremely high temperature than future days. Coinciding with 

the beforementioned two indices, China will experience more frequency of 

extremely high temperature with the radiative forcing increase. Additionally, the 

degree of changes in frequencies can also be amplified by increasing the radiative 

forcing. For instance, the increases in frequencies of TN90p under RCP8.5 are 
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greater than the increases under RCP4.5 in the 2080s. The projected warm spell 

duration index follows the patterns derived from the baseline period concerning 

spatial distribution. Same to other indices, HWFI has positive changes under no 

matter which scenarios. With the radiative forcing increased, China will have a 

longer duration of the warm spells. For five sub-regions, South China have the 

largest change in HWFI, and Northeast has the smallest. 
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Figure 25 Regional averages for indices of annual mean high-temperature extremes (SU, unit: day; TR, unit: day; TN90p, unit: %; TX90p, unit: %; HWFI, unit: day) over China and its five sub-regions for two future periods (2036-2065 and 2070-2099). 

Figure 4.10 Regional averages for indices of annual mean high-temperature 

extremes (SU, unit: day; TR, unit: day; TN90p, unit: %; TX90p, unit: %; HWFI, 

unit: day) over China and its five sub-regions for two future periods (2036-2065 

and 2070-2099). 
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Table 3 Regional Statistics for Projected Changes relative to the Baseline Period in Indices of Temperature Extremes for the 2050s and the 2080s (unit: days). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4.2 Regional Statistics for Projected Changes Relative to the Baseline 

Period in Indices of Temperature Extremes for the 2050s and the 2080s (unit: days).  

 

 

  

Indices Regions 
RCP4.5 RCP8.5 

2050s 2080s 2050s 2080s 

S
u
m

m
er

 D
ay

s 

China 19.0 28.8 22.7 45.2 

CN 19.2 27.6 23.0 45.3 

NE 18.7 31.0 21.9 50.8 

NW 19.4 27.5 24.4 45.5 

SC 32.4 49.5 37.6 69.7 

Tibet 5.3 8.3 6.5 14.8 

T
ro

p
ic

al
 N

ig
h
ts

 

China 19.5 28.4 24.0 47.1 

CN 14.9 23.3 19.1 44.7 

NE 21.4 32.6 25.6 54.6 

NW 15.9 22.9 20.5 41.5 

SC 41.7 57.8 49.7 83.4 

Tibet 3.6 5.6 5.1 11.1 

W
ar

m
 S

p
el

l 
D

u
ra

ti
o
n

 China 9.3 22.4 15.8 50.2 

CN 3.9 14.6 8.4 40.2 

NE 5.0 15.1 7.2 35.7 

NW 4.1 17.7 11.6 42.3 

SC 3.3 22.5 12.1 55.9 

Tibet 5.2 21.7 13.1 54.7 
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With global warming in the future, China is likely to experience severer 

high-temperature extremes, more frequent extremely hot days, and a longer 

duration of warm spells than the baseline period. From investigating the five high-

temperature indices, it can be concluded that the frequency of high-temperature 

extremes can be changed up to 40% and the duration can be changed up to 150% 

in China by the increased radiative forcing in the end of 21st century. Regionally, 

South China has the largest increases in all indices of high-temperature extreme 

and the smallest changes in the mean, maximum and minimum temperatures. This 

implicates that the future climate in South China will be changing more violent 

than the reference period. South China will expect more high-temperature extreme 

events in summer and more low-temperature extreme events in winter.  
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Figure 26 Spatial distributions of percentage changes for two future periods (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of mean relative humidity (unit: %) as projected by PRECIS. 

Figures 4.11 Spatial distributions of percentage changes for two future 

periods (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) 

of mean relative humidity (unit: %) as projected by PRECIS. 
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Figure 27 Future percentage changes (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005) of mean relative humidity (unit: %) for PRECIS over China under RCP4.5 and RCP8.5. 

Figures 4.12 Future percentage changes (2036-2065 relative to 1976-2005 

and 2070-2099 relative to 1976-2005) of mean relative humidity (unit: %) for 

PRECIS over China under RCP4.5 and RCP8.5. 
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As shown in Figure 4.11, the distribution of future relative humidity 

generally follows the spatial pattern in the reference period, which is relative low 

value in northwest China and increasing southeastward.  Compared to 

temperatures, relative humidity is less affected by changes in radiative forcing. 

Despite some differences in details, relative humidity remains same and does not 

have any notable changes in the magnitude. To investigate into the magnitude, the 

projected change in the future relative humidity was displayed in Figure 4.12 under 

the RCP scenarios for two periods relative to the baseline period. Under the both 

scenarios, PRECIS projects that relative humidity will increase over Northwest, 

Northcentral and Southwest China. Especially, PRECIS tends to enhance the 

increasing conditions over these three sub-regions with radiative forcing 

increasing for both periods. As for the areas with decreasing relative humidity 

marked as red in the maps, they are two river basins, the Amur River basin in 

Northeast China and the Yangtze basin in South China.  Similarly, PRECIS tends 

to enhance the decreasing trend over both basins with increases in radiative forcing 

for both future periods. This may be related to the Asian monsoon changed by 

climate change, because climate over both basins is controlled by the Asian 

monsoon. From Zou et al.’s study, enhanced warming under climate change 

reduces the thermal contrast between the Asian land mass and neighboring oceans. 

Monsoon-affected areas will experience a weak monsoon, which prevents warm-

humid air from oceans (Zou et al., 2016). Despite all changes in China, the 

maximum magnitude of changes is only 8% from the relative humidity in the 

baseline period. The changes in relative humidity are not as obvious as 
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temperatures under climate change. Therefore, it can be concluded that relative 

humidity is not as sensitive as temperatures are to the increases in the radiative 

forcing.  

The dew point temperature is chosen to demonstrate how the combined 

effects of temperature and relative humidity will change under climate change 

because it is defined as the temperature to which air must be cooled (at constant 

water vapor content and constant pressure) to reach saturation. The dew point 

temperature (td) was computed from the relative humidity (rh) and temperature (T) 

by the conversion equation from the Magnus-Tetens Approximation (Lawrence, 

2005). This approximation provides a maximum error of 0.1% for temperatures 

between -45°C and 60°C, and relative humidity between 1% and 100%.  

𝑡𝑑 =
𝐵 × [ln (

𝑟ℎ
100

) +
𝐴 × 𝑇
𝐵 + 𝑇

]

𝐴 − ln (
𝑟ℎ
100

) −
𝐴 × 𝑇
𝐵 + 𝑇

 

𝐴 = 17.625 

𝐵 = 243.04 

As the measurement of dew point related to humidity, a higher dew point 

temperature means a temperature comes with more moisture. In the introduction 

section, it is discussed that high humidity in the atmosphere will retard the 

perspiration process. The discomfort of human bodies increases with the 

unevaporated perspiration. Studies found that most inhabited areas will consider 

the dew point of 21 °C as the threshold for discomfort and 7-20 °C as the 

comfortable interval (Robinson, 2000). In Figure 4.13, dew points above the 
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threshold of 21 °C are marked with red and dew points between 7 °C to 20 °C are 

marked with yellow. Yellow color covers the most parts of South China and only 

the southern island (Hainan Province) is covered by the red for the baseline period. 

With the radiative forcing increasing from RCP4.5 to 8.5, the area covered with 

yellow shrinks from the southern part of South China where has been taken over 

by the red color for both future periods. By the end of the 21st century, the red 

spreads to the most parts of Guangdong Province, southern parts of Guangxi and 

Taiwan Provinces under RCP8.5. But the northern boundary of the yellow area 

remains unchanged under RCPs throughout the entire period. Compared to the 

reference period, the changes in the dew point temperature over South China are 

1.3 °C under RCP 4.5 in the 2050s, 2.4 °C under RCP4.5 in the 2080s, 1.9 °C under 

RCP8.5 in the 2050s, and 4.1 °C under RCP8.5 in the 2080s. By considering the 

area averaged dew point temperature over South China is 11 °C for the period from 

1976 to 2005, the combined effects of high-temperatures and relative humidity are 

substantially smaller than generally anticipated for China (Fischer and Knutti, 

2013). The reason behind this finding is that the model that projects greater 

warming does not show a correlated strong increase in the relative humidity.  
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Figure 28 Spatial distributions of projected dew point temperatures (unit: °C) over China under RCP4.5 and RCP8.5 for two future periods (2036-2065 and 2070-2099). 

Figure 4.13 Spatial distributions of projected dew point temperatures 

(unit: °C) over China under RCP4.5 and RCP8.5 for two future periods (2036-2065 

and 2070-2099). 
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4.5 SUMMARY 

In this study, the PRECIS model is employed to investigate the temperature 

extremes and relative humidity in response to climate change at a national level 

with consideration of the interconnection among climate variables. In detail, the 

projected temperature extremes, relative humidity and dew point temperatures 

were investigated for China under different scenarios for two future periods. The 

selected RCM’s skill in reproducing the historical climate over China was first 

examined for the baseline period. A reasonable reproduction of historical climate 

was obtained through the validation with a dataset in terms of observed 

temperatures, humidity and the relationship between them. After the validation, a 

plausible range of future temperatures and relative humidity were generated under 

RCPs to build the foundation for investigating how the joint projections of high-

temperatures and relative humidity in response to climate change at a fine spatial 

resolution.  

The PRECIS model projects the annual mean temperature of China will 

increase by up to 6 °C under high radiative forcing scenario by the end of 21st 

century. Contrary to the significant change in the temperature, the maximum 

magnitude of changes in relative humidity is only 8% from the value in the baseline 

period. The dew point temperature, which is chosen to demonstrate how the 

combined effects of high-temperature and relative humidity, is projected to 

increase 4.1 °C over South China (the concerning area with high-temperature 

compounded by high humidity) under RCP8.5 in the 2080s. As the area-averaged 

dew point temperature over South China is 11 °C for the period from 1976 to 2005, 
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the future dew point temperature is still within the comfortable interval even under 

the worst scenario. Therefore, the combined effects of high-temperatures and 

relative humidity are substantially smaller than generally anticipated for China. 

This is because that the model does not project the increase in relative humidity as 

great as the increase in temperatures. Even though the impact-relevant metric like 

the dew point temperature is not projected as bad as the generally anticipated, 

China is still expected to have severer high-temperature extremes, more frequent 

extremely hot days, and a longer duration of warm spells than before. By 

investigating the five high-temperature indices, it was found that the frequency of 

high-temperature extremes can be changed up to 40% and the duration can be 

changed up to 150% in China by the increased radiative forcing in the end of 21st 

century. Regionally, extra precautions need to be taken by South China, as it has 

the smallest changes in the mean, maximum and minimum temperatures while the 

largest increases in all five high-temperature indices. Consequently, the climate 

over South China for two future periods will be changing more drastically than the 

baseline period. South China will expect more high-temperature extreme events in 

summer and more low-temperature extreme events in winter.  
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CHAPTER 5 PROJECTED EFFECTS OF WIND CHILL ON 

EXTREME COLD EVENTS IN CHINA 

Temperature-related health metrics are often determined not only by 

temperatures but also by multiple climate variables. Temperatures compounded by 

other climate variables are of significant concern in the assessment of climate 

change impacts on public health. Temperatures, wind speeds and their combined 

effects are investigated here for a comprehensive study of how measured 

temperatures, perceived temperature, and their related extremes will change in 

China under climate change conditions. Future projections of combined 

temperatures and wind speeds over China are generated through the PRECIS 

regional climate modeling system. Results indicate that temperatures can increase 

by nearly 6 °C over China by the end of the 21st century without considering the 

wind speed changes. However, by considering the combined effect of temperature 

and wind speed, the perceived temperatures over China are projected to decrease 

by 4.8 °C relative to the observed values in the baseline period. This unexpected 

drop in the future perceived temperatures suggests the projected warming is likely 

to be offset to a large extent by a potential increase in wind speed. This may be 

related to the RCM’s high-resolution making the thermal contrast distribute at finer 

scales. The mechanism behind this result needs to be further investigated to help 

in understanding the related physical processes and associated uncertainties at 

regional scales. As for low-temperature extremes, China is projected to experience 

an apparent decrease in the frequency and duration of extreme cold events in the 

future compared to the baseline period without considering the combined wind 
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chill effect. By considering the wind chill effect, an opposite trend for extreme 

cold events is detected, with an increase by 21% in the frequency of temperatures 

below -20 °C. 

5.1 INTRODUCTION 

Temperature as one of the most important climate variables has a significant 

impact on fatalities from weather-induced disasters in China (Zhai and Pan, 2013; 

Wang et al., 2015C; Lin et al., 2016, Ma et al., 2017). Low-temperature extremes 

account for more deaths than high-temperature extremes do every year in China 

(Chen et al., 2013; Fang et al., 2015). Moreover, the effects of low-temperature 

extremes can be compounded by other factors, such as air pollution, humidity, 

intensity of solar radiation and wind strength. Wind is combined with a low 

temperature to create a temperature termed the wind chill temperature (Brown, 

2015). This temperature accounts for a temperature that is perceived by the human 

body. A human body loses heat through conduction, radiation, and convection. The 

convection from a warm surface heats the air around it to form an insulating 

boundary layer of warm air against the low-temperature. Wind disrupts this 

boundary layer and accelerates the evaporation process, therefore increasing the 

latent heat loss.  This results in increasing the risk of adverse health effects such 

as frostbite and hypothermia in some extreme conditions. To this end, low 

temperatures and wind are considered as well-established risk factors for human 

health. For a comprehensive assessment of the combined effects of these two risk 

factors under climate change, it is imperative to take into account the uncertainties 

in both contributing variables. Despite the knowledge about the combined effect 
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of temperature and wind, it is often ignored in the context of climate projections. 

