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Abstract 

The water and vegetation management over East and South Asia (ESA) is a key 

challenge for sustaining about a third of the global population. Even though the 

vegetation has been greening in ESA since 1980s, the food security crisis cannot be 

ignored due to the precipitation decline in mid-latitudes of ESA under changing 

climate. Therefore, it is necessary to explore the mechanisms of climate variability 

affecting regional precipitation and vegetation activity, and to project future vegetation 

conditions. In this study, the spatiotemporal variations in vegetation were 

characterized using the satellite-based Normalized Difference Vegetation Index 

(NDVI). Over the past 40 years (1981–2019), a significant increase in vegetation cover 

over ESA has occurred, especially in South China and the Indian subcontinent. 

Vegetation growth is highly related to the precipitation and temperature variability. 

Regarding precipitation changes, South China showed a decreasing trend, whereas the 

Indian subcontinent showed an increasing trend during 1981–2019. Both South China 

and the Indian subcontinent have experienced warming temperatures during the past 

four decades. South China is an energy-limited region, and vegetation growth over this 

region is more likely to be restricted by temperature. Therefore, South China showed 

vegetation greening due to more available energy although it experienced a 

precipitation decline. On the contrary, the Indian subcontinent is a water-limited region, 

where vegetation is mainly restricted by water supply. More precipitation promotes 

vegetation growth in the Indian subcontinent.  

The vegetation greening over South China and Indian subcontinent could be explained 

by the combined effects of local water and energy dynamics associated with Pacific 
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Ocean indices and pressure indices related to Asian jet stream in the midlatitude, i.e., 

the El Niño Southern Oscillation (ENSO), the North Sea Caspian Pattern (NCP), the 

Silk Road Pattern (SRP), and the North Atlantic Oscillation (NAO). Positive phases 

of the ENSO, the NAO and the NCP lead to more precipitation over South China via 

the weakening of Asian monsoons, enhancing local deep convections and promoting 

the southward position of Asian westerly jet (AWJ), while cause a high pressure 

anomalies over Indian subcontinent, thereby leading to less precipitation. During the 

positive phase of the SRP, the AWJ will be positioned northward, thereby leading to 

less precipitation over South China. Moreover, the positive phases of the SRP 

strengthen the Asian monsoons and enhance local deep convections, thereby causing 

a low-pressure center in the Indian subcontinent and thus more precipitation.  

Based on the established relationships between vegetation and large-scale Pacific 

Ocean indices/pressure indices, climate model outputs were used to generate NDVI 

projections over South China under two representative concentration pathways. The 

NDVI projections showed a 0–10% decrease in vegetation cover during both the 2050s 

and the 2080s over South China. These results revealed a potential increase in 

desertification risk in South China in response to climate variability. This study 

provides knowledge of the regional vegetation and water dynamics conditioned by 

large-scale ocean-atmosphere oscillations. This has major implications for regional 

water and food security as well as climate change adaptation efforts. 

Keywords: Spatiotemporal variations, precipitation and vegetation, water-limited, 

energy-limited, Normalized Difference Vegetation Index (NDVI), ocean-atmosphere 

variability, vegetation projections   
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Chapter 1 Introduction 

The changes in precipitation and vegetation cover have been intensified, resulted from 

circulation mechanisms due to climate change (Xia et al., 2019; Fowler et al., 2021). 

Numerous studies have indicated that global warming has been occurring since the late 

19th century, and the warming is projected to continue (Friedlingstein et al., 2014; 

Harris et al., 2014; Schuur et al., 2015; Lu et al., 2020). Under the global warming 

conditions, the warming rate in the Arctic and Antarctica is much faster than that in 

tropical regions (IPCC, 2021). Moreover, as a result of global climate change, high-

latitude regions and equatorial Pacific regions generally receive more precipitation, 

whereas most parts of subtropics are subjected to precipitation decline (IPCC, 2021). 

These regional changes in temperature and precipitation have caused undesirable 

effects on regional environment and ecosystem. Vegetation is a natural interface 

between soil, water, ecosystems, and climate (Cui and Shi, 2010; Li et al., 2015b). To 

explore the climate variability and its impacts on regional environment, the 

precipitation and vegetation have been widely employed as quantitative indictors (Cui 

and Shi, 2010; Li et al., 2015a; Xu et al., 2016).  

The major focus of this study is on the spatiotemporal patterns of vegetation and 

precipitation, as well as their connections with climate variability. To consider the 

effects of topography and climate zones in this study, the East and South Asia (ESA; 

0–54°N, 70–150°E) region, which has multiple terrain types, including mountains, 

basins, and the Qinghai-Tibet Plateau (QTP), and varied climate zones, including 

tropical, temperate, arid, and cold regions from south to north, was selected. In this 
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chapter, the background of precipitation and vegetation patterns, as well as the 

relationships with local climate factors and large-scale ocean-atmosphere variations, 

are reviewed. Research questions and objectives are then proposed, followed by the 

thesis structure. 

1.1 Background 

1.1.1 Vegetation pattern and its relationship with precipitation and temperature 

At a warming climate, vegetation has varied greatly in different parts of the world over 

the past several decades. Vegetation has been greening in the extratropical latitudes of 

the North Hemisphere (Mao et al., 2016), South Asia (Wang et al., 2017b), and East 

Asia (Peng et al., 2011; Xu et al., 2014), whereas browning has occurred in boreal 

Eurasia (Piao et al., 2011) and Inner Asia (Mohammat et al., 2013). Shifts in vegetation 

covers are mainly attributed to global and regional climate variability (Cui and Shi, 

2010; Li et al., 2015a; Xu et al., 2016), land use changes (Tasser and Tappeiner, 2002; 

Dirnböck et al., 2003; Fernandes et al., 2011), and carbon dioxide (CO2) fertilization 

(Schimel et al., 2000; Los, 2013; Yang et al., 2016). Among these factors, climate 

variability (i.e., precipitation and temperature variability) has been recognized as the 

most important driver of vegetation variations (Cui and Shi, 2010; Yang et al., 2019).  

Global temperature has increased since the late 19th century (Friedlingstein et al., 2014; 

Harris et al., 2014; Schuur et al., 2015; Lu et al., 2020), whereas precipitation generally 

has increased over tropical and high-latitude regions and decreased over mid-latitude 

areas (Adler et al., 2017; IPCC, 2021). The effects of precipitation and temperature on 

vegetation growth vary across climate zones. Generally, precipitation is the major 
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contributor to vegetation growth in arid and semiarid regions (Xu et al., 2016), whereas 

temperature is dominant in high latitude areas (Piao et al., 2014). The increasing water 

loss at mid-latitudes exerts great pressure on the water supply and ecosystem in mid-

latitude countries, particularly in populous China and India. In this study, the interested 

area is ESA, which has different climate zones (tropical, temperate, arid, and cold areas) 

from south to north. Previous studies have generally observed vegetation greening and 

warming over ESA (Peng et al., 2011; Xu et al., 2014; Wang et al., 2017b), whereas 

ESA has shown very contrasted regional changes in precipitation (Adler et al., 2017). 

The relationships between vegetation and local climate variables including 

precipitation and temperature have not been consistent over ESA in previous studies: 

i.e., 1) the relationship between vegetation and precipitation/temperature is changing 

over time and between sub-regions; and 2) many studies disagreed on the main factors 

influencing vegetation growth (Kamble et al., 2010; Wu and Zhao, 2010; Revadekar 

et al., 2012; Wang et al., 2016; Kundu et al., 2018). Therefore, it is necessary to explore 

the vegetation and precipitation patterns and the relationships between vegetation 

covers and precipitation/temperature. 

1.1.2 Vegetation related to ocean-atmosphere oscillation 

Most previous studies have concentrated on the connection between vegetation cover 

and local climatic conditions. However, few studies have investigated the effects of 

large-scale ocean-atmosphere variability on local vegetation conditions. The regional 

precipitation and temperature distributions over Asia are controlled by large-scale 

climate variability (Ouyang et al., 2014; Xiao et al., 2015), including atmospheric 

oscillations (Enomoto, 2004; Ding and Wang, 2005; Chen and Huang, 2012; He et al., 
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2017) and sea surface temperature (SST) variability in the Atlantic (Zhang and 

Delworth, 2006; Wang et al., 2009; Zeng et al., 2021), Pacific (Dai, 2013; Dong and 

Dai, 2015; Lin et al., 2017; He et al., 2020), and Indian Oceans (As-syakur et al., 2014; 

Xiao et al., 2015; Ahmed et al., 2017; Zhang et al., 2019). Therefore, by modulating 

regional water and energy cycles, atmosphere-ocean variations are expected to have 

substantial effects on regional changes in vegetation covers. El Niño Southern 

Oscillation (ENSO) has been demonstrated to affect the vegetation cover in China 

(Jiang et al., 2011; Meng et al., 2011; Lü et al., 2012). Lakshmi Kumar et al. (2013) 

and Rishma and Katpatal Yashwant (2016) found that there is more vegetation cover 

during La Niña but less vegetation cover during El Niño episodes over India. The 

climatological anomalies in vegetation cover over Indonesia are associated with 

increases in extreme events (especially droughts) in response to ENSO events (Erasmi 

et al., 2009). Moreover, the warm phases of the ENSO and the Pacific Decadal 

Oscillation (PDO) are related to the brownness of vegetation over Southeast Asia and 

the greenness of vegetation over Central Asia (Woodward et al., 2008; Miralles et al., 

2014). The North Atlantic Oscillation (NAO) is suggested to be related to vegetation 

growth over Eurasia (Gong and Shi, 2003; Li et al., 2016; Ji and Fan, 2019); it assists 

vegetation growth by contributing to the increase in precipitation, air temperature, and 

soil temperature (Li et al., 2016).  

Based on the abovementioned literature, there are three main research gaps regarding 

the ocean-atmosphere variations with Asian vegetation, namely 1) most studies have 

explored the impacts of ENSO and NAO, but neglect the effects of other atmosphere 

and SST oscillations on vegetation; 2) previous studies present very little insights on 
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the mechanisms associated with the teleconnections between vegetation and diverse 

modes of climate variability; and 3) there are few studies on the potential impacts of 

ocean-atmosphere variations on future scenarios for vegetation cover. Therefore, in 

this study, the most significant contributors to precipitation and vegetation were 

identified among various ocean-atmosphere modes of variability, which are crucial to 

regional ecological health assessments and regional economic development under 

changing climate scenarios. 

1.1.3 Vegetation cover observation 

Vegetation covers are widely and continuously monitored by satellite remote sensing 

(Yang et al., 2019). The Normalized Difference Vegetation Index (NDVI) is a widely 

used remote sensing measure, and many NDVI products have continuous records over 

decades (e.g., Zhang et al., 2003; Li et al., 2010; Mkhabela et al., 2011). The NDVI 

has been successfully applied to explore long-term changes in vegetation (Peng et al., 

2011; Xu et al., 2014; Wang et al., 2017b) and the response of vegetation to climate 

variability (Kamble et al., 2010; Wu and Zhao, 2010; Revadekar et al., 2012; Wang et 

al., 2016; Kundu et al., 2018). The two most widely used remote sensing-based NDVI 

datasets are the Advanced Very High Resolution Radiometer (AVHRR) NDVI and the 

Moderate Resolution Imaging Spectroradiometer (MODIS) NDVI (e.g., Badreldin et 

al., 2014; Li et al., 2015a; Xu et al., 2016). Moreover, for AVHRR NDVI datasets, 

there are three most widely used products: 1) the Fourier-Adjustment, Solar zenith 

angle-corrected, Interpolated Reconstructed (FASIR) (Los et al., 2000); 2) the Global 

Inventory Modeling and Mapping Studies (GIMMS) (Tucker et al., 2005); and 3) the 

Pathfinder AVHRR Land (PAL) (James and Kalluri, 1994). The GIMMS NDVI 
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product has long temporal coverage from 1981 to 2015, compared to FASIR and PAL 

datasets (Beck et al., 2011; Fensholt and Proud, 2012). The data quality of GIMMS 

NDVI product has been improved by calibration and atmospheric correction (Slayback 

et al., 2003). Moreover, to minimize the varying solar zenith angle effects caused by 

orbital drift, satellite drift correction (Empirical Mode Decomposition transformation 

method) has been applied to the GIMMS NDVI dataset (Pizon, 2005). The MODIS 

NDVI dataset has also been processed by applying atmospheric correction, geometric 

distortion reduction, and radiometric sensitivity improvements (Huete et al., 2002). 

Therefore, in this study, both the GIMMS and MODIS NDVI datasets were used to 

obtain long-term NDVI time series. 

