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Abstract 

The local climate zone (LCZ), as a new landscape classification standard, divides 

landscape characteristics into ten built (LCZs 1-10) and seven land-cover (LCZs A-

G) types. The LCZ-based landscape planning has the potential to optimize 

landscape services. However, the LCZ has yet to be used to integrate multiple 

landscape services in social-ecological systems, despite its wide use in urban 

climate studies. Moreover, most LCZ research has insufficient geospatial evidence, 

such as LCZ spatial layouts. As a result, this study can be the first to use LCZs to 

integrate three landscape services – thermal comfort, drought mitigation, and 

walkability – as a whole into the landscape planning context, by proposing a new 

GLCZ-3Ser planning framework. Using a geospatial perspective, the GLCZ-3Ser 

framework, which was examined in the Guangdong-Hong Kong-Macau Greater 

Bay Area (GBA), China, allowed providing both compositional and configurational 

evidence while taking into account local geographical data for developing LCZ-

based solutions to improve three landscape services simultaneously. Specifically, 

the GLCZ-3Ser framework measured the spatial patterns of LCZ compositions and 

configurations using Hot Spot Analysis, FRAGSTATS, and Principal Component 

Analysis. The landscape services of thermal comfort, drought mitigation, and 

walkability were quantified using the proxies of the thermal index, drought index, 

and accessibility and wayfinding, respectively. Emerging Hot Spot Analysis and 

Spatial Design Network Analysis were used to understand the spatiotemporal 

patterns of landscape services. Furthermore, both homogeneous and spatially-

heterogeneous effects of LCZ-based landscape on landscape services were revealed 

using multiple linear regression (MLR) and geographically weighted regression 

(GWR). The GLCZ-3Ser-driven findings included that 1) regional LCZ 
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compositions saw an increase in built types (LCZs 1-10) at the expense of land-

cover types (LCZs A-G), with the compact high-rise type (LCZ 1) expanding nearly 

11 times, from 2009 to 2019. Regional configuration was fragmenting, with the 

western cities experiencing a greater degree of fragmentation than the eastern cities. 

2) from 2009 to 2019, regional centers had greater increases in thermal stress than 

coastal southern areas. The GBA became wetter, with higher drought risks in the 

north. Low levels of walkability also can be observed, with HK having the best 

accessibility aspect and Huizhou having the best wayfinding aspect. 3) according 

to MLR and GWR models, the proportional changes in the large low-rise (LCZ 8), 

scattered trees (LCZ B), shrublands (LCZ C), and low plants (LCZ D) should be 

focused on the thermal comfort and drought mitigation. Increased compact high-

rise (LCZ 1) promoted walkability. Moreover, dispersed distributions of compact 

high-rise (LCZ 1), compact mid-rise (LCZ 2), and open high-rise (LCZ 4) were 

preferable for a thermally comfortable region with lower drought risks, while an 

aggregated distribution of dense trees (LCZ A) was desirable to improve walkability. 

In conclusion, this study extends the LCZ scheme that was previously only used in 

urban meteorology to the hydrological and human walking fields, and also 

emphasizes the locally-varying information and landscape configurational 

characteristics in landscape planning. Integrating three landscape services, this 

GLCZ-3Ser-driven study complements theoretical and empirical research on 

geospatial LCZ-based landscape planning. 

 

Keywords: Local climate zone (LCZ); Landscape compositions and configurations; 

Thermal comfort; Drought mitigation; Walkability; Geospatial 
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Chapter 1 Introduction 

1.1 The roles of landscape in environmental and social sustainability 

Intensive human activity with an ever-increasing population is the 

overwhelming factor driving global environmental changes. With a population 

expected to reach 9 billion by 2050, humanity has been pushed into the 

Anthropocene (Griggs et al., 2013; Steffen et al., 2011). In other words, 

anthropogenic impacts on the natural system are increasingly significant, resulting 

in a more unsustainable development mode over time. For thriving societies, a well-

functioning earth system is required to respond to Sustainable Development Goals 

(SDGs) for achieving sustainable environments and human societies around the 

world (United Nations, 2015; Sachs, 2012). For example, SDG 6 – Clean Water and 

Sanitation – is set to respond to water security issues, such as integrated water 

resource management for natural disaster reductions. SDG 11 – Sustainable Cities 

and Communities – is the guidance on human wellbeing. SDG 13 – Climate Action 

– aims for climate change adaptations and mitigations such as reducing urban heat 

stress and heat-related mortality.  

 The ‘landscape approach’ is regarded as the most promising tool by the Global 

Landscapes Forum (Bürgi et al., 2017) to achieve SDGs. While the SDGs are global 

agenda, Thaxton et al. (2015) claimed that landscape-scale solutions that support 

natural resource management and ecosystem service provisions for human life are 

needed. They also found that the landscape approach can make direct contributions 

to 16 of all 17 SDGs. Estrada-Carmona et al. (2014) investigated the 104 SDGs 

initiatives in 21 countries and found that the landscape approach is becoming more 

popular in responding to environmental and social challenges in different contexts. 

It means that the potential of the landscape approach to land management for 
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fulfilling SDGs has been identified (Mann et al., 2018; Freeman et al., 2015; Frost 

et al., 2006). Specifically, the landscape approach seeks to provide tools and 

concepts for allocating and managing land to achieve social, economic, and 

environmental objectives in given areas (Sayer et al., 2013). Participatory and 

cross-sectoral processes (Freeman et al., 2015) allow for adaptive management and 

urban resilience by integrating and addressing trade-offs between environments and 

societies. From strategic and practical perspectives, the landscape approach is a 

multifaceted and integrated strategy that involves multiple stakeholders and sectors 

to address the increasingly widespread and complex environmental, economic, 

social, and political challenges that typically transcend traditional management 

boundaries via the efforts of multiple stakeholders and sectors (Reed et al., 2014). 

The landscape approach thus has the potential to achieve co-benefits of promoting 

social development, ensuring human wellbeing, and controlling environmental 

degradation (Reed et al., 2016) for the integrated human and environmental systems. 

 In summary, the landscape approach is regarded as one of the most promising 

tools to achieve Sustainable Development Goals, due to two facts. Firstly, the 

landscape defines the solution scale. Instead of street or building scale, the 

landscape scale covers a larger spatial extent where biota, materials, and energy 

exist and flow. It implies that multiple systems in a landscape, corresponding to the 

ecological and social subsystems in the landscape definition. Secondly, the 

landscape approach is a broadly multifaceted and integrated framework that 

incorporates the policies and practices for multiple land use. The landscape 

approach is thus required to combine multiple benefits people value for collectively 

responding to environmental and social challenges. 
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1.2 Two sub-systems of landscape: nature and human 

1.2.1 Landscape as a social-ecological system 

Understanding the landscape term is the foundation of both environmental and 

social sustainability. In academia, there are several versions of the landscape 

concept. The most initial interpretation viewed the landscape as a territory, an object, 

or a purely natural phenomenon (Arntz & Muir, 1999), which always existed 

independent of human beings, such as mountains, valleys, etc. With the 

Anthropocene, the human roles in the landscape are recognized. When the social-

economic constitution of the landscape is being emphasized, human construction is 

also categorized as landscape elements, such as industries and shops (Görg, 2007). 

Typically, the landscape was seen as a mixture of all spatially distributed elements 

above and below the surface (Kaplan, 2009), including both natural and artificial 

(built) environments and their formal relationships (Sirneoforidis, 1993). Apart 

from the man-made landscape elements, more intangible aspects, such as social 

perceptions of landscape, are receiving increased attention. For example, studies on 

soundscape, emergent recently, are expected to improve the human acoustic 

experience in a landscape. Then, the landscape concept evolves into a combined 

social-ecological interpretation, as material and immaterial factors in the landscape 

cannot be considered separately (Naveh, 2007). The landscape is viewed as a whole 

with implications for both humans and nature in most recent studies (Angelstam et 

al., 2013; Antrop, 2006; Antrop, 2000). Hence, the understanding of landscape has 

evolved from the human-in-nature to human and nature. In other words, the nature 

of a landscape is a social-ecological system in which the natural environment and 

human activities interact for human sustainability and well-being through land use 

management (Antrop, 1998; Council of Europe, 2000). Theoretically, the landscape 
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also has roots in multiple disciplines, including landscape ecology, landscape 

aesthetics, and natural and cultural geography (Plieninger et al., 2015). 

1.2.2 Climate changes and hydrological hazards in nature systems 

Climate change is a pressing issue in the natural system, which poses 

significant but uncertain and complex threats to the earth system and environmental 

sustainability (Trombetta, 2008). Human-induced global warming can be the most 

prominent consequence of climate change, which has risen considerably in the last 

30 years at a rate of approximately 0.2 ℃ per decade (Mohtar, 2017; Hansen et al., 

2006) and is projected to exacerbate in the 21st century (Braganza et al., 2004; Karl 

et al., 2009). Apart from air temperature, climate change also affects the magnitude 

or spatial distribution of relative humidity and wind speed (Jung & Schindler, 2019). 

For example, Young et al. (2011) observed a global trend of increased wind speed. 

In China, there was a decrease in mean wind speed between 1956 and 2004, which 

will continue until 2100 (Jiang et al., 2010). Meantime, the projection showed a 

significant decrease in relative humidity responding to greater warming (Fischer & 

Knutti, 2013). Individual climate variables have combined effects on thermal 

comfort by affecting heat stress. Heat stress, as a direct threat from climate change 

(Coffel et al., 2018), has exhibited a long-term trend of becoming more frequent, 

longer-lasting, and intense (Li et al., 2019; Luo et al., 2020; Perkins et al., 2012; 

Perkins-Kirkpatrick & Lewis, 2020). 

Apart from heat stress, climate change also affects the intensity of precipitation 

(Willett et al., 2007) and surface hydrological processes, such as evaporation 

(Konapala et al., 2020) and runoff (Gedney et al., 2006), altering the risks of water-

related natural hazards, such as floods and drought (Allan et al., 2013). Significance 

changes in hydrological drought risks can be found due to increased temperature 
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and decreased precipitation (Wang et al., 2011). Mitigating climate changes and 

hydrological hazard risks will benefit environmental sustainability in the landscape.  

1.2.3 Pedestrian mobility in human systems 

 In social systems, transportation service provision is fundamental in 

maintaining urban functions and socioeconomic activities. Based on the 

infrastructure supply and transportation demand, the concept of mobility was 

developed which refers to the ability to move from one location to another (Costa 

et al., 2017). Mobility is a basic social resource that creates spatial environments in 

which people can walk, travel, and navigate with ease. A sustainable urban mobility 

system should meet social needs for freedom of movement while also preserving 

other values and benefits (Costa et al., 2017). However, due to the rapid evolution 

in speed and distance, a majority of mobility systems are heavily vehicle-dependent 

(Manders et al., 2020). The intensive usage of fossil fuels is estimated to be 

responsible for 40% of global CO2 emissions (Nanaki et al., 2017). Because 

vehicles have significant negative effects on the natural environment and traffic 

congestion, pedestrian mobility is becoming increasingly popular which can pave 

the way for more sustainable options by establishing pedestrian-friendly street 

networks (Bertolini, 2020). Pedestrian mobility benefits human health by 

enhancing physical activity, promotes social cohesion by encouraging people to 

congregate, and improves environmental quality by reducing vehicle use (Talavera-

Garcia et al., 2013; Delso et al., 2018). Improving pedestrian mobility contributes 

to social sustainability in the landscape.  

1.3 Three dimensions of landscape services in social-ecological systems 

 The capacity to provide goods and services in a landscape is defined as 
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landscape function (Willemen et al., 2008; De Groot, 2006). The social version of 

landscape function is landscape service, which refers to the landscape benefits that 

people value in the context of landscape contributions to human well-being. 

Landscape can function as climate mitigation, hydrological regulation, as well as 

social mobility reshaping in responses to climate change and hydrological hazards 

in the natural system and pedestrian mobility in the social system, resulting in the 

three dimensions of landscape services of thermal comfort, drought mitigation, and 

walkability, respectively. 

1.3.1 Thermal comfort 

Thermal comfort refers to a state of mind that displays satisfaction with the 

surrounding thermal environment, according to the American Society of Heating, 

Refrigerating and Air-Conditioning Engineers (ASHRAE) (ASHRAE, 1974), 

mainly affected by the body heat balance (Mahdavi & Kumar, 1996). Both 

environmental and behavioral factors affect human heat balance (Epstein & Moran, 

2006). The former includes air temperature (Ta), wind speed (V), relative humidity 

(RH), and mean radiation temperature (Tmrt); while the latter includes human 

metabolic rate and clothing (Rohles Jr., 1981; Hensen, 1991). From the landscape 

perspective, environmental factors in physical spaces, without human subjective 

matters, are the main issues in this research. Environmental factors control thermal 

comfort by affecting the heat dissipation of the human body. When the human heat 

dissipation rate is greatly restricted by extreme climate conditions, heat imbalance 

results in thermal stress and thermal discomfort (Shapiro & Epstein, 1984).  

1.3.2 Drought mitigation 

Drought is described as a period during which the levels of hydrological 
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variables such as runoff, soil moisture, and precipitation are lower than the region's 

average values (Um et al., 2020). Droughts generally include meteorological 

drought, agricultural drought, hydrological drought, and socio-economic drought 

(Wilhite & Glantz, 1985). Hydrological drought is related to the effects of 

precipitation deficiency and resultant shortages of surface or subsurface water 

supply, such as runoff (Dracup et al., 1980). Excessively low runoff volumes on the 

surface cause a high risk of hydrological drought. Drought is a long-term natural 

hazard that has a regional, national, and even global impact on agriculture, water 

security, ecosystems, human health, and social well-being (Sternberg, 2011). Based 

on the effects of land use on hydrological cycles, hydrological drought risks can be 

greatly reduced by adjusting surface landscape properties. Drought events must be 

reduced in order to increase regional resilience to climate changes.  

1.3.3 Walkability 

Walkability is a broad concept that has been discussed in multiple disciplines, 

including human health in terms of physical activity rates, and environmental issues 

in terms of ecology, geography, and urban studies (Wang & Yang, 2019). In a 

sustainable society, walkability is a fundamental value for humans when the 

landscape provides comfortable environments for pedestrian walking (Southworth, 

2005). Cities or regions with high-level walkability promote human physical and 

mental health (Rafiemanzelat et al., 2017), social cohesion and engagement (Lee & 

Talen, 2014; Leyden, 2003), and, meanwhile, reduce ecological degradation and 

environmental pollution (Brown et al., 2013). Pedestrians are the primary actors in 

and beneficiaries of urban walkability; thus, their needs for walking should be 

considered when designing landscapes for walkability. 
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1.4 Landscape structure – process – function – service chains 

1.4.1 Structural heterogeneity in landscape composition and configuration 

Landscape structure is heterogeneous in terms of composition and 

configuration. Landscape composition refers to the number and proportions of 

various landscape types (e.g., grassland and built-up areas), while landscape 

configuration refers to the spatial distributions of different landscape types as well 

as their relationships, such as contrast and connectivity between neighboring 

landscape patches (Fahrig et al., 2011; McGarigal & Marks, 1995; Li & Reynolds, 

1995). Any structural change can fall into variations in landscape compositions and 

configurations.  

Landscape changes have occurred in more than 30% of the world’s lands in the 

last 60 years, which is nearly four times the historical long-term estimate (Winkler 

et al., 2021). Although landscape changes are context-dependent, such as tropical 

deforestation and temperate reforestation, the greatest structural changes in 

landscapes are the nature-to-urban conversions, because around 60% of global 

landscape changes are directly related to human activities (Gallardo & Martínez-

Vega, 2016; Song et al., 2018). Particularly in developing countries, such as China, 

since 2000, the urban population soared and then facilitated urbanization through 

urban sprawl and built-up land construction (Ramankutty et al., 2006). For example, 

in southern China which is a well-developed region, the urban areas have increased 

from less than 1% to more than 10% from 1986 to 2017 (Hasan et al., 2019). 

Furthermore, apart from the landscape type conversions, the increasingly compact 

urban setting may be a result of current configurational changes in the landscape. It 

is supported by (Schneider & Woodcock, 2008) who found that the majority of 

cities outside of the US had a compact urban configuration. Developing countries 
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had more aggregated and dense landscape characteristics than those in Europe or 

North America (Huang et al., 2007). Li et al. (2022) also reported the urban 

densification in the Global South. Generally, with the dense population but 

degraded natural environment, urban expansion is being replaced by a more 

concentrated urban development mode (Jenks et al., 1996).  

1.4.2 Landscape process connects landscape structure and function 

 Landscape structures including composition and configuration are regarded as 

two fundamental factors in functional changes in the landscape (Duflot et al., 2014; 

Lamy et al., 2016). As early as 1997, Hobbs (1997) had reported that different 

landscape structures were required to achieve various landscape functions. The 

underlying mechanism can be related to varied landscape processes between 

neighboring landscape patches when adopting different landscape layouts (Fang et 

al., 2015). The landscape process is the complex interaction among each landscape 

element, such as energy and material transfers and exchanges (Wallace, 2007; 

Lyons et al., 2005). As a social-ecological system, the landscape process also 

includes ecological and social process (Brunckhorst et al., 2006; Pinto-Correia & 

Kristensen, 2013). The common ecological processes of energy fluxes and water 

cycles, for example, have been recognized in most landscape ecology studies. 

Meantime, social process, such as the form of human movements, is gaining 

traction as a prerequisite for integrating the biophysical landscape into 

socioeconomic categories (Rapport et al., 1998; Nassauer, 1995). Consequently, via 

ecological and social processes, landscape structure adjusts landscape functions and 

landscape services further (Pijanowski et al., 2010; Egerer et al., 2020). The impacts 

of landscape compositions and configurations on landscape services can be 

interpreted by the structure-process-function-service chain (Termorshuizen & 
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Opdam, 2009).  

1.4.3 Effects of landscape structures on landscape functions and services 

 According to the landscape structure-process-function-service chain, the 

composition and configuration of a landscape have impacts on the landscape service 

of thermal comfort based on energy flows, the landscape service of drought 

mitigation based on water flows, and the landscape service of walkability based on 

human flows. 

1.4.3.1 Landscape effects on thermal comfort via energy flows 

Due to land-atmosphere interactions, significant changes in landscape 

structures in the context of urbanization affect climate conditions, increase heat 

stress, and then worsen thermal comfort (Grimm et al., 2008). As a result, 

incorporating the landscape service of thermal comfort into landscape planning and 

urban renewal is critical for long-term sustainable developments (Coccolo et al., 

2016). The unique surface thermal properties in each landscape structure cause a 

variety of energy fluxes between the land surface and the atmosphere (Oke, 1982). 

Net radiation reaching the earth’s surface is the most predominant factor in urban 

heat stress and thermal discomfort. Net radiation is the total energy flux available 

on the surface after an amount of incoming solar radiation from the sun is reflected 

as long- or short-wave radiations (Lin et al., 2017). In other words, controlling 

surface long- and short-wave radiations by modifying landscape surface roughness, 

albedo, and evapotranspiration can alter the effects of landscape structures on 

thermal comfort (Perugini et al., 2017; Li et al., 2015). For example, compact high-

rise buildings, relating to high surface roughness, typically have fewer heat 

extremes in the summer due to the shade effect (He et al., 2015). Forests have a 
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lower albedo than croplands, resulting in their greater absorption of solar radiation 

and possibly regional warming (Gibbard et al., 2005). On the other hand, the forest 

also facilitates heat stress reduction because its strong evapotranspiration efficiency 

regulates sensible and latent heat (Younger et al., 2020). Therefore, the surface-

atmosphere energy flows influenced by the combined effects of landscape 

roughness, albedo, and evapotranspiration should be the fundamental mechanism 

of the effects of landscape structure on thermal comfort.  

1.4.3.2 Landscape effects on drought mitigation via water flows 

Studies have recognized the ability of landscape compositions and 

configurations to determine the generation, movement, and exchange of water 

flows among different landscape patches (Fohrer et al., 2005; Liu et al., 2020). The 

varied water flows across landscapes affect water balance in terms of 

evapotranspiration and runoff volumes and, then, control the risks of hydrological 

drought events (Sterling et al., 2013; Yang et al., 2009; Teuling et al., 2019). Firstly, 

by controlling water flow generation at surfaces with different properties, landscape 

composition influences hydrological cycles and hydrological drought risks 

(Descheemaeker et al., 2006; Molina et al., 2007). Altering the landscape types and 

their proportions, the volumes of evapotranspiration and runoff within water flows 

change accordingly (Eitel et al., 2011). For example, When woodlands or forests 

are replaced with agricultural lands or grasslands, surface runoff may increase (Ide 

et al., 2009; Tomer et al., 2005). The reason is that woodlands have higher 

transpiration rates and stronger canopy interception and then the amount of rainfall 

that reaches the surface to be runoff is limited (Thurow et al., 1987; Zwieback et 

al., 2019; Lambers et al., 2008; Konarska et al., 2016). Secondly, landscape 

configurations in terms of landscape spatial arrangements and hydrological 
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processes in water flows have significant relationships (Biswas, 2014; Zhou & Li, 

2015). Zhang et al. (2014) further suggested that land cover configuration could be 

a more powerful factor in minimizing negative urban hydrological consequences. 

Different from landscape composition, landscape configuration regulates 

hydrological drought risk by controlling the movement or exchange of water flows 

among various landscape types (Shi et al., 2013; Ricart et al., 2015). The 

connectivity of landscape patches, for example, is seen as a dominant 

configurational characteristic influencing runoff (Zhang et al., 2013).  

1.4.3.3 Landscape effects on walkability via human flows 

Landscape compositions and configurations have impacts on pedestrian 

walking behavior, human flow distributions, and the resulting mobility. For 

example, the density of urban components (Noulas et al., 2012) and land use 

(Abbasi et al., 2015) are physical structure-related factors in human movement. 

Camagni et al. (2002) reported that social mobility is highly affected by urban 

spatial organizations involving dispersed or well-structured landscape 

configuration. Galpern et al. (2018) also made a similar claim about the impacts of 

landscape connectivity on pedestrian movement patterns. The distributions of urban 

functions within various urban settings, which shape different patterns of human 

flow, determine the effects of landscape structures on human walking patterns 

(Yang & Qian, 2022).  

1.5 Local climate zones (LCZs) as landscape representations 

1.5.1 Conventional landscape classification and limitations 

The Landscape is a complex system where environmental and social properties 

cannot be investigated only using observations and on-site measurements. 
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Therefore, landscape classification is needed to divide and characterize the urban 

and regional spaces systematically (Mathey et al., 2021). Much research also 

showed the role of landscape classification in providing reference units for 

communicating and evaluating planning processes (Blankson & Green, 1991; 

Brabyn, 1996; Bastian, 2000). As a result, several classification methods have been 

developed based on specific biophysical situations. for example, Mücher et al. 

(2010) classified the landscape according to climate (e.g., arctic or boreal), altitude 

(e.g., lowland or hills), parent material (e.g., rocks or sediments), and land cover 

(e.g., forests or wetlands). Some studies characterized the landscape as various 

components, such as water, infrastructure, landcover, and landform (Lars Brabyn, 

2009; Erikstad et al., 2015). Land-cover type based on the surface property was also 

the common proxy for landscape types (Manzanares & Muñoz Álvarez, 2015; 

Carlier et al., 2021). However, these classification methods are context-dependent 

(Sayer et al., 2013), heavily relating to the specific planning objectives as well as 

spatial extent in cities, regions, and countries (Freeman et al., 2015). Therefore, a 

standardized approach to classifying the landscape into comparable types is 

required for storing landscape services information. 

1.5.2 Local climate zones (LCZs) classification 

 The local climate zone (LCZ) classification (Stewart & Oke, 2012), as a part 

of the World Urban Database and Access Portal Tools (WUDAPT) initiative, is an 

emerging approach to overcome the absence of generic landscape classification by 

providing pre-defined standardized landscape types. LCZs have been regarded as 

generic and representative typologies that separate a landscape into heterogeneous 

classes (Lehner & Blaschke, 2019), which have been cited more than 800 times 

since it was developed in 2012. The LCZ approach divides urban surface structures 
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and covers on a local scale (102 to 104m) into 17 standard types, including 10 built-

up types (LCZs 1-10) and seven natural land cover types (LCZs A-G). Built-up 

types (LCZs 1-10) exhibit more urban landscape features such as building and tree 

layouts; while land cover types (LCZs A-G) present more rural landscapes, such as 

forests and water bodies. Each LCZ type shows homogeneous urban fabric (e.g., 

surface albedo), land cover (e.g., impervious surface ratio), structure (e.g., sky view 

factor), and metabolism (e.g., anthropogenic heat emission) (Xue et al., 2020). In 

other words, LCZ types not only illustrate the spatially explicit landscape units that 

show biophysical characteristics in the natural systems, but also indicate the 

socioeconomic disparities in built-up areas with various land use intensities (e.g., 

compact high-rise and open low-rise) and land use functions (e.g., heavy industry 

and compact high-rise) (Herlin, 2016; Bastian, 2008), exhibiting the ecological and 

social aspects of a landscape (Sayer et al., 2013; Angelstam et al., 2013). By 

providing pre-defined standardized types, LCZ types are comparable between 

different cities and regions, and the LCZ-based landscape can be described in the 

same classification context, which contributes to landscape knowledge sharing and 

delivery. 

Combining local-scale landscape types, LCZs have the potential to illustrate 

larger-scale (e.g., regions) landscape characteristics. However, most LCZs maps are 

based on the city level (Danylo et al., 2016; Pradhesta et al., 2019; Kotharkar & 

Bagade, 2018) and the region-scale is less common in LCZ classification (Han et 

al., 2021). Moreover, in temporal contexts, most LCZ types were classified 

statically focusing on one year. Dynamic changes in LCZ types have not been well 

investigated, although Lu et al. (2021) mapped the LCZ types in southern China 

between 2005 and 2015. In other words, more landscape characteristics related to 
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landscape services can be revealed by using a regional LCZ classification for more 

than a year.  

1.6 Research aims and significance 

The literature shows that landscape services have not been fully incorporated 

into landscape decision-making, despite their importance in well-being and 

sustainability (Vejre et al., 2007; Pinto-Correia et al., 2006). To ensure long-term 

provisions of landscape service, a landscape planning framework is required that 

allows three landscape services, namely, thermal comfort, drought mitigation, and 

walkability, to be integrated as a whole into landscape planning practices (Pearson 

& Gorman, 2010). According to the advantages of LCZ classification in the 

landscape, this research combines the LCZ approach and develops a LCZ-based 

landscape planning framework that aims to 1) examine and elucidate the effects of 

LCZ-based landscape structures on three landscape services; and 2) provide 

empirical bases for LCZ-based solutions to landscape structure adjustments to 

encourage integrated landscape services. 

By integrating multiple landscape services in this proposed LCZ-based 

landscape planning framework, the social and ecological functions of the landscape 

are not separated (Parrott & Meyer, 2012). As a result, sector-oriented approaches 

in the conventional planning processes can be addressed (Meyer & Grabaum, 2008), 

and planners, decision-makers, and all stakeholders can be informed by the specific 

and feasible landscape planning strategies and actions for implementation (Reed et 

al., 2016; Sayer et al., 2015). Conventionally, planners and governments issued the 

‘climate changes mitigation’ as a principle in urban climate studies for improving 

outdoor thermal comfort, the ‘sponge city program’ as a principle in hydrological 

management for drought mitigation, and the ‘pedestrian-friendly streets design’ as 
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a principle in street network design for human walkability. This integrated 

landscape planning framework could provide more comprehensive evidence for 

future planning practices by taking into account all three planning principles 

mentioned above. As a result, integrated landscape services and overall social-

ecological sustainability can be achieved. The diagram of research significance has 

been shown in Figure 1.1.  

 

Figure 1. 1 The diagram of research significance 

 

1.7 Structure of the thesis 

This research is organized into 10 chapters framing three landscape services – 

thermal comfort, drought mitigation, and walkability – into LCZ-based geospatial 

landscape planning. Chapter 1 introduces the research background and Chapter 2 

reviews existing LCZ-based landscape planning studies in urban thermal, 

hydrological drought, and human walking fields. Following the knowledge gaps 

identified in Chapter 2, Chapter 3 elaborates the proposed new analytical 

framework by describing data sources, the LCZ classification processes, proxies 

and equations for landscape services, and geospatial tools for measuring and 

characterizing spatiotemporal patterns of thermal stress, hydrological drought risk, 
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and walkability, as well as the crucial local regression model for demonstrating the 

spatially explicit correlations between LCZ-based landscape structures and three 

landscape services. Then, the LCZ illustrations and the compositional and 

configurational results of the LCZ-based landscape are presented and interpreted in 

Chapter 4. In Chapter 5, the quantitative measurements of thermal comfort, drought 

risks, and walkability, and their spatiotemporal patterns are summarized. Chapter 6 

elucidates the effects of LCZ-based landscape structures on thermal comfort and 

hydrological drought risks, while Chapter 7 demonstrates how landscape structures 

shape human walkability. Moreover, Chapter 8 elaborates on the empirically 

supported landscape planning solutions to achieve three landscape services 

comprehensively. The contributions of this research to the literature on landscape 

planning are described in Chapter 9. Chapter 10 makes conclusions.   
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Chapter 2 Literature review 

2.1 Indicators of three landscape services 

2.1.1 Thermal index as a proxy for thermal comfort 

Thermal stress is the consequence of the combined effects of Ta, V, RH, and 

Tmrt. Therefore, thermal comfort should be measured by a composite indicator 

taking multiple environmental factors into account. The Thermal index is thus 

developed which provides a single numeric value to quantify the thermal stress and 

to indicate the degree of thermal comfort involving complex computations for 

multiple environmental factors (Parsons, 2014). It means that a thermal index can 

provide a more precise measurement of the thermal environment than a single 

environmental element.  

 Numbers of thermal indices have been developed, which can be generally 

classified into three groups with different rationales, including rational indices, 

empirical indices, and direct indices (Parsons, 2014; Coccolo et al., 2016). Rational 

indices are developed based on the heat transfer equations, which include all 

environmental and behavior factors in thermal stress quantifications. Empirical 

indices are largely dependent on specific locales and people groups, with limited 

generic implications, because they primarily take human subjective responses into 

account, such as the ratings of thermal environments. On the other hand, direct 

indices are regarded as the more preferred proxies for thermal comfort (Epstein & 

Moran, 2006) due to their direct measurements of environmental factors. It is also 

claimed to be appropriate for thermal assessments in all climates and seasons, and 

on any scale (Jendritzky et al., 2012).  
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2.2.1.1 Universal Thermal Climate Index 

The universal thermal climate index (UTCI) is an energy balance index (de 

Freitas & Grigorieva, 2015), developed by the International Society of 

Biometeorology in 1999 and then reinforced by the COST Action 730 in 2005 

(Błazejczyk et al., 2010). The UTCI is classified into the rational index because of 

its calculation based on the multi-node dynamic thermophysiological UTCI-Fiala 

model (Fiala et al., 2012), including meteorological, physical, and clothing models 

(Bröde et al., 2012). Sensitive to all environmental factors, the UTCI can identify 

slight variations in thermal stress (Blazejczyk et al., 2012) and has been used in 

thermal assessment in all climates (Jendritzky et al., 2012), such as arid climate 

areas (Mangone et al., 2014). In China, the UTCI applications in thermal comfort 

studies also have been investigated (Yan et al., 2019; Wu et al., 2019), such as in 

the northern areas (Lai et al., 2014) and Hong Kong (Lam & Lau, 2018; Cheung & 

Hart, 2014). Therefore, the UTCI can be a suitable planning tool for urban thermal 

comfort in sub-tropical regions (Bröde et al., 2012).  

2.2.1.2 Wet-Bulb Globe Temperature 

The wet-bulb globe temperature (WBGT) (Yaglou & Minard, 1957), one of the 

direct indices, has been widely used for thermal comfort assessment throughout the 

world (Parsons, 2014; de Freitas & Grigorieva, 2015). D’Ambrosio Alfano et al. 

(2014) considered the WBGT a dimensionless index instead of a temperature with 

a unit of degree Celsius. It implies that only variations in WBGT values have 

implications for thermal stress changes, whereas the WBGT value may not directly 

indicate the level of outdoor thermal comfort. The WBGT is generally measured by 

globe (Tg), air (Ta), and natural ventilated wet bulb temperature (Tw) based on all 

four environmental parameters (Coccolo et al., 2016; Holmér, 2010). However, a 
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challenge in this measurement is the inconvenience to measure Tg (Budd, 2008), a 

simplified WBGT, as a result, has been developed (Leroyer et al., 2018).  

2.2.1.3 Apparent Temperature 

The apparent temperature (AT) (Steadman, 1984) is another direct index based 

on meteorological variables measurements (Blazejczyk et al., 2012). It is the 

human-perceived equivalent temperature (Li et al., 2018), which represents human 

perceived temperature (Yan, 1997; Swart et al., 2012; Blazejczyk et al., 2012), that 

is, how an average person feels about environmental conditions when humidity is 

taken into account (Jacobs et al., 2013). Under climate warming, the AT has 

increased faster than the air temperature, especially in summer daytime over low 

latitudes (Li et al., 2018), such as in Australia (Jacobs et al., 2013). A unique feature 

of AT is its wide application in thermal-related mortality and morbidity, such as heat 

stroke (Green et al., 2010). AT has been used to study heat-related mortality globally 

such as in California (Ostro et al., 2009) and southern Ontario (Smoyer et al., 2000), 

as well as in China, such as Beijing (Liu et al., 2011), Shanghai (Zhang et al., 2014), 

and Shenzhen (Li et al., 2014). However, on the regional scale, AT is less focused.  