For example, the Fifth Assessment Report of the Intergovernmental Panel on 

Climate Change provides projections of many variables including temperature and 

wind, but the wind chill temperature is not analyzed nor discussed within the report 

(Hartmann et al., 2013).  

Some recent studies have quantified how low-temperature extremes will 

change in China in the future. Yao et al. used simulations from eight GCMs of the 

new Climate Model Intercomparison Project phase 5 to investigate temperature 

extremes in China. As projected by multi-model ensembles under the RCP4.5 

scenario, low-temperature extremes in China will decrease in the future, with the 

greatest change taking place in the early 21st century (Yao et al., 2012). Xu et al. 

studied changes in climate extremes in China in the 21st century through a high-

resolution RCM. They concluded that there would be a substantial warming in 

annual mean temperature and a significant decrease in low-temperature extremes 

in the future (Xu et al., 2013). As low-temperature extremes are projected to 

decrease by GCMs and RCMs, relatively few studies have been carried out to 

investigate how the wind speed over China will respond to climate change. Jiang 

et al. projected the wind speed across China with a significant declining trend by 

using three GCMs and RCMs under SRES A1B (Jiang et al., 2010; Jiang et al., 

2013).  Although there are declining trends in both low-temperature extremes and 

wind speeds, it can not be simply concluded that the wind chill temperature will 

be less of a concern under climate change conditions. The uncertainty in the wind 

chill temperature is not the combination of the uncertainties for these two 



124 
 

independent variables. It is the joint behavior of uncertainties in low-temperatures 

and wind speed that is of interest. However, there have been no previous studies 

that address the joint uncertainty of low-temperatures and wind speed as well as 

their combined effect.  

The objective of this study is to analyze how the wind speed will change the 

temporal and spatial distributions of low-temperature and its corresponding 

extremes in response to climate change. Combined low-temperature extremes and 

wind speeds will be projected through an RCM. The selected RCM’s skill in 

reproducing the historical climate over China will be gauged through validating its 

historical simulation with a dataset in terms of observed temperatures and wind 

speeds. After the validation, the independent climate variables will be projected 

from a dynamical downscaling under different greenhouse gas emission scenarios. 

Projections will be combined to quantify the impacts of wind speed on low-

temperature extremes. The impacts of climate change on temperature extremes and 

wind speeds can then be assessed comprehensively by considering the joint 

behavior of the respective variable uncertainties.  

5.2 MODELS, EXPERIMENTAL DESIGN AND DATA 

The RCM used in this study is the PRECIS model (Jones et al., 2004; Wilson 

et al., 2015). PRECIS is an atmospheric and land surface model which is designed 

with high resolutions for operational forecast and satisfying atmospheric research 

needs. The model has been widely applied to produce the high-resolution historical 

simulations and future projections (Xu et al., 2006; Feng et al., 2012; Wang et al., 

2014; Wang et al., 2015B), and exhibits improvements in its simulation compared 
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to its driving GCM (Wang et al., 2015B). The model’s driving GCM is the 

HadGEM2-ES which is developed by the Met Office Hadley Centre for the CMIP5 

(Collins et al., 2008). In the CMIP5, there are over 40 GCMs participating in the 

project. But only eleven out of these GCMs have been added to its capability to 

explicitly represent biogeochemical processes which can interact with the physical 

climate (MACA, 2017). The HadGEM2-ES not only be included but also has the 

highest resolution of these eleven models (Martin et al., 2011; Jiang et al., 2015). 

Studies indicate that higher horizontal resolution is associated with the enhanced 

skill in representing climatic variables in the CMIP5 models (Colette et al., 2012; 

Rupp et al., 2013; Zhang et al., 2013).  Plus, the ability of HadGEM2-ES to 

represent well most variables especially surface conditions and atmospheric 

circulation has been verified in these studies. Overall, the HadGEM2-ES exhibits 

relatively high skills in providing the Lateral Boundary Conditions for driving the 

PRECIS model over China.   

The computational domain of the PRECIS simulation covered China with a 

0.44°×0.44° spatial resolution. By considering the geographical features of 

temperature changes in China and based on some previous studies (Li et al., 2011; 

Luo et al., 2013; Bucchignani et al., 2014), the contiguous China domain were 

divided into five sub-regions, namely Northwest China, Northcentral China, Tibet, 

Northeast China, and South China. As shown in Figure 2.2, these sub-regions are 

typically used in weather and climate-related research in China because of the 

climatic similarities within each sub-region. The temperature indices for 

representing extreme events can be divided into two main categories, namely high-
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temperature indices and low-temperature indices. As the objective of this study is 

to investigate the combined effects of temperature and wind speed. The combined 

effects are effective when low-temperature is compounded by wind speed. 

Therefore, five low-temperature indices were selected in this study and are 

described in detail in Table 5.1 (Frich et al., 2002). The PRECIS model ran 

continuously from1969 to 2005 for the historical simulation and from 2006 to 2099 

for the future projections. To assess the skill of the model in simulating the 

historical climate, model results were validated with an observation dataset and a 

reanalysis dataset. The CRU monthly gridded dataset was selected as the 

observation dataset with a spatial resolution of 0.5° × 0.5° for the mean, maximum 

and minimum temperatures. The CRU dataset applies enhancement with a quality 

control algorithm to develop the global climate variables with a high-resolution in 

time and space (Harris et al., 2014).  However, the variables in the CRU dataset do 

not include the wind speed. An ERA-Interim reanalysis dataset, therefore, was 

adopted in this study to validate the dynamically downscaled wind speed in terms 

of spatial and temporal patterns. Future simulations were forced with specified 

concentrations consistent with a medium emission scenario (RCP4.5) and a high 

emission scenario (RCP8.5) (Moss et al., 2010; Van Vuuren et al., 2011). With 

these two scenarios, changes in temperature, wind speed, and their combined effect 

subject to increasing radiative forcing were investigated. 
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Table 4 Definitions of Extreme Temperature Indices Used in Chapter 5. 

Labels Name Index Definition Units 

FD 

frost days per 

period 

the counted number of days where the daily 

minimum temperature is less than 0 °C 

1 

ID 

ice days per 

period 

the counted number of days where the daily 

maximum temperature is less than 0 °C 

1 

TN10p 

percentage of 

days when TN 

< 10th 

percentile 

the percentage of time where the daily minimum 

temperature is less than the 10th percentile of 

daily minimum temperature for the reference 

period 

% 

TX10p 

percentage of 

days when TX 

< 10th 

percentile 

the percentage of time where the daily maximum 

temperature is less than the 10th percentile of 

daily maximum temperature for the reference 

period 

% 

CWFI cold spell days 

annual count of days with at least 6 consecutive 

days when the daily minimum temperature is less 

than the 10th percentile 

1 

 

Table 5 Definitions of Extreme Temperature Indices Used in Chapter 5. 
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5.3 SIMULATIONS OF HISTORICAL TEMPERATURE AND 

WIND 

Figure 5.1 shows the spatial patterns of annual mean, maximum and 

minimum temperatures distributed over China. The patterns were derived from 

HadGEM2-ES, PRECIS, and CRU for the period from 1976 to 2005. The patterns 

from the observation dataset show that all temperatures are relatively high over 

South China and relatively low over Tibet and Northeast China. Compared to CRU, 

HadGEM2-ES simulates a similar distribution but with a holistic overestimation 

of the magnitude of the annual mean temperature. As for the other two variables, 

the GCM overestimates the magnitude for the annual maximum temperature and 

underestimates the annual minimum temperature. It can be also found that the 

absolute magnitude overestimated for the annual maximum temperature outweighs 

the value underestimated for the annual minimum temperature. These non-

uniformities between the observational and simulated temperatures are common 

occurrences not only in HadGEM2-ES but also in many other GCMs (Flato et al., 

2013, Zhou et al., 2013). The occurrences are successfully eliminated by the 

PRECIS model through dynamical downscaling. The RCM significantly improves 

the accuracy of simulation and better depicts the geographical distribution of 

temperatures than its driving GCM over China. It captures the warm centers 

located in the Szechwan Basin (30°30′N, 105°30′E) and the Pearl River Basin (30°

22'N, 89°44'W) in South China and the cold center at the Tibetan Plateau for all 

three temperatures.  
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Figure 29 Spatial distributions of mean (TMP), maximum (TMX) and minimum (TMN) temperatures (unit: °C) over China from HadGEM2-ES (a, d, and g), PRECIS (b, e, and h), and observations (CRU) (c, f, and  for 1976-2005. 

Figure 5.1 Spatial distributions of mean (TMP), maximum (TMX) and 

minimum (TMN) temperatures (unit: °C) over China from HadGEM2-ES (a, d, 

and g), PRECIS (b, e, and h), and observations (CRU) (c, f, and i) for 1976-2005.  
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To gauge the skills of HadGEM2-ES and PRECIS in reproducing the 

temporal patterns of annual mean, maximum and minimum temperatures, the 

annual cycle is introduced to summarize how closely the patterns from two models’ 

results match the observations. As shown in Figure 5.2, the relative merits of 

HadGEM2-ES and PRECIS are exhibited in reproducing the temporal curves of 

annual mean, maximum and minimum temperatures with respect to the statistical 

values of each month in the baseline period. The curve of HadGEM2-ES is 

holistically 1.7 °C above the observational curve for the annual mean temperature, 

2.1 °C above for the annual maximum temperature, and 2.3 °C below for the annual 

minimum temperature. On the other hand, the curve of PRECIS matches well with 

the annual cycle of CRU for all temperatures. The PRECIS model only 

overestimates the temperatures in July by approximately 1.6 °C and slightly 

underestimates the temperatures in October and November. Other than these, the 

curve of PRECIS generally follows the curve of CRU. This indicates that PRECIS 

has a relatively high skill in reproducing the temporal distribution of temperatures 

over China. Overall, it is evident that PRECIS outperforms HadGEM2-ES, and 

PRECIS adds value to its driving GCM with respect to simulating the temporal 

and spatial patterns of annual mean, maximum and minimum temperatures for 

China. 
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Figure 30 Annual cycles of the mean (TMP), maximum (TMX) and minimum (TMN) temperatures (unit: °C) over China for 1976-2005. 

Figure 5.2 Annual cycles of the mean (TMP), maximum (TMX) and 

minimum (TMN) temperatures (unit: °C) over China for 1976-2005. 
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To validate the skill of the PRECIS model in simulating the historical wind 

speed, monthly reanalysis data from the ERA-interim were used. As shown in 

Figure 5.3, the reanalysis dataset shows that the annual mean wind speed is 

relatively high from east to west across Inner Mongolia (44°0′N, 113°0′E), the 

Tarim Basin (39°0′N, 83°0′E), and the Tibetan Plateau. The high wind speed area 

is between 30°N and 60°N where the prevailing westerlies are located. Studies 

indicate that the prevailing westerlies have direct impacts on driving the surface 

wind (Wang et al., 2015A). Compared to the reanalysis data, HadGEM2-ES does 

capture the high wind speed across Inner Mongolia, but it underestimates the wind 

speed across the entire nation and simulates two artificial low wind speed centers 

in the Szechwan Basin (30°30′N, 105°30′E) and the Tarim Basin. The PRECIS 

model successfully eliminates these underestimations and reasonably reproduces 

the high wind belt across Inner Mongolia, the Tarim Basin, and the Tibetan Plateau. 

In addition, the PRECIS model simulates closer magnitudes of wind speed in 

China than its driving GCM. In Figure 5.4, the annual cycles are used to compare 

the skills of HadGEM2-ES and PRECIS in reproducing the temporal patterns of 

wind speed. The curve representing the reanalysis dataset shows high values in 

March, April, and May the three months from the spring season in China when it 

is also the windiest period in a given year (Gong et al., 2011). During this period, 

there could be a rapid fall in temperature accompanied by strong winds. The 

PRECIS model successfully captures the peak of the wind speed in the annual 

cycle. For the remaining three seasons, the annual cycle of the RCM matches well 

the cycle of the reanalysis dataset except for some slight underestimations. The 
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entire curve of HadGEM2-ES is by approximate 0.6 m/s below the curve of the 

reanalysis dataset, thus failing to capture the peak value in Spring. Therefore, it is 

found that the PRECIS model, with its simulation of finer scale physical processes, 

can better depict the distributions of wind speed than its driving GCM for China. 

Overall, a high-resolution simulation is essential to obtain reliable temporal and 

spatial patterns of wind speed over China. 
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Figure 31 Spatial distributions of mean wind speed (unit: m/s) over China from HadGEM2-ES (a), PRECIS (b), and Reanalysis (ERA) (c) for 1976-2005. 