1.2 Research questions 

The terrain of the ESA region includes mountains, basins, and the QTP. ESA is 

dominated by different climate zones, including tropical, temperate, arid, and cold 

areas from south to north. The response of vegetation and precipitation to the global 

and regional climate variability may vary by area. Exploring the precipitation and 

vegetation conditions is helpful for managing the local water supply and ecological 

services. Therefore, the following three research questions need to be addressed to gain 

further understanding of the regional vegetation and precipitation patterns, as well as 

their teleconnections to ocean-atmosphere modes of variability: 

1) What are the historical spatiotemporal variations in precipitation and 

vegetation (1981–2019) and the links between vegetation and 

precipitation/temperature? (Question 1) 
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2) What are the effects of different large-scale ocean-atmosphere modes of 

variability on the spatiotemporal variations in precipitation and vegetation over 

ESA? And what mechanisms are driving these teleconnections? (Question 2) 

3) Under global and regional climate variability, how will the vegetation patterns 

change in the future? (Question 3) 

1.3 Research objectives 

To address the above research questions, this study aims to establish hydroclimate 

mechanisms to connect the large-scale climate variability with local vegetation and 

precipitation, and to project future vegetation patterns based on climate model outputs. 

Overall, the main objectives of this study are as follows:  

1) To identify spatiotemporal regional precipitation and vegetation conditions, as 

well as the relationships between vegetation and precipitation/temperature 

during 1981–2019 over ESA. (Objective 1) 

2) To analyze the effects of atmospheric and oceanic variability on regional 

precipitation and vegetation distributions to explore the mechanisms related to 

regional moisture circulations and vertical convection. (Objective 2) 

3) To project future vegetation conditions using Coupled Model Intercomparison 

Project Phase 5 (CMIP5) model outputs. (Objective 3) 

1.4 Research outlines 

This thesis includes nine chapters. The outline for each chapter is as follows: 

Chapter 1 introduces the research background and motivation. First, the effects of 

global climate change on regional hydrological and ecological conditions are 
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introduced. Then, the state of vegetation in different parts of the world is presented, 

before discussing its relationship with local climate factors (precipitation and 

temperature) and large-scale modes of climate variability. Chapter 1 also includes a 

review of existing observational datasets for vegetation cover. Finally, the research 

questions, objectives, and organization are presented.    

Chapters 2–3 introduce the materials needed for addressing the research questions. 

Chapter 2 briefly introduces the study area, e.g., the topography, hydrology, climate, 

vegetation, and land use. Data acquisition and data processing are then described. 

Chapter 3 gives detailed descriptions of the key methodology for the study. 

Chapter 4 addresses research Question 1 by illustrating the spatiotemporal patterns of 

vegetation and changes in local climate factors over ESA during the past four decades, 

and examining the effects of local water and energy dynamics on vegetation growth. 

Chapters 5–6 address research Question 2. Chapter 5 identifies the significant large-

scale climate contributors to regional precipitation patterns. Focusing on the 

significant climate contributors, their effects on regional precipitation and vegetation 

distributions are explored. The climate effects on precipitation at different temporal 

scales are also investigated. Chapter 6 examines the mechanisms of regional 

precipitation and thus vegetation changes related to regional moisture circulations and 

vertical convection driven by large-scale ocean-atmosphere oscillations. For regional 

moisture circulation, both surface and high-level circulation at 200 hPa are considered. 

To address research Question 3 related to vegetation projections, Chapter 7 first applies 

the bias correction process for significant climate indices derived from CMIP5 models 
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and the cross-validation process for the developed NDVI prediction model. Using the 

NDVI prediction model driven by large-scale climate indices, the future vegetation 

conditions are then projected. The performances of different CMIP5 models in 

estimating NDVI values are also evaluated. 

To integrate the results of Chapters 4–7, Chapter 8 provides a synthesis of the major 

findings in this study with the results of previous similar studies. The data uncertainty 

and limitations are also discussed. Chapter 9 concludes the study by listing the main 

findings and contributions, and it then proposes the future work.  
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Chapter 2 Study region and data 

This chapter introduces the study region, data acquisition, and data processing for 

addressing three research questions. The ESA region is characterized as multiple 

terrain types and different climate zones. The regional climate over ESA is regulated 

by atmosphere circulations. For the data used in this study, including multiple satellite 

products and diverse reanalysis datasets, their data acquisition and processing are 

detailly described.  

2.1 Study region 

Figure 2.1 presents the domain and land types selected for this study. The domain 

covers ESA (0–54°N, 70–150°E). The terrain of this region includes mountains, river 

basins, and the QTP. Based on the Köppen–Geiger climate classification, ESA is 

dominated by different climate zones, including tropical, temperate, arid, and cold 

areas from south to north (Figure 2.2). The climate zones in the high latitudes are 

generally severely cold and dry. The summers in these areas are cool, whereas the 

winters are extremely cold. The vegetation coverage in the region is composed on 11-

30% tree cover (Figure 2.1). The mean annual precipitation is less than 400 mm in the 

western part, and it ranges from 400 mm to 800 mm in the eastern part (Figure 2.3a). 

The mean annual temperature ranges from -15°C to 10°C (Figure 2.3b). The QTP, 

known as the “third pole” of the Earth (Yao et al., 2012), is mainly covered by snow 

and ice, and the surface is permanently frozen (Figure 2.1). The annual mean 

precipitation and temperature range from 200 mm to 1,000 mm and from -20°C to 5°C, 

respectively (Figure 2.3). The tropical and temperate areas are the typical monsoon 
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domain, with a mean annual precipitation of 1,000–1,400 mm·y-1and a mean annual 

temperature of 15–30°C (Figure 2.3). The sufficient precipitation and warm 

temperature over the region favor the growth of vegetation, including forests, 

grasslands, and croplands (Figure 2.1). The moisture over the arid and cold area at high 

latitudes is mainly transported by the prevailing westerly wind (Peng and Zhou, 2017), 

whereas the water shifting over the tropical and temperate regions is closely related to 

the variability of the Asian monsoon system (Zhang and Zhou, 2015). Overall, the 

water and vegetation conditions over ESA are under the combined effects of westerly 

circulation and the Asian monsoon system. ESA has a complex terrain and varied 

climate, and it is also under the control of regional atmospheric circulations, which 

makes it an ideal region to explore the effects of climate variability on local vegetation 

and water conditions.  

 

Figure 2.1 Land cover types over East and South Asia. 
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Figure 2.2 Köppen–Geiger climate classification over East and South Asia. For the 

meaning for legend, please refer to Beck et al. (2018). 

 

Figure 2.3 Annual average precipitation (a) and temperature distribution (b) over East 

and South Asia. 
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2.2 Data acquisition and processing 

Multiple satellite products and diverse reanalysis datasets were used to derive 

vegetation index, hydrological and climate variables, as well as the ocean-atmosphere 

climate indices. Detailed description on the datasets is shown in Table 2.1. 

Table 2.1 A list of the datasets that were used in this study.  

Products Variables Spatial range and 

resolution 

Temporal 

range and 

resolution 

References 

GIMMS 

NDVI3g 

version 1 

NDVI Global, 

1/12° 

1981–2015, 

monthly 

Pinzon and 

Tucker 

(2014); Pinzon 

and Tucker 

(2016) 

MOD13C2 NDVI Global, 

0.05° 

2000–2019, 

monthly 

Didan (2015) 

ERA5-Land Precipitation, 

temperature, 

ET, and PET 

Global Land, 

0.1° 

1981–2019, 

monthly 

Muñoz (2019) 

ERA5  Precipitation, 

wind, OLR, 

and vertical-

Global, 

0.25° × 0.25° 

1981–2019, 

monthly 

Hersbach et al. 

(2019) 



14 
 

integrated 

moisture flux 

ERSST.v5 Asian 

monsoon 

indices and 

SST index 

Global, 

2° × 2° 

1981–2019, 

monthly 

 

Wang et al. 

(2001); Zhu et 

al. (2005); 

Rayner et al. 

(2003) 

[OLR: outgoing longwave radiation; ET: evapotranspiration; PET: potential 

evapotranspiration; ERSST.v5: Extended Reconstructed SST version 5] 

2.2.1 NDVI data 

Both GIMMS and MODIS NDVI datasets have been widely used to monitor the large-

scale vegetation activity (e.g., Badreldin et al., 2014; Li et al., 2015a; Xu et al., 2016). 

GIMMS NDVI data (i.e., NDVI3g version 1 product) available from July 1981 to 

December 2015 were obtained from the NASA ARC ECOCAST 

(https://iridl.ldeo.columbia.edu/SOURCES/.NASA/.ARC/.ECOCAST/.GIMMS/.ND

VI3g/.v1p0/index.html) at a spatial resolution of 1/12° and a temporal resolution of 15 

days (Pinzon and Tucker, 2014; Pinzon and Tucker, 2016), whereas monthly MODIS 

NDVI data (i.e., MOD13C2 product) from February 2000 to December 2019 were 

obtained from NASA LP DAAC (https://e4ftl01.cr.usgs.gov/MOLT/MOD13C2.006/) 

at a spatial resolution of 0.05° (Didan, 2015). To compare with two NDVI products, 

the NDVI values difference between MODIS and GIMMS at both temporally ( 

Figure 2.4) and spatially (Figure 2.5) are presented. Temporally, GIMMS and MODIS 

NDVI have same long-term variation and frequency, but some bias during overlapped 

https://iridl.ldeo.columbia.edu/SOURCES/.NASA/.ARC/.ECOCAST/.GIMMS/.NDVI3g/.v1p0/index.html
https://iridl.ldeo.columbia.edu/SOURCES/.NASA/.ARC/.ECOCAST/.GIMMS/.NDVI3g/.v1p0/index.html
https://e4ftl01.cr.usgs.gov/MOLT/MOD13C2.006/
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period (Figure 2.4). These bias would not affect the long-term variation of NDVI. 

Spatially, the averaged NDVI of GIMMS and MODIS products during overlapped 

period have similar distributions (Figure 2.5). Therefore, GIMMS and MODIS NDVI 

datasets were combined to be used in this study. 

 

Figure 2.4 The averaged NDVI time series of GIMMS and MODIS datasets over ESA 

during 1981-2015 and 2000-2019, respectively. 
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Figure 2.5 The mean NDVI spatial distributions from GIMMS (a) and MODIS (b) 

products during 2000-2015 over ESA. 

As GIMMS NDVI data have a longer record (from 1981/07 to 2015/12) than MODIS 

NDVI data, the GIMMS NDVI data were used for vegetation measurements. To 

extend the GIMMS NDVI time series to January 2016 to December 2019, the MODIS 

NDVI (from 02/2000-12/2019) data were also applied based on linear regression. First, 

smoothing procedures were applied for both MODIS and GIMMS NDVI data to make 

two NDVI datasets have consistent temporal (i.e., monthly) and spatial resolution 

(1/12°). The monthly GIMMS NDVI data were produced by averaging the two 15-day 

values in each month. For spatial resolution, MODIS NDVI data were smoothed from 

a resolution of 0.05° to 1/12°. Then, the linear regression was conducted between two 

NDVI datasets during their overlap period (from February 2000 to December 2015). 

The regression can be written as follows: 

                                                𝐺𝑖 = 𝑎 + 𝑏 × 𝑀𝑖 + 𝜀𝑖                                              (2.1) 

where 𝐺𝑖  and 𝑀𝑖  indicate the GIMMS NDVI and MODIS NDVI in ith month, 

respectively. a and b are regression coefficients, which are estimated by the least 
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squares method. 𝜀𝑖 is the residual error. After estimating the regression coefficients, 

the GIMMS NDVI data during 2016-2019 were obtained based on Equation (2.1). 

Such regression analysis has been successfully utilized to the integration of different 

NDVI datasets in previous studies (Mao et al., 2012; Xu et al., 2016). Using the least 

squares method, the significant coefficients a and b for each pixel of ESA are presented 

in Figure 2.6 (hereafter, the NDVI-related figures also only select pixels with 

significant coefficients). The b values were close to 0 in the barren regions in the QTP 

because this region is not covered by vegetation (Figure 2.6b, Figure 2.1). To examine 

the performance of regression model in NDVI estimation, statistical analyses (i.e., 

correlation and root-mean-square error [RMSE]) on the GIMMS NDVI and modeled 

NDVI during 2000/02-2015/12 were conducted. The correlation values between the 

GIMMS and the modeled NDVI were generally larger than 0.5 over ESA except for 

barren regions (not covered by vegetation) in the QTP (Figure 2.6c, Figure 2.1). The 

RMSE values over ESA were lower than 0.1, which was in the order of magnitude of 

the NDVI accuracy, thereby suggesting that the regression model performs adequately 

for estimating NDVI values (Figure 2.6d). Therefore, based on the regression model, 

the monthly GIMMS NDVI data were extended from 2016 to 2019, and the monthly 

NDVI data from July 1981 to December 2019 were used in the following vegetation 

analysis. 
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Figure 2.6 Regression coefficients a (a) and b (b) over East and South Asia. Correlation 

(c) and root-mean-square error (d) between GIMMS NDVI and modeled NDVI based 

on MODIS NDVI during 02/2000-12/2015. For all maps, only the significant results 

of the linear regression are presented at p < 0.1.  

