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Abstract 

 

Since sustainable development was put forward by the United Nations, it has had wide and 

far-reaching impact on the global communities. Many countries have actively responded to 

this call and been striving to achieve the goal of sustainable development (SDGs). Cities are 

deemed as the engines for achieving SDGs. Therefore, the study aims to assess the 

sustainability of urban areas in terms of the ecological dimension and explore the possible 

futures and consequences. 

 

In Chapter 1, an introduction of sustainable development and research objectives were 

described. In order to achieve sustainability, the social, environmental, and economic 

dimensions of sustainable development need to be balanced, and this vision is interweaved 

with the 17 SDGs as well. Especially for the urban goal (SDG 11), that is, sustainable cities 

and communities, it is highlighted as a great potential for change to promote the 

implementation of the SDGs. In this sense, the urbanization of China, the country with the 

largest population and the fastest economic growth in the world, has attracted tremendous 

attention. An overview of background is given to demonstrate the significance and necessity 

of carrying out the study. 

 

Chapter 2 evaluates the sustainable development level of Hong Kong considering the factors 

of ecological footprint, biocapacity, and the human development index (HDI) from 1995 to 

2016. Moreover, a further comparative analysis and a SWOT analysis are made between 

Singapore and Hong Kong to explain how to decouple the large ecological footprint from the 

development of human society. The results indicate that Hong Kong is a “high HDI and high 
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footprint” development trend. Therefore, drawing lessons from Singapore's experience, on 

the basis of comparative analysis, this study puts forward some policy suggestions on 

transforming to a society with “high HDI and low footprint”. 

 

In Chapter 3, the research scope extends from Hong Kong to the Guangdong–Hong Kong–

Macao Greater Bay Area (the Greater Bay Area), China. To explore possible land-use 

patterns that can help achieve sustainable development. A framework is proposed, which 

combines the scenario of global Shared Socioeconomic Pathways (SSPs) with local land 

planning policies to simulate land use change. Firstly, the Land Change Modeler was used to 

analyze the historical land-use changes and build transition potential sub-models. Then, the 

future projections of the Greater Bay Area were made for the “business-as- usual” (BaU) 

scenario and five localized SSP scenarios that were downscaled from global scenarios and 

modified based on the local land planning policy. And Hong Kong was taken as a typical 

case to demonstrate the application of the projected land-use maps. 

 

Chapter 4 examines the influence of urbanization on food, water, land, and ecosystem 

(FWLE) by using the nexus thinking, an original framework of FWLE nexus is put forward. 

Shenzhen, which situated just across the border from Hong Kong, is selected as the study 

case. By continuing the land change modeling method used in Chapter 3, the land-use pattern 

in 2030 under BaU scenario is projected, and then the ecosystem services related to food, 

water, and habitat quality from 2000 to 2030 could be assessed based on the InVEST model 

and statistical materials. Thus, the spatiotemporal assessments and analyses of land-use 

changes and ecosystem services could be constituted for exploring the FWLE nexus, 

understanding its advantages and disadvantages and making tradeoffs. 



v 
 

 

Finally, Chapter 5 presents the summary and conclusion of the three sub-topics of the thesis. 

Besides, it also points out the limitations of the study, such as the deficiency of ecological 

footprint and SSPs, and puts forward the future prospects. 
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CHAPTER 1: Introduction 

 

1.1 Background 

1.1.1 The global goals: sustainable development 

For most of the last couple of hundred years in the western world, the relationship between 

human and environment was regarded as humanity’s triumph over nature, the environment 

was largely deem as external to humanity [1]. People transformed and modified environment 

to obtain ecosystem services and goods, then along came the unintended consequences of 

global environmental changes that posed formidable challenges to human society [2]. 

Abundant evidence, such as the degradation of natural environment, the loss of biodiversity, 

the increase of greenhouse gas emissions and the deterioration of climate change, air 

pollution, and etc., had reflected that there were sharp contradictions between environment 

and human development. And various biophysical systems and geochemical processes at 

regional and global levels, have become highly stressed and even dysfunctional [3]. In turn, 

the environmental damage and ecosystem degradation have a significantly negative impact 

on human health, economic growth [4], and food security [5], [6]. For instance, in the 

Organization for Economic Co-operation and Development (OECD) member countries, the 

negative environmental changes are responsible for 2-6% of the total burden of disease [7]. 

Besides,  the climate change, together with other global environmental degradation put 

pressure on the food system thus posing a threat to food security [8]. Thus, a vicious circle 

was formed and will continue in the future. 

 

For helping save humanity and the Earth from imminent disaster, the “Our Common Future” 

report was proposed by the United Nations World Commission on Environment and 

Development in 1987, it marked a watershed in thinking on the relationship between 
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environment and human society [9], the global communities called for “sustainable 

development” to take fundamental changes in development patterns [10], and for the first 

time, the sustainable development was  defined as “Development that meets the needs of the 

present without compromising the ability of future generations to meet their own needs” 

which is also the most widely used and cited definition [11]. 