Figure 5.3 Spatial distributions of mean wind speed (unit: m/s) over China 

from HadGEM2-ES (a), PRECIS (b), and Reanalysis (ERA) (c) for 1976-2005. 
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Figure 32 Annual cycle of wind speed (unit: m/s) over China from HadGEM2-ES (a), PRECIS (b), and Reanalysis (ERA) (c) for 1976-2005. 

Figure 5.4 Annual cycle of wind speed (unit: m/s) over China from 

HadGEM2-ES (a), PRECIS (b), and Reanalysis (ERA) (c) for 1976-2005. 
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5.4 PROJECTIONS OF FUTURE TEMPERATURE AND WIND 

SPEED 

With the reasonable reproduction of historical climate, a premise is created 

for projecting a plausible range of future climatic conditions. The temperatures and 

wind speed are projected by the PRECIS model under RCP4.5 and RCP8.5 

scenarios for the period from 2006 to 2100. To better understand the changes in 

the variables, the continuous simulation period was divided into two periods, 

namely the period 2036-2065 (the 2050s) and the period 2070-2099 (the 2080s). 

The changes in the annual mean, maximum, minimum temperatures and wind 

speed are calculated by subtracting the values in the baseline period from the 

values projected under two RCPs for the 2050s and the 2080s over China. The 

changes in the spatial patterns of temperatures are exhibited in Figure 5.5 for both 

periods relative to the baseline period. It can be found that there are positive 

changes from 0.3 °C to 6 °C for all the maps. The positive changes are increasing 

from the 2050s to the 2080s in terms of all three temperatures. For each period, 

there is no large difference between the annual mean minimum temperature and 

the annual mean maximum temperature in terms of the warming magnitude. The 

warming magnitude in the northern sub-regions (Northwest China, Northcentral 

China, Northeast China, and Tibet) is slightly larger than the southern sub-region 

(South China). The main reason why the northern sub-regions except Tibet have 

higher warming rates than the southern sub-region is that their relatively high 

latitudes make them receive more positive albedo-temperature feedback. As for 

Tibet, its high-elevation increases the melting process of the ice and snow cover 
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under a warming climate. The melted ice and snow increases water vapor which 

traps more heat at the surface and makes the surface less reflective and adds to the 

warming effect (Wang et al., 2015B). But the warming effect is shown to shrink to 

smaller areas for the maximum temperature than for the minimum temperature. In 

terms of comparison between warmings under different scenarios, the RCM 

projects a larger degree of warming under RCP 8.5 than under RCP4.5 for each 

period. Especially in the 2080s, the contrast becomes more significant with an 

increase in the radiative forcing. The results derived from the PRECIS model are 

congruent with the results of Yu’s research through WRF driven by CAM and 

Gao’s research through RegCM driven by BCC-CSM1.1 over China (Yu et al., 

2010; Gao et al., 2013).  
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Figure 33 Spatial distributions of changes in the mean (TMP_Diff), maximum (TMX_Diff) and minimum (TMN_Diff) temperatures (unit: °C) as  projected by PRECIS for two future periods (2036-2065 relative to 1976-2005 and 2070-2099 relative to 1976-2005). 

Figure 5.5 Spatial distributions of changes in the mean (TMP_Diff), 

maximum (TMX_Diff) and minimum (TMN_Diff) temperatures (unit: °C) as 

projected by PRECIS for two future periods (2036-2065 relative to 1976-2005 and 

2070-2099 relative to 1976-2005). 
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For the temporal patterns, Figure 5.6 demonstrates the changes in the annual 

cycles in terms of three temperatures for China under two RCPs for both future 

periods. All three charts show that four curves for the future are above the curve 

for the reference period which means temperatures over China have positive 

changes under each scenario for twelve months. It is also apparent that the future 

warming magnitudes relative to the baseline period are approximately the same for 

all three temperatures. This warming trend is consistent with the results obtained 

from Figure 5.5 where there was also no large difference among the three 

temperatures in terms of the warming magnitude. Therefore, it can be concluded 

that the greenhouse effect would be equally effective for impeding radiative 

forcing from escaping into space during the day-time (represented by the 

maximum temperatures) and night-time (represented by the minimum 

temperatures). The increments in temperature are positively correlated with an 

increase in the radiative forcing. In detail, these increments can be separated into 

two categories, a 5.4 °C increment for the curve under RCP8.5 for the 2080s and 

a 2.6 °C increment for the other three curves (RCP4.5 for the 2050s, RCP4.5 for 

the 2080s, and RCP8.5 for the 2050s) with respect to every temperature index. The 

three curves generally coalesce together because their radiative forcing levels are 

all at the medium level. When the radiative forcing level reaches the maximum, 

the increments in the temperatures are more than double of those under the medium 

emission scenario. Thus, the warming trend can be amplified with an increase in 

the radiative forcing.  

  



140 
 

 

Figure 34 Future changes in annual cycles of the mean (TMP), maximum (TMX) and minimum (TMN) temperatures (unit: °C) over China for two future periods. 

Figure 5.6 Future changes in annual cycles of the mean (TMP), maximum 

(TMX) and minimum (TMN) temperatures (unit: °C) over China for two future 

periods. 
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The projected changes in the wind speed relative to the baseline period under 

two RCPs for two periods are displayed in Figure 5.7. The PRECIS model projects 

a nearly 30% increase in the wind speed over China for all four maps except -10% 

to -5% decreases in some parts of Tibet under RCP8.5 for the 2080s. This result is 

opposite to the findings from the results from the IPCC reports (Sperber et al., 

2013; Song and Zhou, 2014; Sun et al., 2015). Since these reports are based on the 

results from GCMs, the projections of wind speed under RCPs from the driving 

GCM, HadGEM2-ES are examined. The GCM does project up to a 15% increase 

over most parts in South China and the Amur Basin (52 °56 ′N, 141°5 ′E) in 

Northeast China under both RCPs for two future periods. However, there are nearly 

21% decreases projected by the GCM across Inner Mongolia, the Tarim Basin, and 

the Tibetan Plateau which historically are the high-wind regions. The GCM tends 

to enhance the decreasing trend in these areas with radiative forcing increasing. As 

for the areas with increasing wind speed marked as yellow in the maps, they will 

also expect a diminished tendency from medium to high emissions scenario. This 

may be related to the enhanced warming under climate change which reduces the 

thermal contrast between low latitude and high latitude areas (Christensen et al., 

2007; Hewitson et al., 2014). The PRECIS model simulates a decreasing trend in 

the wind speed over China with increases in radiative forcing for both future 

periods. But the trend is not as detectable as the trend simulated by its driving 

GCM. Despite the trend, the PRECIS model projects stable positive changes in the 

wind speed over China which is contrary to the simulations from its driving GCM 

that show decreases across three historically high-wind regions. This may be 
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related to that RCM’s high-resolution make the thermal contrast distribute at finer 

scales. Plus, it was found that the driving GCM tends to underestimate the wind 

speed over China through the model validation. But the mechanism behind this 

result from the RCM needs to be further investigated in terms of related physical 

processes and the associated uncertainties at regional scales.  
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Figure 35 Spatial distributions of changes wind speed (WND_Diff) temperature (unit: %) as projected by PRECIS for two future periods. 

Figures 5.7 Spatial distributions of changes wind speed (WND_Diff) 

temperature (unit: %) as projected by PRECIS for two future periods.  
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Figure 36 Future changes in the annual cycle of wind speed (unit: m/s) over China for two future periods. 

Figures 5.8 Future changes in the annual cycle of wind speed (unit: m/s) over 

China for two future periods. 
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Figure 5.8 demonstrates the temporal changes relative to the baseline period 

in the annual cycles of wind speed for China. The black curve represents the values 

in the baseline period, the other four curves represent annual cycles under two 

RCPs for two future periods. The four curves are distributed in a distinct 

graduation from high to low wind speeds, namely the one under RCP 4.5 for the 

2080s, the one under RCP 4.5 for the 2050s, the one under RCP8.5 for the 2050s, 

and the one under RCP8.5 for the 2080s. Under RCP8.5, the wind speed decreases 

slightly from the 2050s to the 2080s as the radiative forcing increases. Under 

RCP4.5, the wind speed, however, increases slightly from the 2050s to the 2080s 

with stable radiative forcing. It is possible that the result is caused by natural 

variability or the uncertainty in the model. Compared to the black curve, there are 

three curves (under RCP 4.5 for the 2080s, under RCP 4.5 for the 2050s, and under 

RCP8.5 for the 2050s) above it and one curve (under RCP8.5 for the 2080s) 

slightly below it. The values below the baseline results can be explained by the 

diminished thermal contrast caused by the enhanced warming under the high 

radiative forcing scenario. The three curves above the black one generally coalesce 

together as their radiative forcing is relatively at the same level. This is constant in 

the annual cycles for the three temperature conditions. The most distinct difference 

between three curves and the black one is that their projected values have 

significant increments relative to the baseline for the Summer and Autumn months. 

As for the Spring and Winter months, there are only indiscernible increases from 

the black curve. These results illustrate that the wind speed will increase and then 

maintain the level or slightly decrease with the radiative forcing increasing.  
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To investigate how the combined effects of temperature and wind speed will 

change under climate change, the wind chill temperature was studied as it is 

defined as the perceived temperature decrease due to the air flow. The wind chill 

temperature (wct) was computed from the wind speed (v) and surface air 

temperature (T) by the conversion equation from Environment and Climate 

Change Canada (Environment Canada, 2014). This approximation requires the 

surface air temperature to be in a validation range between -50 °C and 5 °C and 

the wind speed at 10m above the surface. After checking the output data from the 

RCM, no temperature was found below -50 °C. For temperatures above 5 °C, the 

equation would not be applied.  

𝑤𝑐𝑡 = 13.12 + 0.6215𝑇 − 11.37(3.6𝑣)0.16 + 0.3965𝑇(3.6𝑣)0.16 

The equation was applied to the daily temperatures and wind speed in the 

baseline period and the continuous simulation period from 2006 to 2100. The 

calculated wind chill temperatures under two RCPs for the 2050s and the 2080s 

were extracted. Subtract the wind chill temperatures in the baseline period from 

these to obtain the differences between the future and the present. Figure 5.9 shows 

the changes in the calculated wind chill temperatures in terms of annual mean, 

maximum and minimum temperatures under both RCPs for two future periods. 

Contrary to what was anticipated, the RCM projects decreases in wind chill 

temperatures over the entire nation under RCP4.5 for the 2050s, under RCP4.5 for 

the 2080s, and under RCP8.5 for the 2050s. Particularly, the maximum decrease (-

4.8 °C) is projected to take place over the Tibetan Plateau and Inner Mongolia. 

Moreover, these two regions are projected to have the maximum negative change 
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and form two cooling centers for the perceived temperature throughout the entire 

period. Other than these two centers, the rest of areas in China will only have some 

increases in the perceived temperatures under RCP8.5 for the 2080s. Therefore, 

the perceived temperatures are projected to be lower over China in the future than 

in the reference period. The reason for this unexpected drop in temperatures is that 

the PRECIS model projects great warming accompanied by increases in the wind 

speed. Particularly, the wind speed increases significantly in Autumn, and this 

season will expect the most frequent cold waves taking place in the future. The 

mechanism that the model projects great warming with a correlated strong increase 

in the wind speed will be further investigated in future research.  
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Figure 37 Spatial distributions of changes in wind chill mean (WCT_TMP_Diff), maximum (WCT_TMX_Diff) and minimum (WCT_TMN_Diff) temperatures (unit: °C) as projected by PRECIS for two future periods. 

Figure 5.9 Spatial distributions of changes in wind chill mean 

(WCT_TMP_Diff), maximum (WCT_TMX_Diff) and minimum 

(WCT_TMN_Diff) temperatures (unit: °C) as projected by PRECIS for two future 

periods. 
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The relationships between changes in the mean temperature and the 

corresponding changes in the extreme temperature events are nonlinear. Small 

changes in the mean temperature can sometimes result in relatively large changes 

in the probabilities of these extreme events (Mearns et al., 1984). First, the 

projected changes relative to the reference period in the five selected indices of 

low-temperature extremes in China under RCP4.5 and RCP8.5 are investigated for 

two future periods (as shown in Figure 5.10). The indices of low-temperature 

extremes can be divided into three categories, namely threshold indices (FD and 

ID), percentile indices (TN10p and TX10p) and duration index (CWFI). Results 

for both FD and ID have negative changes across the nation, and the maximum 

decrease takes place in South China and the minimum in Tibet. This means that 

China is likely to experience a lower number of FD and ID under RCPs in the 

future. Changes in both indices under RCP4.5 are relatively consistent with the 

changes under RCP8.5 for two future periods. The two threshold indices are 

insensitive to the mean temperatures arising from an increase in the radiative 

forcing. As for these two percentile indices, they are relatively more sensitive to 

the mean temperature changes induced by climate change. Given a future period, 

the nation will have a lower percentage of extremely cold days with the radiative 

forcing increases from RCP4.5 to RCP8.5. Relative to the baseline period, the 

percentage of extreme events drops from 10% which means China is likely to 

experience a lower frequency of extremely cold days in the future. Both percentile 

indices have the maximum change over Tibet and the minimum change over South 

China and Northcentral China throughout the entire period. Although the patterns 
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of TN10p are consistent with those of TX10p concerning geographical differences, 

the magnitude of change in TX10p is greater than that in TN10p. Interestingly, the 

magnitude of change in the minimum temperature where TN10p is derived is larger 

than that in the maximum temperature where TX10p is calculated. This opposite 

trend further proves that the relationships between changes in the mean 

temperature and changes in the probability of corresponding extremes are 

nonlinear. Lastly, the geographical patterns of changes in the duration index have 

negative changes in China under any RCP for any period. These decreases in the 

CWFI are amplified by an increase in radiative forcing. It is noted that the duration 

of extremely cold days will become shorter than before. Regionally, the maximum 

decrease of CWFI is across the Tarim Basin, the Qaidam Basin (37°16′N, 94°27′

E), Hexi Corridor (36°2′N, 103°48′E) and the Amur Basin for all four maps. 