2.2.2 Local climate factors and atmospheric circulations 

Vegetation growth is mainly controlled by local climate factors, including 

precipitation, evapotranspiration (ET), and temperature data, which were obtained 

from the ERA5-Land monthly averaged datasets between 1981 and 2020 

(https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-

means?tab=form) (Muñoz, 2019). By including improved land surface processes, the 

ERA5-Land reanalysis datasets provide data with a higher spatial resolution (0.1° × 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?tab=form
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0.1°) than that of its driven climate reanalysis data (i.e., ERA5; 0.25° × 0.25°) (Muñoz, 

2019). For a region, water mainly originates from precipitation brought by horizontal 

moisture movement and vertically convective activities. To represent the horizontal 

water movement, vertically integrated moisture fluxes and moisture flux divergence 

(MFD) were used. To examine vertical water movement, the outgoing longwave 

radiation (OLR) at the top of the atmosphere was used. In the tropics, OLR is a good 

indicator of deep convection associated with monsoons; negative (positive) OLR 

anomalies enhance (suppress) deep convection. Moisture fluxes, MFD and OLR, 

which are not available in ERA5-Land, were extracted from ERA5 data over the same 

period, but with a spatial resolution of 0.25° × 0.25° 

(https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels-

monthly-means?tab=form) (Hersbach et al., 2019). Compared to other reanalysis and 

remote sensing datasets, ERA5-Land provides multiple land variables over several 

decades (approximately 40 years) with high spatial resolution (0.1°). For dataset 

evaluation, Tarek et al. (2020) stated that ERA5 has equivalent performance to 

hydrological modeling observations. Jiang et al. (2021) indicated that ERA5 performs 

the best in precipitation event detection compared with five other satellite precipitation 

datasets. Furthermore, Sianturi et al. (2020) found that the solar irradiance from ERA5 

reanalysis datasets and in situ observations demonstrates good agreement. Therefore, 

ERA5 and ERA5-Land are acceptable for monitoring hydroclimate conditions. 

To consider the precipitation at different time scale, the Standardized Precipitation 

Index (SPI) at 1-month, 6-month, 12-month and 24-month scale (called SPI-1, SPI-6, 

SPI-12 and SPI-24, respectively) were also used in this study. The SPI was calculated 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels-monthly-means?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels-monthly-means?tab=form
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by standardizing precipitation following a Gamma distribution function, and for the 

detailed calculation procedures, please refer to section 2.2.1 in Fung et al. (2020). 

2.2.3 Large-scale ocean-atmosphere variability 

As suggested by previous studies, precipitation and vegetation variability over Asia 

are controlled by atmosphere oscillations (Gong and Shi, 2003; Li et al., 2016; Ji and 

Fan, 2019), as well as by SST variability in the Atlantic (Zhang and Delworth, 2006; 

Wang et al., 2009; Zeng et al., 2021), Pacific (Erasmi et al., 2009; Jiang et al., 2011; 

Meng et al., 2011; Lü et al., 2012), and Indian Oceans (As-syakur et al., 2014; Xiao et 

al., 2015; Ahmed et al., 2017; Li et al., 2017; Tong et al., 2019; Zhang et al., 2019). 

Table 2.2 lists various commonly used ocean-atmosphere indices that may be linked 

to the hydroclimates over ESA. It is worth noting that for some repeated indices, one 

represented index is used. For example, for different Pacific Nino indices, the first 

principal component of equatorial Pacific SST anomalies is used to represent the 

ENSO phenomenon. 

Table 2.2 Detailed information on the atmosphere and SST indices.  

Region Index Description References 

Pacific  ENSO 

1st principal component of 

equatorial Pacific SST 

anomalies  

(110°E–95°W, 30°S–

30°N) 

Weller and Cai (2013) 
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IPO 

1st principal component of 

Pacific SST anomalies  

(100°E–70°W, 50°S–

50°N) 

Folland et al. (1999); 

Power et al. (1999) 

PDO 

1st Empirical Orthogonal 

Function of North Pacific 

SST anomalies (100°E–

100°W, 20–65°N) 

Mantua et al. (1997) 

Atlantic  AtlNiño 

1st principal component of 

tropical Atlantic SST 

anomalies  

(70°W–20°E, 30°S–30°N) 

Chiang and Vimont 

(2004) 

 AMM 

2nd principal component of 

tropical Atlantic SST 

anomalies  

(70°W–20°E, 30°S–30°N) 

Chiang and Vimont 

(2004) 

 AMO 

Average SST anomalies 

for  

the North Atlantic 

 (80°W–0°E, 0–60°N) 

Enfield et al. (2001); 

Trenberth and Shea 

(2006) 

Indian  TIO 

Average SST anomalies 

for the tropical Indian 

Ocean  

Fontaine et al. (2011) 
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(35–90°E, 24°S–24°N) 

Atmosphere 

NCP 

500 hPa geopotential 

height difference between 

the North Sea (0°, 55°N; 

10°E, 55°N) and northern 

Caspian Sea (50°E, 45°N; 

60°E, 45°N) 

Kutiel et al. (2002) 

SRP 

1st principal component of 

200 hPa meridional wind 

(V200) anomalies in the 

domain of  

0–150°E, 20–60°N 

Hong et al. (2018) 

NAO 

1st principal component of 

sea level pressure 

anomalies over the North 

Atlantic 

(90°W–20°E, 20–80°N) 

Hurrell (1995); Hurrell 

and Deser (2009) 

 AO 

1st principal component of 

mean height anomalies at 

1000-hPa poleward of 20° 

latitude for the Northern 

Hemisphere. 

Zhou et al. (2001) 
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[IPO: Interdecadal Pacific Oscillation; AtlNino: Atlantic Niño; AMM: Atlantic 

Meridional Mode; AMO: Atlantic Multi-decadal Oscillation; TIO: Tropical Indian 

Ocean SST anomalies. NCP: North Sea Caspian Pattern; SRP: Silk Road Pattern; AO: 

Arctic Oscillation.] 

The atmosphere indices were calculated using ERA5 datasets, whereas the large-scale 

ocean oscillations were estimated via SST indices using the Extended Reconstructed 

SST version 5 (ERSSTv.5; https://www.ncdc.noaa.gov/data-access/marineocean-

data/extended-reconstructed-sea-surface-temperature-ersst-v5) (Huang et al., 2017). 

Derived from the International Comprehensive Ocean–Atmosphere Dataset Release 

3.0, ERSST.v5 spans between 1854 and 2020 with a 2° × 2° grid resolution. Compared 

to its previous versions, ERSST.v5 uses empirical orthogonal teleconnections to 

reduce high-latitude damping, which improves the SST spatial and temporal variability 

of the product (Huang et al., 2017).  

2.2.4 CMIP5 simulations 

CMIP5 model outputs have been widely used to evaluate future vegetation conditions 

(Zhao et al., 2020; Zhou et al., 2020). Compared with previous phases, CMIP5 models 

include more carbon processes and feedback mechanisms of climate systems (Taylor 

et al., 2012). Although new generation of CMIP models (i.e., CMIP6) has been 

released, CMIP6 is not yet completed and still updated up to now. Moreover, 

Hirabayashi et al. (2021) suggested that the flood changes simulated by CMIP6 are 

similar to those estimated by CMIP5. Therefore, in this study, six climate models, 

which are usually used over Asian region (Srinivasa Raju et al., 2017; Wang et al., 

2017a; Kumar and Sarthi, 2019; Xin et al., 2020), based on the first realization (i.e., 

https://www.ncdc.noaa.gov/data-access/marineocean-data/extended-reconstructed-sea-surface-temperature-ersst-v5
https://www.ncdc.noaa.gov/data-access/marineocean-data/extended-reconstructed-sea-surface-temperature-ersst-v5
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r1i1p1) of CMIP5 were used to derive the ocean-atmosphere oscillation indices based 

on the historical scenarios between 1950 and 2005 and two future scenarios 

(representative concentration pathway [RCP] 4.5 and RCP 8.5) between 2006 and 

2099 (Table 2.3). The RCP 4.5 scenario corresponds to approximate doubling 

(medium emission scenario) in CO2 relative to the pre-industrial level, whereas the 

RCP 8.5 scenario represents a more than threefold increase (high emission scenario) 

(Swain and Hayhoe, 2015).  

Table 2.3 Details of the six CMIP5 climate models used in this study. 

Model Institution Lon × Lat 

ACCESS1-

0 

Commonwealth Scientific and Industrial Research 

Organization and Bureau of Meteorology, Australia 
1.875° × 1.25° 

bcc-csm1-1 
Beijing Climate Center, China Meteorological 

Administration, China 

Approximately 

2.8° × 2.8° 

CNRM-

CM5 

Centre National de Recherches 

Météorologiques/Centre Européen de Recherche et 

Formation Avancées en Calcul Scientifique, France 

Approximately 

1.4° × 1.4° 

GFDL-

CM3 

Geophysical Fluid Dynamics Laboratory, New 

Jersey, U.S. 
2° × 2.5° 

IPSL-

CM5A-LR 
Institut Pierre-Simon Laplace, France 3.75° × 1.875° 

MPI-ESM-

LR 
Max Planck Institute for Meteorology, Germany 

1.875° × 

1.875° 
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In the next chapter, the methods for examining spatiotemporal variations in 

precipitation and vegetation, the effects of large-scale ocean-atmosphere oscillations 

on precipitation and vegetation, and future vegetation projections are explained. 

Moreover, the data correction and model cross-validation methods for the projections 

are introduced.   
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Chapter 3 Methodology 

This chapter introduces the key methodology for achieving three research objectives: 

1) trend analysis was used to explore the spatiotemporal variations of precipitation and 

vegetation, and Budyko framework was applied to explain the relationship between 

vegetation and precipitation/temperature (Objective 1); 2) principal component 

analysis (PCA) was conducted to identify the main modes of precipitation, and then 

wavelets were used to determine the empirical relationships (Objective 2); 3) To 

establish relationships and project future vegetation conditions, generalized additive 

model (GAM), as well as bias-correction and cross-validation procedures was used for 

Objective 3. 

3.1 Mann–Kendall Test and Generalized Linear Square (GLS) regressions 

The Mann–Kendall (MK) test is a nonparametric method used to quantify the 

significance of linear temporal trends (Mann, 1945; Kendall, 1975). Previous studies 

have argued that the results of the MK trend test can be misleading if serial correlations 

and outliers are ignored (Hamed and Ramachandra Rao, 1998; Khaliq et al., 2009). In 

this study, the MK test was modified according to Hamed and Ramachandra Rao (1998) 

to examine the trend significance of the NDVI and local climate factors. Moreover, the 

trend values were based on the Thiel-Sen slope, which is robust to outliers (Sen, 1968). 

To explore the relationships between teleconnections, and precipitation and vegetation 

distributions, Generalized Linear Square (GLS) regressions were used, as in previous 

hydroclimate analysis (Klaus et al., 2015; He et al., 2021). The analytic GLS 

regressions can be written as 
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                                                 𝑌 = 𝛽0 + 𝛽1𝑋                                                              (3.1) 

where Y is the precipitation or vegetation index, and X is the teleconnection indices. 

𝛽0 and 𝛽1 are regression coefficients. 

To consider spatial auto-correlation and the problem of multiplicity of spatial trend 

and regression results, a widely used filed significance test, false discovery rate (FDR) 

significance test (Wilks, 2006; 2016), is used. After getting p-values of trend and GLS 

regressions, the FDR test is used to control the expected proportion of locally 

significant test that are actually true, i.e. not occurring by chance due to spatial auto-

correlation and the problem of multiplicity. A local significance test is rejected if local 

p-value is no greater than 

                    𝑃𝐹𝐷𝑅 = 𝑚𝑎𝑥
𝑗=1→𝑘

{𝑝𝑙𝑜𝑐𝑎𝑙(𝑗): 𝑝𝑙𝑜𝑐𝑎𝑙(𝑗) ≤  𝛼𝐹𝐷𝑅 (
𝑗

𝑘
)}                            (3.2) 

where plocal (j) denotes the jth smallest (out of k) local p values, and the 𝛼𝐹𝐷𝑅 is the 

chosen control level for the FDR. 

3.2 Budyko framework 

The Budyko method has been widely used to explore the water balance related to water 

and energy dynamics with the consideration of landscapes (e.g., Li et al., 2013a; Creed 

et al., 2014; Abera et al., 2019). There are different types of the Budyko framework; 

in this study, the most common one, proposed by Fu (1981), was used. It can be written 

as follows: 

                                      𝐸𝐼 = 1 + 𝐷𝐼 − [1 + 𝐷𝐼𝜔]1/𝜔                                                (3.3) 
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where 𝐸𝐼 = 𝐸𝑇/𝑃 is the evaporative index (ratio of ET to precipitation) and 𝐷𝐼 =

𝑃𝐸𝑇/𝑃 is the dryness index (ratio of PET to precipitation). The empirical parameter 

𝜔 reflects the effect of landscape characteristics like vegetation covers on water and 

energy dynamics (Fu, 1981). Moreover, the Budyko curve can indicate the landscape 

characteristics, namely the energy limit or water limit (Figure 3.1). 