 

Hereafter, sustainable development has been deem as a guiding principle and pathway for 

addressing the issues between environment and human development [12], such as the 

sustainable agriculture, sustainable urban transformation, sustainable consumption, and etc., 

its goal is to achieve sustainability [13]. There are three dimensions to sustainable 

development— society, environment, and economy [14] (as shown in Figure 1), which are 

interconnected and indivisible. According to the description of Globalization and Livelihood 

Options of People living in Poverty (GLOPP) [15], they are described as: 

 Environmental responsibility: reduce burden on the environment and use natural resources 

without damaging the equilibrium and integrity of ecosystems. When the productivity of 

life-supporting natural resources is conserved or enhanced for use by future generations, 

environmental sustainability is achieved. 

 Social solidarity: sustainable human development, involving equality of opportunities for 

people, welfare, ending poverty and improving individuals' quality of life offering a secure 

life with full rights and liberties in the long term and social cohesion. 

 Economic efficiency: efficiency of economic and technological activities, foster investment 

and productivity, economic growth, economic output potential. 
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Figure 1. The three-ring dimension of sustainable development.  

(This figure was referenced from the work by Ben Purvis, et al. [14] ) 

 

Bringing the three together in a balanced way is crucial for achieving for achieving 

sustainability [16]. In 2015, the United Nations (UN) proposed 17 Sustainable Development 

Goals (SDGs) for transforming our world and pursuing a better and more sustainable future. 

All three dimensions were involved in the SDGs [17], as shown in Figure 2, it is obvious that 

the environmental (biosphere) sustainability is the foundation of the development of society 

and economy, in turn, human can also shape the environment directly and indirectly, or 

consciously and unconsciously [18]. Since then, the environment issues were more closely 

linked to the socio-economic development, and these global goals have had a widespread and 

enormous impact on the global communities and governments. There are 193 countries 

officially adopted the SDGs [19], under this long term global priorities, the alignment and 

synergy between policy, business, civil society, and etc. will be much clearer and stronger 

[20]. 
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Figure 2. The SDGs intertwined together economically, societally and ecologically.  

(This figure was referenced from the work by Carl Folke, et al. [18]) 

 

1.1.2 Urban transformations: sustainable urban development 

Urban areas are the most densely populated places of human activity. At present, about half 

of the global population living in cities, by 2050, this figure is projected to rise to more than 

60% [21]. Moreover, cities, which contribute about 60% of global GDP, are the important 

roles to boost economic growth, while they are also the major greenhouse gas emitting and 

resources consuming areas[22]. As can be seen, the linkages of three dimensions, 

environment, society, and economy are highly integrated and enhanced in urban areas, for 

this reason, urban areas have obtained great attentions of international and local communities, 

and at the forefront of addressing critical global development issues [23] and playing as 

engines for achieving SDGs [24]. 
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The SDG 11 “Sustainable cities and communities”, a stand-alone goal on cities and urban 

development, aims to make cities and communities inclusive, safe, resilient and sustainable 

[25]. The environment-related targets are as follows [22]: 

 By 2030, enhance inclusive and sustainable urbanization and capacity for participatory, 

integrated and sustainable human settlement planning and management in all countries 

 By 2030, reduce the adverse per capita environmental impact of cities, including by paying 

special attention to air quality and municipal and other waste management 

 Support positive economic, social and environmental links between urban, peri-urban and 

rural areas by strengthening national and regional development planning 

 By 2020, substantially increase the number of cities and human settlements adopting and 

implementing integrated policies and plans towards inclusion, resource efficiency, 

mitigation and adaptation to climate change, resilience to disasters, and develop and 

implement, in line with the Sendai Framework for Disaster Risk Reduction 2015-2030, 

holistic disaster risk management at all levels 

 

 Under the current development forms of cities, which have been identified as unstainable in 

a large part [26], this urban goal (SDG 11) provided an opportunity for decision-makers, 

researchers, citizens, stakeholders, and etc. to rethink the transformation of sustainability with 

all three dimensions (social, environmental, and economic aspects). For realizing it, 

sustainable urban transformation is required, and urbanization was seen as a powerful 

transformative potential to achieve the goal. Especially for Asia where are urbanized rapidly 

and has about half of the world’s megacities (13 out of 22) [27]. By guiding the sound 

economic development and promoting the social cohesion, and without damaging the 

environment, urban planning and management were deem as the keys to help put cities on the 

sustainable development path [28].  
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Moreover, the New Urban Agenda [29] also proposed that urbanization can contribute to a 

better and more sustainable future for both developing and developed countries if cities could 

be well-planned and well-managed.  

  

In addition, urban goal also could impact on other goals since its cross-cutting nature was 

recognized, such as the SDG 1—no poverty, SDG 7— affordable and clean energy, SDG 8—

decent work and economic growth, SDG 12— responsible consumption and production, and 

etc. [30], in this view, a wide range of issues could be improved and tackled by finding the 

entry points from an urban perspective. In summary, urbanization has the ability to transform 

the three dimensions [31], and sustainable urban development will play as an essential role to 

contribute to the realization of sustainability. 