Therefore, it can be concluded that China can expect a lower number, less frequent 

and shorter duration extreme cold events under RCPs in the future than in the 

baseline period. 
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Figure 38 Spatial distributions of projected indices of low-temperature extremes (FD, unit: day; ID, unit: day; TN10p, unit: %; TX10p, unit: %; CWFI, unit: day) in China under RCP4.5 and RCP8.5 for two future periods. 

Figure 5.10 Spatial distributions of projected indices of low-temperature 

extremes (FD, unit: day; ID, unit: day; TN10p, unit: %; TX10p, unit: %; CWFI, 

unit: day) in China under RCP4.5 and RCP8.5 for two future periods. 
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How will the probability of low-temperature extremes change in response to 

climate change with consideration of the wind chill effect? To investigate the 

changes in the probability of low-temperature extremes compounded by wind 

speed and compare these to changes in the probability of extremes without 

combining the wind chill effect, histograms of the frequency distribution of the 

daily temperatures are introduced in this study. For each chart in Figure 5.11, the 

daily temperatures of every grid cell in China are taken into account for the 

analysis. Each column represents the percentage of days that temperatures of all 

grids fall into a range (-70 °C to -60 °C, -60 °C to -50 °C, -50 °C to -40 °C, -40 °C 

to -30°C, -30 °C to -20 °C, -20 °C to -10 °C, -10 °C to 0 °C) in the baseline period, 

and each dot from the lines represents the percentage under an RCP scenario for a 

future period. As this study focuses on low-temperature extremes, only 

temperatures below 0 °C are analyzed. The minimum value of the analyzed 

temperatures is -68 °C, therefore, a -70 °C threshold was chosen as the lowest 

boundary for the histogram. Results show that the RCM simulated the historical 

temperatures with no values below -40 °C, only less than 5.2% for the interval (-

40 °C, -30 °C), and 94.8% for values above -30 °C. Without considering the effects 

of wind, the RCM projects decreases in the frequency of cold extremes and 

increases in the lowest temperature from -40 °C to -30 °C. By considering the 

combined effect of low-temperature and wind, the results show a totally opposite 

trend to the previous projections. There are increases in the frequency of extreme 

events and an apparent decrease in the lowest temperature. The percentage of 

lowest temperature, the interval (-70 °C, -60 °C), increases from 0% to 0.2%. 
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Comparing the probabilities of wind chill extremes to the regular ones, the wind 

speed mainly increases by up to 21% in the frequencies of low-temperatures below 

-20 °C. For these temperatures, the daily maximum temperatures are more 

sensitive to the wind chill effect than the minimum temperatures. The magnitude 

of increase calculated for each interval for the maximum temperatures is larger 

than that for the minimum temperatures. Compared to the wind chill effect, 

temperatures are much less sensitive to changes in the radiative forcing. The 

increase in the radiative forcing slightly strengthens the negative changes in the 

frequency of cold extremes and lifts the lowest temperature to some extent. For 

instance, the curves under RCP8.5 become somewhat steeper than the curves under 

RCP4.5 for the 2080s when there is a significant difference between the radiative 

forcing levels.  
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Figure 39 Statistical changes in the frequencies of future low-temperature extremes (unit: %) relative to the reference period (1976-2005) with and without considering the wind chill effect in terms of mean (TMP), maximum (TMX) and minimum (TMN) temperatures. 

Figure 5.11 Statistical changes in the frequencies of future low-temperature 

extremes (unit: %) relative to the reference period (1976-2005) with and without 

considering the wind chill effect in terms of mean (TMP), maximum (TMX) and 

minimum (TMN) temperatures. 
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5.5 SUMMARY 

In this study, the PRECIS model is employed to investigate low-temperature 

extremes and wind speed in response to climate change at a national level with 

consideration of the combined effect among climate variables. Changes in 

temperature extremes, wind speed and wind chill temperatures for China under 

two RCPs were investigated for two future periods. The RCM’s skill in simulating 

the climate over China for the historical period was gauged and a reasonable 

reproduction of historical temperatures and wind speeds was obtained through 

validation with the observation and the reanalysis datasets in terms of spatial and 

temporal patterns. After the validation, a plausible range of future temperatures 

and wind speeds were projected under RCPs to further investigate how the joint 

projections of low-temperatures and wind speed will change in response to global 

warming.  

It was found that all changes in temperatures relative to the baseline period 

are positive in the spatial and temporal patterns of temperatures under two RCPs 

for both future periods. In terms of comparison between warmings under different 

scenarios, the RCM projects a larger warming degree under RCP 8.5 than under 

RCP4.5 for each period which means the increments in the temperatures are 

positively correlated with an increase in the radiative forcing. When the radiative 

forcing level reaches the maximum, the increments in the temperatures are more 

than double of those under the medium emission scenario. Opposite to what has 

been generally anticipated, PRECIS projects increases by up to 30% in the wind 

speed over China for all four maps except -10% to -5% decreases in parts of Tibet 
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under RCP8.5 for the 2080s. The patterns of wind speed simulated by the PRECIS 

model were found to be contrary to the simulations from its driving GCM 

regarding that show decreases across three historically high-wind regions, Inner 

Mongolia, the Tarim Basin, and the Tibetan Plateau. This may be related to the 

RCM’s high-resolution making the thermal contrast distribute at finer scales. 

Moreover, its driving GCM tends to underestimate the wind speed over China 

throughout the entire period. However, the mechanism behind this result still needs 

to be further investigated concerning the related physical processes and associated 

uncertainties at a finer scale. The wind chill temperature is chosen to demonstrate 

how the combined effects of temperatures and wind speed will change over China 

under RCPs. Unexpectedly, the perceived temperatures are projected to decrease 

by -4.8 °C relative to the values in the baseline period over the entire nation. The 

reason for this unexpected drop in the perceived temperatures is that the PRECIS 

model projects great warming accompanied by increases in wind speed. The 

maximum decreases are projected to take place over the Tibetan Plateau and Inner 

Mongolia. Moreover, these two regions form two cooling centers which have the 

maximum negative changes in the perceived temperatures throughout the entire 

period. Other than these two centers, the remaining areas in China are expected to 

have some increases in the perceived temperatures under RCP8.5 by the end of 

21st century.  

Without considering the wind chill effect, China can expect a lower number, 

less frequent and shorter duration extreme cold events under RCPs in the future 

than in the baseline period. In detail, the RCM projects all negative changes in FD 
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and ID. These two threshold indices are insensitive to the mean temperatures 

arising from an increase in the radiative forcing. As for the two percentile indices, 

they are relatively more sensitive to the changes in mean temperatures induced by 

climate change. Relative to the baseline period, the percentile of extremes event 

drops from 10% which means China is likely to experience a lower frequency of 

extremely cold days in the future. Moreover, the magnitude of changes in TX10p 

is more significant than that in TN10p. Interestingly, the magnitude of changes in 

the minimum temperature where TN10p is derived is larger than that in the 

maximum temperature where TX10p is calculated. Lastly, the changes in the 

duration index are all negative regarding geographical patterns under any RCP for 

any period. It is noted that the duration of extremely cold days in China will 

become shorter than before. Through an analysis of three different types of cold 

extreme indices, it was concluded that the relationships between changes in the 

mean temperature and the corresponding changes in the extreme temperature 

events are nonlinear. Small changes in the mean temperature can sometimes result 

in relatively large changes in the probabilities of these extreme events. By 

considering the combined effects of low-temperature and wind speed, the results 

for extreme cold events show an opposite trend to previous projections. There are 

increases in the frequency of extreme events and decreases in the lowest 

temperatures. Comparing the probabilities of wind chill extremes to regular events, 

the wind speed is likely to result in a 21% increase in the frequencies of low-

temperatures below -20 °C. For these temperatures, the daily maximum 

temperatures are more sensitive to the wind chill effect than the minimum 



158 
 

temperatures, since the increments relative to the reference period calculated from 

each interval for the maximum temperatures are more significant than those for the 

minimum temperatures. 
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CHAPTER 6 PROJECTED INTENSIFICATION IN HUMAN-

PERCEIVED TEMPERATURE EXTREMES UNDER CLIMATE 

WARMING BY APPLICATION OF THERMAL CLIMATE 

INDICES 

Human thermal climate indices that considering temperatures compounded 

by other climatic variables are of significant concern in the assessment of climate 

change impacts on public health. When the impacts of climate change on health 

are estimated, uncertainties arise from future greenhouse gas emissions and 

methods that measuring the Human-Perceived-Equivalent-Temperature (HPET).  

Here a general approach has been suggested to quantify the impacts of future 

climate change on human health that incorporates uncertainties in empirical 

methods for calculating HPETs, as well as uncertainties associated with climate 

change projections. This approach has been applied to a specific case study over 

China. In this study, the range in HPETs from all investigated methods was 

compared with the range in impacts from using one RCM under two RCP scenarios. 

The range in HPETs that arose from method uncertainty was found greater than 

the range that arose because of emissions uncertainty for the entire country. The 

large ranges caused by method uncertainty are associated with the compound 

effects of different combinations of multiple climatic variables. With different 

combination of temperature and variables, it could lead to two opposite 

conclusions for both normal and extreme conditions. For example, China will 

expect elevated increase in HPETs and more frequent high-temperature extremes 

under climate warming through the indices only considering the compound effects 
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of temperature and relative humidity. By taking wind speed into account, indices 

will calculate HPETs even lower than the surface air temperatures and decreases 

in the frequency of high-temperature extremes. Therefore, a comprehensive 

assessment that explicitly report the uncertainties in HPETs from emissions 

scenarios and human thermal comfort indices should be provided to quantify the 

climate/health relation under both normal and extreme conditions.  

6.1 INTRODUCTION 

Anthropogenic induced changes in surface air temperature, relative humidity, 

wind speed, and solar radiation compound together affect how humans perceive 

the effect of global warming and contribute to the substantially high temperature-

related mortality. The Human-Perceived-Equivalent-Temperature (HPET), taking 

into account of contributions of these climatic variables, is defined as a function 

measuring the heat or cold stress in the human body. As discussed in Chapter 4 

and Chapter 5, high-air-temperatures compounded by relative humidity can cause 

heat stress in the human body by retarding the process of latent heat loss. Low-air-

temperatures compounded by wind speed can result in the excessive latent heat 

loss from the human body and account for the wind chill effect. Both relative 

humidity and wind speed alter the HPET by a decrease or increase the convective 

heat transfer between human body and its surrounding environment. Other than the 

convective heat transfer, there is a less efficient way termed the radiative heat 

transfer. It changes the energy balance of human body through the solar radiation. 

As a less efficient heat transfer way, solar radiation does not contribute as much as 

relative humidity and wind speed into changing HPET. However, under abnormal 
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weather conditions, it can potentially change sudden impacts on human health 

(such as thermal discomfort, environmental stress, morbidity and even mortality) 

by aggregating the heat stress or relieving the wind chill effects. Plus, a 

preponderance of evidence indicates that surface air temperatures compound with 

different climatic variables lead to different effects on HPET. Although there are 

many indices have been developed to measure the contributions of these climatic 

factors to HPET, the physiological impacts of global warming on human beings 

represented by HPET under both normal and extreme conditions have not been 

well studied (Gasparrini et al., 2015; Mora et al., 2017). Previous studies have 

demonstrated a U-shape temperature-mortality relationship that there is higher 

mortality under abnormally high and cold temperatures than under normal 

conditions. The relationship suggests that climate warming could result in 

increases in heat-related mortality and arguable decreases in cold-related mortality. 

As climate warming taking decades to show its effects, it is unequivocal that a 

comprehensive assessment of possible changes in the long-term HEPT under both 

normal and extreme conditions is much needed for climate change mitigation and 

adaptation.   