 

Figure 3.1 Budyko diagram (dryness index against evaporative index). The solid lines 

indicate the energy limit and water limit boundaries. The red dashed line is the 

theoretical Budyko curve with a default 𝜔 value (i.e., 2.6; Creed et al., 2014). 

3.3 Principal component analysis 

PCA has been frequently utilized to extract patterns of spatiotemporal patterns of 

hydroclimate variables (e.g., Awange et al., 2014; Yang et al., 2017; He et al., 2020). 

In this study, PCA was used to extract the spatial EOF modes and temporal principal 
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components (PCs). Based on PCA, the spatiotemporal gridded precipitation matrix P 

(also SST, geopotential height, meridional wind and sea level pressure) were 

decomposed into EOFs and PCs, which can be written as follows: 

                                                     𝑃 = 𝐸𝐹𝑇                                                                      (3.4) 

where the columns of E and F represent the spatial EOF modes and corresponding 

temporal PCs, respectively. 𝐹𝑇  is the transposition of matrix F. The first three 

EOFs/PCs were chosen in this study, as they can grasp the main characteristics of 

original signals and reduce the complexity of original dataset (Awange et al., 2011).  

3.4 Wavelet transform coherence 

To explore the relationships between precipitation and large-scale climate oscillations, 

wavelet transform coherence (WTC) proposed by Torrence and Webster (1999) was 

used. Wavelet coherence evaluates the level of linear correlation between two time 

series Y and X at time n and on a variability scale s. The WTC is then calculated as 

follows (Grinsted et al., 2004):  

                           𝑅𝑛
2(𝑌, 𝑋) =

|𝑆𝑚(𝑠−1𝑊𝑛
𝑋𝑌(𝑠))|

2

𝑆𝑚(𝑠−1|𝑊𝑛
𝑋(𝑠)|

2
)∙𝑆𝑚(𝑠−1|𝑊𝑛

𝑌(𝑠)|
2

)
                                     (3.5) 

where 𝑊𝑛
𝑋𝑌(𝑠) is the cross-wavelet spectrum, which is defined as follows: 

                                           𝑊𝑛
𝑋𝑌(𝑠) = 𝑊𝑛

𝑋(𝑠)𝑊𝑛
𝑌(𝑠)∗                                              (3.6) 

where ∗  represents the complex conjugate. 𝑆𝑚  is a smoothing operator. For the 

significance level, it is estimated against red-noises, using 1000 Monte Carlo 
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simulations. For the calculation of the phase difference of two time series, and it can 

be denoted as follows: 

                                         𝜙𝑛(𝑠) = 𝑎𝑟𝑔 (𝑆𝑚(𝑠−1𝑊𝑛
𝑋𝑌(𝑠)))                                           (3.7) 

3.5 Generalized additive model 

Vegetation cover is hypothesized to be related to large-scale ocean-atmosphere 

oscillations. To consider both linear and nonlinear relationships between vegetation 

and climate oscillations, the GAM for estimating NDVI values is expressed as follows: 

                                       𝑁𝐷𝑉𝐼 = 𝑐 + ∑ 𝑓𝑖(𝑥𝑖)
𝑝
𝑖=1                                                                   (3.8) 

where 𝑐 is an intercept term and p is the number of predictors. 𝑓𝑖(𝑥𝑖) is a linear or 

nonlinear function for the predictor 𝑥𝑖. NDVI and predictor time series were used to 

train GAMs. Based on the developed GAMs, future NDVI values can be estimated 

using large-scale climate variability derived from CMIP5. GAMs are only based on 

large-scale processes because CMIP5 models perform better to reproduce these 

processes than local precipitation and temperature (Wang et al., 2014). In this study, 

for vegetation projections, near-term (2050s: 2040–2059) and long-term (2090s: 

2080–2099) projections were selected. To examine the performance in simulating 

NDVI variability using different climate models from CMIP5 based on GAMs, 

statistical analyses (i.e., correlation and RMSE) were applied during the historical 

period. 
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3.6 Bias correction 

Before developing the empirical GAMs, bias corrections were applied to climate 

indices derived-from the CMIP5 models to reduce the differences between the climate 

model outputs and the reference datasets (ERA5 and ERSSTv.5). Based on the 

cumulative distribution function (CDF), a quantile mapping method used by Panofsky 

and Brier (1958) was used to reduce biases due to scale gaps between the numerical 

model grid and the scale of investigated processes. This quantile mapping method has 

been widely applied in regional hydrological and climate investigations (e.g., Grillakis 

et al., 2013; Miao et al., 2016; Shukla et al., 2019). For a variable 𝑥, the method can 

be expressed as follows:  

                                                 𝑥𝐵𝐶 = 𝐹𝑟
−1(𝐹𝑚(𝑥𝑚))                                                           (3.9) 

where 𝐹𝑟
−1 is the inverse CDF of the reference dataset (i.e., ERA5 and ERSSTv.5) and 

𝐹𝑚 is the CDF of modeled climate indices from CMIP5. 𝑥𝑚 is the modeled climate 

indices and 𝑥𝐵𝐶  is the bias-corrected output.  

3.7 Cross-validation 

To evaluate the performance of GAMs for NDVI estimation, leave-one-out cross-

validation (LOOCV) was used. For each validation, n samples were randomly divided 

into a training set with n-1 samples and a test set with one sample. All of the cross-

validations were conducted based on 200 simulation ensembles. The cross-validation 

error (CVE) is defined as follows:  

                            𝐶𝑉𝐸 =
1

𝑝
∑ (𝑓(𝑋(𝑡𝑒𝑠𝑡)) − 𝑌(𝑡𝑒𝑠𝑡))

2
𝑝
𝑖=1                                          (3.10) 
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where 𝑓(∙) is the GAM developed from the training sets using Equation (3.8). 𝑋(𝑡𝑒𝑠𝑡) 

and 𝑌(𝑡𝑒𝑠𝑡)  are the corresponding test sets. A value of 0 indicates the perfect 

prediction for the GAM, whereas values near or above 1 represent poorer predictive 

capacity (De'ath, 2002).   
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Chapter 4 Spatiotemporal pattern of water and vegetation 

distribution 

This chapter reports the mean state and trend variations in vegetation and local climate 

factors (i.e., precipitation, ET, and temperature) over ESA between 1981 and 2019 to 

address research Question 1. To examine the linkages between vegetation growth and 

local climate factors, the water-limited and energy-limited environments of ESA were 

identified based on the degree of water limitation and the Budyko framework.  

4.1 Water and vegetation trends over ESA 

Over the ESA region, the mean NDVI shows a north–south gradient, with more 

vegetation in the south than in the north (Figure 4.1a). South China, Southeast Asia, 

and the Indian subcontinent have more vegetation than West and Northwest China 

(Figure 4.1a). During 1981–2019, there was a significant increasing trend over most 

regions of ESA, especially in South China and the Indian subcontinent (Figure 4.1b). 

Moreover, the increasing trend in the NDVI was more pronounced in regions with 

greater mean vegetation cover (Figure 4.1a–b).  
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Figure 4.1 Mean NDVI (a) and NDVI trend (b) between July 1981 and January 2019 

over ESA. The black dots indicate that the trends are significant (p < 0.1) according to 

the modified MK trend test. 

The spatiotemporal patterns of vegetation growth are related to the variations in local 

water–energy dynamics. The local water–energy dynamics are usually represented by 

variations in local precipitation, ET, and temperature. Figure 4.2a shows that the 

average precipitation has a similar spatial pattern to that of the average NDVI. 

Precipitation shows a north–south gradient: South China and Southeast Asia receive 

more than 1,200 mm·y-1, but other regions, especially Northwest China, receive less 

than 500 mm·y-1 (Figure 4.2a). This suggests that vegetation is denser where 

precipitation is higher. Focusing on the long-term variation, precipitation over South 

China and Northeast China significantly decreased during 1981–2019, whereas 

precipitation over the Indian subcontinent showed a wetting trend (Figure 4.2b). 

Regarding ET, the mean spatial patterns are consistent with those of precipitation 

(Figure 4.2c); the south regions of ESA (i.e., South China, Southeast Asia, and the 

Indian subcontinent) have higher ET than the north regions. The north (south) regions 

of ESA had less (more) precipitation, thereby leading to less (more) water for local 

evaporation. Generally, the ET trend was consistent with that of precipitation, except 

for in South China (Figure 4.2d). Different from precipitation, ET showed an 

increasing trend (not statistically significant) over South China (Figure 4.2d). For other 

regions, ET appeared to balance the long-term changes in precipitation. In the 

Northeast China (the Indian subcontinent), with less (more) precipitation, there was 

less (more) ET. Therefore, the ET  
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Over the south regions of ESA, the average temperature is above 15°C, whereas the 

QTP and North and Northeast China are cold, with average temperatures below 0°C 

(Figure 4.2e). As shown in previous global studies (Turkington et al., 2019), most of 

the ESA region experienced warming during 1981-2019 (Figure 4.2f).  

Overall, the ET and precipitation showed good agreement in average pattern and trend 

variations. More ET suggests more latent heat flux and water vapor in the atmosphere, 

thereby helping the formation of precipitation (Yang et al., 2018). Furthermore, the 

changes in precipitation and temperature over ESA were more significant compared to 

ET. Therefore, to avoid duplication of effort, precipitation and temperature were 

regarded as main water and energy supply for vegetation growth in the following parts. 

Previous studies have also been demonstrated the major contributions of precipitation 

and temperature on vegetation growth (Cui and Shi, 2010; Li et al., 2015a; Xu et al., 

2016).  
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Figure 4.2 Mean state and trend of precipitation (a–b), ET (c–d), and temperature (e–

f) over East and South Asia between 1981 and 2019. The black dots indicate that the 

trends are significant (p < 0.1) according to the modified MK trend test.  

4.2 Relationships between vegetation and water/energy 

In terms of vegetation and water variations, there are two interested regions for water 

and vegetation conditions over ESA, namely South China and the Indian subcontinent. 
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South China underwent drying during 1981–2019 (Figure 4.2b), but it had more 

vegetation (Figure 4.1b). In the Indian subcontinent, both water and vegetation 

increased (Figure 4.1b and 4.2b). Vegetation growth is affected by both water and 

energy (Cui and Shi, 2010; Li et al., 2015a; Xu et al., 2016). In this study, to determine 

the dominating factors, the concepts of water-limited and energy-limited environments 

were used (Parsons and Abrahams, 1994). According to Parsons and Abrahams (1994), 

a water-limited (energy-limited) environment is defined as an area with a P/PET ratio 

lower (higher) than 0.75. The majority of South China is energy-limited because the 

P/PET ratio is higher than 0.75, whereas the Indian subcontinent is water-limited 

because the P/PET ratio is lower than 0.75 (Figure 4.3). Vegetation growth is mainly 

restricted by temperature in energy-limited South China (Parsons and Abrahams, 1994; 

Gokmen et al., 2013), whereas vegetation growth in the Indian subcontinent is limited 

by the availability of precipitation, but not temperature (Parsons and Abrahams, 1994). 

Therefore, the vegetation cover in South China was increasing despite the drying 

conditions due to warming temperatures promote vegetation growth. For the Indian 

subcontinent, both the increasing precipitation and warming temperatures promote 

vegetation growth. In addition, ET is increasing over both South China and the Indian 

subcontinent (Figure 4.2d). More ET suggests more latent heat flux and water vapor 

in the atmosphere, thereby helping the formation of precipitation (Yang et al., 2018). 

Therefore, ET favors vegetation growth by providing more energy and promoting the 

local water cycle. 
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Figure 4.3 Distribution of the ratio of precipitation (P) and PET. Warm colors denote 

water-limited regions (i.e., ratio less than 0.75) and cool colors denote energy-limited 

regions (i.e., ratio greater than 0.75). 

To further explore the effects of water-limited (energy-limited) environments on local 

vegetation, the Budyko framework was applied in South China and the Indian 

subcontinent. To examine the changes in the hydrological and ecological dynamics 

during the study period (1981–2019), two periods of 5 consecutive years were selected, 

namely the start period (1981–1985) and the end period (2015–2019). For South China, 

the 𝜔 value (i.e., 1.9) during the end period was higher than that (i.e., 1.8) during the 

start period (Figure 4.4a–b). A higher 𝜔 means higher ET for a given precipitation and 

PET, and thus a drier condition. Oppositely, the 𝜔 value changed from 1.9 during the 

start period to 1.8 during the end period for the Indian subcontinent, thereby indicating 

a wetter condition (Figure 4.4c–d). The Budyko results are consistent with the 

precipitation trend results. For Budyko space, most points were close to the energy 
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limit line for South China, but close to the water limit line for the Indian subcontinent. 