 

1.1.3 Sustainable development and urbanization in China 

With the sustainable development advocated by the global communities, China, the largest 

developing country with the most population in the world, also attached great importance to 

it. In 1992, after the United Nations Conference on Environment and Development which 

was held in Rio de Janeiro, Brazil, the sustainable development had been incorporated into 

Chinese basic national strategy. Next, the China's Agenda 21 - White paper on China's 

Population, Environment and Development in the 21st Century was proposed in 1994, and it 

is the world's first national development strategy that combined with sustainable development 

[32]. Since 1998, China has begun to invest massively in ecological protection projects and 

environmental protection infrastructure, such as the “Returning farmland to forest” and 

“Natural forest conservation” [33]. Since 2004, the circular economy, conservation of 

resources, and the development of renewable energy were put forward [34]. Then, in 2008, 

energy conservation and pollution reduction and the construction of ecological environment 
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were identified as the main focus for spurring the economic growth, which had greatly 

enhanced the capacity of environmental infrastructure in China [35]. In response to the UN's 

call for sustainable development, the China’s National Plan on Implementation of the 2030 

Agenda for Sustainable Development [36] was published in 2016. Furthermore, in 2018, 

"ecological civilization" was officially written into the Chinese Constitution, which became a 

core concept of national development. 

 

Although these ambitious strategies, policies, and actions have been implementing, there are 

still many challenges on the way to the realization of sustainable development. Since the 

reform and opening up in 1978, China made socio-economy grew unprecedently as well as 

the rapid urbanization rate [37], its urbanization rate increased from 17.9% to 59.6% between 

1978 and 2018 [38], especially in near-shore areas, such as the Guangdong–Hong Kong–

Macao Greater Bay Area (Greater Bay Area), the urban development activities are intensive. 

Urban areas continuously playing as an engine to prompt the national economy [39], 

however, the characteristics of past urbanization form in China was described as “four 

highs”: high consumption, high emissions, high investment, and high expansion [40], [41]. 

The process and structure of environment experienced dramatic changes under the pressure of 

urbanization [42], [43], the land-use types were changed from vegetation covered surfaces to 

the impervious surfaces thus causing negative impacts on water quality, groundwater 

recharge, and water circulation [44], [45]; besides, ecosystems were disturbed by other 

human activities, such as intensive industrialization, and agricultural activity, etc., resulting in 

the temperature change [46] and air pollution [47], habitat degradation, biodiversity loss [37], 

and etc. which are also harmful to human well-being in turn. In this way, urbanization was 

seen as both a challenge and an opportunity, what we need is to promote the sustainable 

urban transformation, and make the most of its positive impacts while mitigate the negative 
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impacts. As the economist and Nobel laureate Joseph Stiglitz said, China’s urbanization was 

one of two transformative forces that would most impact global prosperity in the 21st century 

(the other: technological innovation in the USA) [48], thus the transformation for sustainable 

urbanization in China can make an profound and important contribution to the 

implementation of the SDGs. 

 

1.1.4 Sustainability indicators 

Ecosystem and the services provide underpin dimensions of societal and economic well-

being [49], to achieve the SDGs, it is essential to monitor and manage ecosystems thus 

maintaining the sustainable supply of benefits and services [50]. Especially for the services 

involved provision of food and water, maintenance of habitat and biodiversity, which have 

drawn great attention from the academic communities and decision-makers [49]. 

 

Over the last two decades, there has been a prominent increase in the number of sustainability 

indicators and methods for tracking progress toward sustainability [51]. The ecological 

footprint approach has demonstrated good universality when considering different spatial 

scales—whether global, national, or regional [52], [53] . Moreover, combining it with 

biocapacity, both current ecological supply and demand and historical trends can be assessed 

to provide a basis for setting goals, identifying options for action, and tracking progress 

toward the stated goal. Furthermore, compared with other indicators, ecological footprint 

accounting allows for three unique approaches: (I) consumption (ecological footprint) can be 

compared to a biophysical budget limitation (biocapacity); (II) data can be aggregated to a 

single comparable unit of biocapacity (gha); and (III) time series of flows can be provided 

[54] . Moreover, the ecological footprint correlates with sustainable development and both 

take into account the following factors: (i) the increase in human consumption and its 
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consequences; (ii) the key resources for sustainable development, i.e., the biological 

production of land and oceans; (iii) the distribution of available resources; and (iv) the impact 

of trade on sustainable development and the redistribution of regional resources under 

environmental pressures [55] . 

 

1.2 Objectives of the study 

Sustainable cities are central to achieve all 17 Sustainable Development Goals [10]. 

Therefore, to improve the sustainability of urban development and help realize the SDGs, the 

study set out to:  

 

1. Assess urban sustainability in terms of supply-demand aspect and explore the relations 

between the society development and high consumption mode, thus drawing implications for 

decision-making. 