When the impacts of climate change on health are estimated, uncertainties 

arise from many sources. There is uncertainty in future climate change 

(particularly future greenhouse gas emissions), and uncertainty in climate/health 

relations. These uncertainties in studies of the relationship between climate and 

health come from the variety of different statistical and empirical methods used to 

model the thermal state of the environment surrounds human-beings. Over past 
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100 years, a great number of human thermal climate indices that have been 

proposed by the scientific community to quantify the climate/health relations. The 

relationship is a function of the multifaceted influence of the interaction of a great 

variety of factors such as air temperature, humidity, wind, and solar radiation. The 

index schemes used to quantify the relationship between climate and health differ 

in approach according to the number of variables taken into account. A 

comprehensive overview of this range of features was undertaken by de Freitas 

and Grigorieva to address this matter in three steps (de Freitas and Grigorieva, 

2015). The first step identified all indices that have been developed and create a 

detailed register or catalog of these. The second step set out to devise and apply a 

primary classification scheme that sorts indices by type. The first two steps have 

been contributed to a project that produced a comprehensive documentation, 

classification and overall evaluation of the full range of existing human thermal 

climate indices. The results of the project were then used to complete the final step 

which was to evaluate these indices and select them for quantify relations 

according to the extent to which they meet the various evaluation criteria. Given 

the great variety of thermal indices, it is clear that single criteria cannot evaluate 

all indices. A reasonable framework comprising six criteria (comprehensiveness, 

scope, sophistication, transparency, usability, and validity) was proposed for the 

evaluation of thermal indices without excessive complication. Indices that have 

not been experimentally tested and validated are firstly excluded. Second, indices 

with expressions using Celsius degree as the unit are selected to exclude the index 

of thermal environmental stress and the index of thermos-physiological strain. 
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Third, these selected indices are divided into two categories, namely the low-

temperature index, and the high-temperature index, based on the temperature range 

across which the index is deemed to apply. Finally, the indices are further 

addressed on variable atmosphere-related inputs in their schemes within each 

category. 

6.2 METHODOLOGY 

Categorized indices satisfying each of the six evaluation criteria are detailly 

described as below. These indices for representing thermal conditions can be 

divided into three main categories, namely high-temperature indices, low-

temperature indices, and comprehensive indices. High-temperature indices are 

Humidity Index (Humidex), Simmer Summer Index (SSI), and Environmental 

Stress Index (ESI). Low-temperatures indices are Wind Chill Temperature Index 

(WCTI), New Wind Chill Temperature (NWCT), and Apparent Temperature (AT). 

Two comprehensive indices are New Effective Temperature (NET), and Natural 

Wet Bulb Temperature (NWBT). 

6.2.1 Wind Chill Temperature Index 

In late 2001, the National Weather Service (NWS) developed a Wind Chill 

Temperature Index (WCTI) to improve upon the Siple and Passel index used by 

the NWS and the Meteorological Services of Canada (Siple and Passel, 1945). 

Compared with the old index, the WCTI can provide a more useful and accurate 

formula for calculating the risks residing in freezing temperatures compounded by 

winter wind by making use of advances in biometeorology, computer modeling, 

and meteorology. For example, the WCTI calculated wind speeds at an average 
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height of 1.52m (typical height of a human face) from readings of an anemometer 

at 10m (the national standard height of the anemometer). The transformation is 

based on the latest heat transfer theory which uses a standard factor for skin tissue 

and assumes a no sunlight scenario.  Therefore, the heat loss from the body to its 

surroundings during cold and breezy days can be estimated. Additionally, the 

accuracy of the new formula has been verified by clinical trials conducted in 

Canada and the United States (Osczevski and Bluestein, 2005). The results of those 

trials have also been used to further improve the index’s formulation. Led by the 

NWS, the index has been implemented throughout Canada and the United States 

in order to have a consistent WCTI for North America. In this way, implementation 

of the standardized WCTI provides an accurate and consistent measure to help the 

public protect itself against the dangers of hypothermia and frostbite. The index is 

expressed as: 

𝑊𝐶𝑇𝐼 = 13.12 + 0.6125 × 𝑇 − 11.37 ×𝑊𝑛𝑑0.16 + 0.3965𝑊𝑛𝑑0.16 

where Wnd is the wind speed at 10 m of height (m/s) and T is the air 

temperature/dry bulb temperature (°C). As shown in the formula, the WCTI does 

not consider the impact of solar radiation and pedestrian characteristics. This 

standard can be used for cold climates with elevated wind speed with possible 

overestimations for the cooling power for naked surfaces, and underestimations for 

the clothed ones. 

6.2.2 New Wind Chill Index 

The New Wind Chill Index (NWCI) is the other formula used in North 

America to express the combined effect of wind and low temperature on the 
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thermal comfort. It was also developed to replace the flawed formula that 

exaggerates unnecessarily the severity of the cold environment based on the 

modern science of heat exchange. The new formula was defined by a mathematical 

model that calculates heat flow from the upwind side of a head-sized cylinder 

(insulated cans of water) moving at walking speed into the wind (Falconer, 1968). 

The equation has been resourced from Lenttech in 2014 (Lenttech, 2014). 

Numerous experiments were conducted to establish the length of time required for 

a measured quantity of water giving off its latent heat of fusion to freeze. Through 

comparisons between these cooling rates, a wind chill scale for lower limits of 

physical endurance was determined by establishing the length of elapsed time 

before exposed portions of the body turned white or actually froze at various wind 

velocities and subfreezing temperatures. The formula of NWCI is expressed as: 

𝑁𝑊𝐶𝐼 = 33 + (𝑇 − 33) × (0.474 + 0.454√𝑊𝑛𝑑 − 0.0454 ×𝑊𝑛𝑑) 

where Wnd is the wind speed at 10 m of height (m/s) and T is the air 

temperature/dry bulb temperature (°C).  

6.2.3 Apparent Temperature 

The Apparent Temperature (AT) was designed to measure thermal sensation 

of human beings in outdoor conditions including the relative humidity and the dry 

bulb temperature in the 1970s. It was modified in the early 1980s to taken into 

account the effect of wind in the formula. The AT index used here is based on a 

mathematical model of the heat transfer from an adult who walking outdoor in the 

shade to its surrounding environment (Steadman 1994). The Steadman model 

calculates the wind chill effect by assuming that the adult is appropriately dressed 
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for those conditions. At relative high humidity reference level, the wind chill 

effects could be amplified if clothing were to get saturated. Hence, the elevated 

heat transfer rate would make the chance of frostbite and hypothermia greater than 

indicated by other Wind Chill Indices. Under wet and windy conditions, even mild 

temperatures can cause frostbite and hypothermia to inadequate clothing 

individuals.  

As the index includes extra elements such as humidity and wind as an 

adjustment to the actual air temperature, the AT developed by Australia 

Meteorology Bureau has a wider validate temperature range than the other two 

Wind Chill Indices used in North America. The index considers that conditions in 

parts of Australia can be warm enough, even under strong wind conditions, to 

cause invalidations in Wind Chill Indices. Within a valid temperature range, the 

AT measures the amount of thermal discomfort caused by the dry bulb temperature 

compound with wind chill effect at the reference humidity level. AT includes the 

chilling effect of the wind and relative humidity level at lower temperatures - see 

below: 

𝐴𝑇 = 𝑇 + 0.33 × (6.105 ×
𝑅𝐻

100
× 𝑒

17.27×𝑇
237.7−𝑇) − 0.70 ×𝑊𝑛𝑑 − 4 

where Wnd is the wind speed at 10 m of height (m/s), RH is the relative 

humidity (%), and T is the air temperature/dry bulb temperature (°C). 

6.2.4 New Effective Temperature 

The Effective Temperature was first proposed by Houghton and Yaglo 

(Houghton and Yaglo, 1923) as a measure of the human perceived-equivalent 

temperatures after a number of laboratory experiments. Missenard further 
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formulated a mathematical model for measuring the effective temperature index 

(Missenard, 1933). Eventually, Gregorczuk and Cena introduced the wind chill 

effect for application to cold conditions and named it the New Effective 

Temperature (NET) (Gregorczuk and Cena, 1967). The NET reflects that not only 

the wind speed increases the amount of thermal discomfort, but also the relative 

humidity worsens both the cold and hot stress conditions for human being 

perception. Therefore, the NET exhibits as a function of compound effects of 

temperature and relative humidity under different wind conditions.  The formula 

expressed as follow: 

𝑁𝐸𝑇 = 37 −
37 − 𝑇

0.68 − 0.14 ×
𝑅𝐻
100

+
1

1.76 + 1.4 ×𝑊𝑛𝑑0.75

− 0.9 × 𝑇 × (1 −
𝑅𝐻

100
) 

where Wnd is the wind speed at 10 m of height (m/s), RH is the relative 

humidity (%), and T is the air temperature (°C). As shown in the formula, any 

values of relative humidity, temperature, and wind speed (instantaneous, daily, 

monthly, mean, maximum, minimum) can be used for calculation of the NET 

(Blazejczyk et al., 2012). The NET reflects well the human body perception of 

stress threshold, for example, the threshold for hot stress is 39 °C under very dry 

conditions, but the stress threshold sharply drops to 29 °C when relative humidity 

reaches 80% for wind speeds of 5 m/s.  

6.2.5 Natural Wet Bulb Temperature 

To estimate environmental stress in the surroundings, Natural Wet Bulb 

Temperature (NWBT) was developed to quantify the exchange of heat between a 

person and the surrounding environment (Maloney and Forbes, 2011). The 
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algorithm estimates the environment stress by including dry bulb temperature, 

relative humidity, wind speed, and solar radiation. Compared to the 

aforementioned four indices, heat from solar radiation absorbed by the subject is 

considered. But the small exchange of heat by conduction through the soles of the 

feet is ignored for simplifying the modeling. When the subject’s skin temperature 

exceeds ambient and radiation temperatures, heat is lost from the body through 

convective and radiative ways. Moreover, convective heat loss also varies with the 

wind strength and relative humidity. Heat loss can be exaggerated by high wind 

speed and low humidity level. In this situation, both factors can elevate the 

environmental stress by increasing evaporation across skin or in the respiratory. If 

the amount of heat lost outweighs the amount generated by metabolic processes, 

then the heat content of the subject is dropping, and the chance of getting frostbite 

and hypothermia is increasing. When radiation and ambient temperature are higher 

than the skin temperature, heat is gained by convection and radiation. If this gained 

heat and the metabolic heat exceed the evaporative heat loss, the heat content of 

subject will increase, and the chance of heat stroke will rise. As heat is stored 

uniformly in the body, changes in body temperature is a function of the rate of the 

heat capacity of the body. To calculate how much body temperature will change, 

a heat capacity of 3.5 joules/g/°C is assumed for human body base on the 

laboratory experiments. The formula is expressed as follow:  

𝑁𝑊𝐵𝑇 = 0.85 × 𝑇 + 0.17 × 𝑅𝐻 − 0.61 ×𝑊𝑛𝑑0.5 + 0.0016 × 𝑆𝑅 − 11.62 

where Wnd is the wind speed at 10 m of height (m/s), RH is the relative 

humidity (%), SR is the net solar radiation (W/m2) and T is the air temperature (°C). 
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6.2.6 Humidex 

The Humidex (humidity index) is a commonly used index in the Canadian 

meteorological community to quantify human discomfort due to excessive heat 

and humidity. The index is based on the work of J.M. Masterson and F.A. 

Richardson’s study which is documented by Environment Canada (Masterson and 

Richardson, 1979). When the Humidex was created in 1979, the death rate of 

insolation or excessive heat was twenty-two people every year in Canada. It should 

be noted that the rate does not include heart attacks or other consequences related 

to hot summer days, but only include deaths caused directly by heat. Due to the 

high death rate, the humidex was thus created to encompass and quantify the risk 

of physical distress to the human body in the extreme event of heat and excessive 

moisture. Under extreme conditions, the combined effects of the temperature and 

relative humidity exceeding the normal temperature of the body (37°C) make this 

thermal discomfort becomes dangerous for the human body. Although it has not 

been remodeled in recent years, the index has been proved a useful tool to measure 

combined effect of heat and humidity perceived by the human body. The index is 

a revised dimensionless quantity based on the observation that intense heat 

accompanied by high relative humidity. As shown in the formula below, the 

Humidex calculating the physical distress is based on the dry bulb temperature, 

relative humidity, and dew point temperature. 

𝐻𝑢𝑚𝑑𝑖𝑒𝑥 = 𝑇 + 0.5555 × (6.11 × 𝑒
5417.7530×(

1
273.16−

1
273.15−𝑇𝑑𝑒𝑤

)
− 10) 

𝑇𝑑𝑒𝑤 =
𝐵 × [ln (

𝑅𝐻
100

) +
𝐴 × 𝑇
𝐵 + 𝑇

]

𝐴 − ln (
𝑅𝐻
100

) −
𝐴 × 𝑇
𝐵 + 𝑇
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𝐴 = 17.625 

𝐵 = 243.04 

where RH is the relative humidity (%), Tdew
 is the dew point temperature (°C), 

and T is the air temperature (°C). 

6.2.7 Summer Simmer Index 

A Summer Simmer Index (SSI) is derived from studies by the American 

Society of Heating and Refrigeration Engineers. It provides a proven indicator of 

measuring heat stress and discomfort by using thermal equivalent temperature 

values for improving general public’s awareness.  The index is proved by 

laboratory tests and analysis that have been done at Kansas State University 

(McLaughlin and Shulman 1977). Researchers from Kansas State University 

confirmed the SSI by using independent physiological models for individuals and 

scientific evidence collected from hundreds of experiments on subjects. Compared 

to the indices derived from other studies, the SSI meets all objective and subjective 

requirements to bring about a physical distress caused by the combined effect of 

heat and high vapor content.  As such, the SSI is the temperature-humidity index 

that uses the results of proven physiological experiments and models.  Like the 

wind chill factor design for the winter, it provides a realistic and meaningful HPET 

that can be used as an indication to measure how hot it feels. Hence, a readily 

identifiable warning can be given to the general public for the physiological risks 

of insolation or excessive heat. 