2.1.2 Drought index to quantify hydrological drought risk 

Empirical measurements of drought risks are required to build strategies for 

drought risk mitigation. The drought index is thus created which provides a single 

numeric value for quantifying drought duration, intensity, severity, and spatial 

scope (Zargar et al., 2011; Mishra & Singh, 2010). Precipitation is always the 

driving force behind the drought trend (Sheffield et al., 2012; Heim, 2002). In 

meteorological drought indices, precipitation is used alone, while in agricultural 

drought indices, precipitation is included combined with soil moisture content (Dai, 
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2011). Similarly, streamflow is combined with precipitation to indicate 

hydrological drought risks. Finally, for socio-economic drought indices, 

precipitation is unquestionably a critical aspect that affects society’s water supply 

directly. 

In the landscape planning context, hydrological drought indices should receive 

great attention, due to the close relationships between land use transformation and 

surface runoff volume (Zecharias & Brutsaert, 1988). Streamflow and runoff data 

are commonly used in hydrological drought measurement. In general, the most 

common metric is the standardized runoff index (SRI), which provides the united 

standardized normal deviate associated with runoff accumulation over a certain 

time period, such as 1-, 3-, 9-, or 12-months, to reflect surface runoff anomalies 

from the average value in a region (Shukla & Wood, 2008; Madadgar & 

Moradkhani, 2014). SRI-based hydrological droughts have been analyzed almost 

covering the whole of China (Table 2.1). Moreover, the main data source is the 

long-term observed monthly runoff data from the hydrological stations (Table 2.1). 

At the same time, several SRI studies also use simulated runoff data from models 

with finer spatial resolution than station data. 
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Table 2.1 Hydrological drought analysis using SRI in China (examples) 

Drought index Temporal scale Spatial scale Data source References 

SRI Monthly runoff data (1960-2010) Poyang Lake catchment (Southeastern 

China) 

Gauging station Ye et al., 2016 

SRI Monthly runoff data (1961– 2011) Luanhe River basin (Northeastern China) Hydrological stations Chen et al., 2019 

SRI Monthly runoff data (1968-2017) Sichuan Basin and Yunnan-Kweichow 

Plateau (Southwest China) 

Hydrological stations Tang et al., 2021 

SRI Monthly runoff data (1960-2015) Haihe River Basin (Northern China) Hydrological stations Xu et al., 2019 

SRI Monthly runoff data (1961-2013) Loess Platea (Northwest China) Hydrological stations Wu et al., 2018 

SRI Monthly streamflow data (1960-2013) Tributary of the Yellow River 

(Northwestern China) 

Hydrological stations Zou et al., 2018 

SRI Runoff data (1951-2012) Southwest China Model simulation Wu et al., 2016 

SRI Runoff and baseflow (1960–2012) Pearl River basin (Southern China) Model simulation Xu et al., 2019 
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2.1.3 Accessibility and wayfinding aspects of walkability 

 Despite lacking a universe definition of walkability (Dovey & Pafka, 2020), a 

well-accepted aspect of walkability is the opportunity to walk easily in a 

neighborhood or a built-up area (Weinberger & Sweet, 2012; Tribby et al., 2016; 

Weinberger & Sweet, 2012), which has been conceptualized as accessibility. 

Accessibility is not only a social indicator of the extent to which humans have 

similar socioeconomic opportunities while experiencing urban functions (Geurs & 

van Wee, 2004), but also a morphological parameter of spatial configuration 

analysis in landscape planning contexts (Boeing, 2020). Many studies have 

reviewed the methods for accessibility measurements (Vale et al., 2016; Guan et al., 

2019; Geurs & van Wee, 2004). Straight-line distance, urban infrastructure 

distributions, and individual travel patterns, for example, have all been used to 

quantify the level of accessibility in a landscape. Among them, the shortest distance 

between the origins and the destinations is the most conventional approach (Witten 

et al., 2008; Le Texier et al., 2018). However, pedestrians may not choose the 

shortest-distance paths while walking, instead, the shortest ways topologically with 

the least directional changes are more preferable (Dettlaff, 2014). Thus, topological 

measurement is emerging in assessing spatial accessibility with better performance 

than traditional planar geometry methods (Borzacchiello et al., 2010; Borzacchiello 

et al., 2009; Xiao et al., 2015).  

 Apart from the accessibility aspect related to the functional needs of human 

walking, intangible aspects of walkability, such as human perception, sense, or 

emotion, have been added to broaden the walkability term (Ewing et al., 2006; 

Dörrzapf et al., 2019; Shields er al., 2021). However, these cognized needs in 

walking have been overlooked in most landscape planning practices. For example, 
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wayfinding is a cognitive demand in human walking that is influenced by physical 

spatial knowledge (Passini, 1984), but it is currently undervalued in pedestrian-

friendly landscape planning. Wayfinding is the process by which people can locate 

themselves, find their way, and then move from one place to another by perceiving 

and organizing the surrounding environment (Hedhoud et al., 2014; Farr et al., 2012; 

Mohamd, 2012). It is a concept to explain the way people orient and posit 

themselves without pre-defined routes (Andrade & Schieck, 2014). Koseoglu & 

Onder (2011) claimed that wayfinding, as a part of spatial orientation, is affected 

by the mental images created in the human mind when they perceive and cognize 

the view-shed spatial characteristics. Spaces with better wayfinding performance 

allow people to better perceive their relative locations within the complex built-up 

environment and to better understand spatial structures across the cities and regions. 

Overall, the levels of walkability in the landscape are explained by combining 

accessibility and wayfinding aspects, which relate to functional and cognized 

walking needs, respectively.  

2.2 Geospatial analysis of three landscape services 

2.2.1 Spatiotemporal patterns of thermal comfort and drought mitigation 

2.2.1.1 Coarse spatial and short-term temporal characteristics of thermal comfort 

To capture spatiotemporal patterns of thermal indices, measurements and tools 

differ. On-site measurement and meteorological data monitoring are commonly 

used to quantify thermal rational and direct indices (Johansson et al., 2014). In 

detail, on-site measurements rely on simple instruments (Balogun & Daramola, 

2019; Bröde et al., 2012), such as the sensor of Testo 480 measurement station 

(Matallah et al., 2020), to detect and record the environmental parameters for 
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thermal indices computation. Because of the limited sensing range of the 

instruments, this measurement is typically used in local settings, making thermal 

comfort assessment based on on-site measurements very place-specific. Moreover, 

station monitoring is another method for acquiring meteorological data, which can 

be used on a larger spatial scale and over a longer time period than on-site 

measurement. However, the spatial resolution of station data is still insufficient. 

Moreover, these data are more often applied in hourly (Ahmed et al., 2016), daily 

(Karakounos et al., 2018; Yan et al., 2019), weekly (Jacobs et al., 2019), monthly, 

and seasonal (Njoku & Daramola, 2019) thermal comfort assessment. Long-term 

station data observations are used less in thermal indices computation. On the other 

hand, questionnaires or structural interviews are more commonly used to quantify 

empirical indices (Lai et al., 2014). For example, De Freitas & Grigorieva (2017) 

assessed thermal comfort based on the individuals’ ratings. Furthermore, some 

studies also investigated the objective and subjective thermal comfort assessment 

using on-site measurements and questionnaires simultaneously (Fang et al., 2019; 

Zhao et al., 2016; Das et al., 2020; Lin, 2009; Deevi & Chundeli, 2020; Banerjee et 

al., 2020). Overall, the spatial resolution of thermal comfort measurements is coarse, 

and temporal patterns are mostly measured over short time periods. 

2.2.1.2 Drought risk characterizations with separate temporal and spatial 

dimensions 

Spatiotemporal patterns of the hydrological drought index contribute to 

illustrating the temporal variations and spatial heterogeneities in the hydrological 

drought risks, which can help future drought mitigation by providing a historical 

understanding of drought conditions. Many studies have demonstrated the 

spatiotemporal patterns of hydrological drought in China. However, most studies 
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analyzed the temporal and spatial patterns separately. Specifically, the multi-year 

averaged drought conditions were generally used to show spatial differences in 

hydrological drought (Xu et al., 2019; Chen et al., 2018). Some studies also 

delineated drought spatial distributions in one year (Niu et al., 2015), one month of 

a year (Wu et al., 2016), or seasons based on the long-term annual hydrological 

drought data (Yang et al., 2022). In other words, currently, many spatiotemporal 

analyses for hydrological drought in China have not combined the time and space 

dimensions as a whole. For a complete knowledge of historical drought conditions, 

both the spatial patterns of hydrological drought in individual years and the overall 

spatial trends across years should be investigated.  

2.2.2. Space syntax application in walkability  

 The spatial patterns of walkability in the landscape are shaped by street design 

(Schönfeld & Bertolini, 2017). López-Lambas et al. (2021) found that pedestrian 

streets with green areas encourage a stronger walking habit and more active walking. 

Also, street availability based on the number of intersections, street width, and street 

density all have impacts on walkability by shaping pedestrian walking routes 

(Maghelal & Capp, 2011). Yin (2017) used 2D and 3D GIS techniques to 

demonstrate walkability by analyzing local-scale streetscape features. Although the 

effects of several street metrics on walkability have been studied, the effects of 

street configurations on walkability have received less attention. Configurational 

features of streets in the landscape, such as how a street segment is arranged relative 

to another within a complex street system, play important roles in improving 

walkability (Abedo et al., 2020). To understand walkability from the perspective of 

street spatial configuration, the space syntax approach can be used by modeling 

pedestrian walking patterns (Lerman et al., 2014). Pedestrian movement is the 
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social response to the existing urban spatial configurations, based on the 

interactions between the physically built environment and human moving behaviors 

(Paul, 2015; Aditjandra et al., 2012; Liu et al., 2021). These associations between 

spatially-linked urban systems and socially-interacted human activities have been 

conceptualized as space syntax theory by Hillier and his colleagues (Hillier & 

Hanson, 1984; Hillier, 1996; Hillier & Vaughan, 2007). Moreover, space syntax 

theory also defines landscape as a configurational entity in which space has a unique 

spatially relative location to another while considering a third space simultaneously 

(Hillier et al., 1987; Karimi, 2012). Spatial configuration is the dominant generator 

and influence of varied pedestrian walking (Hillier et al., 1993). In other words, the 

greatest advantage of space syntax in understanding walkability is that it allows the 

subjective issue of pedestrian walking behavior to be transformed into an objective 

issue of space configurational property (Hillier & Hanson, 1984; Koohsari et al., 

2014). The predictions of spatial configuration about pedestrian movement can 

reach over 60% (Jiang, 2009). Jiang and Jia (2011) even found that the human flow 

can be directly shaped by the spatial configuration, with little influence from 

subjective choice while walking. Therefore, space syntax has the ability to describe 

and predict the street design impacts on pedestrian behavior (Alalouch et al., 2019). 

The use of configurational measures in space syntax to indicate walkability is 

reliable. Furthermore, space syntax theory provides a network-based approach by 

abstracting urban spaces into graphs with points and lines (Volchenkov & 

Blanchard, 2007; Rashid, 2019). Incorporating space syntax theory into spatial 

configuration analysis for landscape planning allows for the combination of graph-

based networks and geospatial information, which is in line with the claims of 

(Alalouch, 2009) who summarized the strong associations among space syntax, 
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pedestrian movement, and land use. Space syntax in regional landscape planning 

requires geospatial techniques, which has been recognized by Jiang & Claramunt 

(2002) and Lee et al. (2020) who combined space syntax with GIS. Within the space 

syntax context, human movement can be classified into to-movement and through-

movement (Hillier & Iida, 2005). The former relates to the selection of destination, 

while the latter relates to the selection of routes in human movement. To-movement 

can be adjusted to meet the functional demand of pedestrian walking, that is, the 

ease of reaching the destination. Meantime, to- and through-movement have 

combined impacts on the mental demand in terms of spatial cognition in walking.  

The accessibility measurement based on space syntax is common in urban 

modeling (Jiang & Claramunt, 2002) and landscape planning (Mahmoud & Omar, 

2015), quantified by counting the number of turns needed in the travel route (Hillier 

& Iida, 2005), for delineating how one space is closely accessible from others (Paul, 

2011). Moreover, studies also identified the spatial configuration as a factor in 

wayfinding studies (e.g., Emo et al., 2012; Jiang, 1998), supporting the application 

of space syntax in wayfinding measurement in this research. 

2.3 Knowledge gaps: Lack of LCZ application in the integrated landscape 

services 

2.3.1 LCZ-based landscape effects on thermal comfort 

In outdoor thermal environments, a landscape’s structural characteristics are 

critical. Thorsson et al. (2011) reported the potential of spatial geometry, such as 

landscape density, for thermal stress mitigation. Studies have investigated the 

relationships between LCZs and varied indicators of outdoor thermal environments 

to decline thermal stress. Among individual meteorological variables, the air 

temperature above the land surface was frequently linked with LCZs (Middel et al., 
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2014; Skarbit et al., 2017; Quanz et al., 2018). For radiative temperature, the land 

surface temperature can be the most common indicator used for relating to LCZs 

(Yang et al., 2020; Du et al., 2020; Han et al., 2021). However, these two thermal-

related indicators are unable to capture the heterogeneous thermal stress 

experienced by people in different LCZs with complicated climatic environments. 

For example, when focusing on air temperature, the associations between LCZs and 

wind speed and humidity and the combined effects of wind speed and humidity on 

LCZs are both overlooked. Also, land surface temperature focuses on the 

climatology of the land surface but ignores the ambient climatic conditions. As a 

result, thermal indices, which are composite indications of quantitative thermal 

stress based on multiple ambient parameters, have been widely incorporated into 

the LCZ studies. For example, LCZs have impacts on the UTCI (Kwok et al., 2019; 

Das & Das, 2020; Berlessova & Konstantinov, 2020), WBGT (Wang et al., 2021), 

and other thermal indices, such as physiological equivalent temperature (PET) 

(Unger et al., 2018; Milošević et al., 2016) and heat index (HI) (Kotharkar et al., 

2021; Geletič et al., 2018; Tse et al., 2018).  

2.3.2 No LCZ application in drought risk mitigation and walkability 

The LCZ classification was originally created to illustrate climate-based 

typologies based on unique landscape component combinations for urban 

climatology (Benjamin Bechtel et al., 2017; Bechtel et al., 2016). As a result, LCZ 

has a wide range of applications in thermal comfort studies. However, to the best 

of my knowledge, no LCZ application in mitigating hydrological drought and 

improving walkability socially can be found. Limiting the LCZ-based landscape in 

climate-related fields makes it difficult to integrate three landscape services, 

because the effects of LCZ-based landscape structure on drought risks and 
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walkability have yet to be revealed. There is a need, therefore, to extend the LCZ 

application further to the hydrology and social mobility fields, for a comprehensive 

landscape service provision and overall landscape sustainability. 

LCZs have the potential to link with drought risks and walkability. Firstly, in 

light of the water-energy nexus, drought risk can also be affected by the LCZ-based 

landscape structure, after identifying the LCZ effects on thermal and climate 

conditions. Numbers of studies have confirmed the influences of diverse land 

covers on hydrological drought. For example, urbanization and the removal of 

farmland and lakes are thought to increase runoff due to reduced infiltration rate 

(Shi et al., 2007; Xu et al., 2020). It means that impervious land generally has 

detrimental effects on hydrologic management. Among pervious land surfaces, 

forests with a greater water conservation function are commonly thought to have 

lower runoff volumes than grasslands (Pan et al., 2020; Niu & Sivakumar, 2014). 

By providing specific classifications of built-up areas and natural lands, associating 

LCZs with hydrological drought fields can elucidate more empirical evidence about 

which specific urban landscape or natural land type, for example, can reduce 

drought risks. Secondly, the built types (LCZs 1-10) in the LCZ classification 

suggest the landscape socioeconomic implications regarding land use intensity and 

building layouts defined by human interventions and urban functions. For example, 

different walking behaviors can be observed between the compact high-rise (LCZ 

1) and the open low-rise (LCZ 6). LCZ 1 is primarily used in urban commercial or 

residential districts that must be easily accessed with concentrated human flows. In 

comparison, LCZ 6 may be more used for sparse buildings with high land values 

that have limited public access. It means that LCZs can be used to differentiate 

human walking behaviors. This hypothesis is also supported by several previous 
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research that demonstrated the effects of various urban design features in built-up 

environments on human movement (Saelens et al., 2003; Ewing & Handy, 2009; 

Adkins et al., 2012).  

Overall, lacking LCZs in drought conditions as well as walkability issues may 

separate standardized types of landscape characteristics from the hydrological and 

social mobility fields. This research could be the first attempt to broaden the LCZ 

application beyond original urban climate studies to include broader environmental 

and social topics. 

2.4 Knowledge gaps: Lack of geospatial perspective in LCZ-based landscape 

planning  

2.4.1 Lack of local geographical information  

Lacking locally spatial information is a considerable deficiency in the LCZ-

based landscape planning. Conventionally, to reveal significant differences in 

thermal stress among various LCZ types, statistical tests such as coefficient of 

variation, ANOVA, Kruskal-Wallis tests, and correlation have been used (Das & 

Das, 2020; Das et al., 2020; Geletič et al., 2018). The correlations between LCZs 

and thermal indices are then used to guide the landscape planning practice for 

thermal comfort and climate mitigation. Built types are generally detrimental to 

outdoor thermal comfort compared with land-cover types. In detail, Das & Das 

(2020) claimed that the highest UTCI can be found in LCZ 3 (compact low-rise), 

LCZ 6 (open low-rise), and LCZ 9 (Sparsely built), but the lower UTCI values were 

recorded in LCZ A (dense trees) and LCZ G (water). Berlessova & Konstantinov 

(2020) further examined how increased areas of LCZ 1 (compact high-rise) and 

LCZ 2 (compact mid-rise) led to lower UTCI values. Milošević et al. (2016) also 

found the lowest thermal stress in LCZ A, and Liu et al. (2018) found that LCZ 1 
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(compact high-rise) with LCZ B (scattered trees) contributed to optimizing thermal 

comfort in subtropical areas in China. Based on the available relevant literature, a 

general planning strategy can be a compact landscape spatial structure with 

increased compact high-rise, decreased low-rise built types, and more dense or 

scattered trees. Moreover, the afforestation policy in China has been issued mostly 

based on the positive impacts of forests on improved thermal conditions.  

However, spatial effects are not taken into account, when utilizing statistical 

techniques to assess the LCZ and thermal indices correlations. Their correlations 

are thought to differ across spaces; otherwise, landscape planning would be 

ineffective in addressing local thermal issues. This limitation of rare geographical 

information in landscape planning has also been identified by Mehrotra et al. (2020). 

Lacking local knowledge in landscape planning is a key factor in the current one-

size-fits-all approach. Empirically local evidence allows the recognition and 

sharing of local knowledge among governments and organizations (Pfeffer et al., 

2013) for the locally-specific landscape service provisions.  

2.4.2 Lack of spatially configurational evidence 

 Among the LCZ applications in climate studies, the majority of the literature 

focuses on the effects of LCZ-based landscape compositions, such as LCZ types 

and sizes, on thermal comfort. However, the spatial arrangement of diverse LCZ 

types has not been investigated in thermal comfort studies. Some studies explored 

the effects of tree spatial configurations on urban heat conditions (e.g., Zhou et al., 

2017); others analyzed the effects of spatial configurations of grass and impervious 

surfaces (e.g., Connors et al., 2013). Rui et al. (2019) reported that a single patch of 

trees surrounded by green spaces helps residential thermal comfort at building 

levels. Sodoudi et al. (2018) found that when belt-shaped green areas with big 
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canopy trees were distributed parallel to the wind direction, they had significant 

cooling effects. In addition, the north-south orientation of streets was thought to be 

preferable for building-level thermal mitigation. The LCZs have not been 

incorporated into spatial configuration analysis for thermal comfort studies in the 

past. As a result, the recommendations for landscape configurational changes may 

not be comparable across cities or regions. For defining configurational strategies 

that can be delivered between departments, sectors, planners, and other stakeholders, 

LCZ-based landscape configurations for thermal comfort improvements are 

required. 

2.5 Research objectives and conceptual framework 

2.5.1 A conceptual GLCZ-3Ser framework 

 The LCZ applications in landscape service improvements mainly have two 

limitations, which can be summarized as 1) lack of integrations of three landscape 

services in LCZ-based landscape planning; 2) insufficient geospatial perspective in 

the landscape service measurements and LCZ-based landscape planning. As a result, 

to address these two limitations, this study proposes a framework that develops 

geospatial solutions to LCZ-based landscape planning for integrated landscape 

services (GLCZ-3Ser) (Figure 2.1). This GLCZ-3Ser framework has three features. 

Firstly, both LCZ compositions and configurations are included in the landscape 

structures for demonstrating both proportional and configurational information of 

various LCZ types. Secondly, thermal comfort, drought mitigation, and walkability 

are combined as integrated landscape services, which represent the ecological and 

social benefits derived from the landscape. Thirdly, geospatial analysis is used to 

link landscape structures with integrated landscape services, in order to inform the 

adjustments of LCZ-based landscape for an overall landscape service improvement. 
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In this way, the GLCZ-3Ser framework helps to better understand current landscape 

characteristics as standardized and generalized LCZ types, investigate the 

landscape structure effects on three key landscape services, and optimize landscape 

planning and management for achieved integrated landscape services.  

 

 

Figure 2.1 A conceptual GLCZ-3Ser framework 

 

2.5.2 Research objectives and questions 

 Using the GLCZ-3Ser framework (Figure 2.1), the overall objective of this 

research is to develop LCZ-based solutions with a geospatial perspective to adjust 

LCZ compositions and configurations for achieving thermal comfort, drought 

mitigation, and walkability simultaneously. By refining the methods and suggesting 

the locally-varying planning strategies, the GLCZ-3Ser framework supports 

landscape knowledge development and empirical practices.  

In detail, to achieve this research objective, four questions should be answered 

in the context of the Greater Bay Area: 

1) How do the compositional and configurational properties of LCZs vary in a 

landscape? 
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2) What are the spatiotemporal trends in three landscape services: thermal comfort, 

drought mitigation, and walkability? 

3) In what ways do the local heterogeneities in landscape compositions and 

configurations influence the three landscape services? 

4) What landscape planning solutions can be proposed in order to integrate three 

landscape services of thermal comfort, drought mitigation, and walkability?
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Chapter 3 Methodologies 

3.1 An analytical GLCZ-3Ser framework using geospatial methods 

 Complementary to the conceptual GLCZ-3Ser framework (Figure 2.1), Figure 

3.1 is developed as a supplementary framework to guide specifically the collection 

and analysis of geospatial data in this research. It depicts the process of using 

geospatial methods to quantify, characterize, and illustrate LCZ-based landscape 

structures and three landscape services, as well as to reveal their spatially-varying 

relationships, in order to develop geospatial analysis-based solutions for integrating 

landscape services into LCZ-based landscape planning.  

3.1.1 Geospatial methods 

This analytical GLCZ-3Ser framework is built around geospatial methods, 

which use geospatial techniques for geospatial analytics, based on geospatial data, 

to show the geo-information of how landscape structure controls the landscape 

services provision of thermal comfort, drought mitigation, and walkability. Firstly, 

geospatial data include raster Landsat images for LCZ measurements, raster 

meteorological data for thermal comfort quantification, raster hydrological data for 

drought risk quantification, as well as vector street data for walkability 

quantification. Moreover, Geospatial techniques are adopted to illustrate the 

spatially-explicit LCZ-based landscape as well as spatiotemporal patterns of three 

landscape services. Thirdly, both multiple linear and geographically weighted 

regression models are used to reveal the local information in geospatial analytics.  

3.1.2 Four analytical components 

This analytical GLCZ-3Ser framework consists of four components. Firstly, 

LCZs are classified and mapped as landscape representations based on raster 
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Landsat data. Landscape structure is thus defined as the compositions and 

configurations of LCZ types. This first component can answer the first research 

question by using geospatial techniques including Hot Spots Analysis, 

FRAGSTATS, and Principal Component Analysis (PCA). Secondly, three 

landscape services including thermal comfort, drought mitigation, and walkability 

are quantified using proxies of the thermal index, drought index, and accessibility 

and wayfinding, respectively. Emerging Hot Spot Analysis (EHSA) is used to depict 

the spatiotemporal trends of thermal and drought conditions. Another technique of 

Spatial Design Network Analysis (sDNA) is used to illustrate the spatial 

heterogeneity in walkability level in a landscape. EHSA and sDNA help to answer 

the second research question. Then, the third component of my framework is the 

empirical relationships between LCZ-based landscape structures and three 

landscape services with both simple linear regression and spatial regression models. 

The Geographically Weighted Regression (GWR) is a typical spatial regression that 

suggests locally spatial information required in the third research question. The 

final part develops solutions to adjust LCZ structures taking unique localized 

situations into account, in order to achieve integrated landscape services, as a 

response to the fourth research question.  
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Figure 3.1 An analytical GLCZ-3Ser framework 

 

3.2 The study area – Guangdong-Hong Kong-Macau Greater Bay Area 

 The GLCZ-3Ser framework is tested in the Guangdong-Hong Kong-Macau 

Greater Bay Area (GBA) in southern China. The GBA consists of nine 

municipalities from Guangdong Province (Shenzhen, Dongguan, Guangzhou, 

Foshan, Zhongshan, Zhuhai, Huizhou, Zhaoqing, and Jiangmen) and two Special 

Administrative Regions (Hong Kong and Macau) (Figure 3.2). Due to the complex 

historical colonial histories in Hong Kong and Macau under the “one country, two 

system” policy (Liu et al., 2021), the urban and regional planning, cooperation, and 

co-developments between Guangdong, Hong Kong, and Macau have been weak, 

which can be greatly enhanced by building the GBA initiative (The State Council 
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of the PRC, 2019). By integrating landscape planning practices, the GBA cities may 

be able to achieve socio-political cohesion for the overall regional sustainability. 

On the other hand, as the most economically vibrant region of China, the GBA has 

over 70 million people living on less than 1% of the landmass of China, but 

constitutes over 12% of the national GDP with dramatic land resource exploitation 

(Zhang et al., 2020). Heavy land development possibly increases threats to 

ecological-social balance. It is thus important to optimize landscape structure for 

improving landscape service and landscape sustainability. Landscape planning 

strategies that are uniform across the region will not be able to meet the requirement 

of each city in the GBA. As a result, alternatives that take the local circumstances 

into account are required. 

 

 

Figure 3.2 Location of the Guangdong-Hong Kong-Macao Greater Bay Area (GBA) 

in China. 
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3.2.1 Landscape changes in the GBA 

 Since China’s reform policies in 1978, the GBA cities have been experiencing 

rapid economic development with great changes in land use and land cover 

(Alexandra et al., 2006; Weng & Yang, 2004). The most typical characteristic is the 

increased conversion of agricultural lands into built-up areas. From 1985 to 2015, 

the GBA saw a 20.83% reduction in cropland and a 173.61% rise in urbanized areas 

(Jiao et al., 2019). Zhongshan, Zhuhai, Dongguan, Shenzhen, and Foshan were the 

top five cities with the fastest urban expansion rates (Wang et al., 2020). Apart from 

changes in land surface types, urbanization also caused ecological landscape 

fragmentation (e.g., forests) prior to 2010, but this trend has slowed in the last 

decade (Yang et al., 2021; Feng et al., 2021). On the contrary, impervious surface 

land (i.e., the built-up landscape) experienced an agglomeration under strong spatial 

connection due to transportation development (Liu et al., 2020; Hui et al., 2020). 

Overall, the urban landscape expanded as the natural landscape shrank in the GBA, 

but landscape configurational changes differed by type.  

3.2.2 Thermal environment in the GBA 

As the landscape changes dramatically, artificial infrastructures, such as 

buildings and impervious surfaces, increase solar radiation absorption and thermal 

capacity and conductivity (Weng & Yang, 2004), resulting in a worse thermal 

condition. The projected thermal discomfort will further increase in the future 

(Wang et al., 2021). With rapid urban and regional expansion, all air temperature, 

precipitation, relative humidity, and surface heat fluxes change (Lin et al., 2009). 

The significant increase in air temperature is the most recognized change in climate 

variables (Zhao et al., 2013). Slower wind speeds, decreased relative humidity, and 

increased precipitation extremes have also been observed in recent decades (Li et 
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al., 2021; Tse et al., 2018). As a result, including multiple climatic variables, thermal 

indices are computed to reveal how and how much the overall thermal conditions 

worsen in the given regional landscape.  

3.2.3 Hydrological conditions in the GBA 

Many studies have noticed a drying trend in south China (Zhang et al., 2009; 

Gemmer et al., 2011; Fischer et al., 2011; Li et al., 2012). Long-term hydro-

meteorological data revealed a high drought risk in the GBA (Zhang et al., 2012; 

Zhang et al., 2012). A tendency for longer durations of drought events in the GBA 

was claimed by Chen et al. (2016). At the same time, Du et al. (2015) found the 

increased runoff volumes over the last 20 years, which were affected by the land 

surface properties and structures, caused the higher risks of urban flooding and 

waterlogging (Li et al., 2021). Extreme hydrological conditions, which affect 

regional drought and flooding risks, are also a factor in crop production in 

agriculture. (Mishra & Singh, 2010). Consequently, reducing drought risks by 

regulating the hydrological process in the GBA through landscape planning benefits 

both the environment and human well-being.  

3.2.4 Walking environments in the GBA 

Motivated by the pedestrian-friendly principle in landscape planning, spaces 

are increasingly connected by linear landscape components (Aly & Amer, 2010), 

such as green corridors (Zhang et al., 2019; Liu et al., 2018). In China, despite 

starting late, extensive corridor constructions for optimizing landscape structure 

and function while improving the walking environment can be seen. The Pearl 

River Delta (PRD) in southern China was the first region to start an initial 

experiment with green corridors (Peng et al., 2017). As a result, the GBA, as a part 



 

42 

of the PRD, has well-planned and widely-implemented networks of green corridors 

(Qu & Qi, 2021). Combined with street networks, the roadside green corridor is an 

early model for facilitating human walking behavior, by providing, for example, a 

connection to urban parks surrounding the city (Yokohari & Amati, 2005). Roadside 

green corridor has been proposed as an efficient landscape planning solution for 

creating walkable spaces and improving regional walkability (Pirnat, 2000; Sari & 

Alhamdani, 2020; Xiu et al., 2020; Quattrone et al., 2018). Therefore, when 

building roadside green corridors, the spatial features of road networks are required. 

3.3 Geospatial data 

3.3.1 Local climate zone classification with Landsat data 

The World Urban Database and Access Portal Tools (WUDAPT) 

(https://www.wudapt.org/) is a project initiated in 2012, offering a community-

based platform for collecting urban data and co-creating LCZ classification in a 

variety of locations around the world. WUDAPT categorizes urban information into 

different levels (level 0, level 1, and level 2), among which level 0 data provides 

basic information on urban structures and covers to identify LCZ types (Mills et al., 

2015). Mills et al. (2015), Bechtel et al. (2015), and Cai et al. (2018) summarized 

the standardized workflows for LCZ classification, which mainly included three 

operations: 

1. Preprocessing Landsat data:  

For LCZ classification, the annual land data in 2009 and 2019 were required to 

describe the landscape changes over the last decade. The raster Landsat images 

were obtained from The United States Geological Survey (USGS) 

(https://earthexplorer.usgs.gov/) with a 30 m spatial resolution. The Landsat 5 

satellite provided remote-sensing land data in 2009, while the newest Landsat 8 
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satellite, launched in 2013, provided land data in 2019 (Appendix A, Table A1). 

Eight satellite images in 2009 and 2019, respectively, were required to cover the 

entire GBA. To reduce LCZ classification errors, these selected satellite images 

should have a cloud cover of less than 10%. The combined image was then 

resampled to a 100-m spatial resolution to present sufficient details of the regional 

landscape with minimal noise (Bechtel et al., 2015). 

2. Determining training areas and LCZ classification: 

Training areas should be defined in each LCZ type, which represent the typical 

characteristics of urban structures and covers in that class. They are used as 

reference samples for classifying urban forms into LCZ types using supervised 

machine learning to make LCZ classification easier in large-scale regions. Thus, 

the accuracy of identifying training areas determines the accuracy of a LCZ map 

(Bechtel et al., 2019). According to classification guidelines 

(http://www.wudapt.org/digitize-training-areas/), each training area should be 

greater than 1 km2. At least 5-15 training samples are required and more training 

areas are preferred for maximum LCZ classification accuracy. Based on pre-defined 

LCZs from Stewart & Oke (2012), more than 20 training areas of each LCZ type 

were digitized in Google EarthTM for the GBA (Table 3.1). Based on these training 

areas, the LCZ classification was performed using a machine-learning algorithm – 

the random forest classifier – in System for Automated Geoscientific Analyses 

(SAGA GIS) (Conrad et al., 2015). The urban forms of Landsat images were 

compared to those of training areas and classified into different LCZ types.  
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Table 3. 1. Characteristics of training areas of LCZ types 

LCZ class Features  Satellites images 

LCZ 1 (Compact 

high-rise) 

Dense, tall buildings (tens of 

stories), mostly paved land, 

few or no trees 

 

(Example in Hong Kong) 

LCZ 2 (Compact 

midrise) 

Dense, midrise buildings (3-

9 stories), mostly paved 

land, few or no trees 

 

(Example in Shenzhen) 

LCZ 3 (Compact 

low-rise) 

Dense, low-rise buildings 

(1-3 stories), mostly paved 

land, few or no trees 

 

(Example in Zhuhai) 

LCZ 4 (Open 

high-rise) 

Open, tall buildings (tens of 

stories), abundant pervious 

land cover 

 

(Example in Jiangmen) 
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LCZ 5 (Open 

midrise) 

Open, midrise buildings (3-

9 stories), abundant 

pervious land cover 

 

(Example in Shenzhen) 

LCZ 6 (Open 

low-rise) 

Open, low-rise buildings (1-

3 stories), abundant 

pervious land cover 

 

(Example in Jiangmen) 

LCZ 7 

(Lightweight 

low-rise) 

Dense, single-story 

buildings, mostly hard-

packed land, few or no trees, 

lightweight construction 

materials 

 

(Example in Dongguan) 

LCZ 8 (Large 

low-rise) 

Open, large low-rise 

buildings (1–3 stories), 

mostly paved land, few or 

no trees 

 

(Example in Jiangmen) 

LCZ 9 (Sparsely 

built) 

Sparse, small or medium-

sized buildings, abundant 

pervious land 
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(Example in Huizhou) 

LCZ 10 (Heavy 

industry) 

Low-rise and midrise 

industrial structures, mostly 

paved or hard-packed land, 

few or no trees  

(Example in Shenzhen) 

LCZ A (Dense 

trees) 

Heavily wooded landscape, 

low-plants covered land 

 

(Example in Zhaoqing) 

LCZ B 

(Scattered trees) 

Lightly wooded landscape, 

low-plants covered land 

 

(Example in Zhaoqing) 

LCZ C (Bush, 

scrub) 

Open bushes, shrubs, and 

trees, bare soil or sand 

 

(Example in Zhongshan) 
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LCZ D (Low 

plants) 

Grass or herbaceous 

plants/crops, few or no trees. 