This suggests that South China is mainly energy-limited, whereas the Indian 

subcontinent is mainly water-limited, which is consistent with the previous degree of 

water limitation results (Figure 4.3). In addition, some points approached the water 

limit line in South China during the end period, thereby suggesting that some regions 

of South China are changing from energy-limited to water-limited (Figure 4.4a–b). 

Owing to the decreasing precipitation during the past decades, some energy-limited 

regions over South China have transformed into water-limited regions. If such 

conditions continue, then future vegetation growth will be restricted by the decrease in 

water, thereby threatening water and food security.  

Some points were outside of the water limit line, especially for the Indian subcontinent, 

and the number of outside points decreases during 2015-2019 period compared to 

1981-1985 period (Figure 4.4c–d). Budyko only considers precipitation as a water 

input, however, in an actual water balance, there are other water inputs (e.g., meltwater) 

apart from precipitation. For Indian subcontinent, the meltwater from Qinghai-Tibet is 

important input for water balance. Move to the 2015-2019 period, the precipitation 

over Indian subcontinent was increasing compared to the 1981-1985 period. This 

suggests that the precipitation accounts for a much larger proportion of total water 

input, and then the meltwater portion became smaller, leading to less points outside 

the Budyko water limit line. Moreover, there was almost a clear threshold of PET/P 

value around 8 which separates medium to high with low NDVI regions (Figure 4.4c–

d). The PET/P values of 8.5 or 8 indicates that the precipitation will be total evaporated, 

and even the stored water is potentially evaporated. A region with such characteristics 
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is usually with low vegetation coverage, like desert, which is obvious water-limited 

environment. When the PET/P value increases, the vegetation cover will be also 

increased. That’s why there is a threshold to separates medium to high with low NDVI 

regions. This threshold value is not constant, and it is around 8.5 during 1981-1985, 

but 8 during 2015-2019. This suggests that the more regions in Indian subcontinent 

become water-limited. 

 

Figure 4.4 Budyko analysis for South China (a–b) and the Indian subcontinent (c–d) 

during 1981–1985 and 2015–2019. The black curve is the estimated Budyko curve.   
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Chapter 5 Underlying climate drivers of water conditions  

In the previous Chapter, the vegetation growth over ESA is mainly regulated by 

regional precipitation and temperature variability. The entire ESA region experienced 

a warming temperature, but precipitation variability showed more contrasted 

spatiotemporal patterns over ESA. In following chapters, two questions were 

examined: whether such contrasted patterns in water availability over ESA are linked 

large-scale modes of climate variability, and how this relationship influences the 

regional circulation and thermodynamics. In this chapter, part of research Question 2 

is addressed by identifying the significant large-scale climate contributors to the 

different modes of regional precipitation and thus vegetation based on PCA, and 

examining the effects of climate contributors on the distribution of precipitation and 

vegetation over ESA based on regression analysis. To further examine the climate 

effects on precipitation at different temporal scales, WTC analysis was applied. 

5.1 Identifying the underlying climate drivers of water distribution over ESA 

To explain the historical spatiotemporal variations in precipitation over ESA, the 

dominant modes and scales of precipitation were extracted based on PCA (Figure 5.1). 

Representing approximately 50% of the total precipitation variance, EOF1 is the main 

mode of spatiotemporal precipitation variability, indicating seasonal signals of 

precipitation over ESA (Figure 5.1a, d). EOF1 indicates that the seasonal precipitation 

signals are much stronger over the tropical region (approximately 10–25°N; Figure 

5.1a), namely the Asian monsoon region (Figure 2.6). Asian monsoons regulate the 

seasonal precipitation variation over ESA, which is consistent with previous studies 
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(e.g., Wang and Chen, 2012; He et al., 2020). EOF2 and EOF3 of precipitation express 

a much lower fraction of spatiotemporal variance over ESA (approximately 11% and 

5%, respectively; Figure 5.1b–c). However, these two EOFs allow for the examination 

of other precipitation signals, which may be masked by strong seasonal variations. 

Precipitation EOF2 showed a clear spatial seesaw with a divider at approximately 

20°N (Figure 5.1b). EOF2 pattern also highlighted that South China had strong 

interannual signals (Figure 5.1b, d). Regarding to precipitation EOF3, there was also 

a seesaw pattern with a divider at approximately 20°N (Figure 5.1c). There are two 

regions over ESA with opposite precipitation variations, namely positive for South 

China and negative for the Indian subcontinent (Figure 4.4c), which is consistent with 

previous precipitation patterns. 
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Figure 5.1 EOFs (a–c) and PCs (d) of monthly precipitation. The percentage indicates 

the fraction of variance of EOFs. Red to blue color shades indicate different levels of 

dryness and wetness, respectively. 

To identify the most relevant climate drivers to precipitation, the correlations between 

precipitation PCs and all of the available indices from the Pacific Ocean and pressure 

indices related to the jet stream in East Asia were calculated (Table 5.1). Among nine 

climate indices, the ENSO, the North Sea Caspian Pattern (NCP), the Silk Road Pattern 

(SRP), and the NAO demonstrated significant relationships with precipitation PCs, 

especially the SRP (Table 5.1). The SRP had a very high positive correlation with 

precipitation PC1, thereby suggesting that the SRP mainly contributes to the seasonal 

variations in precipitation.  

Table 5.1 Correlations between precipitation PCs and climate indices. ‘Non’ indicates 

that the correlation is not significant (p-value > 0.05). 

 ENSO IPO PDO AltNino AMM AMO TIO NCP SRP NAO AO 

PC1 Non Non Non Non Non Non Non -0.241 0.825 -0.248 Non 

PC2 0.122 Non Non Non Non Non Non Non 0.254 Non Non 

PC3 Non Non Non Non Non Non Non -0.141 Non Non Non 

 

To explore these significant relationships at temporal and frequency scale, the WTC 

method was applied. Previous studies just directly use the WTC to correlate the 

hydroclimate variables and climate indices (e.g., Araghi et al., 2017; Chang et al., 2019; 
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Das et al., 2020). However, some hydroclimate variables, especially for precipitation, 

have very strong seasonal signals, which could be too strong to mask other signals. 

Then the WTC results may miss some important information. Therefore, in this study, 

the WTC is used to detect the relationships between climate indices and PCs of 

precipitation instead of precipitation variable. 

The ENSO was generally not related to PC1 of precipitation, but it still had some 

significant relationships during strong El Niño years at a 2-year time scale, such as 

1982–1983, 1986–1987, 1997–1998, and 2009–2010 (Figure 5.2a, Figure 5.3). The 

relationship between the ENSO and PC2 was mainly concentrated before 2000 at a 2–

4-year time scale, and there were in phase (Figure 5.2b). For PC3, its relationship with 

ENSO was significant before 2000 at a 4–8-year time scale with 1–2-year time lags 

(Figure 5.2c). Combining the relationships between the ENSO and three PCs, the 

effects of the ENSO on precipitation were more significant at interannual scales, which 

is consistent with the results in He et al. (2020), which indicated that the ENSO is 

significantly related to water storage variability at the interannual scale. The effects of 

the ENSO on precipitation were more dominant before 2000, which might have been 

related to the effects of PDO. A PDO phase shift occurred in 1999, in which it changed 

from a warm phase to a cold phase (Figure 5.4). Figures 5.3 and 5.4 illustrate that the 

El Niño (La Niña) signals were strengthened during the PDO warm (cold) phase during 

1981–2019, which has also been suggested in previous studies (Kurtzman and Scanlon, 

2007; Fuentes-Franco et al., 2016). During 1981 and 1999, there was a warm phase of 

PDO, and the effects of El Niño on precipitation over ESA were thus strengthened. 

After 1999, the warm and cold phase of PDO became much shorter (cold phase [1999–
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2003], warm phase [2003–2006], cold phase [2006–2014], and warm phase [2014–

2019]) compared with those in previous years (Figure 5.4). The frequent shifts of PDO 

phases may explain the insignificant relationships between the ENSO and precipitation 

during 2000 and 2019. 

Regarding to other climate factors, the NCP had discontinuous effects on the PC1 (i.e., 

seasonal signals) at 1-year time scales (Figure 5.2d). The left arrows indicate the 

negative effects of the NCP, which is consistent with previous correlation results (-

0.241 in Table 5.1). Except for the annual scale, the NCP had significant effects on 

precipitation PC2 at a 4–8-year time scale during 1991–2010 (Figure 5.2e). For PC3, 

similar significant effects of the NCP on interannual precipitation than for PC2 were 

found during 2000–2015 (Figure 5.2f). The SRP had very strong positive effects on 

precipitation at a 1-year scale (Figure 5.2g), which is consistent with the correlation of 

0.825 shown in Table 5.1. There were no time lags between the SRP and seasonal 

precipitation (Figure 5.2g). The SRP also had a significant effect on PC2, and this 

relationship has a 3-month time lag (Figure 5.2h). For PC3, the effect of the SRP was 

much weaker, but still significant at a 1-year scale (Figure 5.2i). A significant 

relationship between the SRP and precipitation at a 1-year scale was found for three 

PCs, which indicates that the SRP mainly contributes to seasonal precipitation. Similar 

to the NCP, the NAO had discontinuous negative effects (left arrows) on precipitation 

at a 1-year scale (Figure 5.2j–l). The NAO also had significant effects at a 2–4-year 

scale during 1990–2000 (Figure 5.2j–l). Overall, the SRP contributes to seasonal 

variations in precipitation, whereas the effects of the ENSO are more significant at 
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interannual scales. The effects of the NCP and the NAO on precipitation are much 

weaker than those of the ENSO and the SRP. 

 

Figure 5.2 WTC analysis of precipitation PCs (P-PCs) and ENSO (a–c). (d–f), (g–i), 

and (j–l) are similar to (a–c) but for NCP, SRP, and NAO. The thick black contour 

reflects the 5% significance level, and the edge effects boundary is marked by a thin 
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black line. The arrow directions indicate the phase lag (right: 0 degree; left: 180 degree; 

up: 270 degree; down: 90 degree).  

 

Figure 5.3 SST anomalies showing the warm, neutral, and cold phases of ENSO during 

1900–2019. 
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Figure 5.4 SST anomalies showing the warm and cold phases of PDO during 1900–

2019. 

5.2 Climate variability effects on spatial water and vegetation distribution over 

ESA 

The underlying climate drivers on precipitation were identified and their relationships 

with averaged precipitation at temporal scale were discussed in Section 5.1 based on 

WTC analysis. The effects of these climate drivers on spatial precipitation distribution 

were explored using regression maps (Figure 5.5). The effects of the ENSO on 

precipitation showed a seesaw pattern with positive effects in South China and 

negative effects in the South China Sea (Figure 5.5a). This pattern is consistent with 

that of the precipitation EOF2 (Figure 4.4b), thereby suggesting that the ENSO mainly 

contributes to precipitation variations at an interannual scale (similar results are shown 

in Table 5.1, namely a significant correlation between the ENSO and PC2). The NCP, 

SRP, and NAO had significant negative, positive, and negative contributions to 

precipitation over almost all of ESA, respectively (Figure 5.5b–d), which is consistent 

with the correlation results between climate indices and precipitation PC1 (i.e., 

seasonal precipitation; Table 5.1). Therefore, Figure 5.5b–d only shows the effects of 

the NCP, SRP, and NAO on seasonal precipitation. Strong seasonal signals may mask 

the results at other time scales, such as an interannual scale. To explore the effects of 

climate variability on precipitation distribution over ESA at different time scales, 

precipitation was replaced by SPI at four time scales (i.e., SPI-1, SPI-6, SPI-12, and 

SPI-24).  
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The regression maps of four climate indices on SPI at four time scales are presented in 

Figures 5.6–5.9. The effects of the ENSO on SPI at four time scales showed similar 

seesaw patterns to those of the effects on precipitation (Figures 5.6 and 5.5a). Focusing 

on the two interested regions detected in Section 4.1 (i.e., South China and the Indian 

subcontinent), the effects of the ENSO on precipitation were significantly positive in 

South China and negative in the Indian subcontinent (Figure 5.6). This suggests that 

the warm phases of the ENSO (i.e., El Niño) is related to wetting conditions in South 

China and drying conditions in the Indian subcontinent. During the 1981–2019 period, 

the warm phase of PDO shifted to the cold phase, which weakened the El Niño 

conditions and strengthened the La Niña conditions (Figure 5.3), which is consistent 

with the significant negative trend of the ENSO time series (Figure 5.10). Therefore, 

under the effects of the ENSO and PDO, South China was becoming drier, whereas 

the Indian subcontinent was becoming wetter, which is consistent with the 

precipitation trend pattern (Figure 4.2b). Moreover, the strength of the effects of the 

ENSO on precipitation varied among different time scales (Figure 5.6). The effects of 

the ENSO on drought were stronger at 6-month and 12-month time scales (Figure 5.6).  