𝑆𝑆𝐼 = 1.98 × (𝑇 + 17.78 − 0.55 × (1 −
𝑅𝐻

100
) × (𝑇 − 14.44)) − 49.35 
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where RH is the relative humidity (%), and T is the air temperature (°C). 

6.2.8 Environmental Stress Index 

The Environmental Stress Index (ESI) is introduced to evaluate 

environmental heat stress through a mathematical model of dry bulb temperature, 

relative humidity, and solar radiation. The index depicts the thermal load on human 

body reflected by the combined effects of multiple climatic variables. At the first 

developed version of ESI, it provided a simple model to calculate the risks residing 

in high vapor content compounded by summer hot days. However, the old index 

has two arithmetical shortcomings, namely a clear time effect as shown in the 

residuals plots, and a trend to lower residuals at lower predicted values. These 

flaws are mainly caused by the high predicted values that were measured at night 

(Moran et al., 2003). The ESI narrows the night error distributions and, therefore, 

corrects these two shortcomings. Moreover, the ESI distinguish itself from other 

indices that have been developed in the past for two main characteristics. First, the 

ESI estimates the heat stress based on three factors other than just using dry bulb 

temperature and humidity. Despite the existing indices based on indirect 

measurements of solar radiation and relative humidity, the ESI is the first 

developed stress index that uses direct measurements of the two aforementioned 

climatic variables. Second, the ESI has the advantage in computationally 

inexperience to reach equilibrium because the three meteorological variables are 

characterized as fast reading responses.  

𝐸𝑆𝐼 = 0.63 × 𝑇 − 3 ×
𝑅𝐻

100
+ 0.002 × 𝑆𝑅 + 0.0054 × 𝑇 × 𝑅𝐻 −

0.073

0.1 + 𝑆𝑅
 

where RH is the relative humidity (%), SR is the net solar radiation (W/m2), 
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and T is the air temperature (°C).  

The application of multiple empirical methods across different climate 

change impact studies means that there is no clear understanding of the relative 

effects that each method can have on the impacts. Nor is there a recommendation 

of what method is most appropriate for the application (Moran et al., 2003). This 

problem is compounded by the general lack of rationale for the HPET methods 

chosen in past studies. Some methods have been used more frequently than others: 

for example, ET, perhaps because they are more straightforward to apply than 

some of the other methods. 

Here a general approach has been suggested to quantify the impacts of future 

climate change on human health that incorporates uncertainties in empirical 

methods for calculating HPET, as well as uncertainties associated with climate 

change projections. This approach has been applied to a specific case study over 

China. The use of different HPET methods and emissions scenarios in climate 

change impact assessments enables an evaluation of the sensitivity of the impacts 

to both “HPET method uncertainties” and “emissions uncertainty” (Gosling et al., 

2012; Hajat et al., 2014; Peng et al., 2011; Zacharias et al., 2015). Although a 

limited number of impact studies have included HPETs and emissions scenarios 

together in the modeling exercise to account for these two key uncertainties 

(Gosling et al., 2009; Petkova et al., 2017; Sheridan et al., 2012), such a holistic 

approach is uncommon (Huang et al., 2011). To this end, little is known about the 

relative contributions of these two sources of uncertainty to ranges in projections 

of compound effects in climate extremes. 
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To address these important research gaps, the study had two main objectives. 

Firstly, a first systematic comparison of the range in projected impacts that arise 

from using different HPET methods will be carried out; secondly, the range in 

impacts that arise from HPET methods uncertainty will be compared to the 

respective ranges from emissions uncertainty. 

6.3 PROJECIONS OF HPETS 

The spatial distribution of temperatures, relative humidity, and wind speed 

from 1976 to 2005 have been validated in chapter 5 and chapter 6. Once the 

simulation for the baseline period is validated with the observed values, it is 

reasonable to assume that the RCM can capture the meteorological processes in 

the climate system for the future periods. Therefore, the possible changes in the 

future climate can be investigated by simply subtracting the baseline simulation 

from the projected simulation under various scenarios. By considering the 

complexity of geographical features, administrative and climatic zones in China and based 

on some previous studies (Li et al., 2011; Luo et al., 2013; Bucchignani et al., 2014), the 

contiguous China domain were divided into seven sub-regions in Figure 6.1, namely 

Northwest China (NW), Northcentral China (NC), Northeast China (NE), Tibetan Plateau 

(Tibet), Southwest China (SW), Southeast China (SE), and Yangtze (YZ). 
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Figure 40 Model domain, topography (unit: m), and the seven sub-regions: Northwest China (NW), Northcentral China (NC), Northeast China (NE), Tibetan Plateau (Tibet), Southwest China (SW), Southeast China (SE), and Yangtze (YZ). 

Figure 6.1 Model domain, topography (unit: m), and the seven sub-regions: 

Northwest China (NW), Northcentral China (NC), Northeast China (NE), Tibetan Plateau 

(Tibet), Southwest China (SW), Southeast China (SE), and Yangtze (YZ). 
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The spatial distribution of Dry Blub Temperature (DBT represents the 

surface temperature/ambient temperature), WCTI, NWCI, AT, NET, and NWBT 

in DJF under RCP4.5 and RCP8.5 for the 2050s and the 2080s are shown in Figure 

6.2. The figure shows that HPETs have similar spatial patterns with seasonal mean 

DBT’s which values are relatively low over Tibet, increasing southeastward and 

reaching the maximum in South China. In terms of holistic mean seasonal values, 

WCTI, and NWBT exhibit similar values to DBT in geographical distributions. 

Compared to WCTI and NWBT, AT shows their values are all relatively lower 

than DBT but are higher than the values of NWCI and NET. DJF temperatures in 

NWCI and NET are more sensitive to the changes in latitude than other three 

indices, with a colder north, a relatively warmer south, and a maximum over the 

southern coastal regions. There is a stronger dependence on topography found in 

these two indices, with higher temperatures in the basins of the Northwest (e.g., 

Tarim Basin and Junggar Basin), and lower values in the mountain chains (e.g., 

Tianshan, Kunlun and Qilian mountains, Tibetan Plateau). The lowest seasonal 

mean temperature is found in NET with a value of -50.3℃ in Tibet and NE, while 

the warmest is found in SE and SW, with values of 9.6℃. 
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Figure 41 Spatial distribution of DBT, WCTI, NWCI, AT, NET, and NWBT in DJF under RCP4.5 and RCP8.5 for the 2050s and the 2080s. 

Figure 6.2 Spatial distribution of DBT, WCTI, NWCI, AT, NET, and NWBT 

in DJF under RCP4.5 and RCP8.5 for the 2050s and the 2080s. 
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Figure 6.3 shows the projected seasonal mean temperature changes in DBT, 

WCTI, NWCI, AT, NET, and NWBT under RCP4.5 and RCP8.5 scenarios for the 

2050s and the 2080s relative to the baseline period. Under both RCPs, all five 

indices are projected with general increases over the whole China for both periods. 

The order of indices with the magnitude of increases from the largest to the 

smallest is NET, WCTI, AT, NWBT, and NWCI. It should be noted that the 

changes in both NWCI and NWBT are even smaller than the increases in the DBT 

under both RCPs for two periods. It also can be found that the positive temperature 

changes are larger in the North than in the South from the 2050s to the 2080s. This 

is because that the high latitudes make northern parts receive more positive albedo-

temperature feedback than southern parts. A strong dependence on topography is 

also detected in all indices that there is the largest increase at the Tibetan Plateau 

in terms of the warming magnitude. In Tibet, melting of the ice and snow cover in 

the high-elevation areas under warming climate increases water vapor which traps 

more heat in the surface, and makes the surface less reflective and adds to the 

warming effect (Wang et al., 2015). For the sensitivity to latitude and topography, 

warming centers with significant temperature changes can be detected at the 

Tibetan Plateau and Northeast China.   For each index, warming is projected across 

the landmass of China, while the degree of warming is larger under RCP8.5 than 

under RCP4.5 for each period. Especially in the 2080s, the differences became 

more significant with an increase in the radiative forcing. 
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Figure 42 Spatial distribution of projected seasonal mean temperature changes in DBT, WCTI, NWCI, AT, NET, and NWBT under RCP4.5 and RCP8.5 scenarios for the 2050s and the 2080s relative to the baseline period. 

Figure 6.3 Spatial distribution of projected seasonal mean temperature 

changes in DBT, WCTI, NWCI, AT, NET, and NWBT under RCP4.5 and RCP8.5 

scenarios for the 2050s and the 2080s relative to the baseline period. 
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The spatial distribution of ambient temperatures, Humidex, SSI, ESI, NET, 

and NWBT in JJA under RCP4.5 and RCP8.5 for the 2050s and the 2080s are 

shown in Figure 6.4. Same to the geographical distributions in DJF, JJA 

temperatures in all indices have spatial patterns with a colder north, a relatively 

warmer south, and a maximum over the southern coastal regions. In terms of 

holistic mean seasonal values, Humidex and SSI out weight DBT for most parts, 

except Tibetan Plateau. While, values of ESI, NET, and NWBT are all relatively 

lower than DBT. Calculated HPETs by ESI, NET, and NWBT are less sensitive to 

the changes in latitude than the remaining two indices. Compared to Humidex and 

SSI, there is no strong dependence on topography found in these three indices. 

Most of the Tibetan Plateau, as well as some mountain peaks in the Northwest and 

Northeast, are still below 10℃. Warm conditions prevail in the Szechwan Basin, 

with hot values found in SE and south of YZ. The highest HPET is calculated in 

Humidex with a value of 49.1℃ in SE, while the coolest is found at the Tibetan 

Plateau and some mountain chains, with values of 9.8℃. 
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Figure 43 Spatial distribution of DBT, Humidex, SSI, ESI, NET, and NWBT in JJA under RCP4.5 and RCP8.5 for the 2050s and the 2080s. 

Figure 6.4 Spatial distribution of DBT, Humidex, SSI, ESI, NET, and NWBT 

in JJA under RCP4.5 and RCP8.5 for the 2050s and the 2080s. 
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In Figure 6.5, it shows the projected seasonal mean temperature changes in 

DBT, Humidex, SSI, ESI, NET, and NWBT under RCP4.5 and RCP8.5 scenarios 

for the 2050s and the 2080s relative to the baseline period. The changes of HPETs 

in JJA also shows a general increase throughout the country and are about the same 

magnitude in DJF. The increase in Humidex is more pronounced than other four 

indices. The magnitude of increases in Humidex is the largest among all five 

indices. It should be noted that the changes in both ESI and NWBT are even 

smaller than the increases in the DBT under both RCPs for two periods. Unlike 

changes of HPETs in DJF, there is no distinct difference in HPET changes between 

the North and the South for the 2050s and the 2080s. This may be related to the 

relative steady RH through the century.  Plus, no strong dependence on topography 

is detected in all indices in terms of the warming magnitude. The positive changes 

in DBT may be offset by the increases in the wind speed through the compound 

effects. For the two indices without considering wind chill effect, warming centers 

with significant temperature changes can be detected in SE and southern part of 

YZ. For each index, warming is projected across the landmass of China, while the 

degree of warming is larger under RCP8.5 than under RCP4.5 for each period. 

Especially in the 2080s, the differences became more significant with an increase 

in the radiative forcing. 
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Figure 44 Spatial distribution of projected seasonal mean temperature changes in DBT, Humidex, SSI, ESI, NET, and NWBT under RCP4.5 and RCP8.5 scenarios for the 2050s and the 2080s relative to the baseline period. 

Figure 6.5 Spatial distribution of projected seasonal mean temperature 

changes in DBT, Humidex, SSI, ESI, NET, and NWBT under RCP4.5 and RCP8.5 

scenarios for the 2050s and the 2080s relative to the baseline period. 
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Figure 45 Area-averages of DBT and five HEPTs changes for seven sub-regions in DJF and JJA. 

Figure 6.6 Area-averages of DBT and five HEPTs changes for seven sub-

regions in DJF and JJA. 
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Figure 6.6 demonstrates the area-averages of DBT and five HEPTs changes 

for seven sub-regions in DJF and JJA. For both DJF and JJA, all seven sub-regions 

have positive changes under both RCPs for two future periods. It is noticeable that 

HPETs calculated by NET are the lowest across all regions in DJF. While NWBT 

generates the highest HPETs across all four northern sub-regions (NW, CN, NE, 

and Tibet) and YZ.  These values are even slightly higher than the DBTs. It implies 

that the wind chill effects have been greatly diminished in the function for the cold 

situation. However, in JJA, values from NWBT are unexpectedly lower than DBTs 

under both RCPs for both periods. As wind chill effect is the only effect that can 

make the HPET drop, the function of NWBT turns to enhance the wind chill effect 

during hot summers. Same to the results of NWBT, wind chill also plays an 

important role in the function of NET to make HPETs lower than DBTs across the 

whole country. Beside these two indices, ESI is the third index that calculates 

HPETs lower than DBTs. Unlike NWBT and NET, ESI does not take wind speed 

into account. ESI considers the compound effects of DBT, SR, and RH on HPETs. 