 

(Example in Guangzhou) 

LCZ E (Bare 

rock or paved) 

Rock or paved cover, few or 

no trees or plants 

 

(Example in Macau) 

LCZ F (Bare soil 

or sand) 

Soil or sand cover, few or no 

trees or plants 

 

(Example in Dongguan) 

LCZ G (Water) Large or small water bodies 

 

(Example in Huizhou) 

 

3. Accuracy assessment and iteration: 

Overall accuracy (OA) was calculated from the confusion matrix to determine 
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the accuracy of a LCZ map (Congalton & Green, 2019). For a LCZ map to be 

disseminated via the WUDAPT portal, it must have a minimum accuracy of 50% 

(Bechtel et al., 2019). Furthermore, the existing LCZ maps in China have an 

accuracy of more than 60% (Ren et al., 2019). To improve the OA, the 

determinations of training samples were iterated in Google EarthTM. Finally, I 

achieved the OA of 77% and 68% for the GBA LCZ maps in 2009 and 2019, 

respectively (Appendix B).  

 The above steps were the most common processes of LCZ classification before 

the release of a web application. This conventional but complicated approach has 

been simplified by a LCZ generator developed by Demuzere et al. (2021), which 

provides not only an online platform to illustrate the urban forms of regions of 

interest as the LCZ maps but also an automated accuracy evaluation. Using this 

LCZ generator (https://lcz-generator.rub.de), the only thing left to do in the LCZ 

classification is to define the valid training areas in the region. This LCZ generator 

greatly simplifies the LCZ classification, allowing for its potentially wider 

application in local, urban, or regional landscape planning.  

3.3.2 Thermal indices quantification with rater meteorological data 

3.3.2.1 Meteorological data 

Four basic meteorological variables, including air temperature (Ta), wind speed 

(V), solar radiation (Sr), and relative humidity (RH), were the inputs of thermal 

indices computation. These meteorological variables, from 2009 to 2019, were 

obtained from the ERA5 reanalysis dataset (cds.climate.copernicus.eu). The spatial 

resolution of Ta, V, and Sr was 0.1 degrees, while RH had a spatial resolution of 

0.25 degrees. For further thermal indices computation, RH was bilinearly 

interpolated to have the same resolution (0.1 degrees) as the other three variables. 
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3.3.2.2 Thermal indices calculations 

Here, to quantify the level of thermal comfort, three investigated thermal 

indices were the Wet Bulb Globe Temperature (WBGT), the Apparent Temperature 

(AT), and the Universal Thermal Climate Index (UTCI). Using the meteorological 

variables, a simplified WBGT (°C) (Australian Bureau of Meteorology, 2009) is 

formulated as  

WBGT = 0.567Ta + 0.393e + 3.94     (3.1) 

where Ta is the air temperature (°C), and e is the water vapor pressure (hPa) which 

is defined as: 

e =
RH

100
6.105 exp (

17.27Ta

237.7+Ta
)                        (3.2) 

where RH is relative humidity. Compared to the WBGT, the AT also includes the 

wind effect. The formula of the AT (°C) from Steadman (1994) is defined as: 

  AT = Ta + 0.33e − 0.70V − 4.00        (3.3) 

where V is the wind speed at 10-m height (m/s). 

Based on the heat exchange theory, the UTCI is defined as an equivalent 

temperature (°C) that has the same physiological influence on human beings in a 

real environment (Bröde et al., 2012; Vinogradova, 2020). Based on Błazejczyk 

(2011), the expression of the UTCI is: 

UTCI = 3.21 + 0.872Ta + 0.2459Tmrt − 2.5078V − 0.0176RH    (3.4) 

where Tmrt is the mean radiant temperature. The standard Tmrt (ASHRAE, 2017) is 

Tmrt = [(Tg + 273)
4

+
hcg

εD0.4 (Tg − Ta)]

1

4
− 273          (3.5) 

where hcg is the globe’s mean convective coefficient (1.1 × 108 × Vg
0.6), Vg is the 

globe wind speed (m/s); D is the globe diameter (0.15 m for standard globe); and ε 

is the globe emissivity (0.95 for black globe). Tg is the globe temperature (°C), 
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which can be estimated based on meteorological measurements in the outdoor 

environment (Hajizadeh et al., 2017). The estimated equation of Tg is 

        Tg = 0.01498Sr + 1.184Ta − 0.0789RH − 2.739            (3.6) 

where Sr is global solar radiation (W/m2) comprising both direct and diffuse solar 

radiation that reaches a horizontal plane at the surface of the Earth. 

Overall, the WBGT includes only two climatic variables of Ta and RH. The AT 

has an additional V compared to the WBGT. The UTCI may provide more 

comprehensive thermal stress information by incorporating all four climatic 

variables. Therefore, the computations of these three thermal indices could also 

indicate differences in thermal comfort in a landscape with different combinations 

of climatic variables.  

3.3.2.3 Validations of thermal indices 

Historical data from the China Meteorological Administration (CMA; 

http://www.cma.gov.cn/en2014/) and the Hong Kong Observatory (HKO; 

https://www.hko.gov.hk/en/cis/monthlyElement.htm) were used to validate 

whether the ERA5 data was suitable for calculating the GBA’s thermal indices. 

Monthly data of Ta, RH, and V were collected from 33 meteorological stations in 

southern China (Figure 3.3). Two thermal indices (AT and WBGT) from the station 

observations and those from the ERA5 data had strong correlations based on the 

Pearson correlation (r >0.95) (Appendix C, Figures C1a and C2). Moreover, the 

quality of ERA5 data for southern China was validated by the China meteorological 

forcing dataset (CMFD) (https://data.tpdc.ac.cn/zh-hans/data/8028b944-daaa-

4511-8769-965612652c49/) from 1979 to 2018 (Yang & He, 2019). Three thermal 

indices computed from the CMFD and ERA5 datasets were highly correlated 

(r >0.99) (Appendix C, Figure C1b). As a result, thermal indices derived from 
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ERA5 data should be reliable and acceptable due to the consistent results with the 

CMA and CMFD data.  

 

Figure 3. 3. The observation station locations over South China. Blue circles denote 

stations from CMA, while red circle denotes HKO station. 

 

3.3.3 Drought index quantification with raster hydrological data 

Runoff data from 2009 to 2019 for quantifying hydrologic drought were also 

extracted from ERA5 re-analysis datasets (cds.climate.copernicus.eu/) from the 

European Centre for Medium-Range Weather Forecasts (ECMWF). These monthly 

gridded datasets with a spatial resolution of 0.1 degrees were used to calculate a 

hydrological drought index – the standardized runoff index (SRI) – for indicating 

the hydrological drought risk. The SRI≤-1 distinguishes drought from wetness, with 

a lower value indicating a severer hydrological drought. The region usually has a 

normal drought risk when -1≤SRI≤1 (Zhang et al., 2015; Wu et al., 2018).  
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Moreover, to validate the runoff data from ERA 5, this study compared The 

Global Flood Awareness System (GloFAS), which provides the global hydrologic 

reanalysis data based on the ECMWF ERA5 datasets, with observation data. Boluo 

and Longchuan streamflow stations, located in Dongjiang River Basin that is a key 

water source for the GBA, were selected. Boluo is an important station for recording 

long-term runoff changes and Longchuan has few human influences. GloFAS data 

showed a good and satisfactory performance in simulating the SRI values at Boluo 

(Figure 3.4) and Longchuan (Figure 3.4) with R2 values of 0.88 and 0.71, 

respectively (Tan et al., 2020). Hence, the runoff data used in this study provide 

reasonable confidence to calculate SRI.  

 

Figure 3. 4. Correlations between GloFAS-based runoff and observed-based runoff 

data 

 

3.3.4 Vector street data for measuring walkability 

To characterize the human flows, urban street data were required, which were 



 

53 

vector layers derived from OpenStreetMap (OSM) in the QGIS software. OSM is 

an open-source project and a crowdsourced platform that collects and provides free 

geographical information about the world (Zheng & Zheng, 2014; Bolten et al., 

2017), which has been popular in spatial network studies (e.g., Mann et al., 2021). 

Local knowledge is continuously provided to update the precise street information 

for improving the data accuracy in OSM. The accuracy of OSM compared with real 

geographical information can be around 66% (Zheng & Zheng, 2014). About 80% 

of highway objects, for example, overlap those in the real world (Haklay, 2010). 

Studies also showed that OSM has high quality when compared to authoritative 

datasets (Brovelli et al., 2016; Girres & Touya, 2010).  

The roads derived from OSM are categorized into seven classes based on their 

social function and importance, including motorway, trunk, primary, secondary, 

tertiary, unclassified, and residential classes. The least important residential class, 

which is used to connect housing within the residential areas (Xu et al., 2016), was 

excluded from my study, because people in residential quarters navigate mainly 

based on subjective memory rather than physical landscape. Then, using the 

suggested six classes of street data, both accessibility and wayfinding aspects of 

walkability can be quantified.  

3.4 Geospatial techniques 

3.4.1 FRAGSTATS tool to quantify spatial landscape configurations 

 Following the geospatial data of LCZ types throughout the GBA, FRAGSTATS, 

a Spatial Pattern Analysis Program for Categorical Maps, was used to perform the 

quantifications of LCZ configurations. FRAGSTATS tool is an easy-to-use 

software with an almost automated program and mainly intuitive interpretations 

(https://www.umass.edu/landeco/research/fragstats/fragstats.html) (McGarigal & 
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Marks, 1995). Requiring few specialized techniques, FRAGSTATS has been widely 

used in spatial pattern analysis. for example, Feng et al. (2021) applied it in 

determining GBA planning policies. In the FRAGSTATS tool, numbers of 

landscape metrics are provided. Landscape metrics are algorithms to quantify the 

spatial arrangement and relative positions of various LCZ types using numeric 

values, such as where a particular LCZ type is more clustered (Lausch & Herzog, 

2002; McGarigal, 2013). The measurements of landscape metrics are multiple-scale, 

including patch, class, and landscape levels (Walz, 2011), because the 

configurational feature in a landscape is scale-dependent (Wu, 2004). The patch is 

a homogeneous area with different surface characteristics from its surroundings 

(Wiens, 1976). Using LCZ data, the patch-level metrics reveal the spatial 

distributions of individual LCZ patches of the same type. Each LCZ type has a 

unique numeric value to show its unique spatial location within a given landscape 

(Griffith et al., 2000; Leitão et al., 2006). The class is a group of patches of the same 

LCZ type. The class-level metrics suggest the overall spatial configurations of LCZ 

types by averaging all patch-level metrics of the corresponding class (i.e., LCZ 

type), generating a unique value for each LCZ type (Mcgarigal, 2002). The 

landscape is the entire patch mosaic in an area including all interacting LCZ types 

(Forman & Godron, 1981). The landscape-level metrics provide a comprehensive 

picture of the urban and regional landscape, regardless of LCZ types. The patch-, 

class-, and landscape-level metrics demonstrate the specific spatial distribution of 

each LCZ patch, averaged spatial arrangement of each LCZ type, as well as overall 

spatial characteristics in a region, respectively. This study selected three patch-level, 

13 class-level, and 11 landscape-level metrics, in the FRAGSTATS tool, to describe 

multi-scale spatial configurations in the GBA (Table 3.2-Table 3.4).  
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Table 3.2 Three patch-level landscape metrics and their descriptions 

Metrics Abbreviation Description Diagrams (Extremes of landscape metrics) 

Euclidean nearest-

neighbor distance 

ENN The shortest straight-line distance between a patch and its 

closest neighbor.  

 

Proximity index PROX The proximity between neighboring patches of the same class 

within a user-specific distance (e.g., 1200m). e.g., when a tree 

patch is surrounded by two tree patches, the PROX is higher 

than when it is surrounded by a tree patch and a water patch. 
 

Similarity index SIMI The similarity between adjacent patches in terms of their land 

property within a user-specific distance (e.g., 1200m). E.g., 

grasslands have a higher similarity to trees than the impervious 

surface.  
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Table 3.3 Thirteen class-level landscape metrics and their descriptions 

Metrics Abbreviation Description Diagrams (Extremes of landscape metrics) 

Interspersion & 

Juxtaposition 

Index 

IJI The extent to which a class intersperses and intermixes with 

other classes. IJI approaches 0% when the spatial distribution 

of each class is maximally uneven, while IJI equals 100% 

when all classes are equally distributed with the maximum 

interspersion. 

 

Percentage of Like 

Adjacencies 

PLADJ The frequency with which patches of two different classes are 

found side-by-side in a region. PLADJ equals 0 when each 

patch is a different class, while PLADJ equals 100% when a 

landscape consists of a single class.  
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Aggregation Index AI The extent to which two patches share an edge. AI equals 0 % 

when each patch is a different class, while AI equals 100% 

when a landscape consists of a single class.  
 

Clumpiness Index  CLUMPY The extent to which classes are clumped. E.g., classes are 

maximally disaggregated when CLUMPY equals -1, 

distributed randomly when CLUMPY equals 0, and 

maximally aggregated when CLUMPY equals 1.  

Landscape Shape 

Index 

LSI The degree to which a class is irregular in comparison to a 

single square patch. 

 

Normalized 

Landscape Shape 

Index 

nLSI The normalized version of the landscape shape index (LSI). 
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Patch Cohesion 

Index 

COHESION The extent to which the patches of the same class are spatially 

connected. COHESION approaches 0 when a landscape is 

maximally subdivided as patches of different classes, while 

COHESION approaches 100 when patches of the same class 

account for the entire landscape. 

 

Number of Patches  NP The description of the number of patches in a class. 

 

Patch Density PD The number of patches of a class per 100 hectares. 
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Landscape 

Division Index 

DIVISION The possibility of two randomly chosen patches from different 

classes. DIVISION equals 0 when a landscape consists of one 

patch, while DIVISION approaches 1 when a landscape is 

subdivided into the maximal patches.  

Splitting Index SPLIT The total landscape area (m2) is divided by the sum of the patch 

area (m2). SPLIT equals 0 when a landscape consists of one 

patch, while SPLIT approaches 1 when a landscape is 

subdivided into the maximal patches.  

Effective Mesh 

Size 

MESH Perfectly inversely correlated with DIVISION. MESH is the 

lowest when a landscape is separated into patches that are all 

of the different classes. MESH becomes the highest equalling 

the landscape area. 
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Connectance 

index 

CONNECT The extent to which every patch of the same class is connected 

in a user-specified distance (e.g., 1200m). CONNECT equals 

0% when all patches in a landscape are different classes, while 

becoming 100% when all patches of a class are connected.  
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Table 3.4 Eleven landscape-level landscape metrics and their descriptions 

Metrics Abbreviation Description Diagrams (Extremes of landscape metrics) 

Contagion Index CONTAG The level of patch types dispersing in a landscape. CONTAG 

approaches 0% when each patch is a different class, while 

approaching 100% when all patches of the same class are 

aggregated maximally.  

Interspersion & 

Juxtaposition 

Index 

IJI The extent to which a class intersperses and intermixes with 

other classes. IJI approaches 0% when the spatial distribution 

of each class is maximally uneven, while IJI equals 100% 

when all classes are equally distributed with the maximum 

interspersion.  
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Percentage of Like 

Adjacencies 

PLADJ The frequency with which patches of two different classes are 

found side-by-side in a region. PLADJ equals 0 when each 

patch is a different class, while PLADJ equals 100% when a 

landscape consists of a single class. 
 

Aggregation Index AI The extent to which two patches share an edge. AI equals 0 % 

when each patch is a different class, while AI equals 100% 

when a landscape consists of a single class. 

 

Landscape Shape 

Index 

LSI The degree to which a class is irregular in comparison to a 

single square patch. LSI equals 1 when a landscape consists of 

a square patch. LSI increases when a landscape becomes 

increasingly irregular. 
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Number of 

Patches  

NP The description of the number of patches in a landscape. 

 

Patch Density PD The number of patches of a class per 100 hectares in a 

landscape. 

 

Landscape 

Division Index 

DIVISION The possibility of two randomly chosen patches from different 

classes. DIVISION equals 0 when a landscape consists of one 

patch, while DIVISION approaches 1 when a landscape is 

subdivided into the maximal patches.   
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Splitting Index SPLIT The total landscape area (m2) is divided by the sum of patch 

area (m2). SPLIT equals 0 when a landscape consists of one 

patch, while SPLIT approaches 1 when a landscape is 

subdivided into the maximal patches.   

Effective Mesh 

Size 

MESH Perfectly inversely correlated with DIVISION. MESH is the 

lowest when a landscape is separated into patches that are all 

of the different classes. MESH becomes the highest equalling 

the landscape area. 
 

Connectance 

index 

CONNECT CONNECT defines the extent to which every patch is 

connected within a user-specified distance (e.g., 1200m). 

CONNECT equals 0% when all patches in a landscape are 

different classes, while becoming 100% when all patches of a 

class are connected.  
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3.4.2. Principal Component Analysis (PCA) 

Some landscape metrics are redundant as they capture similar patterns of LCZ 

data (Turner & Gardner, 2015). Neglecting the correlations between landscape 

metrics may result in misinterpretations of landscape configurations (Eigenbrod et 

al., 2011). Thus, to eliminate the redundant metrics, principal components analysis 

(PCA) (Jolliffe, 2002) was used, by generating uncorrelated and independent 

principal components (PCs) as the new representations of original landscape 

metrics. The first principal component (PC1) stores the most data information and 

can reflect the greatest data features, followed by the second and subsequent PCs. 

In each PC, landscape metrics had their respective weightings shown by the loading 

values. The metric with the highest absolute loading value was defined as the 

dominant landscape metric in that PC, which can be the representative one to 

characterize the spatial configurations of LCZs. Apart from the loading factor, the 

contribution factor was further used to quantify the importance of each variable in 

demonstrating data characteristics in the combined PC1 and PC2, which was 

measured by Kassambara (2017): 

Contributions = 

[(
Weightings (i1)2 ×100

∑ Weightings (j1)2 × Eig 1) + (
Weightings (i2)2 ×100

∑ Weightings (j2)2 × Eig 2)]

(Eig 1 + Eig 2)
⁄  

where Weightings (i1)  is the loading value of i  indicator in PC1 and 

∑ Weightings (j1)2  means the sum of loading values of all indicators in PC1; 

Weightings (i2)  and ∑ Weightings (j2)2  indicate the corresponding results in 

PC2; Eig 1 and Eig 2 refer to the proportion of variance explained by PC1 and 

PC2, respectively.  
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3.4.3. Hot spot analysis 

Hot spot analysis was used to identify the locations with statistically 

significantly different compositions and configurations of LCZ types over the GBA, 

which were displayed as spatial clusters. Getis-Ord Gi* (Ord & Getis, 1995) in the 

ArcGIS Pro software was used to conduct hot spot analysis based on 90%, 95%, 

and 99% confidence intervals corresponding to 0.1, 0.05, and 0.01 levels of 

significance. Getis-Ord Gi* results with a 99% confidence interval indicate 

extremely accurate clusters of hot or cold values. Hot spots for LCZ compositions 

are the regions where the proportional changes in a LCZ type are statistically 

significantly faster than the surroundings between 2009 to 2019. Hot spots for LCZ 

configurations are the regions where the landscape metrics of LCZ types have 

distinctly high values compared with their surroundings, whereas cold spots show 

the extremely low values of landscape metrics of LCZ types in statistics. 

3.4.4 Emerging Hot Spot Analysis (EHSA) 

 Emerging Hot Spot Analysis (EHSA) has additional time-series information, 

compared with traditional hot spot analysis, to explore data over space and time 

dimensions, based on the Getis-Ord Gi* statistic (Ord & Getis, 1995) and the Mann-

Kendall trend tests (Mann, 1945). As a result, for thermal and drought data that 

continuously change over time, EHSA should be used. This technique illustrates 

statistically significant clusters of long-term thermal and drought conditions by 

superimposing the temporal and spatial patterns of the thermal indices and the 

drought index in each geographical region each year into a single map. EHSA 

contributes to presenting spatial non-stationarities as well as the historical 

variations of thermal stress and hydrological drought conditions in the GBA. To 

perform the EHSA, a tool in Arc GIS – Create Space Time Cube By Aggregating 
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Points – was used to create space-time cubes that store the spatial-temporal gridded 

data of the thermal and drought indices in the GBA as a netCDF (Network Common 

Data Form) format (ESRI, 2019). In these space-time cubes, spatial and temporal 

dimensions were defined by the spatial and temporal resolution of meteorological 

and hydrological data. The values of the thermal and drought indices were thus 

aggregated in these cubes. After performing EHSA, the spatiotemporal trends of the 

thermal and drought indices were presented as hot (cold) spots where high (low) 

values of data were shown and surrounded by similar high (low) values. Sixteen 

sub-patterns of spatial-temporal trends were further presented to define whether the 

hot and cold spots are new, consecutive, intensifying, persistent, diminishing, 

sporadic, oscillating, or historical (ESRI, 2016) (Table 3.5).  

 

Table 3.5 The description of 16 sub-patterns of hot and cold spots 

Pattern Name Description 

New hot spots A location that shows a statistically significant hot spot only in 

the 2018-2019 time step (year). 

Intensifying 

hot (cold) spots 

A location that has shown a statistically significant hot (cold) 

spot for about 9 time steps, including 2018-19 time step. Also, 

the clustering of hot (cold) spots has a significantly increased 

intensity. 

Persistent hot 

(cold) spots 

A location that has shown a statistically significant hot (cold) 

spot for about 9 time steps. However, no clear trend for 

clustering intensity can be observed.  

Diminishing 

hot (cold) spots 

A location that has shown a statistically significant hot (cold) 

spot for about 9 time steps, including 2018-19 time step. While 
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the clustering of hot (cold) spots has a significantly decreased 

intensity. 

consecutive 

hot (cold) spots 

A location that shows a statistically significant hot (cold) spot 

within a recent continuous time period (several years till 2019). 

All time steps showing the hot (cold) spots are less than 9.  

Sporadic hot 

(cold) spots 

A location that shows on-again-off-again and irregular hot 

(cold) spots with less than 9 time steps, without history being 

cold (hot) spots. 

Oscillating hot 

(cold) spots 

A location that shows a statistically significant hot (cold) spot 

during less than 9 time steps, including 2018-19 time step, but 

with history being cold (hot) spots.  

Historical hot 

(cold) spots 

A location that shows hot (cold) spots for more than 9 time 

steps, except in recent years.  

 

3.4.5 Spatial Design Network Analysis (sDNA) 

Based on geospatial street data, the walkability of human walking behavior in 

a landscape was measured using spatial design network analysis (sDNA) 

(https://sdna.cardiff.ac.uk), which is a network modelling tool frequently applied in 

urban studies (Sarkar et al., 2015). sDNA and space syntax share a similar principle 

through characterizing spatial configurations into the graphs consisting of points 

and linear features (Volchenkov & Blanchard, 2007). Developed from the space 

syntax theory, sDNA is an ArcGIS/QGIS/AutoCAD plug-in or Python/command-

line tool for analyzing the street network spatial patterns by simplifying the 

complex urban or regional landscape into street network representations (Cooper & 

Chiaradia, 2020; He et al., 2019). One of the distinctions of sDNA is that it can 
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model localized configurational characteristics within the user-specified radius 

(Sarkar et al., 2015). Thus, sDNA allows for the human-scale walkability 

measurements by defining an appropriate radius (Alalouch et al., 2019; Önder & 

Gigi, 2010). In this study, local scale was defined based on the ‘15-min walkable 

neighborhoods’ initiative advocated by a Chinese national standard (The standard 

for urban residential area planning and design (GB 50180–2018)). This initiative 

aims to improve community life quality by facilitating human walking to urban 

infrastructure. Based on average walking speed, an empirical value corresponding 

to a 15-min walking distance is 1200 meters (Xia et al., 2018). Hence, the 1200m 

distance was decided as the radius for local-scale measurements.  

 Multiple results of street network patterns were provided after conducting 

sDNA, such as Network Quantity Penalized by Distance in Radius Angular 

(NQPDA) and Line Connectivity (LConn). sDNA assigns a unique NQPDA value 

to each street segment by averaging the NQPDA values of all other streets 

connected to the street in question. NQPDA1.2 was used to represent the 

accessibility aspect of walkability within a 1.2 km radial distance, and NQPDA was 

used to represent the accessibility taking all the whole street network of a landscape 

into account (Ma, 2020). Spaces with higher NQPDA1.2 values have higher levels 

of accessibility. On the other hand, the wayfinding aspect of walkability was 

measured by an indicator of intelligibility according to the literature review, which 

refers to the level of coherence between small- and large-scale urban spatial 

configuration (Hillier & Hanson, 1984), that is, the extent to which large-scale 

spatial characteristics of a city can be predicted by small-scale spatial features. 

Peponis et al. (1990) reported the first study to relate wayfinding directly with 

intelligibility metrics following the space syntax theory. After that, there have been 
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numerous applications of intelligibility based on the space syntax theory in 

indicating wayfinding in human movement (e.g., Girotto & Haq, 2003; Zabihi et 

al., 2021). In the sDNA technique, intelligibility was the coefficient of 

determination between LConn and NQPDA, ranging from 0 to 1 (Penn, 2003). High 

intelligibility values indicate an improved wayfinding ability in a region. A perfect 

correlation (R2 =1) is shown as a 45° straight line in the correlation diagram, which, 

for example, can be interpreted as the exactly synchronous changes between LConn 

and NQPDA. When the intelligibility value approaches 1, local places, cities and 

regions are accessible and well-connected synchronically, displaying more similar 

and coherent spatial configurations between local and city levels. People are thus 

easier orient themselves in a complex built environment by predicting large-scale 

spatial configurations by understanding small-scale spatial information within their 

viewshed (Hillier, 1996; Hillier et al., 1987).  

3.5 Geospatial analytics 

3.5.1 Non-spatial regression model 

Without the geospatial information, traditional correlation and linear regression 

generally fall into the non-spatial models.  

Correlation analysis, one of the common statistical tools, is used for measuring 

the associations between two or more continuous variables (Charlton, 2009), 

including the direction (i.e., positive or negative) and strength (i.e., the magnitude 

of correlation) (Gogtay & Thatte, 2017). The result of correlation analysis is shown 

as a correlation coefficient (r) ranging from -1 to +1. A correlation coefficient 

approaching +1 indicates that the variables are correlated more positively. Similarly, 

variables are correlated more negatively when the correlation coefficient 

approaches -1. No correlation exists when a correlation coefficient of variables 
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equals 0.  

Correlation analysis indicates whether variables have relationships with a test 

of statistical significance; however, it cannot express the causation (Gogtay & 

Thatte, 2017). Therefore, another statistical tool – the regression model – is used, 

for quantifying the cause and effect of variables by defining the dependent and 

independent variables using a mathematical formulation. The linear regression 

model can be the most simple non-spatial regression model to describe the linear or 

straight-line relationships between independent and dependent variables (Marill, 

2004). This study used multiple linear regression (MLR) (Uyanık & Güler, 2013) 

to indicate how landscape compositions and configurations affect thermal comfort, 

drought risks, and walkability, shown as (Nakoinz, 2018): 

y = a + b1X1 + b2X2 + b3X3 … +  ϵ       

where y is the dependent variable and a is the intercept. X1, X2, and X3 are the 

multiple independent variables, and b1 , b2 , and b3  are the corresponding 

regression coefficients. ϵ is the residual value. 

MLR models generally do not take the effects of independent variables on 

dependent variables that are varied by locations into account. Conventionally, the 

MLR model is always the most classical and widely used one, which provides 

estimated relationships between variables that are homogeneous across spaces 

(Withers, 2009). However, if the dataset is not spatially homogenous, its spatial 

heterogeneity will be revealed in the form of spatial autocorrelation of residuals in 

the model. Autocorrelation defies the basic premise of linear regression, which 

should be addressed when developing well-fitting models (Charlton, 2009).  
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3.5.2 Spatial regression model 

3.5.2.1 Geographically weighted regression (GWR) model 

 The spatial regression model is a common way, in geospatial analytics, to 

decipher the complex spatial information about relationships between non-

stationary variables. To deal with the thermal indices, drought index, and 

walkability data, which are expected to be spatially heterogeneous, my research 

used a geographically weighted regression (GWR) (Fotheringham et al., 2003) 

model to overcome the constraint of the basic MLR model. GWR based on ArcGIS 

software (Mitchell, 2005) has been widely applied in the fields of environmental 

management (e.g., Wu et al., 2020) and urban planning (e.g., Shen et al., 2020). The 

GWR model, as a typical spatial regression model, is characterized by capturing the 

spatial variations in the relationships between variables in each geographical 

observation, using the following form (Matthews & Yang, 2012):  

yi  =  β0 (μi, vi)  +  ∑ βj
k
j=1  (μi, vi)xij  +  εi              

where yi is the local estimation at location i with coordinates of (μi, vi). β0  is 

the local intercept at location i, βj  means the local regression coefficient of 

variable j at location i, and εi is the error terms at location i.  

 The local estimation of β0 (μi, vi)  distinguishes the GWR model from the 

simple regression models. The estimation of βj(μi, νi) varies over the space in the 

GWR models, by assigning the diverse weightings according to the distance 

between location i and other observations. The locations closer to i have stronger 

influences, resulting in greater weightings to estimate βj(μi, νi)  in the GWR 

calibration.  
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3.5.2.2 GWR model validation 

 To justify the GWR application in this study, spatial autocorrelation, indicating 

whether the variables are correlated in each observation, should be analyzed to 

examine the spatial non-stationarity of the datasets (Arthur Getis, 2008). For 

instance, the spatial autocorrelations of thermal indices were investigated to 

describe spatial clusters with similar thermal indices values (Haining, 2001). The 

result showed a clustered pattern of regional UTCI values in 2019 using a 99% 

confidence level (Figure 3.5), indicating that the UTCI values were not independent 

of one another in different geographical locations. Spatial heterogeneity in the GBA 

case has thus been validated, which supports the GWR application to capture spatial 

data features. Moreover, to compare the performance of the MLR and GWR models, 

adjusted R2, residual, and Akaike Information Criterion (AIC) were used as 

goodness-of-fit criteria (Brown et al., 2012; Tu & Xia, 2008). The R2 is the 

proportion of variance for dependent variables explained by the independent 

variables in the models. Residual is the difference between the observed dependent 

variables and those predicted by the model (Leung et al., 2000). Also, the AIC value 

(Akaike, 1993) indicates the extent to which the approximation of a model is close 

to the truth, based on the model residual and the number of parameters. A model 

with the best-fitted relationships between the dependent and independent variables 

generally has higher adjusted R2, lower residual, and lower AIC (Quinn & Keough, 

2002). 
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Figure 3. 5. Spatial autocorrelation for UTCI values in 2019 in the GBA.  
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Chapter 4 LCZ-based landscape changes in the GLCZ-3Ser 

framework 

To explain thermal comfort, drought mitigation, and walkability from a 

landscape perspective, the first step is to map and characterize the landscape using 

the LCZ classification, by addressing the first research question: 

1) How do the compositional and configurational properties of LCZs vary in a 

landscape?  

 To answer this question, three research objectives should be achieved: 

a) Mapping the spatially explicit LCZ types in the GBA in 2009 and 2019 (Section 

4.1.1) 

b) Measuring the variations in the LCZ composition among regional cities between 

2009 and 2019 (Section 4.1.2). 

c) Quantifying the configurations of LCZs and identifying their spatiotemporal 

changes between 2009 and 2019 (Section 4.2).  

4.1 Compositional variations in LCZ-based landscape in the GBA 

4.1.1 Spatially explicit LCZ maps 

The LCZ maps of the GBA for 2009 and 2019 are shown in Figure 4.1(a)(b). 

Over the decade, the built-up types (LCZs 1-10) were the dominant landscape in 

the GBA, spreading outward from the center of the region. In comparison, in 

peripheral cities, natural land-covers (LCZs A-G) accounted for a large share of the 

total. The LCZ variations showed that the total cover fraction of built-up lands 

(LCZs 1-10) increased from 9.87% in 2009 to 15% in 2019, indicating regional 

growth at the expense of natural land loss (Figure 4.1(c)). In the built-up regions, 

the open built-up cover (LCZs 4-6) had a 68 % increase, which was higher than the 
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47 % increase seen in compact built-up covers (LCZs 1-3). The compact high-rise 

built type (LCZ 1) grew at the fastest rate of around 11 times. The large low-rise 

type (LCZ 8) and the sparsely built type (LCZ 9) also grew in size (Figure 4.1(c)). 