2. Combine with the multiple scenario simulation to project plausible land-use patterns in the 

future and analyze the possible impacts on ecosystem and human society.  

3. Based on the business as usual scenario to project and assess the influence of urbanization 

on the correlations between land, water, food, and ecosystem.  

 

The Greater Bay Area, China was chosen as the study case, it is the fourth largest bay area in 

the world, following San Francisco, New York, and Tokyo Bay Areas. Moreover, it is also 

the key to the strategic planning of the national development blueprint and will develop into a 

world-class city cluster [56]. Therefore, the Greater Bay Area is a typical and ideal region for 

studying the urban issues.  
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1.3 Structure of the dissertation 

 

 

Figure 3. The schematic flow of the thesis. 

The thesis can be divided into four parts. The first section is the introduction of general 

background, such as the description on sustainability, the role of urban transformation in the 

SDGs, the urbanization in China, and the sustainability indicators, then the three objectives 

were proposed. Next, the body of the study can be categorized into two components: (1) the 

historical trends of resource consumption (ecological footprint), supply (biocapacity), and 

human development index in a developed city were assessed, then the comparative analysis 

was made to draw implications for policies; (2) Based on the land-use change, which was 

deemed as a crucial driver to shape the interactions between society and environment, the 

future projection of urban area was conducted under multiple scenarios to explore the impacts 

on ecosystem, habitat, and provisioning services (food and water). Finally, the results of the 

thesis were summarized in chapter 5, the limitations and future work were also discussed. 
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CHAPTER 2: Toward Sustainable Development: Decoupling the High 

Ecological Footprint from Human Society Development: A Case Study of 

Hong Kong 

 

2. 1. Introduction 
 

2.1.1. Current challenge of an Asian megacity—Hong Kong 

As sustainable development has been promoted and implemented by the international 

community and domestic government, it has also been presented in the future strategy of 

Hong Kong. As an important guideline for planning, the Hong Kong 2030+ [57]  pioneers a 

vision wherein Hong Kong will become an international metropolis of Asia, which advocates 

sustainable development to meet the current and future requirements of society, the 

environment, and economic growth. 

 

Nevertheless, there is an obvious gap between the current situation and attainment of the SDGs. 

Environmental protection and resource conservation in Hong Kong is lacking [58] . For 

instance, per capita, seafood consumption in Hong Kong was ranked second in Asia, and Hong 

Kong handled about 50% of the global shark fin trade [59] , which increased the burden on the 

global scale. Hong Kong also lacks incentives to improve energy efficiency and develop 

renewable energy. For the past decade, renewable energy accounted for only 0.1% of the 

primary energy used to generate electricity [60] . Moreover, the rapid growth of the population 

and economy of Hong Kong also put a heavy burden on land supply. For instance, about 1,200 

ha extra land area is required to meet the needs of housing (200 ha), economic uses (300 ha) 

and public spaces (700 ha, including government, institution, community and transport 

facilities) [57] , aggravating the tension in the supply and demand relationship between human 
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development and the environment. On the road to sustainable development, climate change, an 

aging population, and air pollution also present further challenges [61] . 

 

2.1.2. Researches on ecological footprint and human development in China 

Ecological footprint research in China can be classified into two categories [62] : (I) adopting 

the ecological footprint method to synthetically measure the demand of natural resources on 

national and provincial scales, and (II) describing the ecological footprint of a particular 

production/consumption, such as tourism, transportation, water resources, etc. Although 

considerable ecological footprint-related research has been conducted in China, some 

deficiencies still exist: (i) research tends to focus on national and provincial areas and tends 

to neglect small scales, such as urban and rural areas [63] ; (ii) dynamic research on temporal 

series is limited and is mainly focused on Midwest regions [64] ; and (iii) ecological footprint 

research in China tends to neglect the Chinese special administrative regions, such as Hong 

Kong and Macau, due to the limitation of data sources, [65]–[68] , which indicates a research 

gap in these regions. 

 

Besides, in order to measure human dimensions [69]  that are necessary for indicating how 

societies should develop, the Human Development Index (HDI) was created as an 

overarching and composite index to evaluate the well-being of human societies. That is, 

human development is about expanding the richness of human life, rather than focusing on 

the richness of the economy only. As a summary measure, HDI evaluates long-term progress 

in three basic dimensions: a long and healthy life, access to knowledge, and a decent standard 

of living [70] . These three dimensions correspond to three of the SDGs: Goal 3 (good health 

and well-being), Goal 4 (quality education), and Goal 8 (decent work and economic growth). 
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The HDI has become widely accepted as a useful metric in the sustainability field [71] . With 

respect to the application of HDI in China, before 2000, economic development was China’s 

major target, so social policies were poorly adopted. Education and health received minor 

attention in the human development of China. However, since the start of the millennium, 

social policies have received more attention [72] , although the gap between education, 

health, and economic growth is still significant and gradually increasing. 