The reason behind this cooling phenomena may be related to the expression of the 

index. For Humidex and SSI, their results are consistently higher than DBTs for 

all seven sub-regions under both RCPs for the 2050s and the 2080s, except over 

Tibet. The Tibetan Plateau maintains a relatively low temperature (< 10 °C) in JJA. 

Its high RH compounded by the low temperature makes the perceived temperature 

even lower.  For the remaining six sub-regions, the high-temperature compounded 

by relatively high RH results in the higher HPETs than DBTs.  
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Table 5 Projected ranges in HPETs due to methods and emissions uncertainties. 

DJF 

(Unit: 

°C)  

2050s 2080s 

Range in 

impacts due to 

emissions 

uncertainty 

Range in 

impacts due to 

HPET method 

uncertainty 

Range in 

impacts due to 

emissions 

uncertainty 

Range in 

impacts due to 

HPET method 

uncertainty 

NW [1.3, 1.9] [9.6, 10.4] [2.6, 3.5] [8.8, 9.8] 

CN [0.7, 0.9] [9.4, 9.7] [2.6, 2.8] [8.9, 9.1] 

NE [0.9, 1.8] [6.8, 7.4] [2.3, 3.4] [6.4, 6.8] 

Tibet [0.3, 0.7] [11.7, 11.8] [2.1, 3.3] [10.1, 10.8] 

SW [0.4, 0.6] [9.0, 9.1] [1.8, 2.4] [8.7, 8.8] 

SE [0.4, 0.7] [9.1, 9.1] [1.8, 2.5] [8.8, 8.9] 

YZ [0.5, 0.8] [8.9, 9.0] [1.6, 2.3] [8.5, 8.8] 

JJA 

(Unit: 

°C) 

2050s 2080s 

Range in 

impacts due to 

emissions 

uncertainty 

Range in 

impacts due to 

HPET method 

uncertainty 

Range in 

impacts due to 

emissions 

uncertainty 

Range in 

impacts due to 

HPET method 

uncertainty 

NW [0.6, 0.9] [11.8, 12.2] [2.1, 3.6] [12.4, 13.5] 

CN [0.6, 1.1] [9.8, 10.3] [2.0, 3.8] [10.7, 12.3] 

NE [0.4, 0.7] [10.7, 10.9] [1.9, 3.8] [11.2, 12.4] 

Tibet [0.5, 0.8] [7.7, 7.8] [1.8,3.8] [8.0, 8.3] 

SW [0.5, 1.1] [10.2, 10.4] [1.7, 3.5] [10.6, 11.6] 

SE [0.4, 0.8] [16.1, 16.4] [1.3, 3.0] [16.9, 18.1] 

YZ [0.6, 1.1] [14.5, 15.0] [1.7, 4.1] [15.6, 18.0] 

 

Table 6 Projected Ranges in HPETs Due to Methods and Emissions 

Uncertainties.  
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Table 6.1 shows the effects of methods and emissions uncertainties on 

projected HPETs. It compares the largest range in HPETs from all situations with 

a range in impacts from using one RCM under two emission scenarios, and with a 

range in impacts from using 5 methods under one emission scenario. The range in 

HPETs that arose from method uncertainty is greater than the range that arose 

because of emissions uncertainty for every sub-region. The large ranges caused by 

method uncertainty are associated with the compound effects of multiple climatic 

variables. Ranges from method uncertainty are four to five times of ranges from 

emissions uncertainty for HPETs in DJF. For HPETs in JJA, the differences 

between these ranges are even larger because of the application of different 

methods for two seasons.  In terms of sub-regions’ differences, Tibet has the largest 

ranges in impacts from methods uncertainty, and NE has the smallest. Because 

wind speed exerts more influence on reducing HPETs than any other climate 

variables do in winter. The distribution of wind speed is directly affected by the 

complexity of topography. Thus, the largest ranges in Tibet could be related to the 

methods’ relatively high sensitivities to topography. In summer, SE and YZ have 

the largest ranges from methods uncertainty, and Tibet, however, has the smallest. 

As RH other than wind speed plays a more important role in increasing HPETs in 

the hot environment, the relatively stable RH over Tibet makes this region have 

the less uncertainty in the changes of HPETs. In opposite, the large fluctuations in 

RH over SE and YZ results in their largest ranges in impacts from methods 

uncertainty. From the 2050s to the 2080s, a noticeable increase in the magnitude 

of emissions uncertainty can be detected due to the increases in the radiative 
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forcing in both winter and summer. Compared to emissions uncertainty, methods 

uncertainty has inconsistent trends in the different season. In summer, there is an 

increasing trend in the magnitude of methods uncertainty from the 2050s to the 

2080s which may be associated with the nearly unchanged RH throughout the time. 

While in winter, methods uncertainty decreases for the 2080s when both wind 

speed and DBTs increases from the 2050s. It could be the increment in the DBTs 

offsetting some extent by the increment in the wind speed. It is apparent that the 

compound effects of multiple climatic variables contributing to a large extent of 

uncertainty in the climate/health relations. Especially, additional understanding is 

given through showing that methods uncertainty can have a greater effect on 

changes in HPETs attributable to climate warming than emissions uncertainty. 
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Figure 46 Probabilities of low-temperature extremes change in response to climate change with consideration of the compound effect in winter. 

Figure 6.7 Probabilities of low-temperature extremes change in response to 

climate change with consideration of the compound effect in winter. 
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Figure 6.7 shows the probability of low-temperature extremes changes in 

response to climate change with consideration of the compound effect in winter. 

To investigate the changes in the probability of low-temperature extremes 

compounded by other climatic variables and compare these to changes in the 

probability of extremes without compound effects, histograms of the frequency 

distribution of the daily temperatures are introduced in this thesis. For each chart, 

the daily temperatures of every grid cell in China are taken into account for the 

analysis. Each column represents the percentage of days that temperatures without 

compound effects of all grids fall into a range (-70 °C to -60 °C, -60 °C to -50 °C, 

-50 °C to -40 °C, -40 °C to -30°C, -30 °C to -20 °C, -20 °C to -10 °C, -10 °C to 

0 °C), and each dot from the lines represents the percentage of days that 

temperatures with different compound effect under an RCP scenario in the future 

period. The minimum value of the analyzed temperatures is -68 °C, therefore, a -

70 °C threshold was chosen as the lowest boundary for the histogram. Results show 

that the RCM simulated the DBTs with no values below -40 °C under both RCPs 

for two periods. Without considering the effects of compound events, the RCM 

projects decreases in the frequency of cold extremes and a shift toward relative 

high-temperature intervals. By considering the compound effect, the results show 

numerous trends in the calculated HPETs. There are increases in the frequency of 

extreme events and an apparent decrease in the lowest HPETs calculated by NET, 

AT, NWCI, and WCTI. For all figures, it can be noted that NET generates the 

largest increases in the percentage of low-temperature’s occurrence. For instance, 

the percentage of lowest temperature, the interval [-70 °C, -60 °C], increases from 
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0% to 0.2% under RCP4.5 in the 2050s, 0.4% under RCP4.5 in the 2080s, and 0.1% 

under RCP8.5 in the 2050s. AT gives the second largest frequency of lowest 

temperatures, NWCI the third, and WCTI the fourth. However, results of NWBT 

shows an opposite trend to these previous projections. It exhibits that the frequency 

of extreme events drops and the lowest HPET is raised higher than the lowest value 

of DBT. Compared to the DBT, the NWBT mainly increases by up to 5% in the 

frequencies of temperatures above -20 °C. For a given future period, the increase 

in the radiative forcing from RCP4.5 to RCP8.5 strengthens the negative changes 

in the frequency of cold extremes and lifts the lowest temperature to some extent. 

For example, the five curves under RCP8.5 become steeper than the curves under 

RCP4.5 for the 2080s which means there are shifts from low frequencies of 

extreme events to high frequencies. 
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Figure 47 Probabilities of high-temperature extremes change in response to climate change with consideration of the compound effect in summer. 

Figure 6.8 Probabilities of high-temperature extremes change in response to 

climate change with consideration of the compound effect in summer. 
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Figure 6.8 shows the changes in the probability of the high-temperature 

extremes compounded by other climatic variables and compare these to changes 

in the probability of extremes without compound effects in summer. Each column 

represents the percentage of days that temperatures without compound effects of 

all grids fall into a range (15 °C to 20 °C, 20 °C to 25 °C, 25 °C to 30 °C, 30 °C to 

35 °C, 35 °C to 40 °C, 40 °C to 45 °C, 45 °C to 50 °C), and each dot from the lines 

represents the percentage of days that high-temperature with different compound 

effect under an RCP scenario in the future period. The maximum value of the 

analyzed temperatures is 47 °C, therefore, a 50 °C threshold was chosen as the 

highest boundary for the histogram. Results show that the RCM simulated the 

DBTs with no values above 45 °C under both RCPs for two periods. Without 

considering the effects of compound events, the RCM projects increases in the 

frequency of hot extremes and a shift toward relative high-temperature intervals. 

By considering the compound effect, results of five indices show two distinct 

trends in changes of HPETs. One is for Humidex and SSI with increasing trends 

in the frequency of extreme events and a shift toward high-temperature intervals 

compared with DBTs’. Both indices have peak values over the temperature 

intervals between 30 and 50 °C. But Humidex has higher values over intervals of 

[30, 35 °C], [35, 40 °C], and [40, 45 °C] than SSI. SSI has relatively higher values 

in the interval of [45, 50 °C] than Humidex. The other one is a total opposite trend 

with the decreasing frequency and a shift to relatively low-temperature intervals 

for ESI, NET, and NWBT. Not only they have same trends, but also there are 

similar apparent peak structures for these three indices under both RCPs 
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throughout the whole time. Except under RCP8.5 for the 2080s, the curves have 

their peaks over the interval of [20, 25 °C]. With an increase in the radiative forcing, 

peaks shift from [20, 25 °C] to [25, 30 °C] at the end of 21st century. These three 

indices show a future summer with even lower perceived temperature than the 

DBTs. It should be given extra attention that Humidex generates the largest 

increases in the frequency of highest interval’s occurrence. For instance, the 

percentage of highest HPETs, the interval [45 °C, 50 °C], increases from 0% to 

6.8% under RCP4.5 in the 2050s, 12.3% under RCP4.5 in the 2080s, 8.7% under 

RCP8.5 in the 2050s, and 16.4% under RCP8.5 in the 2080s.  

6.4 SUMMARY 

Through the comprehensive assessment, this study examined possible 

seasonal changes in HPETs under both normal and extreme conditions for the long-

term. The range in HPETs from all investigated methods was compared with the 

range in impacts from using one RCM under two emission scenarios. The range in 

HPETs that arose from method uncertainty is greater than the range that arose 

because of emissions uncertainty for every sub-region. The large ranges caused by 

method uncertainty are associated with the compound effects of multiple climatic 

variables. Ranges from method uncertainty are four to five times of ranges from 

emissions uncertainty for HPETs in DJF. For HPETs in JJA, the differences 

between these ranges are even larger because of the application of different 

methods for two seasons.  Compared to emissions uncertainty, methods uncertainty 

has inconsistent trends in the different season. In summer, there is an increasing 

trend in methods uncertainties from the 2050s to the 2080s, which may be 
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associated with the nearly unchanged RH throughout the time. While in winter, 

methods uncertainty decreases in the 2080s when both wind speed and DBTs have 

been increased since the 2050s. It could be the increment in the DBTs offset by the 

increment in the wind speed to some extent. It is apparent that the compound 

effects of multiple climatic variables contributing to a large extent of uncertainty 

in the physiological impacts of global warming on human beings.  

Without considering the effects of compound events, the RCM projects 

decreases in the frequency of cold extremes and a shift toward relative high-

temperature intervals in winter. By considering the compound effect, the results 

show numerous trends in the calculated HPETs. There is an increase in the 

frequency of extreme events and an apparent decrease in the lowest HPETs 

calculated by NET, AT, NWCI, and WCTI. Among all five indices, NET generates 

the largest increases in the percentage of low-temperature extremes’ occurrence in 

DJF. In JJA, the RCM projects an increase in the frequency of hot extremes and a 

shift toward relative high-temperature intervals without considering the effects of 

compound events. By considering the compound effect, results of five indices 

show two distinct trends in the HPETs. One shows an increasing trend in the 

frequency of extreme events and a shift toward high-temperature intervals for 

Humidex and SSI compared with DBTs’. The other shows a total opposite trend 

with the decreasing frequency and a shift to relatively low-temperature intervals 

for ESI, NET, and NWBT. Wind speed plays an important role in determining the 

future trends of HPETs. By using the indices only considering the compound 

effects of temperature and relative humidity, China will expect elevated increase 
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in HPETs under climate warming. By including the wind speed in functions, 

indices will calculate HPETs even lower than the surface air temperatures. For 

every index, the degree of warming is larger under RCP8.5 than under RCP4.5 for 

both seasons. Especially in the 2080s, the differences became more significant with 

an increase in the radiative forcing. 

Researchers should carefully consider how to model climate/health relations. 