On the contrary, the fractions of different types of vegetated areas (LCZs A, C, D) 

decreased, except for the scattered tree type (LCZ B). This phenomenon can be 

explained in part by China's afforestation program, which has converted low plants 

(LCZ D) into scattered trees (LCZ B) over the region since 1999. At the same time, 

paved areas (LCZ E) and bare soils (LCZ F) declined, whereas water bodies (LCZ 

G) increased, possibly as a result of increased green infrastructures and urban 

regeneration initiatives.  
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Figure 4.1 The LCZ-based regional landscape in 2009 (a) and 2019 (b), respectively. 

The variations in the percentages of each LCZ type in the GBA from 2009 to 2019 

are shown in (c).  
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4.1.2 Spatiotemporal changes in the proportions of LCZs 

 Based on changes in LCZ proportions from 2009 to 2019 in each GBA city 

(Appendix D), the temporal changes in landscape sizes can be captured as the rate 

of change of each LCZ type (Figure 4.2). The rate of change of various LCZ types 

did not have a common spatial distribution. In detail, among built types, only LCZ 

1 (compact high-rise) increased in each GBA city between 2009 and 2019 while 

other built types (LCZ 2-LCZ 10) experienced both increased and decreased 

variations across cities. The central cities had greater increases in LCZ 1 

proportions, with Guangzhou having the fastest rate of change (about 39.6 times), 

followed by Dongguan (about 23.2 times), Shenzhen (about 17 times), and 

Zhongshan (about 16.5 times). These changes implied that the central region 

experienced faster urban construction and spatial densification than other cities. On 

the contrary, Macau (around 0.4 times) and Zhuhai (around 2.3 times) had the 

slowest increase in LCZ 1 proportions, but Macau kept the highest proportion of 

LCZ 1 in both 2009 and 2019 (Appendix D). City-level changes in the LCZ 1 

proportion were generally consistent with those over the entire region. Interestingly, 

Macau and Zhuhai showed the highest increase in LCZ 4 (open high-rise) and LCZ 

6 (open low-rise), which implies increasingly openly arranged spatial structures in 

these two cities. On the contrary, Zhaoqing was the only city where the proportions 

of all open built-up areas (LCZs 4-6) decreased but the compact built-up areas 

(LCZs 1-3) increased. In other words, Zhaoqing, different from Macau and Zhuhai, 

was developing a more compact urban structure.  

For land-cover types (LCZs A-G), Zhuhai and Macau experienced the greatest 

increases in LCZ C (shrubs and bushes) with about 49.3 times and 33.6 times, 

respectively. They were also the only two cities having increased proportions in 
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LCZ E (paved or bare lands). This observation may be related to the more open 

spatial organizations in these two cities. Moreover, LCZ A (dense trees) did not 

have distinct changes in each city. Only Dongguan and Guangzhou had declined 

proportions of LCZ B (scattered trees). Except for Huizhou, which showed a slight 

increase, all other cities had reduced LCZ D (low plants). The changes in LCZ F 

(bare soil or sand) and LCZ G (water) in each city were consistent with regional 

trends.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                               

Although the proportional changes in the LCZ-based landscape varied by city, 

spatial clusters of some cities can be detected (Figure 4.2). Specifically, the 

increases in LCZ 4 and LCZ 5 were mainly clustered in the central and southern 

regions, and the declines in LCZ D (low plants) mainly occurred in the central and 

western regions (Figure 4.2). Therefore, I examined whether these spatial clusters 

have statistical significance using hot spot analysis with a 95% confidence interval. 

Here, hot spots are the regions where the increase or decrease in LCZ proportions 

is significantly higher than surrounding areas in statistics. Results showed that only 

five LCZ variations had spatial clustering in statistics (Figure 4.3). The increases in 

LCZ 1 in Guangzhou, Huizhou, and Shenzhen cities were considerably higher than 

in their neighbors. Zhuhai and Macau were the hot spots of LCZ G growth, due to 

their statistically significant greater increments of water areas within the region. 

Macau also had the fastest expansion of LCZ 4 between 2009 to 2019, compared to 

its adjacencies. Contrarily, the hot spot of LCZ D variation revealed that the most 

significant decrease in LCZ D occurred in Dongguan. Similarly, Zhongshan city 

was the LCZ E hotspot, with the largest decline in LCZ E proportion. 
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Figure 4.2 Spatial distribution of the rate of changes in the proportions of LCZs 

between 2009 and 2019. 
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Figure 4.3 Hot spots of increases in LCZ 1, LCZ 4, and LCZ G, as well as hot spots 

of declines in LCZ D and LCZ E among the GBA cities between 2009 to 2019.  

 

4.2 Configurational variations in LCZ-based landscape in the GBA 

4.2.1 Patch-level variations in the spatial configurations 

 Mapping the spatial distributions of three patch-level landscape metrics – 

PROX, SIMI, and ENN – helped illustrate the relative spatial locations among LCZ 

patches within a complicated regional landscape. The spatial patterns of three patch-
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level landscape metrics did not differ significantly between 2009 and 2019 (Figure 

4.4), indicating similar patch-level landscape configurations over the decade. In 

general, the central region had lower PROX and SIMI values than the surrounding 

areas. According to the definitions of these two metrics, the less similarity between 

neighboring LCZ patches indicated that built types (LCZ 1-10) (e.g., compact high-

rise) were more likely to be adjacent to land-cover types (LCZ A-G) (e.g., shrubs 

and bushes) in central GBA, resulting in increased landscape fragmentation. This 

observation can be related to the rapid urban expansion and increased intermixing 

of built-up areas and natural environments in the regional center. At the same time, 

the central region had higher ENN values than others, indicating that more straight-

line distance between patches of the same LCZ type causes fragmented distributions 

of LCZ-based landscape. According to spatially explicit illustrations of all three 

patch-level landscape metrics, central GBA had a more fragmented spatial 

configuration with more distant LCZs and less similarity between LCZs and their 

neighbors. In temporal context, there were 471,275 patches in 2009 derived from 

the FRAGSTATS tool, however, which became 515,186 patches in 2019. It means 

that the GBA was divided into 471,275 LCZs in 2009 and then further fragmented 

into 515,186 LCZs in 2019, indicating an increasingly fragmented and separated 

spatial structure in the GBA from 2009 to 2019. In addition, spaces with low PROX 

and SIMI values but high ENN values expanded from 2009 to 2019 (Figure 4.4), 

implying increased spatial fragmentation spreading outwards from the center 

because of the recent rapid urban development and intensive land use in the 

periphery. In summary, both temporal and spatial features of patch-level landscape 

metrics of LCZs from 2009 to 2019 demonstrated the fragmented and scattered 

spatial configurations of LCZ patches in the GBA.  
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Figure 4.4 Spatially explicit patch-level landscape metrics, including SIMI and 

ENN in 2009 (a) and 2019 (b), respectively. 
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Figure 4.5 The contribution of each patch-level landscape metric to representing 

spatial configurations of each LCZ type, in the combined PC1 and PC2 dimensions. 

The red dashed line indicates the expected averaged contributions if the 

contribution of each landscape metric is uniform.  

 

As three patch-level landscape metrics reveal different aspects of fragmented 

landscape configurations, the most representative one should be identified. In other 

words, the most representative patch-level landscape metrics are required to 
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determine whether the configurational variations in spatial patterns of LCZ patches 

were characterized as changed straight-line distance (i.e., ENN values) or changed 

similarities in the land properties between neighboring LCZ patches (i.e., PROX 

and SIMI values). The representative metrics can be identified based on PCA results 

(Figure 4.5). The changes in ENN values from 2009 to 2019 dominated the 

configurational changes in patches of LCZ 1 (compact high-rise), LCZ 3 (compact 

low-rise), LCZ B (scattered trees), LCZ E (bare rock or paved), and LCZ G (water). 

The changes in SIMI values were the dominant configurational changes in patches 

of LCZ 2 (compact mid-rise), LCZ 8 (large low-rise), LCZ 9 (sparsely built), LCZ 

10 (heavy industry), LCZ C (shrubs and bushes), and LCZ D (low plants). Also, the 

configurational changes in patches of LCZ 4 (open high-rise), LCZ 5 (open mid-

rise), LCA 6 (open low-rise), LCZ 7 (lightweight low-rise), LCZ A (dense trees), 

and LCZ F (bare soil or sand) can be represented by the changes in PROX values.  

After identifying the unique landscape metrics to represent the patch-level 

configurational changes, Table 4.1 showed the rate of change (%) from 2009 to 

2019 of the selected representative metrics in each LCZ type. Patches of LCZ 1, 

LCZ 2, LCZ 5, LCZ 7, LCZ 8, LCZ B, and LCZ G became clustered with either 

ENN decreasing or PROX and SIMI increasing. The other LCZs became more 

separated with increased ENN values or reduced PROX and SIMI values. 

Comparing the rate of changes in patch-level LCZ configurations, compact high-

rise patches (LCZ 1) had the greatest agglomeration due to the largest reductions in 

ENN values, followed by water patches (LCZ G) and compact mid-rise patches 

(LCZ 2). Open mid-rise patches (LCZ 5) and lightweight low-rise patches (LCZ 7) 

experienced the least agglomeration. Moreover, the largest spatial fragmentation 

from 2009 to 2019 occurred in shrub and bush patches (LCZ C) and low plants 
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patches (LCZ D) due to their highest reduction in SIMI values, while the least 

spatial fragmentation was shown in open high-rise patches (LCZ 4) and open low-

rise patches (LCZ 6). 

 

Table 4.1 The changes in dominant patch-level landscape metric of each LCZ type 

from 2009 to 2019 (%) 

LCZ types Averaged PROX 

changes 

Averaged SIMI 

changes 

Averaged ENN 

changes 

LCZ 1  
 

-571.08 

LCZ 2  41.42 
 

LCZ 3   46.14 

LCZ 4 -0.28   

LCZ 5 2.01   

LCZ 6 -0.60   

LCZ 7 2.85 
 

 

LCZ 8  12.49  

LCZ 9  -32876.87  

LCZ 10  -193.93  

LCZ A -3557.78   

LCZ B   -8.47 

LCZ C  -282186.28  

LCZ D  -161529.13  

LCZ E   97.88 

LCZ F -1.52   

LCZ G 
 

 -47.58 
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4.2.2 Class-level variations in the spatial configurations 

According to the changes in 13 class-level landscape metrics from 2009 

(Appendix E, Table E1) to 2019 (Appendix E, Table E2), respectively, the overall 

configurational changes in each LCZ type from 2009 to 2019 can be measured. 

Representative class-level landscape metrics were identified in the same way that 

patch-level landscape metrics were in order to characterize the unique aspect of 

configurational changes in each LCZ type (Figure 4.6). In detail, CLUMPY values 

can represent the configurational changes in LCZ 1 (compact high-rise), LCZ 5 

(open mid-rise), LCZ 8 (large low-rise), LCZ 10 (heavy industry), and LCZ A 

(dense trees). PLADJ values can represent the changes in spatial configurations of 

LCZ 2 (compact mid-rise), LCZ 3 (compact low-rise), LCZ 4 (open high-rise), LCZ 

6 (open low-rise), LCZ B (scattered trees), LCZ E (bare rock or paved), LCZ F 

(bare soil or sand), and LCZ G (water). Moreover, the configurational changes in 

LCZ 7 (lightweight low-rise) and LCZ 9 (sparsely built) were characterized as AI 

and DIVISION values, respectively. In contrast, COHESION and NLSI values 

dominated the changes in spatial configurations of LCZ C (shrubs and bushes) and 

LCZ D (low plants), respectively. The percentage changes (%) in these 

representative class-level landscape metrics from 2009 to 2019 have been shown in 

Table 4.2. One observation was that LCZ 2, LCZ 3, LCZ 5, LCZ 7, LCZ 10, LCZ 

D, and LCZ G generally became more dispersed according to their declined 

CLUMPY, PLADJ, and AI values or the increased NLSI values. Comparing the 

magnitude of percentage changes in Table 4.2, LCZ D had the greatest 

fragmentation from 2009 to 2019 because of the highest percentage changes in 

NLSI, followed by LCZ 3, while the least spatial fragmentation occurred in LCZ G. 

Furthermore, LCZ B and LCZ 6 experienced the greatest clustering in the recent 
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decade because of their highest increases in PLADJ values. However, LCZ A had 

the least clustering based on the smallest increase in CLUMPY value. In addition, 

the spatial configuration of LCZ 9 remained unchanged due to the same values of 

DIVISION in 2009 and 2019. Apart from the unchanged DIVISION values, the 

other five dominant class-level landscape metrics all demonstrated the same 

dispersion aspect of spatial patterns (Mcgarigal, 2002). Dispersion elucidates the 

spatial arrangement of a specific landscape class (i.e., LCZ type) by defining how 

this particular class (i.e., LCZ type) spreads out, randomly distributes, or clusters 

(Turner & Gardner, 2015). In other words, the variations in landscape 

configurations, in general, were mostly represented as the changes in spatial 

dispersion of each LCZ type. 
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Table 4.2 The variations in dominant class-level landscape metric of each LCZ type 

from 2009 to 2019 (%) 

LCZ types CLUMPY PLADJ COHESION DIVISION AI NLSI 

LCZ 1 18.15      

LCZ 2  -10.24     

LCZ 3  -15.19     

LCZ 4  23.82     

LCZ 5 -12.51      

LCZ 6  61.65     

LCZ 7     -5.73  

LCZ 8 38.29      

LCZ 9    0.00   

LCZ 10 -4.26      

LCZ A 3.06      

LCZ B  77.61     

LCZ C   20.20    

LCZ D      19.80 

LCZ E  19.42     

LCZ F  6.18     

LCZ G  -1.38     
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Figure 4.6-1 The contribution of each class-level landscape metric to 

representing configurational changes in LCZs 1-10, in the combined PC1 

and PC2 dimensions. The red dashed line indicates the expected averaged 

contributions if the contribution of each landscape metric is uniform. 
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Figure 4.7-2 The contribution of each class-level landscape metric to representing 

configurational changes in LCZs A-G, in the combined PC1 and PC2 dimensions. 

The red dashed line indicates the expected averaged contributions if the 

contribution of each landscape metric is uniform. 
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4.2.3 Landscape-level variations in the spatial configurations among cities 

 The comparisons of landscape-level landscape metrics in 2009 (Appendix E, 

Table E3) and 2019 (Appendix E, Table E4) allowed us to understand the overall 

changes in landscape characteristics, regardless of LCZ types. The dominant 

changes in landscape configurations throughout the GBA from 2009 to 2019 can be 

characterized as the changes in PD, AI, PLADJ, CONTAG, and NP values (Figure 

4.7). Their changes in values revealed a disconnected configurational trend across 

the GBA (Table 4.3). However, for individual cities, the percentage changes in these 

five dominant landscape-level metrics suggest different landscape configurations. 

Only in Foshan, Guangzhou, Hong Kong, Jiangmen, Macau, Zhongshan, and 

Zhuhai did the five landscape metrics indicate the same change in landscape 

configurations as the regional results, namely, urban spaces became increasingly 

fragmented and separated from 2009 to 2019.  

 

 

Figure 4.8 The contribution of each landscape-level landscape metric to 

representing overall landscape characteristics throughout the region, in the 

combined PC1 and PC2 dimensions. The red dashed line indicates the expected 

averaged contributions if the contribution of each landscape metric is uniform. 
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Table 4.3 The changes in the top 5 dominant landscape-level metrics in the GBA 

and each city from 2009 to 2019 (%) 

City  PD   AI  PLADJ   CONTAG   NP  

Dongguan -42.9476 34.80631 35.06633 51.9179 2.814385 

Foshan 20.31363 -11.4624 -11.5244 -22.585 20.31736 

Guangzhou 10.63531 -0.2257 -0.2326 -3.79842 10.63181 

Hong Kong 2.193695 -0.12863 -0.15849 -3.64986 2.241113 

Huizhou 1.927643 0.118709 0.100014 -6.81804 1.934251 

Jiangmen 23.33882 -4.10131 -4.11368 -6.91942 23.33393 

Macau 33.89252 -7.83867 -8.55381 -18.9529 32.95669 

Shenzhen 0.22699 0.404747 0.363084 -3.86311 0.247009 

Zhaoqing -5.2065 -5.13404 -5.14782 -7.43172 -5.20582 

Zhongshan 22.27673 -6.05103 -6.13769 -18.2043 22.28057 

Zhuhai 89.66326 -13.3935 -13.4793 -25.8273 89.70057 

GBA 9.05 -3.72 -3.73 -9.74 9.32 

 

4.3 Summary 

 This section mainly illustrated the LCZ types in the GBA to show the regional 

landscape and investigated the spatiotemporal patterns of both compositional and 

configurational changes in the LCZ-based landscape. Specifically, from 2009 to 

2019, the landscape composition of the GBA experienced an intensive urban sprawl 

trend at the expense of natural encroachment, supported by reductions in the 

proportions of LCZ A-LCZ D but increases in the proportions of LCZ 1-LCZ 10. 

LCZ 1 (compact high-rise) showed the most significant expansion. The spatial 

clusters of LCZ composition changes were also demonstrated. The analyses of 
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landscape compositional changes can help answer a) how and how much the 

landscape types and their proportions have changed in the past decade; and b) the 

spatial distributions of changes in landscape compositions.  

 On the other hand, the configurational changes in the LCZ-based landscape 

were quantified using multi-level landscape metrics. The dominant patch-, class-, 

and landscape-level landscape metrics have been identified in order to represent the 

configurational changes in LCZs from the finest to the coarsest levels. According 

to the increase or decrease as well as the magnitude of changes in these 

representative multi-level landscape metrics, the LCZ configurational changes in 

the GBA and each GBA city can be described in detail. Overall, the analyses of 

landscape configurational changes using empirical evidence can answer the 

following: a) what landscape metrics should be used to represent the LCZ-based 

landscape; and b) how and how much these representative metrics change. 
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Chapter 5 Spatiotemporal trends of three landscape services in the 

GLCZ-3Ser framework 

 After the measurements and characterizations of the LCZ-based landscape, 

quantitative landscape services are required to analyze their associations in the 

following chapters. This chapter, as a result, quantifies and assessed the defined 

three landscape services – thermal comfort, drought risk mitigation, and walkability 

– to address the second research question: “What are the spatiotemporal trends in 

three landscape services: thermal comfort, drought mitigation, and walkability?”  

To answer this question, three research objectives should be considered: 

a) Quantifying thermal indices and illustrating their spatiotemporal patterns to 

demonstrate the changes in thermal comfort in the region (Section 5.1). 

b) Quantifying the drought index and investigating its spatiotemporal patterns to 

understand the historical drought conditions (Section 5.2). 

c) Quantifying the accessibility and wayfinding aspects to evaluate the walkability 

(Section 5.3). 

5.1 Spatiotemporal variations in thermal comfort in the GBA 

According to the formula of thermal indices calculations (Equations 3.1-3.6), 

the variations in three thermal indices can be quantified. The spatiotemporal 

patterns of the changes in three thermal indices were illustrated in Figure 5.1, based 

on EHSA results. Annual changes in three thermal indices followed an overall 

similar spatiotemporal pattern, with hot spots in more central regions of the GBA. 

Thus, in general, cities in the regional center, including Foshan, Jiangmen, 

Guangzhou, Dongguan, and western Huizhou, had significantly higher thermal 

stress than other places, in the past 10 years. In contrast, the more coastal areas, 
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including Macau, Hong Kong, and southern Zhuhai, may generally experience less 

thermal stress historically. In detail, the WBGT and AT mainly showed an 

intensifying hot spot, while the UTCI showed a single persistent hot spot throughout 

the region. The major difference between these two hot spot patterns is that an 

intensifying hot spot has a significantly increased intensity, but a persistent hot spot 

does not have this trend. Therefore, I infer that, from 2009 to 2019, the increasing 

rates of the WBGT and AT values were more intense in the central region than in 

surrounding areas, whereas the increase rate of the UTCI values may be more 

consistent in the regional center over the decade. On the other hand, the monthly 

changes in these three thermal indices did not show clear spatiotemporal patterns. 

This suggested that the spatial variations in thermal stress over the last decade were 

more discernible based on annual data.  

In the GBA with subtropical climates, extreme thermal stress is more likely to 

occur in the summer (June, July, and August, JJA). The averaged WBGT and AT 

values in JJA from 2009 to 2019 were higher in the central region than those in 

outer edge areas (Figure 5.2(a1) and (a2)). Spatial patterns of the WBGT and AT 

values in JJA based on multi-year averaged thermal indices were similar to their hot 

spots derived from EHSA using all-year data. At the same time, the averaged UTCI 

values in JJA indicated, compared to other cities, lower thermal stress on the 

southern coast (i.e., Zhuhai, Macau, Shenzhen, and Hong Kong) (Figure 5.2 (a3)) 

which were also cold spots based on the EHSA (Figure 5.1(c)). This phenomenon 

may be related to a more compact urban form in the southern region. In general, the 

spatiotemporal patterns of thermal indices were consistent when using averaged or 

every-year data, respectively. Moreover, an increase in thermal stress in summer 

can be observed. Among the three thermal indices, the WBGT values had the least 
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increase (Figure 5.2(b1)), whereas the UTCI increased the most (Figure 5.2(b3)). 

The rises in thermal stress (Figure 5.2(b1)-(b3)) in the eastern part (e.g., Huizhou, 

Dongguan, Shenzhen, and Hong Kong) were always higher than in other parts, 

regardless of the thermal indices. 

In summary, from 2009 to 2019, the landscape service of thermal comfort was 

generally worse in more central cities and better in more coastal southern areas. An 

increase in regional thermal stress, especially in summer, can be observed. The 

eastern region experienced less thermal comfort in the summer may be attributed 

to its faster urbanization processes.  
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Figure 5.1 Annual and monthly changes in WBGT (a), AT (b), and UTCI (c) from 

2009 to 2019, using emerging hot spot analysis.  
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Figure 5.2 Spatial patterns of thermal conditions in the summer from 2009 to 2019. 

Averaged values of WBGT, AT, and UTCI are presented in (a1), (a2), and (a3), 

respectively. Variations of WBGT, AT, and UTCI are presented in (b1), (b2), and 

(b3), respectively.  

 

5.2 Spatiotemporal variations in drought risks in the GBA 

 Temporal changes of SRI, a proxy for hydrological drought, were presented in 

Figure 5.3. Based on the SRI classification, SRI < -1 indicates a drought risk; -1 < 

SRI < 1 indicates the near-normal hydrological condition; and SRI > 1 indicates a 

wet condition. The hydrological environments in the GBA from 2009 to 2019 were 
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near normal even with a wet condition in 2016 (Figure 5.3(a)). Annual SRI changes 

during the decade had a slightly growing trend. Hence, the GBA generally became 

wetter with no major drought risk in the last 10 years, according to the annual SRI. 

At a finer temporal scale, the monthly SRI revealed more details about hydrological 

drought risks (Figure 5.3(b)). Compared to annual SRI changes, monthly SRI 

results showed mild to moderate drought risks between 2009-2010 and 2011-2012. 

The mild drought risks also occurred occasionally in 2015 and 2018. It means that, 

despite normal hydrological conditions throughout the year, drought risks were still 

present on a monthly basis.  

Incorporating spatial patterns into the temporal changes of SRI, Figure 5.4 

demonstrated oscillating cold spots of SRI in the northern region and oscillating hot 

spots of SRI in the southern region. Regardless of monthly or yearly SRI, Zhaoqing, 

Guangzhou, and Huizhou consistently showed oscillating cold spots of SRI with 

relatively high drought risks in the historical decade, whereas Zhongshan, Zhuhai, 

Macau, and Hong Kong were always oscillating hot spots of SRI showing relative 

low drought risks. These spatiotemporal patterns were reasonable because the 

coastal areas are more likely to have wetter hydrological conditions. 

In summary, the GBA became wetter from 2009 to 2019, with drought risks in 

the north being higher than in the south.  
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Figure 5.3 Time series of yearly (a) and monthly (b) SRI changes from 2009 to 2019. 

SRI < -1 indicates the drought risk; -1 < SRI < 1 indicates the near-normal 

hydrological condition; SRI > 1 indicates a wet condition.  
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Figure 5.4 The emerging hot spot analysis of SRI changes monthly (a) and yearly 

(b) from 2009 to 2019 in the GBA. 

 

5.3 Spatial patterns of walkability in the GBA 

 Two aspects of walkability– accessibility and wayfinding – were analyzed to 

measure the ease of reaching destinations and the ease of spatial orientations, 

respectively, in the human movement process.  

5.3.1 Accessibility 

 The accessibility of street networks for human moving has been illustrated in 

Figure 5.5(a). The accessibility levels were generally low across the GBA with a 

few high values in the central cities, particularly Guangzhou, Foshan, and Shenzhen. 

This implied that street networks at the regional level provided similar accessibility 

for pedestrians, whereas social differences in accessibility at the city level still 

existed. Moreover, spaces with high-level accessibility were sparsely distributed 

throughout the region, indicating the need to improve accessibility to destinations 

within 1.2 km of the origins. Averaging street-level accessibility to the city level, 

Hong Kong was a hot spot with statistically significant great accessibility compared 

to its neighbors on average, using a 95% confidence level (Figure 5.5(b)). It means 
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that, in the GBA, Hong Kong may have the greatest accessibility level of 

walkability, which can be related to its well-developed public transportation 

networks and well-organized urban function zones.  

 

 

Figure 5.5 Spatial patterns of street-network accessibility (a) and hot spot analysis 

of averaged accessibility in cities (b).  

 

5.3.2 Intelligibility-based wayfinding 

The intelligibility value, that is, the coefficient of determination (R2 values) 

between local connectivity and city integration, has been quantified (Appendix F) 

to illustrate the heterogeneous wayfinding in each city (Figure 5.6(a)). The whole 

region showed pretty low wayfinding levels. Cities in the more central region, such 

as Shenzhen and Dongguan, had particularly poor wayfinding levels than outer 

cities. In other words, throughout the GBA, it was hard for people to find their way 

based on their local observations of surrounding environments. This situation was 

worse in the regional center, because of the more asynchronous spatial development 

between local and city levels (Appendix F). On the other hand, Huizhou, a city in 

the east of the GBA, and Zhaoqing, a city in the northwesternmost GBA, had the 
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highest intelligibility values, in which people can more easily identify the spatial 

configurations of the whole city from the local places for spatial orientation than 

people in other cities. Moreover, Huizhou was also a hot spot of intelligibility value 

using a 90% confidence interval, with significantly great wayfinding performance 

compared to its surroundings in statistics (Figure 5.6(b)). 

 

 

Figure 5.6 The spatial patterns of intelligibility-based wayfinding in the GBA (a). 

The spatial clusters of wayfinding are illustrated in (b).  

 

5.4. Summary 

 The spatiotemporal patterns of quantitative thermal comfort, drought risk, and 

walkability have been demonstrated. From 2009 to 2019, yearly thermal stress in 

more central GBA cities was generally higher than that in coastal areas. The eastern 

region experienced higher increases in thermal stress in the summer. Moreover, a 

wetter trend can be observed, but the spatial patterns showed that the north was 

more vulnerable to drought than the south. Both accessibility and wayfinding 

aspects of walkability had poor performance throughout the region but differed 

across the cities.  
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Chapter 6 LCZ-based landscape effects on thermal comfort and 

drought mitigation in the GLCZ-3Ser framework 

 After the investigation of LCZ-based landscape structure and three landscape 

services, statistical analysis is required to decipher their empirical relationships, 

which is the geospatial analytics part of the GLCZ-3Ser framework. This chapter 

focuses on two landscape services – thermal comfort and drought risk mitigation – 

and examines how they are controlled by the compositions and configurations of 

LCZ-based landscape, using both spatial and non-spatial regression models.  

6.1 Effects of the LCZ-based landscape on thermal comfort 

6.1.1 Impacts of LCZ compositions 

6.1.1.1 Comparing MLR and GWR models 

 To test whether changes in thermal stress in the GBA from 2009 to 2019 were 

significantly associated with the variations in landscape compositions, a simple 

correlation analysis was firstly required. Before correlation analysis, a linkage 

between LCZ-based landscape data and thermal indices data was required. In detail, 

Figure 6.1(a) presented the spatial distributions of point features that stored the 

attribute dataset in terms of variations in three thermal indices from 2009 to 2019. 

Using these point features as centroids, buffer zones can be created (Figure 6.1(b)), 

which extracted the variability of the proportions of each LCZ type in each grid 

over 10 years (Figure 6.1(c)). Then, the variations in the LCZ proportions from 

2009 to 2019 were incorporated into the original point features for further modeling. 

Based on this joined new dataset, correlation analysis was conducted using the R 

software after validating the LCZ proportion and thermal indices data were 

normally distributed based on Q-Q plots (Figrue 6.2). Consequently, LCZ types that 
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had statistically significant correlations with variations in three thermal indices 

could be identified.  

 

 

Figure 6.1 The spatial points of thermal indices are indicated in (a). These data 

points are the centroid of grids in (b). Variations in three thermal indices from 2009 

to 2019 within each grid and corresponding variations in the proportions of LCZs 

types are derived from (c).  
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Figure 6. 2. Q-Q plots for validating the normal distribution of data of thermal 

indices and LCZ proportions. Generally, all the plots show that the normal 

assumption is quite acceptable based on the points along an approximately line. 

 

 Only LCZ 8 (large low-rise) and LCZ D (low plants) were consistently 

correlated with three thermal indices (p-value < 0.01) using both Pearson and 

Spearman correlations (Figure 6.2). Thus, to show the spatially-varied and 
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homogeneous thermal-LCZs relationships, both GWR models and multiple linear 

regression (MLR) models were developed, respectively, to demonstrate how much 

the changes in the proportions of LCZ 8 and LCZ D can explain variations in three 

thermal indices. The evaluations of these two models revealed that, regardless of 

the thermal index, the GWR models always outperformed the MLR models in 

fitting the relationships between thermal environment and LCZ proportions (Table 

6.1). Similarly, the findings indicated that the proportional changes in LCZs 

explained more UTCI variations than the AT and WBGT, because the GWR models 

for UTCI and LCZs had the highest R2, the lowest residual standard deviation, and 

the lowest AIC.  

 

 

Figure 6.3 Pearson (a) and Spearman (b) correlation analysis between variations in 

three thermal indices (WBGT, AT, and UTCI) and changes in the proportions of 

LCZ types. The statistically significant LCZ types are marked as ‘*’ (p-value<0.01). 
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Table 6.1 Evaluating the performance between MLR models and GWR models. 

Thermal index LCZ types MLR model GWR model 

Adjusted R2 AIC Residual standard deviation Adjusted R2 AIC Residual standard deviation 

WBGT LCZs 8 and D 0.06 -837 0.1 0.50 -687 0.01 

AT LCZs 8 and D 0.08 -314 0.17 0.67 -766 0.009 

UTCI LCZs 8 and D 0.11 172 0.29 0.93 -960 0.005 
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6.1.1.2 Local patterns of variations in LCZ proportions affecting the UTCI 

 Due to the better performance, the GWR models were focused to present the 

spatial heterogeneities in the relationships between UTCI variations and changes in 

the proportions of LCZ 8 and LCZ D (Figure 6.3). In regions where the UTCI and 

LCZ proportions were positively correlated, increases in the cover fractions of LCZ 

8 and LCZ D may result in greater UTCI values and, as a result, higher thermal 

stress. Conversely, the expansion of LCZ 8 and LCZ D in regions where the UTCI 

and LCZ proportions were negatively correlated may help reduce thermal stress by 

lowering UTCI values. Specifically, positive associations between UTCI values and 

LCZ 8 proportions were the most prevalent in Foshan, Zhongshan, Dongguan, and 

Shenzhen, while both positive and negative relationships can be observed in other 

GBA cities (Figure 6.3(a)). Meantime, increased low plants (LCZ D) in Zhongshan, 

Dongguan, Shenzhen, and Hong Kong were closely associated with high thermal 

stresses. However, the expansion of low plants (LCZ D) in Zhuhai and Macau had 

the potential to relieve thermal stress (Figure 6.3(b)). Extended LCZ D in Dongguan, 

Shenzhen, Zhongshan, and Hong Kong may exacerbate the UTCI-based thermal 

discomfort. In general, to reduce UTCI values for improved thermal comfort, 

shrinking LCZ 8 in Foshan, Zhongshan, Dongguan, Shenzhen, Zhuhai, and Hong 

Kong was recommended. Less LCZ D was desired in Zhongshan, Dongguan, 

Shenzhen, and Hong Kong. Also, increased LCZ 8 in Zhuhai as well as increased 

LCZ 8 and LCZ D in both Macau and Zhuhai were recommended to improve 

thermal comfort. In addition, the standardized residuals of our GWR model were 

small and randomly spatially distributed in most parts of the region (Figure 6.3 (c)).  
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Figure 6.4 Spatially-varied coefficients between UTCI changes and proportion 

changes in LCZ 8 (large low-rise) (a) and LCZ D (low plants) (b). The standardized 

residuals of GWR models are presented in (c).  

 

6.1.2 Impacts of LCZ configurations 

 The UTCI has been identified as a better thermal index to correlate with 

changes in LCZ compositions for landscape planning. To deal with the issue of how 

configurational changes in LCZ-based landscape affect changes in UTCI-based 

thermal comfort, the key step was to investigate the relationships between 

variations in spatial layouts of different LCZ types and UTCI variations between 

2009 to 2019. The variations in three patch-level and 13 class-level landscape 

metrics of each LCZ type in each city as well as corresponding changes in UTCI 

values have been summarized in Table J1-J17 (Appendix G). Also, the UTCI 
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variations in each GBA city and 11 landscape-level metrics measures were shown 

in Table J18 (Appendix G).  