The effects of the NCP on precipitation were more dominant at 1-month and 6-month 

scales, but not statistically significant at 12-month and 24-month scales (Figure 5.7). 

Generally, the positive phases of the NCP led to wetting conditions in South China and 

drying conditions in the Indian subcontinent (Figure 5.7a–b). Based on the trend 

analysis, although not statistically significant, the NCP showed a negative trend during 

1981–2019 (Figure 5.10). This negative trend caused a decrease in precipitation over 

South China and an increase in precipitation over the Indian subcontinent, which is 
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consistent with the precipitation trend (Figure 4.2b). The SRP only had significant 

effects on precipitation at a 1-month scale (Figure 5.8). The WTC analysis indicated 

that the SRP mainly contributed to seasonal variations in precipitation (Figure 5.2g–i). 

Compared with other time scales, the 1-month scale SPI showed more seasonal 

variation in precipitation. Therefore, the SRP only contributed to SPI-1, and it had 

positive effects in South China and negative effects in the Indian subcontinent (Figure 

5.8a). The SRP had strong seasonal variations and a negligible increasing trend (0.0001, 

not statistically significant; Figure 5.10). Therefore, the SRP mainly contributed to the 

seasonal variations in precipitation, but was not likely to affect the long-term variations 

in precipitation. The NAO demonstrated a similar pattern to that of the NCP, and its 

effects were more dominant at 1-month and 6-month scales (Figure 5.9). The NAO 

time series also showed a negative trend despite not statistically significant, which was 

related to drying conditions in South China and wetting conditions in the Indian 

subcontinent (Figure 5.9a–b). Overall, the four climate indices had similar effects on 

precipitation over South China (positive effects) and the Indian subcontinent (negative 

effects). The SRP only contributed to seasonal variations in precipitation, whereas the 

negative trends of the ENSO (NCP and NAO; not statistically significant) contributed 

to long-term precipitation variations (i.e., drying in South China and wetting in the 

Indian subcontinent).  

Large-scale ocean-atmosphere variability modulates regional energy and water 

circulations, which affect local vegetation variations. There were significant negative 

relationships between the NDVI and the ENSO/NCP/NAO in both South China and 

the Indian subcontinent (Figure 5.11a, b, d). The decreasing trends of the ENSO (NCP 
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and NAO; not statistically significant) could be associated with the NDVI increasing 

in those two regions, which is consistent with the NDVI trend results (Figure 4.1b). 

The SRP had a positive relationship with the NDVI in South China and a negative 

relationship with the NDVI in the Indian subcontinent (Figure 5.11c). Section 5.1 

mentioned that the SRP (no changes) contributions on precipitation mainly 

concentrated in seasonal scale instead of long-term trend. Therefore, the SRP is 

expected to have main contributions to seasonal variations in NDVI. 

 

Figure 5.5 Regression maps of ENSO (a), NCP (b), SRP (c), and NAO (d) on 

precipitation during 1981–2019. The black dots indicate that the regression 

coefficients are significant (p < 0.1). 
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Figure 5.6 Regression maps of ENSO on SPI at four time scales during 1981–2019. 

The black dots indicate that the regression coefficients are significant (p < 0.1). 
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Figure 5.7 Regression maps of the NCP on SPI at four time scales during 1981–2019. 

The black dots indicate that the regression coefficients are significant (p < 0.1). 
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Figure 5.8 Regression maps of the SRP on SPI at four time scales during 1981–2019. 

The black dots indicate that the regression coefficients are significant (p < 0.1). 
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Figure 5.9 Regression maps of NAO on SPI at four time scales during 1981–2019. The 

black dots indicate that the regression coefficients are significant (p < 0.1). 
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Figure 5.10 Time series (black line) with trend lines (red line) of ENSO, SRP, NAO, 

and NCP during 1981–2019. The values in the title show the trend values. p < 0.1 

indicates that the trend is statistically significant at p < 0.1, whereas “non” indicates 

that the trend values are not statistically significant. 
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Figure 5.11 Regression maps of ENSO (a), NCP (b), SRP (c), and NAO (d) on NDVI 

during 1981–2019. The black dots indicate that the regression coefficients are 

significant (p < 0.1). 
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Chapter 6 Underlying climate mechanisms related to 

circulation dynamics and thermodynamics  

Based on Chapter 5, the ENSO, NCP, SRP, and NAO have shown to have positive 

effects on precipitation over South China and negative effects on precipitation over the 

Indian subcontinent, which addresses one part of Question 2. In this chapter, the 

climate mechanisms related to regional circulations and vertical convection were 

identified to address the other part of Question 2. 

6.1 Regional circulation related to moisture flux 

Exploring moisture flux transport is of great help to understand precipitation variations. 

Figure 6.1 shows the mean state of the vertical integral of water vapor flux and its 

connections to the ENSO, NCP, SRP, and NAO. Over ESA, the climatological 

moisture patterns are controlled by prevailing westerly winds and Asian monsoons 

(Ren et al., 2016). Prevailing westerly winds bring moisture from Euro-Atlantic 

regions to the middle and high latitude regions of ESA, whereas south-westerly 

moisture fluxes from the Indian Ocean and south-easterly fluxes from the Pacific bring 

atmospheric moisture to ESA (Figure 6.1a). Westerly winds and monsoon moisture 

fluxes generally converge in the mid-latitude region (30–40°N) over China (Figure 

5.1b, d). The ENSO, NCP, and NAO are mainly negatively related to south-westerly 

moisture fluxes over ESA (Figure 6.1b, c, e). The ENSO has negative effects on MFD 

in South China (Figure 6.1b). It is suggested that the positive phases of the ENSO lead 

to more water in South China via the weakening of Asian monsoons. An anomalous 

anticyclone is evident in the East side the Indian subcontinent (Figure 6.1b), thereby 
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suggesting less precipitation. Therefore, the colder equatorial Pacific Ocean is related 

to less water in South China and more water in the Indian subcontinent. Similarly, the 

positive phases of the NAO and NCP weaken the Asian monsoons, causing more 

precipitation in South China, while being associated with an anomalous anticyclone in 

the Indian subcontinent, favoring drying conditions (Figure 6.1c, e). Based on the trend 

analysis, despite not statistically significant, the NAO and NCP decreased over the 

1981–2019 period, thereby leading to less precipitation over South China and more 

precipitation over the Indian subcontinent. The positive phases of the SRP strengthen 

Asian monsoons, and this is associated with an anomalous cyclone in the Indian 

subcontinent, favoring wetter conditions (Figure 6.1d). Moreover, during the positive 

phase of the SRP, the Asian westerly jet (AWJ) will be positioned northward, favoring 

wet conditions over northern China, while South China is becoming drier. 

Looking at the vertical integral of the water vapor flux map, the AWJ variations, which 

are closely related to the precipitation patterns over Asia (Peng and Zhou, 2017; Wang 

et al., 2018), are not clear. To further understand the AWJ patterns, wind regression 

maps at 200 hPa are presented in Figures 6.2. The mean state of the wind field at 200 

hPa was westerly (i.e., the AWJ) at 20–40°N, and the wind speed was the highest over 

East China and Japan (Figure 6.2a). To better explain the climate effects on the AWJ, 

the westerly at 20–30°N and 30–40°N is defined as the upper AWJ and the lower AWJ, 

respectively. The positive phases of the ENSO weaken the upper AWJ (Figure 6.2b). 

Previous studies have suggested that the positive phases of the ENSO may favor the 

southward position of the AWJ (Shaman and Tziperman, 2007; Yang, 2015). By 

changing the Walker circulation, the ENSO affected the tropical convection near 
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Indonesia and the Hadley circulation in the region, thereby affecting the north–south 

position of the AWJ (Yang, 2015). Based on our results, the upper AWJ is weakened 

by El Niño conditions, thus positioning the AWJ southward and promoting more 

precipitation over South China. The NCP and NAO strengthen the lower AWJ, thus 

positioning the AWJ southward and favoring wetter conditions over South China 

(Figure 6.2c, e). The positive phases of the SRP weaken the lower AWJ, i.e., the 

northward position of the AWJ (Figure 6.2d). Based on the definition of the SRP index, 

a positive SRP index (southerly anomalies) corresponds to a northward AWJ (Hong et 

al., 2018). Therefore, the meridional displacement of the AWJ can be regarded as the 

strengthening or weakening of the upper and lower AWJ: both the weakening 

(strengthening) of upper AWJ and the strengthening (weakening) of lower AWJ are 

regarded as the southward (northward) position of AWJ.  
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Figure 6.1 Mean state of the vertical integral of moisture flux (a) and the regression 

with ENSO (b), NCP (c), SRP (d), and NAO (e) during the 1981–2019 period. The 

magenta arrows in (a) are the moisture fluxes (kg·m-1·s-1) and the color shades are the 

moisture flux divergence (kg·m-2·s-1). The magenta and black arrows in (b–e) are 

significant and not significant results at 0.1 significance level, respectively. For the 

shaded area, only significant values are presented at the 0.1 significance level 

according to the t-test.  
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Figure 6.2 Mean wind state at 200 hPa (a) and the regressions with ENSO (b), NCP 

(c), SRP (d), and NAO (e) during the 1981–2019 period. The magenta arrows in (a) 

are the wind vectors (m·s-1) and the color shades represent the wind speed (m·s-1). The 

magenta and black arrows in (b–e) are significant and not significant results at 0.1 

significance level, respectively. For the shaded area, only significant values are 

presented at the 0.1 significance level according to the t-test.  
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6.2 Vertical convective activities related to thermodynamics  

Section 6.1 explores the regional circulation related to Asian monsoons and the AWJ. 

To explore the local convective activities related to precipitation, the OLR regression 

patterns are presented in Figure 6.3. For the mean state of OLR, low mean OLR values 

(< 200 W·m-2) associated with deep atmospheric convection were found over the 

equatorial land (e.g., Malaysia; Figure 6.3a). The low OLR values (< 200 W·m-2) over 

the Qinghai-Tibet region and the north part of ESA were also associated with cold 

temperatures (Figure 6.3a). High OLR values (> 280 W·m-2) were found over the 

Sahara and the Arabian Peninsula, where the climate is extremely hot and dry. The 

SLR values in South China and the Indian subcontinent were approximately 240–260 

W·m-2 and 260–280 W·m-2, respectively (Figure 6.3a). This suggests that South China 

receives more precipitation (more deep convection) than the Indian subcontinent, 

which is consistent with the annual mean precipitation patterns (Figure 4.2a). The 

ENSO has positive effects on OLR anomalies in the South China Sea and negative 

effects in South China (Figure 6.3b). In the tropics, OLR is a good indicator of deep 

convection; negative (positive) OLR anomalies would enhance (suppress) deep 

convection. Therefore, the warm phases of the ENSO enhance the deep convection in 

South China, and thus cause more precipitation. The NCP and NAO have similar 

effects on OLR anomalies, with positive effects in tropical regions and negative effects 

in other regions (Figure 6.3c, e). The effects of the SRP are opposite to those of the 

NCP and NAO (Figure 6.3c–e). In the Indian subcontinent, the NCP and NAO (SRP) 

suppress (enhance) the deep convection activities (Figure 6.3c–e). Overall, based on 

the trend analysis, the negative trends of the ENSO, NCP, and NAO cause less 
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precipitation over South China and more precipitation over the Indian subcontinent via 

the modulation of convective activities.  

Based on the results reported in Chapters 5 and 6, the relationships between large-scale 

ocean-atmosphere oscillations and vegetation conditions are established based on the 

regulation of precipitation distribution by regional moisture circulation and vertical 

convection, and the corresponding mechanisms are illustrated graphically in Figure 

6.4. Such established relationships are useful for the vegetation projections discussed 

in Chapter 7.  
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Figure 6.3 Mean state of OLR (a) and the regressions with ENSO (b), NCP (c), SRP 

(d), and NAO (e) during the 1981–2019 period. The magenta arrows in (a) are the wind 

vectors (m·s-1) and the color shades indicate the wind speed (m·s-1). The magenta and 

black arrows in (b–e) are significant and not significant results at 0.1 significance level, 

respectively. For the shaded areas, only significant values are presented at the 0.1 

significance level according to the t-test. 
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Figure 6.4 Schematic diagram showing the mechanisms of large-scale ocean-

atmosphere variability affecting regional precipitation through circulations and 

convection activities. 
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Chapter 7 Future projections of vegetation over ESA 

From Chapters 5 and 6, the ENSO, NCP, SRP, and NAO have been shown to have 

effects on hydroclimate precipitation and thus vegetation via the modulation of 

regional circulation related to Asian monsoons, the AWJ, and vertical convective 

activities. Moreover, the SRP contributes to the seasonal variation in precipitation, 

whereas the ENSO, NCP, and NAO contribute to long-term trend variations. This 

chapter addresses research Question 3 using CMIP5 outputs for four climate indices 

to explore how vegetation cover is likely to change during the 2050s and 2080s over 

ESA based on GAMs. To reduce the computation cost, the vegetation projections were 

limited to two interested regions, namely South China and the Indian subcontinent. 