 

2.1.3. Purpose of this chapter 

In the context described above, we take Hong Kong as the research object, studying 

sustainable development issues from the urban perspective, corresponding to Sustainable 

Development Goal 11, “sustainable cities and communities.” The cross-cutting nature of 

urban issues also impacts other SDGs, such as SDGs 3, 4, 8, 12, 14, and 15 [30] . Therefore, 

HDI, the ecological footprint, and biocapacity are combined in this study. HDI evaluates the 

human well-being that relates to a healthy life (Goal 3), education (Goal 4), and a decent 

standard of living (Goal 8); the ecological footprint measures the natural resources consumed 

by the urban population (Goal 12, 14, and 15). All above assessments are analyzed in the 

long-term, namely from 1995 to 2016. Thereby, the characteristics and dynamic changes of 

Hong Kong development can be observed deeply. Subsequently, a SWOT analysis is 

performed and Hong Kong is compared with Singapore, a more sustainable city in Asia, in 

order to elaborate how human society development can be decoupled from a large ecological 

footprint, and to share recommendations for a sustainable transformation. 
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2.2. Materials and methods 
 

2.2.1. Study area 

 

 

Figure 4. Five hours’ flying time circle of Hong Kong. 

 (Our own elaboration from Hong Kong 2030+ [57]  and Standard Map services [73]) 

 

Hong Kong is located in the southeast of China and consists of Hong Kong Island, Lantau 

Island, Kowloon and the New Territories (including 262 outlying islands). Due to its 

geographical location, half of the world's population can be reached within 5 hours flying time 

( Figure 4 ). The total population in 2016 was 7.34 million, the average population growth rate 

from 1995 to 2016 was 1.08% per annum, and by 2043, the population will increase to 8.22 

million [57]. The total land area is approximately 1,110 square kilometers and the sea area is 

about 1,649 square kilometers. At present, less than 25% of Hong Kong’s land has been 

developed, and parks and nature reserves account for approximately 40%. Hong Kong’s 

economy is dominated by the service industry. Trading and logistics, financial services, 

producer and professional services, and tourism are the four pillar industries of Hong Kong. It 

also enjoys a worldwide reputation for its financial center. 
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 2.2.2. Data sources 

To ensure the accuracy and reliability of the research, the data in this chapter were mainly 

derived from the Hong Kong Annual Digest of Statistics (2001–2018) [74] , the Hong Kong 

Energy Statistics [75] , the Agriculture, the Fisheries and Conservation Department Report of 

Hong Kong [76] , the Food and Agriculture Organization of the United Nations (FAO) [77] , 

the Yearbook of Statistics Singapore [78] , and the United Nations Development Programme 

[70] . 

 

 2.2.3. Ecological Footprint 

The ecological footprint calculates the combined demand for ecological resources and 

energy, focusing on six main categories of biologically productive land that are required by 

human activities: arable land, grazing land, forest land, water area, fossil land, and built-up 

land [79] . However, the ecological footprint calculated in a case can vary depending on the 

accuracy of statistical data, the scope of analysis, and the use of different equivalence factors 

and yield factors [80] . In this study, the calculation of ecological footprint consists of two 

parts: the biological accounts and the energy accounts, as shown in Table 1. 

 

The biological accounts are mainly related to agricultural products, forest products, livestock 

products, and aquatic products. As for the energy accounts, according to the General 

Principles for Calculation of Comprehensive Energy Consumption (GB / T2589-2008) in 

China, the low calorific value generated by 1 kg of fossil fuel is taken as a standard to convert 

the energy consumption into fossil energy land and construction land, as shown in Table 2. 
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In addition, due to the vast territory of China, the land productivity of each province is 

different. Liu and Li [81]  and Liu, Li, and Xie [82]  used a net primary productivity approach 

to calculate the equivalence factors and yield factors for each province. We adopted those 

factors that correspond to Hong Kong to make the results more reliable (Table 1). 

 

Table 1. Ecological footprint accounts and subjects of Hong Kong. 

Accounts Subjects   Land types  Equivalence 

factors 

Yield 

 factors 

Biological  

accounts 

rice, wheat, cereals, vegetables, tea, 

sugar and honey, pigs, other poultry, 

chickens, meat and meat preparations 

 

arable land  1.96 1.65 

fruit, timber, coffee, cocoa forest land  0.98 1.03 

cattle, sheep, dairy products grazing land  0.82 2.71 

fish and fishery products,                                         

crustacean, mollusks. 

water area  0.64 2.71 

residential, commercial, industrial, 

open area, transportation  

built-up land  1.96 1.65 

Energy 

accounts 

Coke oven gas, kerosene, gasoline, diesel 

oil, fuel oil, LPG, natural gas, coal, 

electricity                           

fossil land  0.98 0.00 

Note: Equivalence and yield factors for Hong Kong were derived from Liu and Li [81] ; Liu, Li, and Xie [82] . 
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Table 2. The average low heat value of energy and global average specific energy footprint. 