 Focusing on the representative patch-, class-, and landscape-level landscape 

metrics of each LCZ type identified in Chapter 4, their relationships to UTCI 

variations were shown in Table 6.2 using MLR models. In detail, the UTCI 

variations between 2009 to 2019 were affected by the changes in patch-level 

landscape metrics of SIMI in LCZ 2 (compact mid-rise), PROX in LCZ 5 (open 

mid-rise), and ENN in LCZ B (scattered trees) as well as LCZ G (water). These 

findings revealed a) four LCZ types where changes in patch configurations had a 

significant impact on UTCI values; and b) patch-level landscape metrics that 

needed to be adjusted. According to these MLR models, to reduce the UTCI and 

thermal stress, LCZ 5 and LCZ G patches should have a more clustered distribution, 

whereas scattered patches were desired for LCZ 2 and LCZ B. On the other hand, 

at class-level landscape metrics, the overall spatial configurations of LCZ 2 

(compact mid-rise), LCZ 3 (compact low-rise), LCZ 4 (open high-rise), LCZ 5 

(open mid-rise), LCZ 6 (open low-rise), LCZ 7 (lightweight low-rise), LCZ 8 (large 

low-rise), LCZ C (shrubs and bushes), and LCZ D (low plants) were determinants 

of UTCI-based thermal stress. The results showed that LCZ 8 and LCZ D should 

have overall agglomerated spatial patterns, whereas other LCZ types should have 

more scattered spatial patterns. In addition, the MLR model for the relationships 

between changes in dominant landscape-level metrics and UTCI variations was not 

significant at a significance level of 0.01. Multi-scale empirical information was 

thus provided for reconfiguring LCZ patches and adjusting the overall LCZ spatial 

configurations to achieve the landscape service provision of thermal comfort.  
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Table 6.2 The MLR models between UTCI changes and changes in the dominant landscape metrics at patch, class, and landscape levels 

Dependent 

variables 

Landscape 

metrics 

p-values Adjusted R2 AIC Formula 

UTCI 

variations 

(y) 

Patch level 0.0005 0.91 -12 

y = 0.002 ∗ SIMI of LCZ 2 − 0.1 ∗ PROX of LCZ 5 − 0.003

∗ ENN of LCZ B + 0.004 ∗ ENN of LCZ G + 1.31 

Class level 0.01 >0.99 -91 

y = 0.02 ∗ PLADJ of LCZ 2 + 0.03 ∗ PLADJ of LCZ 3 + 0.004

∗ PLADJ of LCZ 4 + 1.27 ∗ CLUMPY of LCZ 5 + 0.02

∗ PLADJ of LCZ 6 + 0.004 ∗ AI of LCZ 7 − 3.32

∗ CLUMPY of LCZ 8 + 0.006 ∗ COHESION of LCZ C + 1.53

∗ NLSI of LCZ D + 1.6 

Landscape 

level 

Insignificant 
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6.2 Effects of the LCZ-based landscape on drought mitigation 

6.2.1 Impacts of LCZ compositions 

The values of the drought index (i.e., SRI) and LCZ proportions in each 

geographical location can also be stored in the polygon features (Figure 6.1(b)) used 

in previous thermal indices analysis. In this way, a new joined dataset was created, 

including variations in LCZ proportions from 2009 to 2019 and SRI variations, for 

investigating how LCZ-based landscape composition affects drought risks. The 

results showed that, regardless of Pearson or Spearman correlations, statistically 

significant correlations existed between SRI changes and proportional variations in 

LCZ 3, LCZ 4, LCZ 8, LCZ A, LCZ B, LCZ C, LCZ D, LCZ F, and LCZ G (Figure 

6.4).  

 

Figure 6.5 Pearson and Spearman correlations analyses between variations in 

drought index (SRI) and changes in the LCZs percentages. The statistically 

significant LCZ types are marked as ‘*’ (p-value<0.01). 

 

 

 To investigate whether and how much SRI changes from 2009 to 2019 can be 

explained by the proportional changes in the above suggested LCZ types, a MLR 

model was thus created. Only LCZ B, LCZ C, and LCZ D were statistically 

significant in the MLR model (p-value < 0.01). Therefore, SRI changes over the 

last decade were determined by changes in the proportions of LCZ B, LCZ C, and 
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LCZ D, with a mathematical formula: 

SRI variations =  0.01 ∗  xB − 0.1 ∗ xC − 0.01 ∗ xD − 0.07      (6.1) 

where xB refers to the changes in the proportions of LCZ B. xC and xD are the 

changes in the proportions of LCZ C and LCZ D, respectively.  

Increased LCZ B but declined LCZ C and LCZ D generally helped increase SRI 

values, which means that the transformations from shrubs (LCZ C) and low plants 

(LCZ D) to scattered trees (LCZ B) can be beneficial for overall lower drought risks.  

 Furthermore, the GWR models were also developed to examine whether spatial 

heterogeneity was significant when elucidating the relationships between 

proportional changes in LCZs and SRI variations. Comparing the GWR and MLR 

models, three model performance criteria indicated that the GWR model can better 

fit the impacts of proportional changes in LCZ B, LCZ C, and LCZ D on SRI 

variations than the MLR model. Thus, the effects of LCZ compositions on SRI-

based drought risks were different by location rather than being homogeneous 

across places (Table 6.3).  

 

Table 6.3 Evaluating the performance of the MLR model and GWR model 

 Adjusted R2 AIC Residual standard deviation 

MLR model 0.29 702 0.49 

GWR model 0.97 -623 0.09 

 

 Focusing on the GWR models, the spatially-varying coefficients between SRI 

changes and proportional variations in LCZ B, LCZ C, and LCZ D were illustrated 

(Figure 6.5(a-c)). There was no discernibly uniform pattern at the regional level. 

For individual cities, less LCZ D but increased LCZ B and LCZ C in Zhuhai and 
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Macau facilitated reducing urban drought risks. Extended LCZ D but reduced LCZ 

C in Foshan was also an effective strategy for drought risk mitigation. Moreover, 

the GWR models suggested extending LCZ C but decreasing LCZ D in Huizhou, 

Zhongshan, and Jiangmen, shrinking LCZ C and LCZ D in Dongguan and 

Shenzhen, and reducing the extensions of all LCZ B, LCZ C, and LCZ D in Hong 

Kong, in order to mitigate drought risks in the GBA. The standardized residuals of 

GWR models were additionally presented (Figure 6.5 (d)), which were small and 

randomly distributed in most regions of the GBA. 

 

  

Figure 6.6 Spatially-varying coefficients between SRI changes and proportional 

changes in LCZ B (scattered trees) (a), LCZ C (shrubs and bushed) (b), and LCZ D 

(low plants) (c). The spatial standardized residuals of the GWR model were 

presented in (d).  
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6.2.2 Impacts of LCZ configurations 

Similar to the UTCI variations, the SRI changes in each LCZ type in each city 

were also summarized in Appendix G, which were used to relate to the 

representative patch-, class-, and landscape-level metrics defined in Chapter 4. 

Using MLR models allowed for examining whether and how the multi-level 

landscape metrics of various LCZ types affected drought risks. The results have 

been described in Table 6.4. No statistically significant relationships can be found 

between SRI variations and both class- and landscape-level landscape metrics. Only 

the configurational changes in individual LCZ patches had significant impacts on 

SRI-based drought risk changes. SRI variations from 2009 to 2019 were 

significantly controlled by the changes in the patch-level landscape metrics of ENN 

in LCZ 1 (compact high-rise), PROX in LCZ 4 (open high-rise) and LCZ 7 

(lightweight low-rise), as well as SIMI in LCZ 8 (open mid-rise) and LCZ 9 

(sparsely built). With a view to mitigating drought risks, these MLR models 

demonstrated that individual patches of LCZ 1, LCZ 4, LCZ 8, and LCZ 9 should 

be more dispersed, whereas the spatial arrangement of LCZ 7 patches was 

suggested to be agglomerated. 

6.3 Summary 

 In summary, this chapter examined whether and how the compositions and 

configurations of LCZ-based landscape affected thermal comfort and drought risk 

mitigation in the GBA. Specifically, this chapter captured the relationships between 

the proportional changes in various LCZ types and changes in thermal stress as well 

as drought risks, using MLR and GWR models, respectively. The impacts of 

landscape compositions on the thermal and drought indices were both spatially-

varied, indicated by the fact that GWR models were always better than MLR models 
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when fitting the relationships between variables. LCZ 8 (large low-rise) and LCZ 

D (low plants) should receive high attention when developing thermal mitigation 

strategies. At the same time, LCZ B (scattered trees), LCZ C (shrubs and bushes), 

and LCZ D (low plants) had significant influences on SRI-based drought risks. In 

other words, the key LCZ types in mitigating thermal stress and reducing drought 

risks have been identified. Furthermore, this chapter elucidated how the spatial 

configurations of various LCZ types affected thermal stress and drought risks using 

MLR models as well. The results defined the major LCZ types and their 

corresponding landscape metrics at patch, class, and landscape levels, respectively, 

which can contribute to empirically-supported landscape planning. In general, the 

overall landscape characteristic in each city, measured as landscape-level metrics, 

did not affect either thermal stress or drought risk changes, whereas patch- and 

class-level landscape metrics did. In other words, the coarse spatial resolution in 

spatial pattern analysis was insufficient to decipher the landscape configuration 

effects and, thus, finer spatial resolution with patch- and class-level landscape 

metrics was required to reveal more spatial information in landscape planning. 

These empirical findings also indicated the trade-offs between city-level and 

region-level landscape planning, between LCZ composition and configuration 

adjustments, as well as between thermal comfort improvements and drought 

mitigations. 
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Table 6.4 The MLR models between SRI variations and changes in dominant landscape metrics at patch, class, and landscape levels. 

Dependent 

variables 

Landscape metrics p-values Adjusted R2 AIC Formula 

SRI variations 

(y) 

Patch level 0.01 0.81 -3 

y = 1.7e−3 ∗ ENN of LCZ 1 − 0.08 ∗ PROX of LCZ 4 + 0.08

∗ PROX of LCZ 7 − 4.9e−3 ∗ SIMI of LCZ 8

− 4.5e−6 ∗ SIMI of LCZ 9 + 0.34 

Class level Insignificant 

Landscape level Insignificant 
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Chapter 7 LCZ-based landscape effects on walkability in the 

GLCZ-3Ser framework 

 After analyzing the landscape effects on thermal comfort and drought risk 

mitigation, this chapter further presented how landscape compositions and 

configurations affect another landscape service – walkability. Two aspects of 

walkability – accessibility and wayfinding – were related to the LCZ-based 

landscape to inform landscape planning solutions for a more pedestrian-friendly 

GBA.  

7.1 Effects of the LCZ-based landscape on accessibility 

7.1.1 Impacts of LCZ compositions  

 To examine whether the average accessibility of street networks within a city 

was influenced by the LCZ types and their proportions in an urban landscape, a 

MLR model (p-value <0.01) was established: 

Accessibility = 

−7.4e−10 ∗  x2 − 5.3e−10 ∗ x3 − 9.2e−10 ∗ x4 + 1.7e−9 ∗ x5 − 4e−10 ∗ x9 −

1.2e−11 ∗ xA + 3.6e−11 ∗ xD − 4.8e−9 ∗ xE + 3.8e−10 ∗ xG + 0.2         (7.1) 

where x2 refers to the proportions of LCZ 2. x3 is the proportions of LCZ 3.  

Hence, the MLR model-based results indicated that to improve accessibility, 

expanding LCZ 5 (open mid-rise), LCZ D (low plants), and LCZ G (water) was 

preferable, whereas fewer areas of LCZ 2 (compact mid-rise), LCZ 3 (compact low-

rise), LCZ 4 (open high-rise), LCZ 9 (sparsely built), LCZ A (dense tree), and LCZ 

E (bare rock or paved) were suggested.  
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7.1.2 Impacts of LCZ configurations 

 After determining the LCZ types and strategies for compositional changes, 

there was a need to investigate the relationships between LCZ configurations and 

accessibility, focusing on 2019. Specifically, this subsection, using MLR and GWR 

models, aimed to capture how the overall accessibility throughout the city was 

influenced by a) the diverse spatial configurations of individual LCZ patches; b) 

the averaged spatial configurations of all patches of each LCZ type; and c) the 

overall landscape characteristics of all LCZ types in each city, respectively.  

Firstly, to address the potential multicollinearity problem when building GWR 

models, the most representative landscape metrics at multiple levels were required 

to be identified in each LCZ type. The PCA results showed that, in 2019, among 

three patch-level landscape metrics, ENN was the dominant one to indicate the 

straight-line distances among patches of LCZ 1 (compact high-rise), LCZ 2 

(compact mid-rise), LCZ 3 (compact low-rise), LCZ 7 (lightweight low-rise), LCZ 

8 (large low-rise), LCZ A (dense trees), LCZ B (scattered trees), and LCZ G (water) 

(Figure 7.1). Also, PROX characterized the spatial configurations of patches of 

LCZ 4 (open high-rise), LCZ 5 (open mid-rise), LCZ 6 (open low-rise), LCZ 9 

(sparsely built), LCZ C (shrubs and bushes), and LCZ D (low plants). SIMI can 

represent the spatial configurations of patches of LCZ 10 (heavy industry), LCZ E 

(bare rock or paved), and LCZ F (bare soil or sand). SIMI is a modification of the 

PROX, and both indicate one more patch-size parameter, compared to ENN that 

only indicates the patch distance. In this way, the dominant patch-level landscape 

metrics in each LCZ type were identified as the inputs of MLR and GWR models.  

At the class level, the average spatial configuration of LCZ 1 (compact high-

rise), LCZ 2 (compact mid-rise), LCZ B (scattered trees), and LCZ C (shrubs and 
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bushes) can be characterized as a class-level landscape metric of NLSI (Figure 7.2). 

The average spatial configurations of LCZ 3 (compact low-rise), LCZ 5 (open mid-

rise), LCZ A (dense trees), LCZ D (low plants), and LCZ F (bare soil and sand) can 

be represented by values of PLADJ. Moreover, AI can be used to characterize the 

class-level configurations of LCZ 4 (open high-rise), LCZ 8 (large low-rise), and 

LCZ E (bare rock or paved), and COHESION presented the landscape 

configurations of LCZ 6 (open low-rise), LCZ 7 (lightweight low-rise), and LCZ 9 

(sparsely built). Also, CLUMPY and LSI dominated the spatial configurations of 

LCZ 10 and LCZ G, respectively. All representative class-level landscape metrics 

reveal the same dispersion aspect of spatial characteristics – how a LCZ type 

spreads out or clusters in a landscape (Mcgarigal, 2002).  

Similarly, the importance of each landscape-level landscape metric in 

representing overall landscape configurations in GBA cities was illustrated in 

Figure 7.3. The top five representative landscape-level metrics were LSI, PD, 

CONTAG, PLADJ, and AI. 
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Figure 7.1 The contributions of patch-level landscape metrics on representing patch 

configurations in each LCZ type, in the combined PC1 and PC2 dimensions. 
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Figure 7.2-1 The contributions of 13 class-level landscape metrics on 

representing the spatial configuration of LCZs 1-10, in the combined 

PC1 and PC2 dimensions. 
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Figure 7.3-2 The contributions of 13 class-level landscape metrics on representing 

the spatial configuration of LCZs A-G, in the combined PC1 and PC2 dimensions. 
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Figure 7.4 The contributions of 11 landscape-level landscape metrics on 

representing the overall landscape configuration of each city, in the combined PC1 

and PC2 dimensions. 
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Table 7.1 MLR and GWR models between patch-level landscape metrics of LCZs and accessibility in each LCZ type. 

Dependent variables LCZ type Dominant landscape metrics p-values 

MLR models GWR models 

Adjusted R2 AIC Adjusted R2 AIC 

Accessibility (y) 

LCZ 1 ENN <2.2e-16 0.04 -84596 0.8 -134592 

LCZ 2 ENN <2.2e-16 0.03 -86408 0.84 -148484 

LCZ 3 ENN <2.2e-16 0.01 -65800 0.76 -98383 

LCZ 4 PROX <2.2e-16 0.02 -69617 0.84 -125774 

LCZ 5 PROX <2.2e-16 0.02 -86232 0.83 -147023 

LCZ 6 PROX <2.2e-16 0.009 -117914 0.84 -201031 

LCZ 7 ENN <2.2e-16 0.009 -31489 0.68 -43037 

LCZ 8 ENN 1.6e-7 0.002 -30832 0.68 -41871 

LCZ 9 PROX <2.2e-16 0.004 -119732 0.81 -180570 
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LCZ 10 SIMI <2.2e-16 0.07 -12688 0.63 -17038 

LCZ A ENN <2.2e-16 0.05 -112700 0.79 -158796 

LCZ B ENN <2.2e-16 0.01 -287290 0.64 -364869 

LCZ C PROX <2.2e-16 0.02 -21904 0.75 -31267 

LCZ D PROX <2.2e-16 0.003 -154044 0.68 -219191 

LCZ E SIMI <2.2e-16 0.08 -15076 0.68 -21442 

LCZ F SIMI <2.2e-16 0.07 -69401 0.58 -89061 

LCZ G ENN 0.0008 0.0006 -47800 0.75 -67403 
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Using the above representative landscape metrics, the empirical relationships 

between accessibility and multi-level landscape configurations were demonstrated. 

Table 7.1 presented the MLR models of landscape metrics of individual LCZ 

patches and accessibility. An observation was that the dominant patch-level 

landscape metrics were the statistically significant determinants of accessibility in 

all LCZs, with p-values < 0.001. However, due to the extremely low adjusted R2 

and high AIC values, it was suggested that accessibility estimates based on 

landscape metrics using the MLR model may not accurately reflect real-world 

accessibility. As a result, it was assumed that the relationships between accessibility 

and LCZ patch configurations were spatially varied. To test it, GWR models were 

created using the same dependent and independent variables as MLR models (Table 

7.1). The GWR models had higher values of adjusted R2 and lower AIC values than 

those of the MLR models, which suggested that the GWR models can fit the 

relationships between the patch-level landscape metrics of LCZs and accessibility 

better than the MLR models. Moreover, the spatially explicit standardized residuals 

of the GWR models were small and naturally distributed in most regions of the 

GBA (Figure 7.4). Therefore, the GWR was adequate for modeling the relationships 

between patch-level landscape metrics and accessibility. Figure 7.5 further 

illustrated the spatially-varying coefficients between the dominant patch-level 

landscape metrics of each LCZ type and accessibility. Among built-up types (LCZ 

1-LCZ 10), the overall negative relationships between ENN values of LCZ 1-LCZ 

3 and accessibility were shown in almost the entire GBA. Also, the positive 

relationships between the SIMI values of LCZ 10 (heavy industry) and accessibility 

existed in most of the GBA, especially in Zhaoqing and Hong Kong. Furthermore, 

among land-cover types (LCZ A-LCZ G), Shenzhen and Hong Kong had positive 
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relationships between the ENN values of LCZ A (dense trees) and accessibility. 

Shenzhen and Dongguan had positive relationships between the ENN values of 

LCZ B (scattered trees) and accessibility. Moreover, negative coefficients of 

accessibility and PROX values of LCZ C (shrubs and bushes) were shown in 

Dongguan, Shenzhen, and Hong Kong, and negative coefficients of accessibility 

and PROX values of LCZ D (low plants) were generally shown in Dongguan, 

Shenzhen, Hong Kong, Foshan, Zhongshan, Zhuhai, and Macau. Contrarily, the 

positive relationships between the SIMI values of LCZ E (bare rock or paved) as 

well as LCZ F (bare soil or sand) and accessibility were found in almost all regions. 

Overall, these results allowed for the development of place-specific landscape 

reconfiguration strategies in various GBA cities for improving accessibility. Despite 

the spatially-varied coefficients in the GWR models, more agglomerated and 

compact landscape configuration in built-up areas, particularly in LCZ 1-LCZ 3, 

LCZ 10, LCZ E, and LCZ F, was beneficial for building more accessible spaces. 

At the class and landscape levels, MLR models were used instead of GWR 

models, because GWR models are only suitable for datasets with more than 20 

spatial observations. The LCZ classification has only 17 types, that is, 17 spatial 

observations. Thus, the relationships between the class-level landscape metrics of 

LCZ types and accessibility were captured using MLR. Similarly, the GBA includes 

11 cities, namely, 11 spatial observations for landscape-level metrics analysis, so 

the relationships between the landscape-level LCZ configurations and accessibility 

were also investigated using MLR. The findings (Table 7.2) provided the empirical 

formula for developing landscape reconfiguration strategies for improving 

accessibility. The average spatial configurations of LCZ 1 (compact high-rise), LCZ 

2 (compact mid-rise), LCZ 3 (compact low-rise), LCZ 7 (lightweight low-rise), 
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LCZ A (dense trees), LCZ D (low plants), LCZ E (bare rock or paved), LCZ F (bare 

soil or sand), and LCZ G (water) were the major determinants of GBA accessibility. 

The aggregated spatial arrangements of LCZ 1, LCZ 2, LCZ A, LCZ D, and LCZ 

E were preferable. Contrarily, LCZ 3, LCZ 7, LCZ F, and LCZ G were suggested 

to have scattered arrangements. An interesting observation was that the MLR model 

based on landscape-level metrics cannot demonstrate uniform landscape planning 

strategies for improving accessibility throughout the region (Table 7.2), because, 

for example, a positive relationship between AI and accessibility suggested an 

agglomerated landscape, whereas a negative coefficient between PLADJ and 

accessibility suggested a dispersed landscape for more accessible spaces. This 

finding implied the importance of class- and patch-level spatial analysis in planning 

accessible landscape configurations. 
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Figure 7.5 The standardized residual of the GWR models that relate patch-level 

landscape metrics in each LCZ type to accessibility. 
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Figure 7.6 The spatially-varied coefficients between the dominant patch-level 

landscape metric of each LCZ type and accessibility. 
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Table 7.2 MLR models between the representative class- and landscape-level landscape metrics and accessibility. 

Dependent 

variables 

Landscape 

metrics 

p-values Adjusted R2 AIC Formula 

Accessibility 

(y) 

Class level 0.002 >0.99 -175 

y = −0.14 ∗ NLSI of LCZ 1 − 0.32 ∗ NLSI of LCZ 2 − 6.4e−5 ∗

PLADJ of LCZ 3 − 0.001 ∗ COHESION of LCZ 7 + 0.003 ∗

PLADJ of LCZ A + 2.1e−4 ∗ PLADJ of LCZ D + 8.9e−4 ∗ AI of LCZ E −

3.7e−3 ∗ PLADJ of LCZ F + 6.7e−4 ∗ LSI of LCZ G + 0.2  

Landscape 

level 

1.2e-5 0.93 -59 y = −0.05 ∗ PLADJ + 0.05 ∗ AI + 0.1  
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7.2 Effects of the LCZ-based landscape on wayfinding 

7.2.1 Impacts of LCZ compositions 

To examine whether the wayfinding in a city was influenced by the LCZ types 

and their proportions, a MLR model (p-value <0.01) was established: 

Wayfinding = 

1.3e−10 ∗  x1 − 6.3e−10 ∗ x2 + 4.1e−10 ∗ x3 − 1.5e−9 ∗ x4 + 2.5e−10 ∗ x6 −

7e−10 ∗ x7 + 2.8e−9 ∗ x8 + 9.8e−9 ∗ x10 + 0.16                       (7.2) 

where x1 refers to the proportions of LCZ 1. x2 is the proportion of LCZ 2.  

This MLR model suggested that expanding LCZ 1 (compact high-rise), LCZ 3 

(compact low-rise), LCZ 6 (open low-rise), LCZ 8 (large low-rise), and LCZ 10 

(heavy industry) was desirable for improving wayfinding, whereas less LCZ 2 

(compact mid-rise), LCZ 4 (open high-rise), and LCZ 7 (lightweight low-rise) were 

suggested.  

7.2.2 Impacts of LCZ configurations 

To investigate how configurations of LCZ-based landscape affect the 

wayfinding aspect of walkability, the MLR models were developed. For the 

individual LCZ patches, their configuration effects on wayfinding were mainly 

controlled by the ENN values of LCZ 2 (compact mid-rise), LCZ 8 (large low-rise), 

and LCZ G (water), the PROX values of LCZ 5 (open mid-rise), LCZ 6 (open low-

rise), LCZ 9 (sparsely built), and LCZ C (shrubs and bushes), as well as the SIMI 

values of LCZ 10 (heavy industry) (Table 7.3). Their coefficients indicated that the 

patches of LCZ 6, LCZ 9, and LCZ G should be more aggregated but the patches 

of LCZ 2, LCZ 5, LCZ 8, LCZ 10, and LCZ C required greater separation, in order 

to improve wayfinding.  
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Moreover, seven class-level landscape metrics of LCZ types can explain 

wayfinding with statistical significance, including the NLSI value of LCZ 1 

(compact high-rise), the PLADJ values of LCZ 5 (open mid-rise) as well as LCZ A 

(dense trees), the COHESION values of LCZ 6 (open low-rise), LCZ 7 (lightweight 

low-rise), as well as LCZ 9 (sparsely built), and the AI value of LCZ 8 (large low-

rise) (Table 7.3). To enable people to find their way easily, LCZ 6, LCZ 9, and LCZ 

A were recommended to have overall clustered spatial configurations, whereas LCZ 

1, LCZ 5, LCZ 7, and LCZ 8 should have overall dispersed spatial arrangements. 

Similar to accessibility, the landscape planning strategies for wayfinding and easily-

oriented spaces also cannot be provided by the landscape-level spatial configuration 

analyses (Table 7.3). For example, the positive coefficient of AI and wayfinding 

suggested an agglomerated landscape, whereas the negative coefficient of PLADJ 

and wayfinding demonstrated that a dispersed landscape was preferable. These 

observations supported the significance of class- and patch-level spatial analysis in 

improving wayfinding when developing landscape planning guidelines.  

7.3 Summary 

 In summary, this chapter investigated whether and how the proportions and 

spatial configurations of various LCZ types in 2019 affected two aspects of 

accessibility and wayfinding of walkability, using both MLR and GWR models. 

This chapter firstly determined the strategies for compositional changes in the LCZ-

based landscape. Fewer areas of LCZ 2 and LCZ 4 were generally effective for both 

accessibility and wayfinding. On the other hand, the most representative landscape 

metrics, at patch, class, and landscape levels, of each LCZ type were identified to 

characterize the multi-scale landscape configurations. GWR models that take local 

spatial information into account were better fitting models than MLR models when 
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estimating accessibility based on patch-level landscape configurations. 

Furthermore, empirically-supported strategies at patch and class levels for 

landscape reconfigurations were provided, for a pedestrian-friendly landscape and 

improved walkability.  



 

138 

Table 7.3 The MLR models for the relationships between wayfinding and patch-, class-, and landscape-level metrics. 

Dependent 

variables 

Landscape 

metrics 

p-values Adjusted R2 AIC Formula 

Wayfinding 

(y) 

Patch level  

0.0002 >0.99 -123 

y = 1.1e−4 ∗ ENN of LCZ 2 − 0.024 ∗ PROX of LCZ 5 + 7.1e−3 ∗

PROX of LCZ 6 + 7e−5 ∗ ENN of LCZ 8 + 7.6e−3 ∗ PROX of LCZ 9 − 1.3e−4 ∗

SIMI of LCZ 10 − 0.024 ∗ PROX of LCZ C − 4.8e−5 ∗ ENN of LCZ G + 0.11  

Class level 

0.0004 >0.99 -88 

y = 0.11 ∗ NLSI of LCZ 1 − 4.2e−3 ∗ PLADJ of LCZ 5 + 7.7e−4 ∗

COHESION of LCZ 6 − 8.4e−4 ∗ COHESION of LCZ 7 − 1.9e−3 ∗

AI of LCZ 8 + 1.6e−3 ∗ COHESION of LCZ 9 + 0.002 ∗ PLADJ of LCZ A − 0.01  

Landscape 

level 

0.009 0.7 -43 y = −0.02 ∗ PD − 0.06 ∗ PLADJ + 0.06 ∗ AI + 0.51  



 

139 

Chapter 8 LCZ-based landscape planning solutions in the GLCZ-

3Ser framework 

8.1 LCZ-based solutions to climate change mitigation 

 To mitigate climate change, both landscape approach and nature-based solution 

are proposed, which have something in common. In general, they are both the 

managements and practices to respond to the environmental and social challenges 

for human well-being and sustainability. One of their differences is that the nature-

based solution, literally, is inspired and supported by nature, which more depends 

on the ecological perspective to improve the ecosystem services environmentally, 

such as climate mitigation (Nesshöver et al., 2017). In comparison, the landscape 

approach does not such emphasize ecology. Both the socio-cultural aspects and 

environmental benefits are all involved in the landscape approach. Moreover, the 

landscape approach is not limited to nature-based. The engineering-based, policy-

based, and aesthetic-based solutions all can be considered as the landscape 

approach. In other words, the landscape approach, to some extent, includes broader 

solutions or management responding to climate change, compared to the nature-

based solution. 

8.1.1 Wide application of UTCI in climate studies in the GBA 

The GWR models demonstrate that, among three thermal indices, the UTCI 

variations have the strongest correlations with proportional changes in LCZ types 

(Table 6.1). This result can be attributed to the largest number of climate variables 
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used in the UTCI calculation (Equation 3.4). Compared to the WBGT and AT, the 

UTCI includes solar radiation (Sr) that is a key force of Tmrt (Equations 3.5 and 3.6). 

Because of the strong relationships between different landscape structures and 

outdoor Tmrt, it is argued that Sr and Tmrt are important factors in improving the 

correlation between the UTCI and LCZ proportions in the subtropical GBA 

(Mehrotra et al., 2020; Lau et al., 2015). Thus, the UTCI should be widely used as 

a thermal indicator in future urban climate studies, particularly in areas with similar 

climate conditions to the GBA. This claim is generally consistent with (Potchter et 

al., 2018) and (Coccolo et al., 2016). 

8.1.2 Importance of large low-rise (LCZ 8) and low plants (LCZ D) types in 

regional thermal comfort 

Buildings, as the most dominant landscape component in a built-up area, are 

heavily emphasized in urban design for thermal comfort. To deal with thermal stress, 

buildings’ density and height are traditionally altered. Motivated by urban 

densification policy, planners are increasing the compact building blocks that 

provide a large amount of shadow to reduce solar radiation and improve thermal 

comfort (Thorsson et al., 2017; Emmanuel et al., 2007). For example, 

Karimimoshaver & Shahrak (2022) simulated that buildings with the ratio of 

height/width=1.5 would be the best built-up geometry for reducing thermal stress, 

implying that LCZ 2 and LCZ 3 should be increased for thermal comfort at the 

building block scale. However, the correlation analysis in this study indicates that 

LCZ 2 (compact middle-rise), LCZ 3 (compact low-rise), and LCZ 5 (open middle-
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rise) have no relationships with three thermal indices (Figure 6.2), indicating that 

building compactness may not be quite important to mitigate thermal environments 

in the GBA case. Contrarily, the LCZ 8 proportion (large low-rise) has a significant 

influence on thermal indices (Figure 6.2). As a result, the density and height of 

buildings may not be the most key factors in reducing regional thermal stress. 

Instead, LCZ 8 (large low-rise) requires more attention in landscape composition 

planning. The majority of LCZ 8 types locate in industrial areas where human 

activities produce large amounts of anthropogenic heat. Rapid urbanization and 

regional integration in the GBA have caused extensive land use development, with 

the large low-rise type (LCZ 8) growing in the process of land transformation to 

place factory buildings on the outskirts. Thus, LCZ 8 placement in built-up 

landscape planning is critical for climate change mitigation, which could be 

supported by an observation that LCZ 8 in the GBA had a considerably high urban 

heat island (Wang et al., 2019).  

 On the other hand, the cooling effect of vegetation and water body is the main 

reason for increasing urban greening and water features (Yoshida et al., 2015; Feng 

et al., 2020). This study provides additional empirical evidence that the proportion 

of LCZ G (water bodies) almost does not correlate with thermal stress (Figure 6.2). 

This can be explained by the hot and humid climate in the GBA. Large-scale water 

bodies will not help the region to lower the air temperature because highly saturated 

air cannot effectively remove latent heat. In regions with similar climate conditions 

to the GBA, planners are recommended to prioritize urban low plants (LCZ D) (e.g., 
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grassland) over water features (LCZ G) in planning natural lands responding to 

climate change mitigation.  

8.1.3 Local information on regional climate change adaptation 

Taking into account specific local situations, the GWR models illustrate the 

spatial heterogeneity in how land proportions of LCZs affect the UTCI across 

locations (Figure 6.3). This spatial data enables planners to identify appropriate 

strategies and locations, allowing for place-specific rather than one-size-fits-all 

landscape planning. For example, more LCZ8 (large low-rise) should be 

encouraged in Macau where a general negative relationship between LCZ 8 areas 

and UTCI values can be observed. In contrast, fewer areas of LCZ 8 may be 

preferred in Dongguan, Foshan, and Zhongshan, in which an increase in LCZ 8 area 

may result in higher thermal stress (i.e., higher UTCI values) (Figure 6.3(a)). The 

low plants (LCZ D) should be expanded in Zhuhai and Macau but reduced in most 

areas of Dongguan, Shenzhen, and Hong Kong (Figure 6.3(b)). Spatially-varied 

landscape compositions related to thermal stress help improve the local thermal 

environment. However, local solutions to thermal mitigation may not always be 

beneficial to the regional climate. For example, regional compactness by converting 

LCZ 8 (large low-rise) to a compact built-up type even escalates the thermal stress 

in the entire Macau and the southeast part of Guangzhou (Figure 6.3(a)). Also, more 

greening in the GBA may increase thermal stress in Dongguan, Shenzhen, and 

Hong Kong (Figure 6.3 (b)). Thus, a balance between place-specific and general 

landscape planning is also required when using local spatial information. 
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8.1.4 Dispersed distributions of the compact mid-rise (LCZ 2) for thermal comfort 

 The MLR models in this study (Table 6.2) indicate how to reconfigure various 

LCZ types for thermal comfort. Only LCZ 2 configurations have a consistent effect 

on thermal stress at both the patch and class levels. Both the patch-level SIMI and 

the class-level PLADJ values of LCZ 2 should be reduced, in order to achieve 

thermal comfort. These findings, according to the definitions of SIMI and PLADJ 

metrics, suggest a more dispersed spatial configuration of compact mid-rise (LCZ 

2), regardless of individual LCZ 2 patches or the overall LCZ 2 type. Interestingly, 

the LCZ 2 proportion may not have a significant relationship with regional thermal 

comfort (Figure 6.2). In other words, to build a thermally comfortable GBA, the 

more dispersed configuration of LCZ 2 could be more important than its proportion 

change. By providing additional information about configurational characteristics, 

this finding adds to the GBA’s landscape planning practice of the compact mid-rise 

type responding to climate change adaptation.  