The detailed calculation procedures of vegetation projections are illustrated in Figure 

7.1. 

 

Figure 7.1 The flowchart for illustrating the calculation procedures of vegetation 

projections. Referenced climate indices indicate the climate indices (i.e., ENSO, NCP, 
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SRP and NAO) derived from ERA5 and ERSSTv.5 datasets. BC-climate indices are 

the ENSO, NCP, SRP and NAO indices from six CMIP5 models after bias-correction. 

7.1 Bias correction and cross-validation 

The ENSO, NCP, SRP, and NAO indices were computed for six CMIP5 models and 

bias-corrected to develop future scenarios for vegetation cover using GAMs. Figure 

7.2 shows the bias-corrected CDF results against the original CDFs from the reference 

datasets and the CMIP5 model outputs for the historical scenarios (i.e., 1950–2005). 

The ENSO index derived from the CMIP5 outputs overestimated negative values and 

underestimated positive values for ACCESS1, bcc, CNRM, and IPSL, whereas the 

GFDL and MPI-derived ENSO values matched well with the referenced values (Figure 

7.2). For the NCP index, almost all models had high agreement with the reference 

dataset (Figure 7.2). The SRP index derived from the CMIP5 outputs overestimated 

the values between -0.15 and -0.05 and underestimated the values over -0.05 for almost 

all of the models (Figure 7.2). The NAO index derived from the CMIP5 model 

underestimated negative values and overestimated positive values for six models 

(Figure 7.2). After the bias corrections, the CDFs of the climate indices derived from 

CMIP5 matched well with their reference distributions (Figure 7.2). Before projecting 

the NDVI, the GAM was also cross-validated in both South China and the Indian 

subcontinent (Figure 7.3). The CVE values of the GAM in both South China and the 

Indian subcontinent were lower than 0.1, thereby suggesting that the GAM performed 

adequately for predicting NDVI variations over the study period (Figure 7.3). 
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Figure 7.2 Comparison of the empirical cumulative distribution functions (CDFs) of 

referenced (i.e., ERA5 and ERSSTv.5 datasets, called reference for simplicity), 

modeled, and bias-corrected (BC)-modeled climate indices from the ACCESS1 (a), 

bcc (b), CNRM (c), GFDL (d), IPSL (e), and MPI (f) models during the historical 

period (i.e., 1950–2005).  
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Figure 7.3 LOOCV-based CVE for the estimated NDVI during 1981–2019 based on 

the generalized additive models in South China (a) and the Indian subcontinent (b). 

7.2 NDVI future scenarios 

Using cross-validated GAMs, the bias-corrected ENSO, NCP, SRP, and NAO indices 

were used to project NDVI values for two RCP scenarios (RCP 4.5 and RCP 8.5). To 

evaluate the performances of different climate models for estimating the NDVI, bias 

between the GIMMS NDVI and the modeled NDVI based on climate indices during 

historical period (i.e., 1981-2005) were calculated over South China (Figure 7.4错误!

未找到引用源。) and the Indian subcontinent (Figure 7.5错误!未找到引用源。). 

The bias values of the modeled and GIMMS NDVI were generally lower than 0.05 

over South China (Figure 7.4). Except for MPI model, the modelled NDVI based on 

other five models were underestimated compared to GIMMS NDVI (Figure 7.4). In 

addition, for different models, the MPI model generally performed better than the other 

models in terms of bias values (lower than 0.01; Figure 7.4). Over the Indian 

subcontinent, the bias values were also lower than 0.05 (Figure 7.5). NDVI values 
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from ACCESS1, bcc, CNRM, GFDL and IPSL were underestimated over most regions, 

but overestimated over northern and southern parts (Figure 7.5a-e). For MPI model, 

the NDVI values were generally overestimated over the whole Indian subcontinent 

(Figure 7.5f). For both South China and Indian subcontinent, ACCESS1, bcc, CNRM, 

GFDL and IPSL models performed similarly, while MPI had different performance. 

Figures 7.6–7.9 show the percentage change (%) in the NDVI during the 2050s (2040–

2059) and the 2080s (2070–2099), simulated by six models under RCP 4.5 and RCP 

8.5 over South China and Indian subcontinent. During the 2050s, both RCP 4.5 and 

8.5 models projected a 0–10% decrease in vegetation cover over South China (Figure 

7.6a–f, Figure 7.7a–f). During the 2080s, almost all models under both scenarios 

projected that vegetation will decrease (Figure 7.6g–l, Figure 7.7g–l). For different 

models, ACCESS1, GFDL, and IPSL projected a higher decrease (approximately 6–

10%), whereas MPI indicated a small decrease of approximately 0–2% for the two 

periods (2050s and 2080s) under both RCP 4.5 and RCP 8.5 (Figure 7.6 , Figure 7.7 ). 

Overall, the NDVI projections suggest that the current climate patterns will lead to a 

reduction in vegetation in the 2050s and 2080s over South China.  

For Indian subcontinent, during the 2050s under both RCP 4.5 and RCP 8.5, ACCESS1, 

bcc, CNRM, IPSL and MPI models showed vegetation decrease over most regions, 

while GFDL model projected a vegetation increase (Figure 7.8a-f, Figure 7.9a-f). 

During the 2080s, under both RCP 4.5 and RCP 8.5, ACCESS1, bcc, CNRM, and 

IPSL models showed that the vegetation will decrease, while GFDL and MPI models 

projected a vegetation increase (Figure 7.8g-l, Figure 7.9g-l). Overall, ACCESS1, bcc, 

CNRM, and IPSL models suggested the vegetation decrease in both 2050s and 2080s, 
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GFDL model projected vegetation increase in both 2050s and 2080s. Moreover, MPI 

model showed that the vegetation will first decrease in the 2050s, and then decrease in 

the 2080s.   

 

Figure 7.4 Bias (a–f) between GIMMS-based and modelled NDVI from the six CMIP5 

models during historical period (i.e., 1981-2005) over South China.  
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Figure 7.5 Bias (a–f) between GIMMS-based and modelled NDVI from the six CMIP5 

models during historical period (i.e., 1981-2005) over the Indian subcontinent.  
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Figure 7.6  Percentage change (%) in NDVI for the 2050s (2040–2059; a–f) and the 

2080s (2070–2099; g–l) simulated by six models under RCP 4.5 with respect to mean 

values during 1981–2019 over South China. 
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Figure 7.7  Percentage change (%) in NDVI for the 2050s (2040–2059; a–f) and the 

2080s (2070–2099; g–l) simulated by six models under RCP 8.5 with respect to mean 

values during 1981–2019 over South China.  
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Figure 7.8 Percentage change (%) in NDVI for the 2050s (2040–2059; a–f) and the 

2080s (2070–2099; g–l) simulated by six models under RCP 4.5 with respect to mean 

values during 1981–2019 over Indian subcontinent. 
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Figure 7.9 Percentage change (%) in NDVI for the 2050s (2040–2059; a–f) and the 

2080s (2070–2099; g–l) simulated by six models under RCP 8.5 with respect to mean 

values during 1981–2019 over Indian subcontinent.  
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Chapter 8 Discussion  

In this synthesis section, the major findings of the study are interpreted and compared 

with those of previous relevant studies in this chapter. Data uncertainty and limitations 

related to the overall study outcome are also discussed. The results in previous chapters 

(Chapter 4-7) are summarized in the flowchart showing the mechanisms of ocean-

atmosphere climate variability effects on vegetation through the modulation of 

precipitation distribution related to Asian monsoons, AWJ and deep convection 

activities (Figure 8.1). 

 

Figure 8.1 The flowchart for the mechanisms of ocean-atmosphere climate variability 

effects on vegetation. The line arrows represent the linkages between variables, and 

bold arrows are the trends of variations between 1981 and 2019. The blue symbols are 

for positive relationships or increasing trends, and red symbols are for negative 

relationships or decreasing variations. The dotted black box indicates no changes for 
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the variables (i.e., SRP). The dotted orange and blue boxes represent the water-limited 

region and energy-limited region, respectively.  

8.1 Comparison with previous studies on regional climatology and vegetation 

dynamics   

8.1.1 Vegetation and precipitation patterns over South China and the Indian 

subcontinent  

In this study, the spatiotemporal changes in vegetation cover and water variability over 

ESA between 1981 and 2019 were investigated. Since 1981, most parts of ESA have 

become increasingly green, especially South China and the Indian subcontinent. The 

greening vegetation pattern generally agrees with the vegetation restoration in South 

China in previous studies (Hua et al., 2017; Liu et al., 2020). Increasing vegetation 

trends in the Indian subcontinent have also been found in many studies (Jeyaseelan et 

al., 2007; Kamble et al., 2010; Lakshmi Kumar et al., 2013; Nischitha et al., 2014; 

Kundu et al., 2018). Vegetation cover is significantly directly related to local 

precipitation and temperature (Cui and Shi, 2010; Li et al., 2015a; Xu et al., 2016). 

Regarding water variability, South China showed a drying trend, whereas the Indian 

subcontinent showed a wetting trend during 1981–2019. Both South China and the 

Indian subcontinent have experienced warming temperatures during the past four 

decades. South China is an energy-limited region, and its vegetation is more likely to 

be restricted by temperature. Wu and Zhao (2010) suggested that the temperature 

impacts on vegetation growth are more pronounced than those of precipitation over 

South China. Therefore, although South China is drying, the region shows vegetation 

greening due to greater energy availability, which is consistent with the results of 
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Wang et al. (2016). The Indian subcontinent is a water-limited region, i.e., the 

vegetation there is mainly controlled by the water supply. More precipitation promotes 

vegetation growth over the Indian subcontinent. Consistent changes in vegetation 

cover and precipitation over the Indian subcontinent have been demonstrated (Kamble 

et al., 2010; Revadekar et al., 2012; Kundu et al., 2018). Many studies have suggested 

that precipitation has dominant effects on vegetation growth over Indian regions 

compared with other factors, such as temperature (Dubey et al., 2012; Nischitha et al., 

2014; Kundu et al., 2018). 

8.1.2 Response of vegetation and precipitation to large-scale teleconnections  

The vegetation greening over South China and the Indian subcontinent can be 

explained by the combined effects of local water and the energy dynamics associated 

with large-scale teleconnections (i.e., the ENSO, NCP, SRP, and NAO). For South 

China, Meng et al. (2011) suggested that the abrupt changes in vegetation in 1983 

could be attributed to the effects of the ENSO. The ENSO affects vegetation patterns 

via the modulation of precipitation distribution. The positive phases of the ENSO lead 

to more water in South China via the weakening of Asian monsoons, which agrees 

with the results of previous studies (Lin et al., 2017; He et al., 2020). Moreover, the 

warm phases of the ENSO enhance the deep convection in South China, thereby 

causing more precipitation. Due to Walker circulation and Hadley circulation, the 

ENSO can affect the north–south position of the AWJ (Yang, 2015). During El Niño 

episodes, the AWJ position is southward, thereby leading to more precipitation over 

South China. This relationship between the ENSO and the meridional displacement of 

the AWJ has been found in previous studies (Shaman and Tziperman, 2007; Yang, 
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2015). In addition, El Niño events could lead to an anomalous anticyclone near the 

Indian subcontinent, thus leading to less precipitation and vegetation. Consistent with 

our results, Lakshmi Kumar et al. (2013) found that there is more vegetation during La 

Niña episodes and less vegetation during El Niño episodes. Moreover, Rishma and 

Katpatal Yashwant (2016) suggested that vegetation-covered areas over Indian regions 

are smallest during El Niño periods and largest during La Niña periods.  