Types Average low 

heat value 

GJ/t 

Specific energy footprint global 

average in 

GJ/ha per year 

Land types 

 

Kerosene 43.070 71 fossil energy land 

Gasoline 43.070 93 fossil energy land 

Diesel oil 42.652 93 fossil energy land 

Coal 20.908 55 fossil energy land 

Fuel oil 41.816 71 fossil energy land 

LPG 50.200 71 fossil energy land 

Coke oven gas 17.981 93 fossil energy land 

Natural gas 35544
①
 93 fossil energy land 

Electricity 3600
②
 71 fossil energy land 

Note: ①The unit is kJ / m3 ②The unit is kJ / kW‧h 

 

The basic equation (equation 1) of the ecological footprint EF (gha) [83] is: 

𝐸𝐹 = ∑
𝑃𝑖

𝑌𝑤,𝑖
𝑖

. 𝐸𝑄𝐹𝑖 (1) 

The per capita ecological footprint ef (gha/cap) calculated by equation 2:  

                         

𝑒𝑓 =
𝐸𝐹

𝑁
= ∑

𝑃𝑖

𝑁.𝑌𝑤,𝑖
𝑖 . 𝐸𝑄𝐹𝑖 (2) 

where P (kg) is the amount of each primary product i that is harvested; N is the 

population; YW,i (kg ha−1) is the average world yield for commodity i; and EQFi is the 

equivalence factor for the land use type producing products i. The detailed calculation 

methods of YW,i and EQFi are explained in reference [81], [82]. 

 

This study uses a consumer-based approach, which measures the biocapacity demanded by 

the final consumption of the region in question. The consumer-based method has become the 
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most widely used calculation [84] , especially for regions that rely heavily on imported 

products due to poverty in natural resources, such as Hong Kong. 

 

For each land use type, the ecological footprint of consumption (EFC) [85]  is thus calculated 

by equation 3: 

                             

EFC = EFP + EFI − EFE (3) 

where EFC (gha) is the ecological footprint of consumption, which indicates the 

consumption of biocapacity by inhabitants. EFP (gha) is the ecological footprint of 

production, which indicates the consumption of biocapacity resulting from production 

processes within a given geographic area. EFI (gha) and EFE (gha) are the ecological footprint 

of imports and exports, respectively, and indicate the use of biocapacity within international 

trade. 

 

According to the subjects in Table 1, after transferring the corresponding values into equation 

(2), and calculating the EFP, EFI, and EFE of the six land types, equation (3) can be used to 

calculate the EFC. 

 

 2.2.4. Biocapacity 

Biocapacity (BC) is a measure of the amount of biologically productive land and sea area 

available to provide the ecosystem services that humanity consumes—as our ecological 

budget or nature’s regenerative capacity, it represents the total area of biologically productive 

land that the region can provide to humans [83] . BC calculated by equation 4: 
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bc = ∑
Ai

Ni . YFi. EQFi (4) 

where bc (gha/cap) is the per capita biocapacity; Ai (ha) is the available area of a given 

land use type; N is the population; and YFi and EQFi are the yield factors and equivalence 

factors, respectively, for the land use type. 

2.2.5. Ecological reserve/deficit 

Ecological reserve and ecological deficit are based on the calculation of the regional 

ecological footprint and biocapacity to ascertain whether the demands of society exceed the 

regional biocapacity. Thereby a determination can be made about whether development in the 

region is sustainable [86], it calculated by equation 5: 

                               

{
𝑒𝑑 = 𝑒𝑓 − 𝑏𝑐 (𝑒𝑓 > 𝑏𝑐)

𝑒𝑟 = 𝑏𝑐 − 𝑒𝑓 (𝑒𝑓 < 𝑏𝑐)
(5)                

where ed (gha) is the total ecological deficit; er (gha) is the total ecological reserve; bc 

(gha) is the total biocapacity; and ef (gha) is the total ecological footprint. If bc-ef >0, then 

there is an ecological reserve (er), indicating that the demands of humans in the region are 

within its biocapacity; if bc-ef <0, then there is an ecological deficit (ed), indicating that the 

demands exceed the biocapacity. 

 

2.2.6. Human Development Index 

As an overarching index, HDI was created for assessing three key dimensions of human 

development: a long and healthy life, acquisition of knowledge, and a decent standard of 

living. An overview of the calculation of HDI is shown in Figure 5. 
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Figure 5. The calculation of HDI. 

(Our own elaboration from United Nations Development Programme [70] ) 

 

The calculation process consists of (1) identifying the minimum and maximum values of life 

expectancy at birth, expected years of schooling, mean years of schooling, and GNI, 

respectively. And then transforming these different unit indicators into indices between 0 and 

1 by applying equation 6: 

Dimensionindex =
actual value − minimum value

maximum value − minimum value
(6) 

(2) Finally, all indices are aggregated by equation 7: 

HDI = (Ihealth · Ieducation · Iincome) 1
3⁄ (7) 

Where I health, I education, and I income are the results calculated by equation (6). 
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2.3. Results and analysis 

2.3.1. Results of ecological footprint 

 

Figure 6. Hong Kong’s population and per capita ecological footprint by land category during 1995-

2016. 
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Figure 7. Hong Kong’s total ecological footprint and per capita ecological footprint of energy. Each 

area shows the major components of energy consumption each year during 1995-2016. 