The proposed dispersed LCZ 2 type does not contradict the urban densification 

initiative (Jenks et al., 1996; Kimball et al., 2013). Urban densification can alleviate 

problems caused by endless urban sprawl by increasing built-up density (Fatone et 

al., 2011). However, over-emphasizing urban density may cause several 

consequences. For example, dense traffic increases pollution concentration in terms 

of gas emission and noise (World Health Organization, 2011). Increasingly denser 

spaces put higher stress on urban infrastructures (Searle, 2004) and also increase 

the risks of the spread of disease and mental stress due to declined natural 
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connections (World Health Organization, 2011). As a result, in addition to dense 

spaces, urban densification also emphasizes the well-organized landscape structure 

as well as a smart land use pattern (Dembski et al., 2020). Thus, suggesting a 

dispersed configuration in LCZ 2 not only corresponds to the urban densification 

policy because LCZ 2 is characterized by its compact building form, but also allows 

for optimizing spatial organization in the GBA to achieve smart densification. 

Meantime, dispersed LCZ 2 assists in the development of both structural and 

functional polycentricity (Zhao et al., 2017; Chen et al., 2021) and the facilitation 

of spatial connectivity and social cohesion. 

8.2 LCZ-based solutions to the sponge city program 

 This study reveals the impacts of LCZ compositions and configurations on 

SRI-based drought risks. The findings identified that only proportions of scattered 

trees (LCZ B), shrublands (LCZ C), and low plants (LCZ D) can statistically 

significantly affect drought risks (Equation 6.1), while only patch configurations of 

compact high-rise (LCZ 1), open high-rise (LCZ 4), lightweight low-rise (LCZ 7), 

large low-rise (LCZ 8), and sparsely built (LCZ 9) have significant effects on 

drought risks (Table 6.4). It is suggested that proportional changes in land-cover 

types may play greater roles in sponge city construction in the GBA than built types, 

whereas configurational changes in built types may be more effective than land-

cover types in influencing drought risk.  
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8.2.1 Proportional changes in scattered trees, shrublands, and low plants are key 

sponge city strategies 

This study determines three specific LCZ types – scattered trees (LCZ B), 

shrublands (LCZ C), and low plants (LCZ D) types – as the most important 

landscape types to consider when implementing the sponge city program (Equation 

6.1), because their proportions have statistically significant effects on SRI-based 

drought risks across the GBA. These findings are understandable because of the 

well-accepted effects of vegetation on surface hydrological cycles and runoff 

generation (Nunes et al., 2011). The physical property of soil is a determinant of 

land surface runoff and the resulting hydrological drought risk (Xiao et al., 2007). 

The impervious surface may reduce runoff volume by up to 20% because rainwater 

cannot infiltrate into the soil and then be discharged into urban drainage systems 

(Livesley et al., 2014). However, porous surfaces, such as vegetation, can regulate 

runoff-related drought risks through land permeation, detention, and storage (Li et 

al., 2017), which is also how a sponge city design works. When different vegetation 

types cover the soil, such as forests and pastures, the runoff generation process 

changes (Muñozmu˜muñoz-Villers & Mcdonnell, 2013; Niu & Sivakumar, 2014).  

 Interestingly, among the vegetated land types (LCZ A-D), only LCZ A (dense 

trees) does not show a significant relationship with SRI-based drought risk in the 

GBA case, even though dense trees, also known as forestlands, are always the focus 

of most drought studies and the primary sponge city strategy in regional planning. 

The reason might be that trees in the GBA are mostly broadleaved evergreen. Their 
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dense and broad canopies increase rainfall interception, resulting in less rainfall 

reaching the surface as runoff (Wang et al., 2008). The fact that the forest canopy 

can intercept more than 59% of precipitation further supports this explanation (Xiao 

et al., 2000). In other words, over-dense trees are not desirable for sponge city 

design in the GBA, whereas scattered trees, shrublands, and low plants are 

recommended in the sponge city program for drought risk management.  

8.2.2 Dispersed distributions of high-rise built types for drought risk mitigation 

 Different from vegetation (LCZ A-D), SRI-based drought risks in the GBA are 

greatly affected by the spatial configurations of high-rise built types (LCZ 1 and 

LCZ 4). The results support more dispersed spatial distributions of high-rise built 

types, which are generally in line with the existing research. For example, according 

to (Abenayake et al., 2020), the high-rise built was a better landscape type for 

managing runoff pathways. Zhang et al. (2018) found that the fragmented built-up 

areas may be beneficial for runoff retention and drought risk reduction.  

 There are two reasons for this suggestion. Firstly, highly dense built-up areas 

with roads are heat sources which increase sensible heat flux and exaggerate the 

urban heat island effect (Yu et al., 2020). When high-rise built types cluster, the 

urban heat island effect may be expanded to a regional scale (Yu et al., 2019). Rising 

air temperature accelerates rainwater evapotranspiration, causing less surface 

runoff and increased drought risks. This can be avoided by using dispersed LCZ 1 

and LCZ 4 configurations. Secondly, as high-rise built types become more spatially 

distant, more physical spaces will be created to locate vegetated lands. Only about 
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11% of trees can increase runoff retention by more than 30% (Yao et al., 2015). It 

also implies that high-rise built types combined with vegetated lands can be more 

effective for runoff regulation and drought risk mitigation, consistent with the 

conclusion of (Lin et al., 2021).  

8.3 LCZ-based solutions to a pedestrian-friendly region 

8.3.1 Aggregated distribution of dense trees (LCZ A) for walkability 

 According to the impacts of class-level landscape metrics (Tables 7.2 and 7.3), 

the LCZ A configuration has statistically significant effects on both accessibility 

and wayfinding. The results demonstrate that an aggregated LCZ A (dense trees) 

distribution should be desirable for improving two aspects of walkability. This 

statement can be understood from the perspective of built-up spatial configuration. 

A more aggregated distribution of LCZ A usually limits unplanned urban expansion, 

resulting in compact and agglomerated built-up areas in a region. The dense 

physical spaces have an impact on urban function arrangements, which may 

become increasingly intertwined and thus shape social responses to the changed 

spatial configuration by influencing mobility and human flow distributions. 

Consequently, in a region with both structural and functional aggregations, the 

accessibility for pedestrian movement must be improved. The relationships 

between spatial patterns of socio-economic activities and accessibility have been 

analyzed in (Coppola & Nuzzolo, 2011).  

 Moreover, built-up areas and natural environments (e.g., dense trees (LCZ A)) 
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have distinct spatial characteristics. When urban and natural landscapes are heavily 

mixed, pedestrians are likely to be perplexed about the overall spatial features of 

the entire region while walking. It means that the aggregated LCZ A and the 

resulting agglomerated built-up environments allow pedestrians to cognize and 

navigate their surroundings by providing a more straightforward wayfinding 

landscape.  

8.3.2 Increased compact high-rise (LCZ 1) for better wayfinding of walkability 

 This study reveals that expanding the compact high-rise (LCZ 1) should be a 

preferred strategy for improving wayfinding ability when pedestrians walk 

(Equation 7.2). This phenomenon can be explained using a framework, proposed 

by Kevin Lynch, which demonstrated how urban spatial characteristics affect 

wayfinding through five elements, including patch, landmark, edge, district, and 

node (Lynch, 1960). In the LCZ context, each LCZ type can be regarded as a district 

with its unique spatial feature. The compact high-rise buildings in LCZ 1 can be 

landmarks, guiding people in the spatial orientation. Following Lynch, Gärling et 

al. (1986) further developed three design elements that affect pedestrian wayfinding, 

including visual access, differentiation, and simple layout, which can be used to 

support the results in this study. LCZ 1 type, serving important socioeconomic 

functions, is typically visually appealing and spatially distinct from its surroundings, 

assisting people in learning spatial knowledge and positing themselves in a complex 

landscape setting (Cubukcu & Nasar, 2005). Wood (2007) also considered 

wayfinding as a reason for tall buildings in a city. Therefore, it is understandable to 
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build more LCZ 1 in a landscape for the improved human ability of wayfinding. 
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Chapter 9 Discussion 

9.1 Compositional and configurational heterogeneities in LCZ-based 

landscape 

9.1.1 Proportional variations in LCZ-based landscape 

 The proportional changes in each LCZ type from 2009 to 2019 demonstrated 

how landscape compositions have changed over the last decade in the entire region 

and each city. The GBA had a rapid increase in built types (LCZ 1-10) but a decrease 

in land-cover types (LCZ A-G), while heterogeneity in LCZ proportion changes 

existed between GBA cities.  

 Throughout the region, several studies have demonstrated the concentration of 

built-up areas in the regional center and the urban expansion at the expense of 

natural land loss (Wang et al., 2021; Yang et al., 2021; Zhang et al., 2020). Among 

the built types (LCZ 1-10), LCZ 1 had the most significant growth in the GBA 

(Figure 4.1), in line with the observation of (Xie et al., 2022). Historical 

urbanization was highly dispersed in the GBA without many compact urban spaces 

(Bosselmann & Moos, 2014). Thus, the greatest expansion of LCZ 1, from 2009 to 

2019, should be the outcome of a recent initiative of urban compactness (Yeh & Li, 

2000) which has been an important landscape planning principle for sustainability. 

In the individual cities, the sharpest increases in LCZ 1 (compact high-rise) 

occurred in Guangzhou, followed by Dongguan, Shenzhen, and Zhongshan 

(Appendix D). It is similar to the claim of Xie et al. (2022) who found a more 
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compact urban form in the central cities of the Pearl River Delta. The highest 

increase in LCZ 1 in Guangzhou can be attributed to its administrative division 

adjustment around 2014, which directly results in the urban infilling expansion 

(Feng & Wang, 2022). Old flat buildings are renovated and replaced by dense tall 

buildings, allowing for more compact high-rise buildings (LCZ 1) to be built. On 

the contrary, Macau and Zhuhai had the highest proportions in both 2009 and 2019 

among the regional cities (Appendix D), closely associated with the need for urban 

development. Compact building layouts aid in organizing dense populations by 

maximizing the use of land resources (Yang et al., 2017). Meanwhile, Macau and 

Zhuhai experienced the smallest increases in compact high-rise buildings (LCZ 1) 

from 2009 to 2019 (Appendix D). This phenomenon can be explained by the land 

reclamation projects in Macau over the last 10 years (Government of Macao Special 

Administrative Region, 2016; Sheng et al., 2017), which allowed for less compact 

landscape structures compared to Macau's historical quarters (Feng et al., 2012). 

This explanation is also in line with a finding in this study – Macau had the largest 

increase in openly-arranged built-up areas (LCZ 4 and LCZ 6) from 2009 to 2019 

(Appendix D). Furthermore, Zhaoqing was the only city in the GBA with both 

increased compact built types (LCZ 1-3) and reduced open built types (LCZ 4-6) 

(Appendix D), showing the densified landscape planning trend in the city. Zhaoqing 

has a lot of natural land resources, such as traditional villages, and also plays a big 

role in regional natural conservation (Zhong, 2021), which means that a compact 

landscape with intensive built-up construction is preferable. As a result, more 
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compact building layouts should be considered a viable option in landscape 

planning for both urban development and environmental protection. 

 For land-cover types (LCZ A-G), forests were the fundamental land-cover type 

in the Pearl River Delta from 1990 to 2015, according to Liu et al. (2019), with a 

proportion approaching 50% but showing a downward trajectory trend, which is 

overall consistent with the proportional changes in LCZ A (dense trees) in this study 

(Figure 4.1(c)). The reduction of LCZ D (low plants) found in this study also 

matches the grassland variations from 1985 to 2015 observed by Jiao et al. (2019). 

Apart from the vegetated land (LCZ A-D), the proportion of LCZ E (bare rocks or 

paved) and LCZ F (bare sand or soil) decreased and LCZ G (water body) expanded 

from 2009 to 2019. Their variations are different from several previous studies. For 

example, Liu et al. (2019) reported that construction land, such as airports and 

paved lands, increased and water bodies decreased from 1992 to 2015. Wang et al. 

(2019) asserted the increased LCZ E and LCZ F from 2009 to 2014. These 

contradictions can be explained by the fact that China had a sprawling landscape 

planning in the early 2000s, whereas the more recent urban regeneration initiative 

allowed some abandoned built-up areas to be reused. Similarly, the growing 

environmental awareness and increased blue infrastructure make the water areas 

grow after a short-term reduction. This explanation is supported by an observation 

– water areas increased by 0.01% from 2000 to 2015 in the Pearl River Delta (Jiao 

et al., 2019).  

 In summary, the changes in LCZ proportions across regions are consistent with 
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most existing literature. Under intensive urban development and regional growth, 

regional landscape compositions in the GBA are heavily influenced by general 

regional planning principles such as urban regeneration and blue infrastructure 

development. Despite the expansion of built-up areas, urban compactness and 

natural conservation concepts have gained traction, allowing planners to 

incorporate more green and blue spaces into the increasingly compact regions. 

However, LCZ-based landscape compositions differ across individual cities, due to 

their respective urban development directions and unique socioeconomic positions 

within the region.  

9.1.2 Configurational variations in LCZ-based landscape 

 The variations in the GBA landscape configurations from 2009 to 2019 were 

described by the changed values of three-level landscape metrics in each LCZ type. 

Changes in patch-level landscape metrics showed how each LCZ pixel had a varied 

spatial configuration within the region between 2009 to 2019. Changes in class-

level landscape metrics indicated the averaged configurational variations in each 

LCZ type. Changes in landscape-level landscape metrics demonstrated the overall 

changes in the landscape configuration in the entire region, regardless of LCZ types.  

Firstly, the changes in the five dominant landscape-level landscape metrics (PD, 

AI, PLADJ, CONTAG, and NP) indicated an increasingly fragmented trend in 

regional landscape configuration in the GBA (Table 4.3), generally consistent with 

previous literature (e.g., Yang et al., 2021). For example, the decreased CONTAG 

values in the GBA were also detected by Jiao et al. (2019). Regional landscape 
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fragmentation in the GBA is related to not only intensive urbanization but also the 

decentralized land use under the market-driven development mode (Vogel et al., 

2010). Another reason could be the GBA’s sophisticated governance structure. GBA 

consists of two special administrative regions (Hong Kong and Macau), two sub-

provincial level cities (Guangzhou and Shenzhen), and seven prefecture-level cities, 

resulting in diverse landscape planning decisions. Without uniform planning 

guidance, inefficient land development disperses the regional landscape. For 

individual cities, the five landscape-level metrics changed in a complicated way 

that differed from the regional result, implying the significantly heterogeneous 

landscape configurations among cities. Despite this, Xu et al. (2021) and Cannatella 

& Nijhuis (2020) claimed a substantial increase in PLADJ in Dongguan from 1980 

to 2015, in line with this study’s PLADJ change from 2009 to 2019. Xu et al. (2021) 

found increased NP values in Dongguan, Shenzhen, Zhongshan, Foshan, Zhuhai, 

Guangzhou, and Jiangmen, verifying the results in Table 4.3. The finding of the 

increased PD value in Guangzhou in this research also matches the findings of Wu 

et al. (2016). Comparing the magnitude of landscape fragmentation among GBA 

cities, Zhuhai had the highest magnitude, followed by Macau, Foshan, Zhongshan, 

and Jiangmen (Table 4.3), which means that, in general, the western GBA became 

more isolated than the eastern part. This phenomenon may be related to their 

different urban-rural transformations. Yang et al. (2020) stated that the newly built 

construction land in the eastern region had overcome the geographical isolation, 

which can explain the more aggregated landscape in the eastern GBA.  
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A large number of studies have used landscape-level landscape metrics to show 

the overall landscape configurations (Dai et al., 2018; Jia et al., 2019; Zhang et al., 

2021; Shi et al., 2019), which, however, leave out the configurational characteristics 

of different landscape types. To the best of my understanding, this study should be 

the first to provide comprehensive spatial information about the configurations of 

each LCZ pixel, LCZ type, and the entire landscape by quantifying patch-, class-, 

and landscape-level landscape metrics simultaneously. Despite the disparities in 

LCZ configurational changes based on patch- and class-level landscape metrics, 

seven LCZ types showed uniform configurational changes at both patch and class 

levels (Tables 4.1 and 4.2). Specifically, LCZ 1 (compact high-rise), LCZ 8 (large 

low-rise), and LCZ B (scattered trees) became more aggregated from 2009 to 2019 

regardless of the patch- and class-level landscape metrics, while LCZ 3 (compact 

low-rise), LCZ 9 (sparsely built), LCZ 10 (heavy industry), and LCZ D (low plants) 

became increasingly dispersed within the region. Moreover, LCZ D (low plants) 

experienced the largest spatial fragmentation at both patch and class levels. These 

findings shed light on how and how much the spatial configurations of the LCZ-

based landscape have altered.  

9.2 Quantitatively multidimensional landscape services 

9.2.1 EHSA-based spatiotemporal trends in thermal stress and drought risks 

This study used Emerging Hot Spot Analysis (EHSA), which should be the first 

application in urban climate and hydrological fields, to depict spatiotemporal 
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patterns of thermal stress changes and drought risk changes over time. In contrast 

to conventional hot spot analyses, such as Getis-Ord Gi* (Ord & Getis, 1995), which 

only show the spatial clustering of a dataset in one temporal step, EHSA 

superimposes the spatial clustering of high or low values of changes in both thermal 

and drought indices in each temporal step into a single spatially-explicit map that 

defines 16 sub-patterns of hot and cold spots using long-term continuous data.  

 Overall, more significant increases in thermal stress occurred in the regional 

center, according to EHSA-based thermal indices changes (Figure 5.1). This 

observation aligned with the result of Yu et al. (2019) who found the connected and 

merged urban heat island effect in the central GBA. EHSA results also indicated 

that the statistically significant increases in the WBGT and AT became more intense 

from 2009 to 2019; whereas the UTCI increases did not show a discernible intensive 

trend (Figure 5.1). These details can be used to investigate the roles of individual 

climatic variables, such as air temperature or wind speed, in different increase ratios 

of these three thermal indices, which, however, have not been found in previous 

studies. Downscaling annual thermal indices to monthly, EHSA did not demonstrate 

spatiotemporal patterns of monthly changes in thermal stress (Figure 5.1). As a 

result, it is suggested that annual data for thermal stress measurements should be 

used to reflect spatiotemporal trends in long-term thermal environment changes. 

Contrarily, the spatiotemporal characteristics of EHSA-based drought risks were 

similar between monthly and annual SRI values (Figure 5.4). Therefore, the 

temporal resolution of the drought index may not affect the EHSA results during 
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the period. Both monthly and annual drought data can reflect the EHSA-based 

spatiotemporal trends of GBA drought conditions.  

In summary, the EHSA-based measurements of the thermal and drought indices 

can reveal additional information about the varied clustering intensities in hot and 

cold spots for indicating dynamic changes in the spatial distributions of thermal 

stress and drought risks over time. 

9.2.2 Combined wayfinding and accessibility in walkability studies 

 This study measured accessibility and wayfinding in human flows and 

combined them as two characteristics of walkability for improving urban mobility.  

  The demonstration of accessibility revealed a hot spot in Hong Kong (Figure 

5.5(b)), indicating that Hong Kong had significantly higher accessibility compared 

with its neighboring cities in statistics. This statement is supported by the social 

survey of (Cerin et al., 2007). Hung et al. (2010) also found that more than 50% of 

residents in Hong Kong were satisfied with the local walkability. Gota et al. (2010) 

developed a walkability index and then claimed that Hong Kong was a highly 

walkable city in China. Thus, it is reasonable to regard Hong Kong as a pedestrian-

friendly city in the GBA with the most accessible street networks. It is suggested 

that the spatial characteristics of street networks in Hong Kong can be a reference 

for improving accessibility and walkability across the GBA.  

On the other hand, according to its definition, wayfinding is affected by not 

only the ease with which people reach their destinations (i.e., city accessibility) but 

also the number of street segments linked with each street (i.e., local connectivity) 
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(Cooper, 2021). In other words, improving city accessibility or local connectivity 

separately may not always be useful in meeting the wayfinding requirement while 

walking. This claim can be supported by the results of this study. In detail, Foshan, 

Guangzhou, Dongguan, and Shenzhen had the greatest accessibility throughout the 

city (Appendix F), because of their key socioeconomic functions in the whole 

region. However, their low local connectivity (Appendix F) caused poor wayfinding 

performance than other cities (Figure 5.6(a)). Also, Hong Kong and Macau, as two 

well-developed cities, had relatively high wayfinding values which means that they 

have coherent local and urban spatial configurations (Figure 5.6(a)). However, they 

did not have high city accessibility (Appendix F) because of the historical 

institutional issues in the region (Chan, 2003). Huizhou and Zhaoqing had the 

highest wayfinding (Figure 5.6(a)), although their local connectivity and city 

accessibility were both low (Appendix F). Therefore, better wayfinding does not 

always imply improved local connectivity or city accessibility, and vice versa. 

Instead, it simply indicates the extent of spatial coherence between local and city 

levels. In other words, only improving accessibility or connectivity cannot create 

an easy wayfinding regional landscape. The synchronous pattern of improving local 

and urban spatial configuration should be emphasized in future landscape planning 

and mobility studies for providing a landscape service of walkability, via spatial co-

development at the local, urban, and regional levels. 
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9.3 Emphasize the LCZ-based landscape configuration in the GLCZ-3Ser 

framework 

9.3.1 Extend the LCZ classification to the field of landscape service 

The base of the GLCZ-3Ser framework is the local climate zone (LCZ) 

classification as a standardized representation of diverse urban and rural landscapes. 

The LCZ classification was originally created to differentiate urban climates 

between landscape structures (Das & Das, 2020a). The spatial differences in urban 

climates and thermal stress among LCZ types have been well recognized in growing 

literature (e.g., Das & Das, 2020a; Kotharkar et al., 2021; Fan et al., 2022). In 

comparison, the LCZ applications in hydrological and social mobility issues are 

rare. This research provides the GLCZ-3Ser framework where the LCZ 

classification as a proxy for landscape has been linked with multiple landscape 

services in order to develop integrated landscape planning solutions. Consequently, 

landscape planning can achieve climate mitigation, hydrological hazard reduction, 

and human walkability simultaneously using LCZs, which implies a broader 

application of LCZs in multidimensional landscape service provision and 

environment-society balance.  

9.3.2 LCZ configurations as causes of landscape services 

Landscape composition effects (i.e., landscape types and areas) have 

traditionally received more attention than configuration effects (i.e., landscape 

spatial distributions) on landscape services. Using the GLCZ-3Ser framework, 
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apart from the LCZ compositions, the LCZ configurations are further included 

based on quantitative landscape metrics. The significant impacts of LCZ-based 

landscape configurations on three landscape services have been concluded in this 

research, providing empirical evidence to support the need for landscape 

configuration analysis in landscape planning in order to improve landscape services.  

To my knowledge, rare work has looked into the effects of landscape 

configurations on drought risks and walkability. It means that when landscape 

configurational characteristics, such as the aggregation or separation of various 

landscape types, are adjusted, planners are unsure of the possible consequences for 

drought risks and human walking experience. The empirical associations between 

landscape configurations and landscape services are thus critical in assisting 

planners in responding to environmental and social sustainability.  

Compared with drought risks and walkability, thermal comfort has been linked 

more to landscape configurations. For example, Franck et al. (2013) described the 

human subjective thermal perceptions in different urban structure types. The 

increasing ratio of annual extreme heat events in sprawling regions can more than 

double compared to compact areas (Stone et al., 2010). Mehrotra et al. (2019) 

claimed the urban built-up form in terms of building layout as a policy variable for 

dealing with thermal issues. Cao et al. (2019) found that building areas with low 

height but high density and those with high height but low density were necessary 

to reduce anthropogenic heat release. Following these descriptive results, 

correlation analyses became popular to quantify how configurational characteristics 
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control thermal environments (Wang et al., 2021b; Ma, et al., 2021; Xie et al., 2020; 

Guo et al., 2021). However, correlation analyses cannot indicate the causal links 

between variables. Consequently, many studies used regression models, such as 

Ordinary Least Squares (OLS) or Spatial Lag regression Model (SLM), to elucidate 

the coefficient of landscape metrics-based landscape configurations and land 

surface temperature (LST) (Liu et al., 2022; Kowe et al., 2021; Li et al., 2017; Liu 

et al., 2021). However, the causality between landscape configurations and thermal 

indices has yet to be analyzed. Compared to the LST, thermal indices are the results 

of the combined meteorological variables and have direct impacts on human well-

being in terms of heat-related morbidity and mortality. Hence, the coefficients of 

landscape metrics and thermal indices in this study can be instrumental in building 

more human thermally comfortable environments by empirically-supported 

configurational changes. Moreover, Table 6.2 and 6.4 demonstrated that landscape-

level landscape metrics have no significant impact on thermal indices and drought 

index, implying a need for finer landscape scale (i.e., patch-level landscape metrics) 

in landscape configuration analysis. Otherwise, the practices of adjusting LCZ 

patches in a region may be constrained. Overall, as a cause of landscape service, 

landscape configuration should be highlighted in landscape planning.  

9.4 Local effects of landscape planning solutions in the GLCZ-3Ser framework 

The study showed that the GWR models performed better than MLR models 

in fitting the relationships between LCZ proportional changes and variations in the 

thermal indices and the drought index (Table 6.1 and Table 6.3). Also, Table 7.1 
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indicated that the GWR was a better fitting model than the MLR to describe the 

impacts of LCZ spatial configurations on the accessibility aspect of walkability. 

Hence, the GWR model should receive more attention in landscape restructuring 

for ameliorating thermal comfort, mitigating drought risks, and improving human 

accessibility. Because the GWR model is characterized by its spatial effect, these 

findings emphasize the importance of local situations that include heterogeneous 

thermal environments, heterogeneous drought conditions, heterogeneous street-

network patterns, and heterogeneous landscape structure, in regional landscape 

planning for overall landscape services provisions. The GWR results provide 

opportunities for addressing the conventional one-size-fits-all planning approach 

by demonstrating local-varied landscape planning solutions.  

 The spatial heterogeneities in the relationships between LCZ compositions and 

thermal and drought indices, shown in the GWR results, are mainly caused by their 

different data resolutions in this study. The spatial resolution of hydroclimatic data 

for computing thermal and drought indices is 0.1 degree, whereas the LCZ 

classification shows finer landscape types with a 100 m resolution, which means 

that in each hydroclimatic data grid, both LCZ types and their proportions differ 

(Figure 6.1). As a result, the thermal stress and drought risks are influenced by the 

different combinations of LCZs, which are supported by several previous studies. 

For example, Dong et al. (2019) found that land use changes affect air temperature 

in both local and surrounding areas. Specifically, the cooling effects of trees vary 

with and without water ponds (Robitu et al., 2006). Trees beside a pond may 
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produce less thermal mitigation than groves of trees (Wang et al., 2018; Fung & 

Jim, 2020). Trees in dense urban settings help mitigate more thermal stress than 

those in open spaces (Kong et al., 2017). Those findings in the literature all point to 

the significance of spatial effects in landscape planning based on local situations.  

On the other hand, various local urban functions can be the reasons for spatial 

heterogeneities in the impacts of LCZ configurations on the accessibility aspect of 

walkability. For example, more aggregated distributions of LCZ 1 (compact high-

rise) and LCZ 2 (compact mid-rise) help improve accessibility in Hong Kong 

(Figure 7.5), because these compact built types are primarily developed as a 

commercial function to attract human flows. However, if these LCZ 1 and LCZ 2 

areas are used for administrative or industrial research buildings, they may become 

more difficult to access. In other words, apart from the spatial configuration, the 

social function of each LCZ type that varies in a region also influences accessibility. 

 With a lack of local heterogeneity, spatial inequity of landscape service 

provision possibly occurs (Kim et al., 2021), as the one-size-fits-all design 

strategies cannot be effective in each place. Particularly in the GBA, different 

administrative and regulatory systems among the mainland cities and two Special 

Administrative Regions limit the implementation of general landscape planning. 

The spatially explicit coefficients of the impacts of landscape compositions and 

configurations on landscape services can provide direct visual presentations for 

planners to identify the planning locations and strategies. However, when 

highlighting spatial effects in determining landscape planning strategies, a 
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limitation of the GWR model cannot be overlooked. The GWR model in Arc GIS 

can only process the data with more than 20 spatial observations. For example, the 

impacts of LCZ configurations on the wayfinding aspect of walkability cannot be 

demonstrated by the GWR models, because the GBA only has 11 spatial data for 

wayfinding measurements (Figure 5.6(a)). Therefore, local situations with few 

spatial observations require additional efforts from local experts or social surveys. 
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Chapter 10 Conclusion 

 Chapter 10 conclude this study by summarizing the major findings related to 

the research aims, emphasizing the overall contributions to theory and practice, and 

showing the limitation and potential future works. 

10.1 Major findings 

 This study develops a new GLCZ-3Ser framework for landscape planning 

which shows LCZ compositions and configurations as representations of landscape 

structures, quantifies and characterizes the spatiotemporal patterns of landscape 

services, identifies and investigates the spatially-varying effects of LCZ-based 

landscape on three integrated landscape services, and finally summarizes the 

solutions for LCZ adjustments in order to achieve the overall improvements of 

multiple landscape services.  

 The findings answer the four research questions in this study by providing 

empirical evidence and also demonstrate the possibility of achieving integrated 

landscape services through landscape structure optimization. Specifically, the 

compositional and configurational measurements of LCZs provide landscape 

structure information in the GLCZ-3Ser framework. From 2009 to 2019, the 

regional built-up landscape expands, with the compact high-rise (LCZ 1) increasing 

the most and urban brownfields (LCZ E and LCZ F) shrinking. The natural 

landscape declines with water bodies (LCZ G) increasing. The compositional 

changes between cities are heterogeneous and city-level results are different from 

regional results. Moreover, the regional landscape in the GBA becomes fragmented, 

with the west experiencing more fragmentation than the east. Compact high-rise 

(LCZ 1), large low-rise (LCZ 8), and scattered trees (LCZ B) become more 
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aggregated over the last decade, whereas compact low-rise (LCZ 3), sparsely built 

(LCZ 9), heavy industry (LCZ 10), and low plants (LCZ D) become fragmented, 

with LCZ D having the most significant fragmentation.  

 Secondly, quantifications of three landscape services show the historical and 

current states of thermal comfort, drought risk mitigation, and walkability within a 

given landscape structure, which answer the question about the spatiotemporal 

trends in three landscape services. EHSA-driven spatiotemporal trends demonstrate 

the hot spots of thermal indices in the regional center where thermal stress is 

statistically significantly higher than in surroundings over the decade. The thermal 

stress increases more in the east than in the west. The EHSA results define the cold 

spots of the drought index in the northern region where the hydrological drought 

risks are higher than in the south that is the hot spots of the drought index. 

Furthermore, both accessibility and wayfinding aspects of walkability have low 

levels. The GBA had significantly high accessibility in Hong Kong and particularly 

good wayfinding performance in Huizhou. 

 Thirdly, the spatial analyses reveal the empirical effects of LCZ compositions 

based on proportions and configurations based on multi-scale landscape metrics on 

three quantitative landscape services. By incorporating both GWR and MLR 

models into the GLCZ-3Ser framework, this study validates the importance of local 

situations in landscape planning. The spatially-varying coefficients between 

landscape structure and landscape services highlight the importance of local 

heterogeneities in geospatial information-based landscape planning.  

More importantly, the GLCZ-3Ser framework enables planners to specify 

solutions to landscape compositional and configurational changes in the region for 

achieving three landscape services simultaneously. The evidence shows the 
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importance of proportions of large low-rise (LCZ 8) and low plants (LCZ D), as 

well as the roles of dispersed compact mid-rise (LCZ 2) in improving thermal 

comfort. In hydrological drought management, the proportions of scattered trees 

(LCZ B), shrublands (LCZ C), and low plants (LCZ D), as well as the dispersed 

compact and open high-rise built (LCZ 1 and LCZ 4) are critical. Moreover, it is 

suggested that increased compact high-rise (LCZ 1) and aggregated dense trees 

(LCZ A) are preferable for improving walkability. 

10.2 Research generalizability 

 This evidence-based landscape study provides two aspects of generalized 

implications for integrated landscape planning. Firstly, the LCZ-based solutions 

suggested in this research can be generalized to other countries, regions, and cities 

with similar characteristics to the GBA. For example, in the Tokyo Bay Area with 

a high-density context, compact buildings do not always help thermal mitigation. 

Apart from building density, urban densification should also highlight the well-

structured urban spaces and smart land use patterns, by altering configurational 

layouts. Another example is Singapore with a subtropical context, water bodies may 

not help reduce thermal stress in a hot and humid climate because of the high air 

saturation. Also, dense trees have insignificant effects on surface hydrological 

management, because dense and broad canopies increase rainfall interception, 

resulting in less precipitation reaching the surface as runoff. Moreover, China is 

planning the giant car-free districts in Shenzhen that adjoins Hong Kong. My 

research suggests the more intertwined urban spaces and functions with more 

compact high-rise built-up lands as landmarks. Secondly, the proposed integrated 

framework in my research is not limited to the case of GBA, because of its free and 

open-sourced data and techniques. This framework is also open to any other 
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landscape services that people value, which, overall, provides a base for the future 

more complex framework to tackle the dynamic environmental and social 

challenges. 