A move towards impact assessments can be called to explicitly report the range in 

HPETs from using different RCMs and multiple human thermal comfort indices to 

provide a more comprehensive assessment of uncertainty. This will, in turn, 

provide policymakers and decision makers with a holistic picture of potential 

climate warming impacts. Ideally, this will help policymakers adopt the 

appropriate scale and combination of different investment and intervention 

required for adaptation to climate change.  
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CHAPTER 7 CONCLUSIONS AND OUTLOOKS 

7.1 CONCLUSIONS 

In this study, the relationships between climate change and extreme events 

in China were investigated, using high-resolution climate projections and the 

compound effects of temperature and multiple other climatic variables, at regional 

scales. Clausius-Clapeyron relations were used to investigate the relationship 

between temperature increases and precipitation extremes.  The likely changes in 

precipitation and precipitation extremes across the country, were also evaluated to 

help in understanding the local climatic response to global warming. The 

relationship between temperature increase and changes in high-temperature 

extremes, and simulation of the combined effects of relative humidity and high-

temperature extremes, were unraveled using a dynamical downscaling approach. 

The impact of climate warming on wind strength was also studied, and wind chill 

effects were projected on the low-temperature extremes. After a systematic review 

of human thermal climate indices, representing compound effects of temperature, 

relative humidity, wind, and solar radiation, and quantification of climate/health 

relations, selected indices were adopted, so as to project the compound effects of 

multiple climatic variables in future periods. The potential changes in intensity and 

frequency of the compound extremes were assessed across China, in the context of 

global warming.  

The results of this study show: 

(1) Daily rainfall extremes intensity increased within a certain range of temperatures. 

For temperatures above 22°C, anomalous atmospheric conditions (e.g., with severe soil 
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drying and/or strong high-pressure systems) are likely to suppress the occurrence and 

intensity of precipitation extremes. High-pressure systems could cause warm weather, with 

concurrent low relative humidity and low precipitation. This implies a negative correlation 

between temperature and precipitation, which is caused by a strong positive feedback with 

drying soil, leading to a reduction in precipitation. Negative changes in the frequency 

of precipitation intensity below 5 mm/day, and positive changes in the frequency 

of precipitation intensity above 15 mm/day are projected, no matter which 

radiative concentration pathway scenario was used, for both time periods. This 

suggests a shift in distribution of the precipitation, from light to intense 

precipitation, across the whole of China. This is primarily due to the contribution 

of increased radiative forcing by GHGs. GHG-induced warming increases the 

water holding capacity of the atmosphere, and thus increases precipitable 

atmospheric water. As the atmosphere becomes more stable, with more moisture, 

the frequency of precipitation events decreases, but the precipitation intensity can 

be stronger, when an event occurs, because more moisture is available in the 

warmer atmosphere.  

(2) Relative humidity was introduced to address robust projections of combined 

temperature extremes and humidity through the RCM because few studies have been 

carried out to address such joint projections, despite these being considered to be well-

established risk factors for human health. Thus, a comprehensive impact assessment of all 

contributing variables was used to address the impact of climate warming on changes 

in dew point temperatures through the PRECIS model. The results suggest that the 

annual mean temperature of China will increase by up to 6°C by the end of the 21st 
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century. In opposition to the significant change in temperature, the maximum 

change in relative humidity will be only 8% from the value in the baseline period. 

The dew point temperature is projected to be 14.9°C (within the human comfort 

zone) over the entire nation under a high radiative forcing scenario at the end of 

this century. Therefore, the combined effects of high-temperatures and relative 

humidity are substantially smaller than generally anticipated for China. Even 

though the impact-relevant metric, such as the dew point temperature, is not 

projected as severely as was generally anticipated, it was found that the frequency 

of high-temperature extremes increases by up to 40% and their duration increases 

by up to 150% in China. China is still expected to have severer high-temperature 

extremes, more frequent extremely hot days, and a longer duration of warm spells 

than before. Regionally, South China has the smallest changes in the mean, 

maximum and minimum temperatures, while the largest increases are in all five 

high-temperature indices. Consequently, the climate over South China in two 

future periods will change more drastically than in the baseline period. Extra 

precautions need to be taken by South China in the future. 

(3) Temperatures, wind speeds, and their combined effects are investigated 

here to provide a comprehensive study of how measured temperature, perceived 

temperature, and their related extremes will change in China under climate change 

conditions. Future projections of combined temperatures and wind speeds over 

China were generated through the PRECIS regional climate modeling system. The 

results show that temperatures could increase by nearly 6°C over China by the end 

of the 21st century, without considering the wind speed changes; however, by 



199 
 

combining temperature and wind speed, the perceived temperatures over China 

were projected to decrease by 4.8°C, relative to the observed values in the baseline 

period. This unexpected drop in future perceived temperatures suggests that the 

projected warming is likely to be offset, to a large extent, by a potential increase 

in wind speed. This may be related to the RCM’s high-resolution, making the 

thermal contrast distribute at finer scales. The mechanism behind this result needs 

to be further investigated, to elucidate the related physical processes and associated 

uncertainties at regional scales. As for low-temperature extremes, China is 

projected to experience an apparent decrease in the frequency and duration of 

extreme cold events in the future, compared to the baseline period, without 

considering the combined wind chill effect. By considering the wind chill effect, 

an opposite trend for extreme cold events was detected, with an increase by 21% 

in the frequency of temperatures below -20°C. 

(4) Human thermal climate indices were investigated to give a 

comprehensive assessment of climate change impacts over China. Physiological 

impacts of global warming on human beings, represented by HPET, under both 

normal and extreme conditions have been well studied. The geographical 

distribution of the HPETs shows spatial patterns with a colder north, a relatively 

warmer south, and a maximum over the southern coastal regions in DJF and JJA. 

The changes of HPETs in JJA show a general increase throughout the country, and 

are about the same magnitude in DJF. In both DJF and JJA, all seven sub-regions 

have positive changes under both RCPs for the two future periods. A strong 

dependence on topography was detected in all indices, with the largest increase 
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being on the Tibetan Plateau, in terms of warming magnitude. For each index, 

warming was projected across the landmass of China, while the degree of warming 

was larger under RCP8.5 than under RCP4.5 for each period. Particularly in the 

2080s, the difference becomes more significant, with an increase in radiative 

forcing. In order to deal with uncertainties arising from emissions scenarios and 

human thermal climate indices, the range in impacts arising from uncertainty were 

compared with ranges that came from using multiple climate indices and emissions 

scenarios. The range in HPETs that arose from method uncertainty was greater 

than the range that arose because of emissions uncertainty for every sub-region. 

The large ranges caused by the method uncertainty are associated with the 

compound effects of multiple climatic variables. Without considering the 

compound effect, the RCM projected decreases in the frequency of cold extremes 

in winter and increases in the frequency of hot extremes in summer. By considering 

the compound effects, the results of all indices showed two distinct trends in the 

HPETs. One exhibited an increasing trend in the frequency of extreme events, and 

a shift toward high-temperature intervals compared with DBTs’. The other showed 

the opposite trend, with decreasing frequency and a shift to relatively low-

temperature intervals. Therefore, future work should investigate impact 

assessments that explicitly report the range of HPETs, using different emissions 

scenarios, and multiple human thermal comfort indices, in order to provide a 

comprehensive assessment of uncertainty.  

7.2 OUTLOOK 

Rising temperatures coupled with growing population and economic growth 
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will drive an increase in overall demand for energy in China. Much of this increase 

is due to the rising temperatures induced by climate change as climate is a major 

determinant of energy demand in China. Due to the impact of monsoon, the 

temperature-sensitive energy demand is directly determined by seasonal variability 

(Wang et al., 2014). Such energy demand, therefore, can be divided into winter 

heating demand and summer cooling demand. China is shifting toward higher 

temperatures in winter and summer according to the Intergovernmental Panel on 

Climate Change (IPCC) Fifth Assessment Report (Hartmann et al., 2013). The 

warming trend may decrease winter heating fuel and electricity demands and 

increase summer electricity demands. It is arguable how much future increases in 

summer energy demands could be offset by the changes in winter energy usage 

under global warming. There have been increased concerns about energy security 

under climate change. As defined by the International Energy Agency (IEA), 

energy security is the uninterrupted availability of energy sources at an affordable 

price. Energy security has many aspects: short-term energy security focuses on the 

ability of the energy system to react promptly to sudden changes in the supply-

demand balance. On the other hand, long-term energy security mainly deals with 

timely investments to supply energy in line with economic developments and 

environmental needs (IEA, 2017). As climate change takes years or even decades 

to show its effects, it is the long-term energy security that needs to be investigated 

in terms of the particular impacts that climate change will have on the energy sector. 

Such impacts include the beforementioned rising temperatures and changing 

regional weather patterns. The rising temperatures will not only increase the 
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temperature-sensitive energy demand but also decrease the power generation as a 

result of the reduced efficiency of thermal conversion. The changing regional 

weather patterns are likely to affect the weather-driven renewables’ availability 

that underpins renewable energy generation (e.g., a decline in rainfall levels, 

leading to increased water loss, could result in reduced or more intermittent ability 

to generate hydroelectricity). Renewable energy generation is more than one-fifth 

of China’s electricity generation in 2015, up from 17.66% in 2008. China’s power 

generation, therefore, can be adversely or positively impacted by changing weather 

patterns (Deng et al., 2015). Consequently, it is critical for China to incorporate 

the impacts of climate change into the assessment of regional energy system long-

term plans in terms of rising temperatures and changing weather patterns in the 

future.  

 

The link between rising temperatures induced by climate change and 

electricity demand has been widely investigated in the past (Moral-Carcedo and 

Vicens-Otero, 2005; Mirasgedis et al., 2007; Scapin et al., 2014; Liu et al., 2016) 

and utilized in short- and mid-term electricity forecasting (Robinson, 1997; Pardo 

et al., 2002; Mirasgedis et al., 2006). However, only a few of these studies address 

the longer-term implications of climate change for electricity consumption patterns. 

Furthermore, most of the studies focusing on long-term energy use simulated 

future weather patterns based on past daily weather and projections of climate 

change from GCMs. As for the link between changing weather patterns and 

renewable energy availability, some research has been carried out to investigate 
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the impacts of a selected climatic variable on its underpinning energy generation. 

For instance, Vincuna et al. implemented a linear programming model for 

estimating the impacts of changing weather patterns on hydropower generation in 

the State of California (Vincuna et al., 2008). A similar approach incorporated with 

results from GCMs was adopted by Breslow et al. for the continental United States, 

finding notable changes with respect to overall wind energy supply attributable to 

the availability of wind resources (Breslow et al., 2002). But there were no studies 

to date examining the influence of multi-climatic variables on the entire energy 

production spectrum. The majority of existing studies typically quantify the 

impacts of a single climatic variable on the isolated energy sector without 

considering the interconnection among multi-climatic variables. Plus, the specified 

climate variable is estimated at a national level with uniform changes on the basis 

of the projections from GCMs. GCMs are widely used to reproduce large-scale 

climates (Racherla et al., 2012; Flato et al., 2013; Cheng et al., 2017) and 

projecting the response of these to future external forces with roughly 

100km×200km spatial resolution (Taylor et al., 2012). However, this resolution is 

too coarse to represent fine-scale physical processes in the climate system. 

Consequently, a uniform change in the climate system may be applied to a large 

continent (Wang et al., 2015A). Geographical variations in climate change impacts 

on a regional energy system will be not captured and interpreted in the analysis. 

But the key to a regional analysis lies in considering the differences in local energy 

systems which include energy resources, supply and conventional infrastructure, 

and characteristics of end users (Amato et al., 2005). Consequently, outputs of 
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GCMs are not detailed enough to be applied for studying energy security at a 

regional scale.  

RCMs are developed to dynamically downscale the initial and lateral 

boundary conditions from GCMs at a spatial resolution fine enough (50km×50km 

or 25km×25km) to capture region-specific responses (Giorgi and Mearns, 1991; 

Giorgi, 2006; Christensen et al., 2007; Liang et al., 2008; Colette et al., 2012; 

Racherla et al., 2012; Hewitson et al., 2014; Wang et al, 2015B). Such region-

specific information projected by RCMs needs to be incorporated to assess energy 

demand and the entire spectrum of energy supply responses to climate change in 

the long-term. 

My future study will employ an RCM to assess the long-term energy security 

responses to climate change at a regional level by considering the interconnection 

between climate variables. The objective of the study will be to provide the extent 

possible, robust estimates of climate change impacts on the temperature-sensitive 

energy demand and weather-driven renewable energy availability in China through 

the use of the RCM. To this end, the selected RCM’s skill in reproducing the 

historical climate over China will be gauged through validating the historical 

simulation with a dataset in terms of observed regional-specific climatic variables. 

After the validation, the future climate will be projected from a dynamical 

downscaling under different greenhouse gas emission scenarios. The validated 

results of RCM will be used to quantify sensitivities of historical energy demand 

and energy capacity to climate drivers. The quantified sensitivities will be 

incorporated into the projections to estimate the future energy demand and energy 
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production responses to climate change. The supply-demand balance can be 

addressed based on the estimated results driven by the interconnected climate 

variables influencing the entire energy system spectrum. Therefore, the long-term 

energy security for China can be assessed at a regional level within the context of 

climate change. 
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