Each area shows the major components of energy consumption each year. There are two main sources of 

electricity supply in Hong Kong: the imports of electricity from the mainland of China and the electricity 

generated at local plants. Coal is the main source of energy of local electric plants. 

 

Using equations (1)–(3), the six categories of biologically productive lands of Hong Kong 

were calculated from 1995 to 2016, respectively. Figure 6 (for details please see Table S 1) 

illustrates that the per capita ecological footprint of Hong Kong increased from 4.842 gha/cap 

(1995) to 6.223 gha/cap (2016), with an average annual growth rate of 1.3%. The ecological 

footprint of arable land, fossil land, and water area made up the main consumptions of Hong 

Kong. 

 

With regard to the biological accounts, according to statistical data from Agriculture, 

Fisheries and Conservation Department, Food and Health Bureau [87] , in 2016, the most 

common types of fresh food consumed each day (ranked from most to least consumed) were 

vegetables, fruits, pigs, salt-water fish, and eggs. More than 90% of this food was supplied by 

mainland China. In order to maintain stable supply chains, frozen food was also imported 

from Brazil, Norway, Philippines, and Thailand. It can be seen that the ecological footprint of 

Hong Kong does not just cover a regional scale, but extends to a global scale. 

 

As for the energy accounts, fossil energy consumption accounted for the largest proportion of 

growth (Figure 6). It rose from 1.578 gha/cap to 2.518 gha/cap between 1995 and 2016, with 

an average proportion of 39%. Figure 7 (for details: Table S 2) shows the components of Hong 

Kong’s energy ecological footprint. Fuel oil, coal, electricity, and kerosene were the major 
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types of energy consumption. Although the proportion of coal consumption declined slightly 

over time, it was still the largest type of consumed energy. Coal was the primary source of 

energy for generating electricity [75]. 

2.3.2. Results of biocapacity 

 

 

Figure 8. Hong Kong’s total biocapacity and per capita biocapacity by land category during 1995-

2016. 

 

Arable land represents the agriculture area in Hong Kong, grazing land represents the 

grassland, forest land includes woodland, shrubland, and mangrove, and built-up land 

includes residential area, commercial area, industrial area, open space, the land for 

transportation, etc. The water area mainly represents reservoirs, streams and nullahs. 

 

As shown in Figure 8, from 1995 to 2016, biocapacity declined over time (for details: Table S 

3). The biocapacity of grazing land decreased significantly, from 0.0192 gha/cap to 0.0058 

gha/cap, followed by arable land, which declined from 0.0042 gha/cap to 0.0030 gha/cap, 

while the biocapacities of forest land and built-up land increased. The biocapacity of water 

land remained constant. 
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In 1995, the agriculture area and built-up land area were 9100 ha and 17200 ha respectively. 

The vegetation area, including forest, shrub, grassland, and wetland, was 78300 ha. However, 

as the land became more urbanized, by 2016, the agriculture area, vegetation area and built-

up land were 6800 ha, 73600 ha, and 27000 ha, respectively. In order to meet the needs of 

urban expansion, the agriculture and vegetation areas were shrinking, and the abandoned 

farmland and grassland contributed to the built-up land. 

 

2.3.3. Results of ecological deficit 

 

 

Figure 9. Hong Kong’s population and total ecological deficit during 1995-2016. 

 

According to the equation (5), the ecological deficit results can be calculated based on 

ecological footprint and biocapacity, as shown in Figure 9. Obviously, consumption by Hong 

Kong’s population exceeded the local biocapacity, and the trend continued each year. 

Compared with 1995, the ecological deficit increased by approximately 1.3 times by 2016. 

5.4

5.6

5.8

6.0

6.2

6.4

6.6

6.8

7.0

7.2

7.4

7.6

0.0

5.0

10.0

15.0

20.0

25.0

30.0

35.0

40.0

45.0

50.0

19
9

5
19

9
6

19
9

7
19

9
8

19
9

9
20

0
0

20
0

1
20

0
2

20
0

3
20

04
20

0
5

20
0

6
20

07
20

0
8

20
0

9
20

1
0

20
1

1
20

1
2

20
1

3
20

1
4

20
1

5
20

1
6

P
o

p
u

la
ti

o
n

 (m
ill

io
n

)

To
ta

l e
co

lo
gi

ca
l d

ef
ic

it
 (m

ill
io

n
 g

h
a)

Total deficit Population



25 
 

As a natural resource poverty city, Hong Kong relies heavily on the ecosystem outside its 

own boundaries [80]. Further, Hong Kong’s fisheries, which were historically unrestricted 

and very exploitative have already deteriorated the marine ecosystem around Hong Kong 

[88]. In addition to overfishing, the negative effects resulting from reclamation and waste 

discharge are also considerable. With the increasing consumption of the growing population, 

these human activities are eroding the ecosystem, resulting in a weaker biocapacity and a 

more aggravated ecological deficit. 