10.3 Overall contributions 

 By creating the GLCZ-3Ser framework, this study integrates the physical 

landscape structures with multiple landscape services, for establishing a geospatial 

analysis-based landscape planning.  

This GLCZ-3Ser-driven research has four theoretical contributions. 

Firstly, using LCZs to represent landscape, this study should be the first to 

extend the LCZ scheme that was previously used only in urban climate fields to the 

hydrological and human walking fields. From the perspective of LCZ structure, the 

landscape services of combined thermal comfort, drought mitigation, and 

walkability can be introduced into broader multidisciplinary research. The LCZ-

based landscape has the potential to understand a variety of landscape services 

within a pre-defined standardized landscape context. 

 Secondly, this study emphasizes the integrations of multiple landscape services 

in landscape planning, allowing for both environmental and social sustainability to 

be improved simultaneously. The GLCZ-3Ser framework provides a holistic 

perspective to landscape management for thermal comfort, drought mitigation, and 

walkability.  

 Thirdly, this study considers the configurational and compositional 

characteristics of a landscape to be equally important in landscape planning. In this 

way, planners and partitioners can recognize the spatial arrangements and 

distributions of different landscape types in the decision-making process for 

landscape changes.  
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Finally, this study emphasizes the local effects on landscape planning by 

including heterogeneities in landscape structure and landscape services in the 

GLCZ-3Ser framework, as responses to the context-dependent landscape planning 

principle. Incorporating locally specific situations, the spatially-varying landscape 

planning solutions are able to be more effective in improving locally-specific 

landscape services and address the conventional one-size-fits-all approach. 

Furthermore, this GLCZ-3Ser-driven research also has three empirical 

contributions. 

Firstly, the GLCZ-3Ser framework facilitates the understanding of LCZ-based 

landscape structures, quantitative landscape services, and their homogeneous and 

heterogeneous associations, based on the comprehensive data, techniques, and 

analytics in geospatial methods. An integrated geospatial dataset is important to 

understand integrated landscape services in landscape planning.  

Secondly, this study should be the first to use EHSA to describe the 

spatiotemporal trends of thermal stress and drought risks, although EHSA has been 

widely used in environmental science. EHSA has the ability to present dynamic 

changes based on hot and cold spots in each temporal and spatial step with 

continuous data. EHSA-based thermal stress and drought risk analyses complement 

the literature on environmental assessments and quantifications that are generally 

derived from non-continuous data.  

Thirdly, this study further validates the need for spatially-varying landscape 

planning based on GWR-based local evidence. The local perspective in the GLCZ-

3Ser framework is instrumental in determining the proper locations for landscape 

restructure implementation. Based on geospatial data and analytics in the GLCZ-

3Ser framework, the local landscape planning solutions and appropriate locations 
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can be significant empirical outputs of this study.  

10.4 Limitations and future work for the GLCZ-3Ser framework 

This study has several limitations on the data quality, analytical approach, and 

trade-offs between landscape planning strategies, which also point to future 

research directions. 

10.4.1 Data quality 

Data resolution and accuracy are always important in quantitative research. 

Firstly, in order to illustrate more comprehensive geographical information on 

regional and local landscape characteristics, the accuracy of the LCZ classification 

as landscape representations must be improved in the future. Joint efforts of experts, 

practitioners, governments, and all stakeholders are required to improve the 

accuracy of the LCZ classification. Secondly, 0.1-degree spatial resolution may 

inadequately indicate local thermal and drought conditions, even though the 

meteorological and hydrological data used in this study have been the most accurate 

of all available datasets. The number of stations or sensors should be increased to 

monitor climatic and hydrological data with finer temporal and spatial resolutions.  

Meantime, the street data for walkability measurement requires higher 

accuracy compared to real-world street data. Improving street data accuracy is a 

time-consuming task due to the rapidly updated urban transportation system, which 

can be partly overcome by widespread bottom-up participation in urban data 

collection. For the landscape service of walkability, another limitation is the 

uncontrollable human subjective factors, such as different walking preferences due 

to demographic differences. This study excludes the human factor and only focuses 

on the impacts of physical spatial features on human moving behavior. As a result, 
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incorporating human and socioeconomic factors into mobility research could be a 

viable option in future work. 

10.4.2 Analytical models 

In terms of the analytical approaches used in this study, linear relationships are 

assumed when investigating the impacts of LCZ-based landscape on three 

landscape services. Although this study has developed well-fitting MLR and GWR 

models, non-linear models should be investigated further. Moreover, the LCZ 

scheme used in this study has been combined with the Weather Research and 

Forecasting (WRF) Model for simulating and predicting the atmosphere events 

related to landscape changes in the earth system (Patel et al., 2020; Brousse et al., 

2016). As a result, the WRF model has the potential to be incorporated into my 

GLCZ-3Ser framework to provide more accurate climate-related information for a 

better understanding of the thermal comfort landscape service.  

10.4.3 Trade-offs between landscape planning solutions 

Using the GLCZ-3Ser framework for adjusting LCZ proportions and spatial 

configurations, trade-offs between multidimensional landscape services can be 

found. Firstly, for LCZ 5 type (open mid-rise), there is a contrast between patch- 

and class-level configuration analysis results in terms of landscape reconfiguration. 

Each LCZ 5 patch is suggested to be more aggregated whereas LCZ 5 should have 

an overall more dispersed configuration in order to mitigate regional thermal stress 

(Table 6.2). Moreover, a landscape reconfiguration action that is beneficial to one 

landscape service may not be beneficial to another. For example, LCZ 7 needs to 

be more aggregated in the GBA for lower drought risks (Table 6.4), but more 

dispersed for thermal comfort (Table 6.2), as well as accessibility (Table 7.2) and 
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wayfinding (Table 7.3) of walkability. LCZ 6 and LCZ 9 are recommended to be 

more spatially dispersed for thermal comfort (Table 6.2) and drought risk (Table 

6.4) mitigation, whereas they should be more aggregated for improving pedestrian 

wayfinding (Tables 7.2 and 7.3). Another example is LCZ 2, which requires 

configurational changes in the opposite direction to improve accessibility (Table 

7.2) and wayfinding (Table 7.3) in human movement. On the other hand, due to the 

spatially-varying changes in LCZ compositions, less LCZ D is recommended for 

less hydrological drought risks in Dongguan, Shenzhen, Hong Kong, and 

Zhongshan (Figure 6.5), in which increased LCZ D is desirable (Figure 6.3). 

Additionally, expanded LCZ D areas in Foshan and Zhaoqing allow for drought 

mitigation (Figure 6.5), but this may cause thermal discomfort in these two cities 

(Figure 6.3).  

Therefore, to address potential trade-offs in the GLCZ-3Ser framework for 

landscape planning, it is necessary to include more local knowledge derived from 

social surveys, for example, helping further specify landscape planning solutions 

taking into account locally-varied situations. Moreover, those trade-offs can be 

reduced by using landscape planning as a multidisciplinary task that necessitates 

closer cooperation and collaboration between governments and the general public. 

Geography, ecology, meteorology, hydrology, transportation, and social economics, 

for instance, should be all considered in regional landscape planning decisions. 

Public participation is also crucial in addressing trade-offs between local and 

regional planning strategies, in order to minimize potential inequity in landscape 

services provisions between localities.  
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Appendix A. Local climate zone classification 

Table A1. Description of satellite images 

Year  Landsat Scene ID Acquisition Date Cloud cover 

2009 LT51210442009011BJC03 2009-01-11 0.00 

 LT51210452009123BJC00 2009-05-03 6.00 

 LT51220432009338BJC00 2009-12-04 1.00 

 LT51220442009306BKT00 2009-11-02 0.00 

 LT51220452009034BKT01 2009-02-03 1.00 

 LT51230432009009BJC01 2009-01-09 3.00 

 LT51230442009073BJC00 2009-03-14 1.00 

 LT51230452009009BJC01 2009-01-09 0.00 

2019 LC81210442019071LGN00 2019-03-12 0.68 

 LC81220452019334LGN00 2019-11-30 4.52 

 LC81210452019263LGN00 2019-09-20 9.76 

 LC81220432019318LGN00 2019-11-14 0.30 

 LC81220442019318LGN00 2019-11-14 0.21 

 LC81230432019341LGN00 2019-12-07 0.02 

 LC81230442019341LGN00 2019-12-07 0.04 

 LC81230452019341LGN00 2019-12-07 0.05 
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Appendix B Confusion matrix of LCZ maps 

Table B1 Confusion matrix of LCZ map in 2009 

ID 
LCZ 

class 
1 2 3 4 5 6 7 8 9 10 A B C D E F G Total UA Kappa 

1 1 8 0 0 1 0 0 0 0 0 0 0 0 0 1 0 0 0 10 0.8 0 

2 2 0 6 0 0 2 0 0 0 0 0 0 0 0 1 1 0 0 10 0.6 0 

3 3 0 0 5 1 2 0 0 0 0 0 0 0 0 2 0 0 0 10 0.5 0 

4 4 0 0 1 5 0 0 0 0 0 0 0 0 0 3 1 0 0 10 0.5 0 

5 5 0 0 0 0 5 0 0 1 0 0 2 0 0 0 1 1 0 10 0.5 0 

6 6 0 0 1 0 0 9 0 0 0 0 0 0 0 0 0 0 0 10 0.9 0 

7 7 0 0 0 0 0 0 7 2 0 0 0 0 0 0 0 1 0 10 0.7 0 

8 8 0 0 0 0 1 0 0 9 0 0 0 0 0 0 0 0 0 10 0.9 0 

9 9 0 0 0 0 0 0 0 0 9 0 0 0 1 0 0 0 0 10 0.9 0 

10 10 0 0 0 0 0 0 0 0 0 6 1 1 0 0 0 1 1 10 0.6 0 

11 A 0 0 0 0 0 0 0 0 0 0 10 0 0 0 0 0 0 10 1 0 

12 B 0 0 0 0 0 0 0 0 0 0 0 10 0 0 0 0 0 10 1 0 

13 C 0 0 0 0 0 0 0 0 0 0 3 0 7 0 0 0 0 10 0.7 0 

14 D 0 0 0 0 0 0 0 0 0 0 0 0 0 10 0 0 0 10 1 0 

15 E 0 0 0 0 0 0 0 0 0 0 0 0 0 0 9 1 0 10 0.9 0 

16 F 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 8 0 10 0.8 0 

17 G 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 8 10 0.8 0 

18 Total 8 6 7 7 10 9 7 12 9 6 16 11 8 20 13 12 9 170 0 0 

19 PA 1 1 0.714 0.714 0.5 1 1 0.75 1 1 0.625 0.909 0.875 0.5 0.692 0.667 0.889 0 0.771 0 

20 Kappa 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.756 
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Table B2 Confusion matrix of LCZ map in 2019 

ID 
LCZ 

Class 
1 2 3 4 5 6 7 8 9 10 A B C D E F G Total UA Kappa 

1 1 7 0 0 0 1 0 0 0 0 0 0 0 0 0 1 0 0 9 0.778 0 

2 2 0 8 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 11 0.727 0 

3 3 0 0 7 0 0 0 1 0 0 0 0 0 0 1 0 0 0 9 0.778 0 

4 4 0 1 0 7 0 0 0 0 0 0 1 0 0 1 0 0 0 10 0.7 0 

5 5 0 0 0 1 0 1 0 0 0 0 1 0 0 1 0 0 0 4 0 0 

6 6 1 0 0 0 0 6 0 0 0 0 0 0 0 0 0 0 0 7 0.857 0 

7 7 0 0 0 0 0 0 5 0 0 0 0 0 0 0 1 0 0 6 0.833 0 

8 8 0 0 0 0 0 1 1 0 0 0 1 0 0 0 1 2 0 6 0 0 

9 9 0 0 0 0 0 2 1 0 0 0 1 0 0 1 0 0 0 5 0 0 

10 10 0 0 0 0 0 0 0 0 0 2 0 1 0 0 0 0 0 3 0.667 0 

11 A 0 0 0 0 0 0 0 0 0 0 10 0 0 0 0 0 0 10 1 0 

12 B 0 0 0 0 0 0 0 0 0 0 0 5 0 1 0 0 0 6 0.833 0 

13 C 0 0 0 0 0 0 0 0 0 0 0 0 2 3 0 0 1 6 0.333 0 

14 D 0 0 0 0 1 0 0 0 0 0 0 0 0 14 0 0 0 15 0.933 0 

15 E 0 0 0 0 0 0 0 0 0 1 0 0 0 1 6 2 0 10 0.6 0 

16 F 0 0 0 1 0 0 0 0 0 0 1 2 0 0 0 6 1 11 0.545 0 

17 G 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 7 7 1 0 

18 Total 8 9 8 9 2 10 8 0 0 3 16 9 2 23 9 10 9 135 0 0 

19 PA 0.875 0.889 0.875 0.778 0 0.6 0.625 0 0 0.667 0.625 0.556 1 0.609 0.667 0.6 0.778 0 0.681 0 

20 Kappa 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.657 

Notes: UA refers to user's accuracy. PA refers to producer's accuracy.



 

247 

Appendix C. Validation for ERA5 data with observations and CMFD dataset 

 

 

Figure C1. (a) Correlations of thermal indices from observations and ERA5 dataset 

in different in-situ stations. (b) Correlations of heat indices from CMFD and ERA5 

dataset in different stations. 
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Figure C2. Correlations of three thermal indices based on observations and ERA5 

datasets in Hong Kong 

 



 

249 

Appendix D. The LCZ proportions from 2009 to 2019 in each GBA city 

Table D1. City-scale LCZs transformation from 2009 to 2019 (% land cover). 

City Year LCZ 

1 

LCZ 

2 

LCZ 

3 

LCZ 

4 

LCZ 

5 

LCZ 

6 

LCZ 

7 

LCZ 

8 

LCZ 

9 

LCZ 

10 

LCZ 

A 

LCZ 

B 

LCZ 

C 

LCZ 

D 

LCZ 

E 

LCZ 

F 

LCZ 

G 

Guangzhou 
2009 0.09 5.30 1.61 0.91 1.37 3.06 1.60 0.47 0.32 0.27 44.58 6.09 0.11 26.42 0.71 3.80 3.28 

2019 3.65 4.47 0.87 1.19 3.39 5.17 0.79 0.22 1.71 0.21 44.91 4.55 0.10 22.35 0.69 2.45 3.29 

Huizhou 
2009 0.06 0.66 0.29 0.19 0.07 0.48 0.12 0.13 1.10 0.11 64.51 8.37 0.41 18.30 0.23 3.50 1.47 

2019 0.57 0.74 0.59 0.73 0.64 1.51 0.24 0.10 3.10 0.13 59.11 9.52 0.03 18.53 0.05 2.62 1.76 

Jiangmen 
2009 0.07 1.78 0.47 0.15 0.16 0.62 0.45 0.23 2.05 0.10 45.32 4.80 0.70 37.60 0.16 2.46 2.89 

2019 1.00 1.82 1.12 1.17 0.40 0.93 0.73 0.52 0.80 0.12 47.25 7.10 0.53 31.33 0.14 1.88 3.16 

Dongguan 
2009 0.28 14.00 2.57 1.85 2.61 10.25 3.74 1.04 0.44 0.51 18.06 4.41 0.06 23.05 2.21 9.76 5.16 

2019 6.80 15.55 2.35 2.16 8.32 9.39 1.65 0.49 1.71 0.61 15.92 3.12 0.02 21.51 1.14 4.11 5.16 

Foshan 
2009 0.30 7.62 2.94 1.25 1.55 4.91 6.24 1.45 0.39 0.23 17.05 1.45 0.32 44.26 1.07 3.87 5.11 

2019 4.72 7.31 2.31 1.19 4.36 4.87 8.62 1.81 3.31 0.32 17.19 5.68 0.10 30.95 0.88 0.88 5.48 

Shenzhen 2009 0.55 13.54 2.14 2.07 3.22 5.80 1.75 0.98 0.30 0.27 33.62 4.62 0.13 16.28 2.61 10.21 1.93 
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2019 9.88 8.90 2.20 3.70 7.22 6.75 0.52 0.29 1.75 0.23 31.54 5.48 0.04 14.77 1.07 3.52 2.15 

Zhaoqing 
2009  0.02  0.56  0.04  0.06  0.02  0.08  0.09  0.10  0.36  0.07  72.90  4.58  0.58  18.40  0.06  0.67  1.40  

2019  0.11  0.93  0.33  0.05  0.00  0.01  0.52  0.36  0.66  0.00  62.30  23.72  0.00  9.13  0.00  0.45  1.43  

Zhongshan 
2009  0.18  6.58  2.56  0.80  1.31  5.76  4.40  0.96  0.39  0.19  16.01  1.37  0.09  48.21  0.64  4.64  5.92  

2019  3.15  9.66  3.11  3.02  2.51  4.40  3.14  0.87  0.73  0.50  18.45  3.07  0.93  36.50  0.57  2.27  7.12  

Zhuhai 
2009  0.89  4.45  0.28  0.36  0.30  0.42  0.23  0.83  0.19  0.07  26.99  1.03  0.06  53.02  0.84  7.24  2.79  

2019  2.92  3.87  0.94  5.71  1.43  1.48  0.24  0.57  0.44  0.57  27.49  4.00  3.02  37.02  1.01  4.03  5.26  

Hong 

Kong 

2009  2.18  1.43  0.81  7.28  1.54  1.10  0.23  0.18  0.88  0.29  56.70  6.09  0.19  13.10  2.61  1.64  3.76  

2019  7.33  1.17  0.82  2.94  1.89  2.21  0.15  0.06  4.34  0.28  53.79  8.58  0.29  9.56  1.70  1.02  3.88  

Macau 
2009  9.19  17.26  0.03  0.38  0.19  0.10  0.16  1.54  0.03  0.26  13.77  0.80  0.00  34.95  6.34  10.86  4.13  

2019  12.70  10.26  0.48  18.99  1.22  2.02  0.26  0.64  0.83  0.55  13.98  3.18  3.46  13.82  6.74  3.69  7.18  
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Appendix E. The values of 13 class-level landscape metrics in 2009 and 2019 

Table E1. The values of 13 class-level landscape metrics in 2009 

Type NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

LCZ_A 36569 0.6604 183.0408 0.777 89.187 43.3906 0.0286 99.7738 0.9565 241077.3 22.9685 89.2397 0.1149 

LCZ_B 90944 1.6424 366.0755 0.2802 31.6945 43.763 0.016 75.2683 1 6.5828 841166.5 31.7537 0.6825 

LCZ_D 62370 1.1264 335.8127 0.6233 72.2146 69.8771 0.0182 99.2908 0.996 21942.03 252.3556 72.2744 0.2773 

LCZ_G 15590 0.2816 116.9339 0.6847 69.1059 51.0052 0.0291 98.2061 0.9999 673.2562 8224.496 69.289 0.3071 

LCZ_F 43760 0.7903 245.0626 0.4028 42.1158 71.2755 0.0219 76.0953 1 2.6785 2067238 42.2155 0.5778 

LCZ_9 18992 0.343 154.6517 0.2607 26.5404 60.0897 0.0467 66.7569 1 0.4304 12865878 26.667 0.7333 

LCZ_C 13654 0.2466 125.4419 0.1641 16.6453 51.3024 0.0428 35.7204 1 0.0287 1.93E+08 16.7567 0.8324 

LCZ_2 32464 0.5863 218.62 0.4686 48.4747 82.6193 0.0342 90.9854 1 24.4201 226747.3 48.5892 0.5141 

LCZ_4 18508 0.3342 140.3127 0.2391 24.2469 81.0604 0.0383 65.1495 1 0.6778 8169845 24.3785 0.7562 

LCZ_8 14327 0.2587 124.1254 0.1515 15.3716 76.768 0.0452 31.2506 1 0.0447 1.24E+08 15.4772 0.8452 

LCZ_1 5297 0.0957 68.1066 0.3047 30.2796 76.7638 0.0612 59.3798 1 0.1733 31954071 30.5927 0.6941 

LCZ_10 5078 0.0917 70.6022 0.2371 23.5712 84.6331 0.0643 44.187 1 0.0499 1.11E+08 23.8291 0.7617 
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LCZ_E 13420 0.2424 117.7184 0.3191 32.0945 80.7936 0.0454 57.5942 1 0.4381 12639943 32.2808 0.6772 

LCZ_3 24810 0.4481 171.4954 0.2055 21.1349 74.6434 0.0459 44.9728 1 0.1209 45790859 21.2325 0.7877 

LCZ_5 22514 0.4066 158.7434 0.1523 15.6925 81.7878 0.0501 33.8767 1 0.0761 72725024 15.7763 0.8422 

LCZ_6 35852 0.6475 231.7441 0.2591 27.177 80.9244 0.045 64.4027 1 0.6174 8969031 27.2627 0.7274 

LCZ_7 17126 0.3093 154.4762 0.3795 38.5101 76.4744 0.0576 70.9644 1 0.4844 11430660 38.664 0.6134 

 

Table E2. The values of 13 class-level landscape metrics in 2019 

Type NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

 LCZ_A  34331 0.6185 169.8466 0.8008 89.5994 43.0309 0.0258 99.7144 0.9725 152517.2 36.3947 89.6543 0.1035 

 LCZ_G  16757 0.3019 126.5358 0.674 68.1513 55.4427 0.0322 98.1518 0.9999 729.4415 7609.677 68.3233 0.3168 

 LCZ_D  58693 1.0574 354.3117 0.5825 66.7134 79.4301 0.0187 98.4667 0.9994 3406.045 1629.695 66.7762 0.3322 

 LCZ_2  38275 0.6895 249.0555 0.3925 41.1116 84.7365 0.0319 82.445 1 4.7178 1176561 41.209 0.5879 

 LCZ_B  77904 1.4035 344.936 0.5085 56.2924 41.7226 0.0167 98.0127 0.9996 1966.946 2822.047 56.3638 0.4364 

 LCZ_F  24935 0.4492 177.2162 0.4381 44.7167 81.7179 0.0263 74.5772 1 1.1801 4703823 44.8566 0.5514 
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 LCZ_3  25852 0.4657 172.9851 0.2554 26.1701 82.2503 0.0329 56.862 1 0.4178 13285227 26.2822 0.7372 

 LCZ_C  7672 0.1382 93.4935 0.185 18.5326 71.8834 0.0943 42.9364 1 0.0327 1.7E+08 18.6955 0.813 

 LCZ_8  11205 0.2019 114.4633 0.2637 26.5238 82.0774 0.0567 51.9913 1 0.0937 59223342 26.6952 0.733 

 LCZ_9  40347 0.7269 224.0181 0.2496 26.1152 64.9714 0.0242 65.1308 1 1.1147 4979519 26.2017 0.738 

 LCZ_E  7007 0.1262 86.6738 0.3838 38.3276 83.8922 0.0715 68.3207 1 0.3819 14536184 38.6023 0.614 

 LCZ_1  35038 0.6312 213.8827 0.36 37.2308 80.0744 0.0304 82.6872 1 6.9255 801502.4 37.3404 0.6266 

 LCZ_4  33192 0.598 196.756 0.2092 21.7324 78.9044 0.0283 52.8821 1 0.4264 13018225 21.8192 0.7818 

 LCZ_10  5521 0.0995 76.3557 0.2124 21.1571 86.2139 0.0838 45.4632 1 0.0587 94499421 21.3779 0.7862 

 LCZ_7  11873 0.2139 122.4549 0.5248 52.8588 86.0338 0.0498 83.3246 1 2.0971 2646855 53.0631 0.4694 

 LCZ_6  48861 0.8802 268.2576 0.2392 25.6299 80.2248 0.0346 57.086 1 0.3458 16053001 25.7012 0.743 

 LCZ_5  37723 0.6796 230.0421 0.2415 25.3675 79.2474 0.0435 60.3488 1 0.5511 10072612 25.4501 0.7455 
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Table E3. The values of 11 landscape-level metrics in each city in 2009 

City  NP   PD   LSI   CONTAG   PLADJ   IJI   CONNECT   DIVISION   MESH   SPLIT   AI 

Dongguan 49247 17.1907 122.8427 33.0152 54.4163 77.6058 0.2719 0.9948 1483.285 193.1356 54.7191 

Foshan 54638 11.8674 114.7927 44.9603 66.4973 75.96 0.1981 0.9739 12001.68 38.3617 66.7476 

Guangzhou 81623 9.6001 140.619 50.8712 69.7344 68.7135 0.1436 0.8945 89657.18 9.4831 69.9154 

Hong Kong 12940 9.8464 56.5165 53.4541 71.0466 69.6106 0.6228 0.8743 16519.33 7.9554 71.5218 

Huizhou 75895 5.6442 123.7847 67.0251 78.889 54.0809 0.0914 0.8362 220307.8 6.1036 79.0169 

Jiangmen 66894 6.08 126.9283 60.5166 76.0875 58.5682 0.1284 0.9451 60450.18 18.2005 76.2391 

Macau 531 14.849 13.9042 38.7666 58.4032 68.998 11.0891 0.9519 171.9804 20.7931 61.3025 

Shenzhen 33602 14.8905 100.5321 38.1661 58.3612 75.351 0.3951 0.9588 9307.666 24.2446 58.7034 

Zhuhai 11622 6.652 53.3858 59.7572 76.039 61.7964 0.586 0.8272 30189.04 5.7874 76.4311 

Zhaoqing 62699 3.5302 100.4619 75.237 85.0593 46.1247 0.074 0.5656 771609.5 2.3018 85.1669 

Zhongshan 20758 10.0293 68.744 49.0158 70.1339 74.317 0.5016 0.9638 7502.481 27.5874 70.5103 
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Table E4. The values of 11 landscape-level metrics in each city in 2019 

City  NP   PD   LSI   CONTAG   PLADJ   IJI   CONNECT   DIVISION   MESH   SPLIT   AI 

Dongguan 50633 9.8077 95.6499 50.156 73.4981 76.7648 0.2508 0.8003 103073.6 5.0087 73.7648 

Foshan 65739 14.2781 140.7787 34.806 58.8339 78.8126 0.2163 0.9842 7284.464 63.2056 59.0967 

Guangzhou 90301 10.6211 141.3653 48.9389 69.5722 74.5639 0.1345 0.9058 80067.67 10.6186 69.7576 

Hong Kong 13230 10.0624 56.7438 51.5031 70.934 72.3904 0.5922 0.9175 10851.73 12.116 71.4298 

Huizhou 77363 5.753 123.33 62.4553 78.9679 62.3524 0.1085 0.8702 174607.8 7.7015 79.1107 

Jiangmen 82503 7.499 143.3363 56.3292 72.9575 63.4632 0.1017 0.9607 43256.42 25.4341 73.1123 

Macau 706 19.8817 15.3167 31.4192 53.4075 77.4371 10.8969 0.9716 100.9882 35.1625 56.4972 

Shenzhen 33685 14.9243 100.0452 36.6917 58.5731 75.7416 0.3681 0.9648 7954.704 28.3738 58.941 

Zhuhai 22047 12.6164 74.7395 44.3235 65.7895 77.7888 0.4576 0.9454 9546.237 18.3055 66.1943 

Zhaoqing 59435 3.3464 129.6339 69.6456 80.6806 37.9528 0.0892 0.793 367584.6 4.8317 80.7944 

Zhongshan 25383 12.2635 78.5335 40.0928 65.8293 81.3978 0.4932 0.954 9521.467 21.7382 66.2437 
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Appendix F. The measurements of intelligibility-based wayfinding in each city 
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Appendix G. The variations in patch- and class-level landscape metrics as well as UTCI and SRI values of each LCZ in each city between 2009 to 

2019. 

Table G1. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 1 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.27 -0.01  1.54  168.82  351.16  2010 0.97  33.28  0.13  15.26  0.27  -0.37  27.45  0 1.03  -1.5E+07 14.96  -0.15  

DG -0.18 0.13  4.18  -97.93  -156.94  2937 0.30  40.13  0.04  5.30  5.42  -0.14  15.81  0 2.01  -70052.5 5.05  -0.05  

ZH 1.96 -0.01  0.75  -7.91  -268.57  1737 0.99  28.41  0.02  4.37  5.27  -0.50  11.66  0 0.29  -7382413 4.03  -0.04  

FS 0.29 0.22  6.54  -200.52  -441.68  4514 0.98  55.44  0.23  25.58  4.30  -0.15  56.91  0 8.04  -7.2E+07 25.46  -0.25  

GZ 0.09 0.23  21.73  -1001.37  -381.61  5705 0.67  58.65  0.20  21.78  5.15  -0.19  46.83  0 29.47  -1.4E+07 21.58  -0.22  

JM 1.11 -1.11  -1.00  -5.04  -534.64  4704 0.43  50.90  -0.11  -9.67  15.29  -0.21  -16.24  0 -0.07  6488763 -10.19  0.10  

HK -0.17 0.11  10.76  -156.85  -145.95  634 0.48  15.44  -0.01  1.17  18.98  -0.44  4.79  -0.0005 66.19  -13403.2 0.68  -0.01  

MACAU -0.7 0.05  4.72  63.72  301.58  50 1.42  4.76  -0.29  -25.53  0.42  0.00  -12.37  0.0139 -49.76  198.5643 -26.37  0.26  

ZQ 0.95 1.19  0.14  96.20  -706.11  701 0.04  14.25  -0.02  -1.75  11.87  -0.25  -4.23  0 0.00  -3.2E+08 -2.14  0.02  

SZ 0.17 0.31  19.64  -92.03  -142.36  1510 0.67  30.73  0.14  18.34  5.88  -0.15  32.65  -0.0002 40.03  -401581 18.12  -0.18  
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HZ 0.74 -0.03  2.34  -36.44  -252.06  1479 0.11  24.52  0.04  4.13  5.62  -0.15  17.11  0 0.22  -1.3E+07 3.85  -0.04  

 

Table G2. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 2 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.13 -0.07  21.75  86.34  270.94  410 0.20  12.57  0.03  4.96  10.14  0.02  6.17  -0.0002 41.63  -17460.7 4.88  -0.05  

DG -0.19 0.08  9.37  -39.57  -34.22  -385 -0.79  13.21  0.08  6.68  -4.17  0.03  2.35  1E-04 -3.28  16249.51 6.64  -0.07  

ZH -0.05 -0.01  -1.11  -18.53  -96.08  721 0.41  11.59  -0.06  -4.94  19.44  -0.10  -5.95  0 -0.50  34732.41 -5.10  0.05  

FS 0.36 0.01  -8.98  46.69  -12.67  1540 0.33  13.31  -0.06  -5.51  2.63  -0.03  -10.88  1E-04 -19.67  89526.46 -5.55  0.06  

GZ 0.19 0.08  -30.19  127.68  -34.75  1183 0.14  14.78  -0.06  -5.71  -5.30  -0.01  -11.29  1E-04 -50.00  190692.4 -5.75  0.06  

JM -0.05 -0.68  5.46  15.44  -12.20  95 0.01  0.35  0.03  3.42  18.42  0.01  7.12  0 3.34  -236621 3.43  -0.03  

HK 0.12 0.31  1.40  409.64  -85.97  -55 -0.04  -1.39  0.13  13.18  -2.52  0.30  26.57  0 0.80  -2576575 13.44  -0.13  

MACAU -0.28 0.05  3.57  83.11  369.79  -17 -0.46  -2.25  0.32  31.28  9.70  0.69  26.97  -0.0032 11.17  -7960.15 32.39  -0.32  

ZQ 0.46 0.43  -2.70  4.13  -98.77  2062 0.12  21.86  -0.07  -6.98  6.91  -0.08  -5.19  0 -0.80  471606.5 -7.14  0.07  

SZ 0.14 0.30  -8.77  137.41  -22.45  223 0.10  4.76  -0.05  -5.12  -8.23  0.01  -6.74  1E-04 -19.51  30641.13 -5.14  0.05  

HZ 0.45 -0.03  0.26  18.94  -144.22  539 0.04  9.51  -0.03  -2.81  -0.66  0.08  -3.82  0 -0.11  937821 -2.89  0.03  
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Table G3. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 3 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.71  -0.02  4.27  250.66  383.17  602 0.29  8.24  0.18  18.53  13.12  -0.24  28.81  0 4.09  -1161617 18.52  -0.19  

DG -0.13  0.04  0.38  -9.67  -119.30  1722 0.01  19.51  0.04  4.23  -4.38  -0.01  9.68  0 0.02  935261.9 4.19  -0.04  

ZH 0.87  -0.13  0.44  -9.62  -1436.39  725 0.41  21.16  0.09  10.21  9.21  -1.61  21.60  0 0.04  -1.3E+08 9.53  -0.10  

FS 0.42  -0.04  0.02  -68.88  -28.11  1281 0.28  14.94  -0.04  -3.48  9.65  -0.06  -0.26  0 -0.11  731738.8 -3.57  0.04  

GZ 0.12  0.23  -0.19  -325.72  -9.96  1131 0.13  9.59  -0.05  -4.75  5.71  -0.07  -7.65  0 -0.02  11402560 -4.83  0.05  

JM -0.08  -0.82  2.37  -17.18  -221.17  2385 0.22  28.01  0.10  10.31  11.83  -0.26  21.12  0 1.09  -1.9E+07 10.12  -0.10  

HK 1.58  0.20  0.03  82.37  -248.10  25 0.02  1.75  0.02  2.72  0.43  0.15  4.44  0 0.10  -86529.3 2.57  -0.03  

MACAU -0.90  0.00  0.04  73.77  1127.05  14 0.39  2.67  0.00  0.00  39.61  6.67  11.41  0 0.01  -1.2E+07 0.00  0.00  

ZQ 0.51  0.33  0.82  23.60  -846.41  1890 0.11  32.51  0.08  8.49  -3.77  -0.39  16.63  0 0.03  -1E+09 8.10  -0.08  

SZ -0.20  0.39  0.96  -43.91  -140.53  748 0.33  9.32  0.22  22.65  2.11  0.04  41.51  0 1.58  -1.5E+07 22.84  -0.23  

HZ 0.54  -0.03  0.18  -18.36  -423.78  2156 0.16  31.99  -0.08  -7.19  6.31  -0.19  0.27  0 0.18  -9064582 -7.73  0.08  

 