With the exception of Pacific SST variability, large-scale atmospheric teleconnections 

have also been widely found to affect vegetation growth. The positive phases of the 

NAO and NCP weaken Asian monsoons and enhance local deep convections, thereby 

causing more precipitation over South China, while being associated with a high-

pressure center in the Indian subcontinent, and thus less water and harmful conditions 

for vegetation growth. The NAO and NCP could also affect precipitation and 

vegetation patterns by affecting the meridional displacement of the AWJ. The NAO 

has been found to regulate the precipitation and temperature patterns over Eurasia (Li 

et al., 2013b; Folland et al., 2015; Rust et al., 2018; Xie et al., 2019) and thus affect 

vegetation growth (Gong and Shi, 2003; Li et al., 2016; Ji and Fan, 2019). The effects 

of the NCP on temperature and precipitation have been mainly studied for the East 

Mediterranean (Hatzaki et al., 2007; Tatli, 2007) and surrounding European regions 

(Kutiel and Türkeş, 2005; Brunetti and Kutiel, 2011). In this study, the NCP impacts 

on the precipitation and vegetation are extended to the ESA region via the influences 

of the AWJ. The positive phases of the SRP, which correspond to the northward AWJ 

(Hong et al., 2018), cause less precipitation over South China. In the Indian 

subcontinent, positive SRP enhances deep convection activity and thus causes more 
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precipitation. Previous studies have suggested that the SRP could affect the 

temperature and precipitation patterns over Eurasia (Enomoto, 2004; Ding and Wang, 

2005), such as over Japan (Krishnan and Sugi, 2001) and China (Chen and Huang, 

2012; He et al., 2017). These previous studies and our study demonstrated the effects 

of SRP on precipitation, which could affect vegetation growth. 

8.1.3 Future vegetation projection 

Although many studies have explored the relationships between NDVI and climate 

indices, few studies projected future NDVI patterns using climate indices. Zhou et al. 

(2020) used regional climate variables like precipitation, temperature and ET to 

estimate the NDVI instead of teleconnection indices. The precipitation, temperature 

and ET derived from climate models are less reliable compared to regional circulation 

pattern. The temperature and precipitation are related to the vertical convections, and 

CMIP5 models did not have convective schemes (Taylor et al., 2012; Sabeerali et al., 

2015; Almazroui et al., 2016). Moreover, previous studies usually using linear 

regression models for vegetation estimation (Zhou et al., 2020). In this study, the SRP 

contributes to the seasonal variation in precipitation and NDVI, whereas the ENSO, 

NCP, and NAO contribute to long-term trend variations. To simulate both seasonal 

and long-term contributions of climate indices, the GAMs are used to simulate the 

empirical both linear and nonlinear relationship. Based on the empirical linear 

relationship of precipitation and ET with NDVI, Zhou et al. (2020) found an increasing 

trend in vegetation over South China, which is not consistent with the result in this 

study. Such inconsistency may be attributed to the human impacts on vegetation 

growth due to rapid urbanization (Zhao et al., 2018). Based on the IPCC report (IPCC, 
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2021), Over South China, the precipitation is decreasing and temperature is increasing 

in the future. The continuous precipitation decline may shift the South China from 

energy-limited to water-limited, and thus leading to the vegetation decline, consistent 

with vegetation projection results derived from 6 models. In addition, vegetation 

projection has seasonal differences (Zhou et al., 2020), and teleconnections also has 

significant seasonal differences (Wang et al., 2013; Hermanson et al., 2018; Hamouda 

et al., 2021). Therefore, the seasonal impacts of teleconnections on regional 

precipitation and vegetation over ESA are worth further investigation. Moreover, the 

climate impacts on vegetation can be quite different among regions related to the 

water-limited and energy-limited characteristics. Therefore, the future dynamic 

changes of vegetation in different regions need to be further studied. 

8.2 Data uncertainty 

The robustness of our results was determined by the accuracy of the GIMMS-derived 

and the MODIS-derived NDVI. The GIMMS NDVI dataset was derived from AVHRR 

sensors. The data quality of GIMMS NDVI products has been improved by calibration 

and atmospheric correction (Slayback et al., 2003). Moreover, to reduce the varying 

solar zenith angle effects, a satellite drift correction process (Empirical Mode 

Decomposition transformation method) has been applied to the GIMMS NDVI dataset 

(Pizon, 2005). The MODIS NDVI dataset has been recognized as an improvement of 

NDVI products based on AVHRR (Huete et al., 2002). Therefore, long-term NDVI 

time series (i.e., 1981–2019) were derived based on both the GIMMS and MODIS 

NDVI datasets in this study. The two NDVI datasets were statistically compared. The 

correlation values were generally larger than 0.5 over ESA, except for in barren regions, 
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and the RMSE values were lower than 0.1. Fensholt and Proud (2012) found that the 

NDVI trends from GIMMS are generally consistent with the that from MODIS. The 

reliability of the GIMMS and MODIS NDVI in monitoring vegetation conditions has 

been proven in multiple studies (Beck et al., 2011; Mkhabela et al., 2011; Fensholt and 

Proud, 2012; Wu et al., 2014).  

8.3 Research Limitations 

Vegetation growth is mainly affected by global and regional climate changes (Cui and 

Shi, 2010; Li et al., 2015a; Xu et al., 2016), land use changes (Tasser and Tappeiner, 

2002; Dirnböck et al., 2003; Fernandes et al., 2011), shifts in water distribution (Du et 

al., 2011; Tang et al., 2017), and CO2 fertilization (Schimel et al., 2000; Los, 2013; 

Yang et al., 2016). Land use changes and CO2 fertilization are closely related to human 

effects, which can significantly contribute to vegetation growth. For example, to 

protect and restore the ecological environment, the Chinese government implemented 

the Grain to Green Project (GTGP) in 1999 (Li et al., 2015a). The nonconsistency of 

NDVI estimation based on climate variability from different climate models over the 

Indian subcontinent might have been attributed to the lack of consideration of human 

effects. Jeyaseelan et al. (2007) indicated that Indian vegetation greenness is not highly 

related to precipitation and that it could mainly be driven by land cover transformations. 

However, many studies have suggested that precipitation has dominant effects on 

vegetation growth over South China and Indian regions (Dubey et al., 2012; Nischitha 

et al., 2014; Kundu et al., 2018; Zhou et al., 2020). The relative importance of climate 

and human effects on vegetation growth are not consistent across studies. This could 

be attributed to the difficulties in quantifying human effects. Similarly, due to the lack 
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of information on human effects, human effects were not considered in this study. The 

changes of NDVI under different scenarios indicate the deforestation risk over both 

China and Indian subcontinent in this study. Even without the human effects, the NDVI 

projection based on climate variability can provide a rough indication of future 

vegetation scenarios in the absence of major land changes, which can provide vital 

insights for regional water and vegetation management. Overall, the impacts of human 

activities such as national policies should be paid more attention on the vegetation 

growth in the future. If the afforestation polices like the GTGP are consistently 

implemented, the future deforestation risk caused by climate changes my be reduced. 
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Chapter 9 Conclusion 

This chapter concludes this thesis by summarizing the research findings and 

identifying the primary contribution to knowledge. Suggestions for future research 

topics are also presented. 

9.1 Research summary 

Based on satellite and reanalysis datasets, the spatiotemporal patterns of vegetation 

and precipitation and their underlying climate drivers over ESA from 1981 to 2019 

were explored using multiple methods. Based on the relationships between NDVI and 

climate factors, future vegetation scenarios were projected for the 2050s and 2080s 

using CMIP5 models. The following are the main findings for addressing three 

research questions in this study: 

1) In terms of vegetation and water variations, there are two interested regions for 

water and vegetation conditions over ESA, namely South China and the Indian 

subcontinent. South China showed a drying trend during 1981–2019, but it had 

more vegetation. Over the Indian subcontinent, both water and vegetation 

showed an increasing trend. The majority of South China is energy-limited (i.e., 

temperature is the major contributor to vegetation growth), whereas the Indian 

subcontinent is water-limited (i.e., precipitation effects are dominant). 

Therefore, the vegetation over South China is increasing despite the drying 

conditions because of more available energy provided by warming 

temperatures. For the Indian subcontinent, both the increasing water and 

warming temperatures promote vegetation growth. Moreover, based on 
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Budyko analysis, some regions of South China are changing from energy-

limited to water-limited due to the continuous precipitation decline during the 

past decades. If such a condition continues, then future vegetation growth will 

be restricted by water decline, thereby threatening water and food security.  

2) The PCA results also indicate two regions with significant precipitation 

variations, namely South China and the Indian subcontinent. The precipitation 

patterns are significantly related to the ENSO, NCP, SRP, and NAO among 

different SST and pressure oscillations. The ENSO, NCP, and NAO have 

positive effects on precipitation over South China and negative effects on 

precipitation over the Indian subcontinent. The SRP contributes to seasonal 

variations in precipitation, whereas the effects of the ENSO on precipitation 

are more significant at interannual scales. The effects of the NCP and NAO on 

precipitation are much weaker than those of the ENSO and SRP. According to 

the trend analysis of climate indices, the ENSO, NCP, and NAO showed 

negative trends, whereas the SRP showed a negligible increasing trend. Under 

the negative trends of the ENSO, NCP, and NAO, South China is becoming 

drier, whereas the Indian subcontinent is becoming wetter. The ENSO, NCP, 

and NAO variability cause vegetation greenness in both South China and the 

Indian subcontinent via the modulation of precipitation and the effects of local 

warming temperature. 

3) The effects of the ENSO, NCP, SRP, and NAO on spatiotemporal variability 

in precipitation are related to regional moisture flux circulations and vertical 

convections. The positive ENSO and negative SRP weaken Asian monsoons 
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and enhance local deep convections, and thus causing more precipitation over 

South China, while being associated with an anomalous anticyclone in the 

Indian subcontinent, and thus less water there. Moreover, the climate 

oscillations affect the AWJ via Walker and Hadley circulation. The positive 

phases of the ENSO lead to the southward position of the AWJ, thereby causing 

more precipitation over South China. Differently, a positive SRP corresponds 

to the northward position of the AWJ. 

4) Based on the relationships developed between climate indices and the NDVI, 

all six CMIP5 models under two RCPs projected a 0–10% decrease in 

vegetation cover during both the 2050s and 2080s over South China, while 

most models also projected the vegetation decrease during both the 2050s and 

2080s over Indian subcontinent. Against the background of global warming 

and climate variability, the living conditions for vegetation will reach a tipping 

point from energy-limited to water-limited over South China. At this tipping 

point, the direct vulnerability and susceptibility of vegetation will gradually 

and seriously increase. That is why the vegetation covers are shifted from 

increasing trend over past four decades to decreasing trend during 2050s and 

2080s. For Indian subcontinent, it is already water-limited. Under the warming 

conditions, the region may become direr (more water will be evaporated), and 

then has a potential risk of desertification. 

9.2 Research contributions 

First, the reliability and application of long-term remote sensing NDVI observation 

data for regional vegetation over ESA were assessed. Also, the feasibility of combining 
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two NDVI datasets to extend the length of the dataset was demonstrated. Furthermore, 

the spatiotemporal patterns of long-term vegetation and precipitation over ESA were 

explored, and two interested regions for vegetation and precipitation changes were 

identified. The living conditions for vegetation (i.e., energy-limited and water-limited) 

were used to explain the impacts of precipitation and temperature on vegetation growth.  

Second, the contributions of ocean-atmosphere oscillations to precipitation and thus 

vegetation patterns were examined. The temporal and spatial differences in the 

climatic effects of different oscillations were also explored at different time scales. 

Moreover, the corresponding mechanisms related to regional moisture flux 

circulations, including Asian monsoons and the AWJ, and vertical convection 

activities were investigated and interpreted. Moreover, it is found that the meridional 

displacement of the AWJ can be regarded as the strengthening/weakening of the upper 

(i.e., the westerly at 20–30°N) and lower AWJ (i.e., the westerly at 30–40°N). For 

example, the southward position of the AWJ caused by the ENSO was actually the 

result of the upper AWJ weakening. 

Finally, the robustness of GAM for vegetation estimation using ocean-atmosphere 

variability, are statistically cross-validated over South China. The CDF bias correction 

process was demonstrated to be a good method for improving the performance of 

CMIP5 models in producing ocean-atmosphere climate indices. The future vegetation 

degradation risks under different climate scenarios over South China and Indian 

subcontinent were projected. Such emerging risk should be emphatically considered 

for future land-use, landscape, and eco-environmental management in the region. 
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9.3 Future work 

Only two remote sensing NDVI datasets were used to monitor vegetation patterns, and 

their accuracy was not validated using in situ observations due to data availability 

limitations. It is important to collect observational records of vegetation in the future 

to improve the accuracy of remote sensing datasets. Different correction methods 

should also be applied to improve the accuracy of NDVI datasets.  

In this study, the vegetation explorations and projections are based on the climate 

impacts on vegetation growth. In future work, the effects of humans on vegetation 

patterns will be considered using the theoretical framework involving the Budyko and 

water balance equations proposed by Abera et al. (2019), and the relative contributions 

of climate and human effects in different regions will also be identified. In addition, 

because the new generation of CMIP models (i.e., CMIP6) is not complete, CMIP5 

models were used. After the completion and improvement of CMIP6 models, multiple 

CMIP6 models will be used for future vegetation projections. In addition, there are 

seasonal difference in vegetation growth and climate variability. The seasonal analysis 

of the vegetation distributions and the its responses to climate variability during both 

historical and future period will be further investigated.   
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