 



 

260 

Table G4. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 4 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.09  0.01  2.36  1701.66  368.74  771 0.37  11.33  0.10  10.54  2.88  -0.03  27.26  0 1.09  -1679449 10.54  -0.11  

DG -0.25  0.28  0.09  -62.88  27.46  -564 -0.71  -5.44  0.02  0.95  -5.29  0.00  0.95  0 -0.09  2114643 0.98  -0.01  

ZH -0.17  -0.05  1.55  -5322.42  -142.05  1509 0.86  21.38  -0.03  -0.15  18.57  -0.12  0.63  -1E-04 6.40  -24009 -0.37  0.00  

FS 0.24  0.01  -0.19  -1833.58  39.38  -1297 -0.28  -11.19  -0.02  -2.72  7.05  0.04  -5.93  0 -0.15  3200597 -2.71  0.03  

GZ 0.08  0.13  -0.21  -143.21  2.82  404 0.05  2.10  -0.04  -3.53  -1.88  -0.02  -7.10  0 -0.03  10505872 -3.56  0.04  

JM -1.12  -0.30  0.41  -2719.35  -270.65  4862 0.44  42.75  0.04  4.41  2.95  -0.10  11.10  0 0.05  -1.3E+08 4.30  -0.04  

HK -0.61  0.16  -19.80  -403.65  -8.87  152 0.12  -0.79  -0.19  -20.59  -8.19  0.00  -24.29  0.0003 -34.77  73607.18 -20.57  0.21  

MACAU -0.18  0.08  9.27  70.32  280.31  16 0.47  1.46  0.08  13.54  13.60  1.88  13.14  -0.0041 14.53  -1335.1 13.15  -0.13  

ZQ 0.53  0.29  -0.69  -48985.73  659.72  -924 -0.05  -17.13  -0.10  -10.02  12.74  0.07  -28.26  0 -0.01  2.05E+09 -9.99  0.10  

SZ -0.15  0.26  0.36  -111.95  -42.73  711 0.31  6.54  0.02  2.66  -8.52  -0.01  -8.12  0 0.55  -58416.3 2.63  -0.03  

HZ -1.15  0.16  1.17  -3175.95  -177.48  1946 0.14  22.48  0.11  11.10  6.55  -0.06  28.32  0 0.17  -1.6E+08 11.08  -0.11  
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Table G5. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 5 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.2 -0.07  1.48  1478.49  312.38  -289 -0.14  -0.39  -0.02  -1.57  3.67  0.11  1.66  0 -0.47  981573.5 -1.59  0.02  

DG -0.15 0.14  1.98  -71.63  -33.26  1344 -0.66  18.16  0.09  8.72  -4.57  -0.03  19.87  0 0.82  -296037 8.72  -0.09  

ZH -1.3 -0.04  -0.28  -4328.45  -204.49  236 0.14  7.98  -0.05  -4.48  17.04  0.02  -3.86  0 -0.14  181466.3 -4.74  0.05  

FS 0.23 0.11  2.87  -1538.22  -76.69  -557 -0.12  7.28  0.13  14.10  0.93  0.10  32.28  0 0.85  -5190899 14.16  -0.14  

GZ 0.21 0.07  0.80  -1607.54  -50.78  2291 0.27  18.84  0.03  3.76  -1.55  -0.02  6.42  0 0.28  -1354610 3.74  -0.04  

JM -1.01 -0.37  0.47  -6904.10  -136.39  -175 -0.02  0.68  0.06  6.16  8.66  0.07  16.17  0 0.01  -7.8E+07 6.23  -0.06  

HK 2.6 0.17  1.74  -1018.78  56.88  -323 -0.25  -2.26  0.07  6.83  2.59  0.46  19.22  0 0.18  -138593 6.95  -0.07  

MACAU -1.52 0.15  0.25  62.24  478.83  5 0.15  0.46  -0.04  -3.09  14.92  6.41  -4.57  0 0.00  -2873.79 -3.84  0.04  

ZQ 0.45 1.18  -0.34  -56055.50  12328.99  -934 -0.05  -28.60  -0.11  -12.68  -1.06  1.83  -24.47  0 0.00  2.42E+11 -11.02  0.11  

SZ -0.32 0.34  2.40  -29.14  -21.64  781 0.35  11.86  0.03  4.46  -2.40  -0.07  14.52  0 4.33  -122689 4.43  -0.04  

HZ -0.35 -0.09  0.48  -3685.16  -377.13  3007 0.22  36.39  0.02  2.13  0.31  -0.22  6.40  0 0.03  -3.5E+07 1.89  -0.02  
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Table G6. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 6 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.01 -0.07  3.07  1602.89  292.50  378 0.18  -11.05  -0.13  -15.23  -0.27  0.01  -26.77  1E-04 -16.44  190214.2 -15.23  0.15  

DG -0.14 0.13  -18.08  -54.46  7.40  2778 -0.32  -0.12  -0.10  -16.10  -5.94  -0.05  -27.42  1E-04 -31.37  644396.7 -16.13  0.16  

ZH -1.09 -0.11  -3.19  -747.57  -115.32  1002 0.57  14.10  -0.16  -14.90  1.32  -1.22  -37.21  0 -0.19  1375721 -15.38  0.15  

FS 0.21 0.07  -4.24  -2247.17  6.41  -1569 -0.34  -21.44  -0.06  -8.18  0.40  0.10  -12.62  0 -4.61  337998.2 -8.16  0.08  

GZ 0.19 0.06  -5.84  -1653.16  -15.32  3715 0.44  13.51  -0.09  -9.25  -4.75  -0.01  -18.10  0 -3.45  665136.5 -9.29  0.09  

JM -0.97 -0.28  -5.06  -5667.84  77.64  1608 0.15  2.18  -0.14  -13.71  -1.55  -0.13  -25.58  0 -0.65  3844844 -13.78  0.14  

HK 1.28 0.20  -0.61  -951.08  50.92  -167 -0.13  -2.12  -0.04  -4.82  -5.50  0.37  -5.51  0 -0.75  153513.4 -4.81  0.05  

MACAU -1.15 0.00  0.35  77.97  386.15  45 1.27  5.00  -0.08  0.00  10.48  -18.75  5.71  0 0.05  -780464 -6.25  0.06  

ZQ 0.22 0.78  -3.00  -33165.79  1493.37  -979 -0.06  -28.57  -0.21  -21.40  -4.25  0.22  -52.88  0 -0.07  9.45E+09 -20.91  0.21  

SZ -0.27 0.30  -4.72  -97.92  13.42  845 0.37  -2.03  -0.09  -10.58  -2.22  -0.05  -20.02  0 -3.02  271446.5 -10.61  0.11  

HZ -0.46 -0.11  -1.03  23.28  -3.02  3867 0.29  28.89  -0.05  -4.30  2.50  -0.14  -10.75  0 0.00  165996 -4.40  0.04  
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Table G7. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 7 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.09 -0.19  8.11  100.56  413.72  -571 -0.28  -11.42  0.16  15.40  14.29  0.15  10.73  0 2.73  -104364 15.58  -0.16  

DG -0.16 0.14  0.08  -24.84  93.92  -1375 -0.73  -15.63  0.12  10.19  2.52  0.04  13.09  0 -0.07  3282967 10.40  -0.10  

ZH -0.95 -0.22  -0.04  -21.77  31.34  60 0.03  2.21  0.02  1.75  6.42  -0.81  0.68  0 0.00  -8684160 1.61  -0.02  

FS 0.39 -0.02  13.28  -68.39  17.83  -1151 -0.25  -10.00  0.17  17.58  13.68  -0.01  13.01  -1E-04 23.01  -142706 17.59  -0.18  

GZ 0.23 0.15  0.06  -280.89  90.05  -1602 -0.19  -17.79  0.11  10.60  4.91  0.03  10.28  0 0.03  -3412414 10.78  -0.11  

JM -0.4 -0.18  1.26  -6.23  124.74  424 0.04  3.27  0.19  18.67  11.15  -0.24  19.94  0 0.65  -3.8E+07 18.70  -0.19  

HK 3.26 0.00  0.62  139.70  218.25  -55 -0.04  -2.62  0.23  20.92  -0.46  1.24  25.72  0 0.02  -2E+07 22.47  -0.22  

MACAU -0.12 0.00  0.02  54.77  1477.68  2 0.06  0.29  -0.15  -10.00  0.17  -10.48  -15.56  0 0.00  296262.5 -15.38  0.15  

ZQ 0.17 0.59  5.58  -11.22  -189.51  825 0.05  14.78  0.21  21.80  -1.72  -0.80  18.44  0 1.00  -9.2E+07 21.49  -0.21  

SZ -3.28 0.30  0.07  -15.49  443.78  -972 -0.43  -17.89  0.14  12.80  9.30  0.12  17.27  0 0.00  100972.2 13.43  -0.13  

HZ -2.39 0.39  0.21  27.08  -170.70  590 0.04  12.09  0.13  12.94  10.37  -0.27  19.32  0 0.02  -4.5E+08 12.86  -0.13  
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Table G8. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 8 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.25 -0.07  1.67  250.61  559.72  -344 -0.17  -6.05  0.19  18.25  7.16  0.23  31.93  0 0.26  -9328458 18.68  -0.19  

DG -0.14 0.10  0.00  -49.36  250.31  -1149 -0.52  -17.24  0.15  13.84  7.90  0.06  19.77  0 0.01  3405500 14.32  -0.14  

ZH -0.22 -0.12  0.01  -44.02  92.71  -332 -0.19  -7.30  -0.01  -1.45  25.64  0.25  -8.12  0 -0.13  794669 -1.26  0.01  

FS 0.46 0.04  1.23  171.90  -111.30  727 0.16  11.91  0.10  10.37  -7.81  0.08  20.84  0 0.54  -3115172 10.37  -0.10  

GZ 0.14 -0.06  -0.17  -105.39  212.02  -1003 -0.12  -11.48  -0.01  -1.21  7.93  0.03  -0.18  0 -0.03  1.08E+08 -1.10  0.01  

JM 0.49 -0.78  1.01  77.17  -193.09  954 0.09  15.86  0.11  10.79  6.54  -0.02  20.57  0 0.09  -6.4E+07 10.73  -0.11  

HK -5.63 0.28  -0.08  328.12  836.49  -84 -0.06  -4.29  -0.02  -2.61  8.30  0.92  -6.28  0 0.00  1.02E+08 -2.29  0.02  

MACAU -0.9 0.00  0.19  41.03  917.59  -18 -0.50  -2.12  0.16  11.11  5.59  -2.01  8.41  0 -0.01  48616.09 15.34  -0.15  

ZQ 0.27 0.34  1.39  32.37  -530.24  1420 0.08  29.23  0.02  3.18  -5.97  -0.52  15.31  0 0.07  -7.9E+07 2.63  -0.03  

SZ -2.02 0.34  -0.33  -42.91  568.97  -960 -0.43  -18.98  0.15  13.76  10.62  0.02  12.57  0 -0.15  1363833 14.78  -0.15  

HZ -2.06 -0.10  -0.05  13.78  316.06  -214 -0.02  -3.78  0.03  2.76  15.53  -0.11  5.78  0 0.00  15447684 2.89  -0.03  
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Table G9. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 9 in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.08 -0.20  0.48  10411.50  513.30  412 0.20  9.49  0.06  6.10  -11.31  0.10  17.61  0 0.02  -3.1E+07 6.09  -0.06  

DG -0.2 0.34  0.41  52.83  -399.86  1979 0.25  26.63  0.07  7.88  -2.90  -0.01  17.39  0 0.02  -2.8E+07 7.83  -0.08  

ZH 1.18 0.12  -0.19  -4504.95  89.74  282 0.16  8.08  -0.04  -2.94  -1.95  -1.35  -4.48  0 0.00  -9928102 -3.37  0.03  

FS 0.39 0.02  2.66  -3588.66  -498.72  4121 0.90  45.87  0.17  18.57  -8.32  0.00  42.40  0 2.15  -4.6E+07 18.45  -0.18  

GZ 0.15 0.11  0.66  4365.54  -439.71  5933 0.70  53.08  0.02  3.66  -10.33  -0.02  15.45  0 0.06  -1.4E+07 3.49  -0.03  

JM 0.06 -1.51  -12.92  -21522.75  163.29  -2257 -0.21  -29.80  -0.19  -19.95  15.88  0.00  -36.30  0 -7.56  9135283 -19.92  0.20  

HK 1.43 0.17  1.13  -834.61  -230.29  1144 0.87  19.66  -0.03  -0.92  12.59  -0.33  6.88  0 1.95  -208650 -1.31  0.01  

MACAU 17.3 0.00  0.51  112.44  691.47  18 0.51  4.33  0.25  21.21  70.12  11.11  34.04  1 0.03  117846.7 25.93  0.74  

ZQ 1.08 1.02  -0.55  -250877.01  -206.36  1319 0.07  15.44  -0.02  -1.28  7.83  -0.06  -6.58  0 -0.04  16515395 -1.36  0.01  

SZ 0.04 0.30  0.60  -589.10  -449.60  1535 0.68  25.09  0.08  9.68  2.30  0.00  22.94  0 0.13  -3.1E+07 9.58  -0.10  

HZ -0.33 -0.05  3.10  -41162.11  -84.00  4390 0.33  32.46  0.04  4.91  4.90  -0.05  7.93  0 3.16  -405079 4.86  -0.05  
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Table G10. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ 10 in each city between 2009 to 

2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.33 -0.09  0.50  128.53  502.97  162 0.08  3.98  0.06  6.06  3.30  0.28  10.87  0 0.01  -2.3E+07 6.14  -0.06  

DG -0.15 0.20  0.89  -58.99  113.00  -783 -0.40  -11.23  0.08  7.32  0.59  0.20  12.49  0 -0.23  3437089 7.63  -0.08  

ZH 1.16 -0.02  0.31  11.52  -1474.12  458 0.26  15.10  -0.06  -4.15  -3.82  -0.06  -1.81  0 0.02  -1.9E+07 -5.50  0.05  

FS 0.33 -0.35  0.13  -41.96  -94.53  -373 -0.08  -5.49  0.04  3.96  -2.03  0.22  5.97  0 0.00  4086670 4.11  -0.04  

GZ 0.13 0.07  -0.40  -292.87  146.44  -640 -0.08  -5.76  -0.16  -16.09  -0.04  0.10  -19.02  0 -0.16  1.3E+08 -16.21  0.16  

JM -1.62 -0.60  0.19  -13.41  53.88  -233 -0.02  -4.49  0.05  5.06  6.54  0.14  9.08  0 0.00  -4.2E+07 5.27  -0.05  

HK -3.36 0.12  0.01  330.53  -27.39  -48 -0.04  -1.79  0.02  2.09  6.98  0.36  1.20  0 0.00  -33556.8 2.45  -0.02  

MACAU -1.54 0.00  0.15  39.43  747.05  11 0.31  1.56  -0.17  -9.72  -3.57  -0.83  -14.10  0 0.00  -282933 -16.30  0.16  

ZQ 0.08 1.49  -0.48  -102.22  4041.60  -654 -0.04  -22.40  0.02  -1.19  3.98  2.92  -4.86  0 -0.01  9.42E+09 1.83  -0.02  

SZ -1 0.52  -0.12  -5.42  490.42  -695 -0.31  -14.88  0.04  2.73  -2.31  0.16  -0.78  0 -0.01  25267312 3.15  -0.03  

HZ 0.33 0.26  0.38  -9.57  -222.59  -56 0.00  -0.48  0.02  1.96  4.58  0.16  12.19  0 0.11  -4009831 1.99  -0.02  
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Table G11. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ A in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.58 0.10 342.72 11136.07 422.35 137 0.07 -6.63 0.05 4.63 14.90 -0.10 0.23 -0.0089 1850.44 -62.8751 4.62 -0.05 

DG -0.16 0.18 -48.88 -70.97 52.55 -382 -0.46 -13.10 0.08 4.74 3.69 -0.07 0.33 0.0026 -466.60 609.3789 4.79 -0.05 

ZH -0.53 -0.02 -66.74 -23008.04 23.53 -116 -0.07 -3.50 0.02 1.91 14.67 -0.02 -0.22 0.0003 -47.43 21.3564 1.91 -0.02 

FS 0.31 -0.26 53.53 -12128.71 -46.44 941 0.20 6.19 -0.03 -2.21 5.28 -0.04 0.13 -0.0027 1212.32 -58.4528 -2.22 0.02 

GZ 0.11 0.14 -3925.42 -5471.27 61.06 -2071 -0.24 -30.38 0.09 5.01 3.43 0.00 -0.01 0.0102 -8611.74 1.0745 5.01 -0.05 

JM 0.18 -1.00 -238.23 -42957.72 12.66 -1244 -0.11 -3.28 0.01 0.27 -1.69 0.00 0.02 0.0025 -2669.18 2.5014 0.27 0.00 

HK -1.07 0.24 -760.22 -869.56 42.27 -183 -0.14 -4.64 0.05 1.44 -1.56 -0.13 -0.10 0.0433 -5690.48 4.268 1.46 -0.03 

MACAU -0.44 0.07 13.44 61.73 654.26 -2 -0.05 -0.22 0.01 0.31 21.02 -0.65 1.08 -0.0008 2.53 -5.9907 0.45 0.00 

ZQ 0.18 0.66 -50820.82 -34170.23 -8.06 5175 0.29 28.58 -0.01 -3.32 -18.90 -0.08 -0.08 0.2306 -409602.08 2.6405 -3.31 -0.03 

SZ -0.45 0.43 151.04 128.86 69.78 -493 -0.22 -9.52 0.05 2.98 2.47 -0.03 0.21 0.006 -1359.40 4.2451 3.01 -0.03 

HZ -1.53 -0.03 -7708.55 -12091.09 58.23 -2509 -0.19 -21.78 0.09 1.92 -3.32 0.00 -0.04 0.0341 -45740.37 1.6422 1.93 -0.07 
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Table G12. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ B in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.89 0.00  3.55  10907.00  380.21  566 0.27  12.25  0.18  18.81  19.05  -0.37  27.23  0 1.68  -3380251 18.75  -0.19  

DG -0.26 0.24  0.83  558.76  -25.48  -628 -0.61  -2.63  0.10  9.47  -3.47  0.08  14.94  0 -0.05  648093.1 9.54  -0.10  

ZH -0.32 -0.03  2.62  -13523.96  -296.69  1531 0.88  25.84  0.12  13.94  15.86  -0.28  24.45  0 2.55  -2562318 13.70  -0.14  

FS 0.51 -0.25  5.78  -5514.75  -239.58  4219 0.92  49.71  0.12  14.61  -2.88  -0.12  32.02  0 4.62  -8903231 14.43  -0.14  

GZ 0.21 0.16  -1.15  -39492.57  3.86  -1702 -0.20  -10.92  0.01  0.16  10.04  -0.01  -2.50  0 -0.58  371341.5 0.18  0.00  

JM 0.43 -1.03  4.85  -23837.22  -65.80  8441 0.77  54.95  0.09  11.79  -2.28  -0.03  26.60  0 6.87  -5812931 11.76  -0.12  

HK -2.01 0.19  3.66  -6407.87  -9.37  117 0.09  4.58  0.09  10.07  6.14  -0.13  15.23  -1E-04 7.21  -60989.7 10.06  -0.10  

MACAU 0.06 0.12  0.79  194.46  521.73  22 0.62  2.55  0.27  27.39  27.32  -28.44  42.66  -1E-04 0.40  -367373 28.44  -0.28  

ZQ 0.51 0.48  1954.01  -433338.07  -36.02  -4165 -0.23  19.86  0.30  36.93  -5.26  0.00  35.43  -0.0046 8129.19  -2766488 36.91  -0.37  

SZ -1.32 0.33  2.80  1608.48  -28.51  125 0.06  4.22  0.15  16.32  1.07  -0.03  25.20  0 3.47  -778574 16.37  -0.16  

HZ -0.26 0.17  120.60  -18113.60  5.11  -4512 -0.34  -19.39  0.18  19.06  1.88  0.01  20.16  -0.0004 585.99  -275759 19.08  -0.19  
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Table G13. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ C in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.31 -0.12  1.71  9500.64  549.88  595 0.29  14.60  0.23  23.89  21.81  -0.19  39.62  0 0.50  -9.4E+07 23.89  -0.24  

DG -0.19 0.71  -0.03  -361.93  2854.63  -148 -0.06  -7.19  -0.04  -4.27  16.97  -0.11  -6.40  0 0.00  3.84E+09 -4.00  0.04  

ZH -3.72 0.07  1.78  -8609.08  -1338.12  1902 1.09  43.31  0.18  21.23  22.00  -2.08  48.40  0 0.61  -3E+08 20.31  -0.20  

FS 0.47 -0.19  0.14  -21230.83  558.68  -905 -0.20  -19.15  0.04  3.43  21.53  1.37  5.00  0 -0.01  66242033 4.04  -0.04  

GZ -0.46 0.25  0.22  14338.03  90.20  -195 -0.02  -2.29  -0.07  -7.22  4.93  0.25  -5.84  0 -0.04  2.5E+08 -7.34  0.07  

JM -2.7 -0.37  -0.14  -41623.43  39.44  843 0.08  6.73  -0.01  -0.61  16.48  -0.13  -1.98  0 0.01  -3E+07 -0.65  0.01  

HK 3.12 -0.12  -0.04  -1247.51  -465.11  109 0.08  4.52  -0.02  -1.26  24.99  -1.06  -0.20  0 0.00  -1.4E+07 -1.71  0.02  

MACAU 17.77 0.00  1.19  42.02  588.33  39 1.10  6.32  0.45  42.56  84.43  10.93  63.95  0.9998 0.82  4325.764 46.82  0.53  

ZQ -0.02 0.07  -0.41  -46942.36  4174.38  -848 -0.05  -22.58  -0.09  -10.43  43.10  0.92  -17.65  0 -0.01  2.25E+10 -9.47  0.09  

SZ -3.54 -0.24  0.10  62.20  1014.32  -109 -0.05  -5.45  0.05  3.56  22.19  2.46  4.58  0 0.00  1.97E+08 4.59  -0.05  

HZ -2.56 0.18  0.06  27755.35  21.07  49 0.00  1.76  0.00  0.33  2.35  0.12  2.17  0 0.00  -8.6E+08 0.28  0.00  
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Table G14. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ D in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.43 -0.12 675.48 5084.29 267.41 3 0.00 8.95 -0.04 -5.36 7.69 -0.11 0.27 -0.0007 139.37 -0.9149 -5.34 0.05 

DG -0.19 0.12 1.09 -601.89 8.47 -440 -0.70 3.69 0.02 -3.10 6.22 0.00 0.13 0.0005 -126.55 4817.253 -3.10 0.03 

ZH 0.04 0.01 -2057.83 -2654.93 -8.17 854 0.49 12.71 -0.04 -8.23 13.45 -0.14 -0.58 0.118 -20627.85 13.7441 -8.21 0.07 

FS 0.33 0.03 -1217.15 -735.75 -8.99 1982 0.43 30.73 -0.11 -11.42 4.37 -0.06 -0.82 0.0129 -5918.58 101.1794 -11.42 0.11 

GZ 0.18 0.11 -159.14 -34919.01 7.52 -1065 -0.13 6.39 -0.03 -3.98 12.01 0.00 -0.45 0.0011 -932.77 233.173 -3.98 0.04 

JM 0.13 -0.81 -2013.80 -19316.81 1.44 -988 -0.09 14.22 -0.04 -3.64 4.40 0.00 -0.24 0.0132 -14493.21 63.0775 -3.64 0.04 

HK -0.44 0.24 -7.85 -7998.15 3.27 -302 -0.23 -7.65 0.01 -0.99 14.27 0.01 -5.79 1E-04 -18.45 2247.392 -0.94 0.01 

MACAU -0.54 0.04 3.94 100.02 297.32 29 0.83 -1.43 -0.06 -16.82 -1.30 -0.16 -19.43 0.0123 -43.81 1306.882 -16.69 0.17 

ZQ 0.52 0.51 -447.01 -682701.61 22.87 -2645 -0.15 -8.55 -0.07 -8.77 3.00 0.02 -1.13 0.0015 -2550.55 1742.304 -8.75 0.09 

SZ -0.72 0.33 -6.15 -2196.53 7.31 -133 -0.06 -7.15 0.02 0.87 10.76 -0.02 -1.03 0 -4.96 847.4917 0.90 -0.01 

HZ -0.39 -0.11 -296.79 -84289.66 18.77 -2873 -0.21 -22.53 0.06 4.95 10.37 0.01 -0.42 0.0004 -544.85 149.6878 4.96 -0.05 
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Table G15. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ E in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.48 -0.17  0.68  95.23  597.22  -274 -0.13  -5.75  0.11  10.36  1.51  0.34  16.00  0 0.03  -4450467 10.72  -0.11  

DG -0.23 0.04  -0.12  -56.62  114.06  -1351 -0.68  -17.06  0.05  3.24  -1.12  0.09  3.99  0 -0.10  6268021 3.44  -0.03  

ZH -1.02 0.03  -0.64  -25.89  -87.65  89 0.05  5.35  -0.09  -8.07  26.20  -0.01  1.64  0 -0.89  219823.5 -8.40  0.08  

FS 0.25 0.02  0.10  -72.98  -12.18  -946 -0.21  -9.83  0.04  3.58  -7.62  0.15  4.40  0 -0.02  1342947 3.70  -0.04  

GZ 0.27 0.15  1.84  -282.36  110.34  -1041 -0.12  -11.62  0.13  12.27  -0.86  0.07  13.55  0 0.54  -1084831 12.45  -0.12  

JM -1.43 -0.51  0.20  -49.29  37.67  -384 -0.03  -6.92  0.11  10.87  11.65  0.15  13.88  0 0.01  -7.1E+07 11.20  -0.11  

HK -3.59 0.20  -0.93  99.19  432.45  -208 -0.16  -5.89  0.07  6.41  5.33  0.02  6.77  0 -1.06  893.8421 6.82  -0.07  

MACAU -0.18 0.06  3.04  52.03  724.66  -12 -0.33  -0.58  0.07  6.21  10.78  1.05  3.31  -0.0004 1.27  -145.391 6.32  -0.06  

ZQ 0.14 0.35  -0.50  -29.30  4701.31  -412 -0.02  -14.46  -0.07  -9.87  -7.98  1.45  -11.10  0 -0.05  4.66E+09 -7.26  0.07  

SZ -3 0.37  -0.82  -7.26  197.17  -1132 -0.50  -17.00  0.04  2.58  4.93  0.13  3.77  0 -2.76  130340 3.00  -0.03  

HZ -1.38 -0.13  -0.48  -37.85  1205.80  -1081 -0.08  -21.70  0.02  1.30  18.40  0.14  -3.55  0 -0.03  1.53E+08 2.00  -0.02  
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Table G16. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ F in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS -0.48 -0.04  2.61  80.58  454.49  -584 -0.28  -11.44  -0.01  -2.07  10.56  0.00  -3.76  0 -0.93  90595.03 -1.93  0.02  

DG -0.15 0.16  -4.72  -40.04  86.52  -2171 -1.16  -29.17  0.06  1.38  1.30  0.02  -7.72  0 -7.00  304963.6 1.54  -0.02  

ZH -0.86 -0.02  -3.98  -0.08  109.88  -488 -0.28  -10.43  -0.01  -1.99  31.26  -0.01  -5.46  0 -5.81  59934 -1.87  0.02  

FS 0.27 0.18  -1.44  13.01  215.98  -2684 -0.58  -29.44  -0.07  -8.85  8.34  0.08  -16.72  0 -0.80  5212805 -8.70  0.09  

GZ 0.03 0.10  0.05  -24.43  60.77  -2366 -0.28  -22.30  0.07  6.13  2.23  0.03  3.54  0 -0.06  12081.71 6.22  -0.06  

JM 0.97 -0.83  -0.63  20.45  113.61  -3429 -0.31  -27.25  0.06  4.82  22.85  0.00  2.04  0 -0.26  380380.5 4.91  -0.05  

HK -3.33 0.38  0.34  163.55  288.28  -426 -0.32  -14.03  0.26  24.85  11.38  0.07  20.61  0 1.08  -443790 25.72  -0.26  

MACAU -0.57 -0.06  1.82  36.86  420.90  -20 -0.55  0.61  -0.30  -31.17  22.35  1.78  -23.53  0.0037 -13.20  9856.078 -31.57  0.32  

ZQ 0.34 0.75  -0.67  3.61  206.19  -4149 -0.23  -36.82  0.07  6.05  4.13  0.07  2.31  0 -0.14  5450217 6.26  -0.06  

SZ -0.03 0.27  -7.09  -15.37  140.60  -1806 -0.80  -27.05  0.03  -0.22  -0.67  0.06  -9.10  1E-04 -13.56  96590.47 0.01  0.00  

HZ -0.89 0.09  2.02  17.72  58.43  -4590 -0.34  -30.43  0.07  5.74  13.31  0.05  3.19  0 -1.25  137930 5.81  -0.06  
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Table G17. The variations in UTCI and SRI values as well as patch- and class-level landscape metrics of LCZ G in each city between 2009 to 2019.  

City UTCI SRI PROX SIMI ENN NP PD LSI CLUMPY PLADJ IJI CONNECT COHESION DIVISION MESH SPLIT AI NLSI 

ZS 0.39 -0.04  97.46  97.46  412.97  641 0.31  11.63  -0.08  -6.43  10.20  0.04  -1.13  1E-04 -6.05  27.1453 -6.57  0.07  

DG -0.17 0.17  22.74  22.74  29.62  1 -0.14  1.25  0.00  -0.43  2.42  -0.02  -0.02  0.0003 -65.96  3847.998 -0.44  0.00  

ZH 1.05 0.02  22.74  32.60  -60.56  255 0.15  6.56  0.02  2.69  10.99  0.11  5.84  -1E-04 30.21  -13506.2 2.53  -0.03  

FS 0.46 0.09  -79.37  -79.37  -123.08  1258 0.27  10.72  -0.06  -4.96  3.90  -0.04  -0.90  1E-04 -24.81  49.8976 -5.03  0.05  

GZ -0.09 0.18  6.00  6.00  -62.46  1 0.00  1.27  0.00  -0.40  -2.84  0.02  -0.29  0 -21.01  268.4735 -0.41  0.00  

JM -0.88 -0.79  -13.02  -13.02  -7.41  3 0.00  -0.47  0.00  -0.48  10.35  0.03  -0.93  0 -34.95  5764.735 -0.48  0.00  

HK -10.4 0.24  -0.37  -0.37  -35.56  -40 -0.03  -0.17  0.01  0.73  5.29  0.05  -0.17  0 0.38  -122.945 0.73  -0.01  

MACAU -0.68 0.07  0.62  0.62  535.43  -7 -0.19  -1.40  0.25  24.04  17.69  1.94  15.53  -0.0014 4.98  -3861.29 24.70  -0.25  

ZQ 0.71 0.55  7.68  7.68  -47.42  -946 -0.05  -4.78  0.02  2.30  2.97  0.10  0.72  0 -1.43  1330.622 2.32  -0.02  

SZ -0.01 0.37  0.25  0.25  23.88  -95 -0.04  -2.04  0.04  3.89  4.56  0.03  1.67  0 0.31  -5775.89 3.93  -0.04  

HZ -0.89 -0.09  -1.13  -1.13  -26.57  -720 -0.05  -2.86  0.03  3.27  3.93  0.05  0.50  0 -3.28  12999.43 3.28  -0.03  
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Table G18. The variations in UTCI and SRI values and landscape-level metrics in each city between 2009 to 2019 

City UTCI SRI NP PD LSI CONTAG PLADJ AI IJI CONNECT COHESION DIVISION MESH SPLIT 

ZS 1.74 -0.03  22.28 22.28 14.24 -18.20 -6.14 -6.05 9.53 -1.67 0.09 -1.02 26.91 -21.20 

DG 1.21 0.15  2.81 -42.95 -22.14 51.92 35.07 34.81 -1.08 -7.76 4.02 -19.55 6849.01 -97.41 

ZH 1.90 0.04  89.70 89.66 40.00 -25.83 -13.48 -13.39 25.88 -21.91 -2.12 14.29 -68.38 216.30 

FS 1.33 -0.02  20.32 20.31 22.64 -22.59 -11.52 -11.46 3.76 9.19 -1.56 1.06 -39.30 64.76 

GZ 1.29 0.12  10.63 10.64 0.53 -3.80 -0.23 -0.23 8.51 -6.34 -0.83 1.26 -10.70 11.97 

JM 1.57 -0.91  23.33 23.34 12.93 -6.92 -4.11 -4.10 8.36 -20.79 -0.33 1.65 -28.44 39.74 

HK 2.02 0.20  2.24 2.19 0.40 -3.65 -0.16 -0.13 3.99 -4.91 -0.89 4.94 -34.31 52.30 

MACAU 2.24 0.07  32.96 33.89 10.16 -18.95 -8.55 -7.84 12.23 -1.73 -8.47 2.07 -41.28 69.11 

ZQ 1.16 0.60  -5.21 -5.21 29.04 -7.43 -5.15 -5.13 -17.72 20.54 -0.14 40.21 -52.36 109.91 

SZ 1.59 0.38  0.25 0.23 -0.48 -3.86 0.36 0.40 0.52 -6.83 -0.80 0.63 -14.54 17.03 

HZ 1.19 -0.03  1.93 1.93 -0.37 -6.82 0.10 0.12 15.29 18.71 -0.41 4.07 -20.74 26.18 
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