 

2.3.4. Human Development Index of Hong Kong 

 

Figure 10. Life expectancy index, education index, GNI per capita, HDI of Hong Kong, and the 

distribution of educational attainment of people aged 15 and over. 

The primary and below group includes people with no schooling, or kindergarten or a primary level of 

education. The secondary group includes people with lower secondary and upper secondary education. The 

post-secondary includes people with technical schooling, or non-degree or degree coursework. (This figure was 

drawn by our own elaboration. Data sources: Life expectancy index, education index, GNI per capita, and HDI 

data are sourced from the UNDP- Human development data [89] . The distribution of educational attainment of 

population data is sourced from the Census and Statistics Department of Hong Kong [90]) 
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The HDI and its component indicators, namely life expectancy index, education index, and 

GNI per capita of Hong Kong are shown in Figure 10. In 1995, the HDI of Hong Kong was 

0.808 and followed a trend of increasing over time, so that by 2010, Hong Kong’s HDI 

exceeded 0.9, which indicates that Hong Kong had achieved a high level of human well-

being. Moreover, all three of these component indicators showed an upward trend over 22 

years. According to the World Bank classification, high-income economies are those with a 

GNI per capita more than $12,746 [91]. In 1995, Hong Kong’s GNI ($32,678, Figure 10) was 

already higher than this value, and by 2016, the GNI of Hong Kong was $55,809, with an 

average annual growth rate of 2.71% from 1995 to 2016, which implies that for the people of 

Hong Kong, both incomes and quality of life improved over time. The life expectancy index 

was consistently at the highest level among these indicators. The life expectancy at birth rose 

from 79.0 years (1995) to 84.0 years (2016), an above-average value for most countries in 

East Asia and the Pacific, such as China (76.3 years, 2016), Singapore (83.0 years, 2016), and 

Japan (83.8 years, 2016) [89], reflecting the relatively good health of the people of Hong 

Kong. 

 

The education index was lower than 0.7 between 1995 and 2000. However, from 2001 to 

2008, it increased meaningfully to exceed 0.8, which reflected a higher knowledge level in 

Hong Kong. To illustrate this change further, as shown in Figure 10, the distribution of 

educational attainment of population, it was not just that the expected years of schooling 

increased each year (from 13.4 (1995) to 16.3 (2016)), but also the structure of educational 

attainment that was optimized. Moreover, since 2010, the category of those whose education 

ended at the secondary level (including technical, non-degree and degree courses) also began 
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to shrink, indicating a trend of people obtaining higher levels of education, creating a more 

healthy and sustainable society in Hong Kong. Above all, when sustainability is viewed 

through the lens of human development, the HDI of Hong Kong indicates a high level of 

sustainability, and in 2017, it ranked seventh in the world. 

2.4. Discussion and implications 

2.4.1. The state of sustainable development in Hong Kong 

Sustainable development of human society relates not only to the improvements of humanity, 

but also the sustainability of the environment. Therefore, the ecological footprint and 

biocapacity were adopted to measure human consumptions and natural supplies. Figure 10 

shows that the economic growth and human improvements of Hong Kong progressed 

significantly from 1995 to 2016. But this also caused an obvious increase in the size of the 

ecological footprint and a decline in biocapacity, which resulted in a serious ecological deficit 

(Figure 9). This reveals that although both economy and human well-being improved in Hong 

Kong, in terms of environmental considerations, development in Hong Kong is still following 

an unsustainable development trajectory. 

 

Naveh [92] asserted that the human urban ecosystem was primarily driven by fossil fuels, as 

is the case in Hong Kong (Figure 6), and environmental pollution and greenhouse gas 

emission will be aggravated by the heavy dependence on fossil fuel energy. In turn, the 

effects of climate change, such as a rising temperature could also impact energy consumption 

[93] . 

 

Second, it is notable that the ecological footprint of the water area was also very large (Figure 

6), even larger than the fossil fuel footprint before 1998. As the productivity of local waters is 
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very limited, Hong Kong’s seafood consumption mainly relies on imports from other parts of 

the world. The overconsumption has had a significant negative impact not only on the local 

marine ecosystem but also on the Indo-Pacific [94]. Unfortunately, such problems have not 

been mitigated in recent years but have tended to escalate. By 2016, the local fishery 

resources dropped by 27% [95]. At present, only 1.5% of all marine areas are designated as 

being protected by Hong Kong, and there are other threats to the biocapacity of the water 

area: (I) the lack of an explicit coverage area, goals, or a time schedule for the establishment 

of a future marine protection zone; (II) the lack of specific and effective management for 

existing protection zones; and further, (III) the failure of the government and experts to 

effectively organize positive discussion for the protection site selection, and failure of 

fishermen to timely participate [96]. 

 

In brief, although sustainability viewed through the lens of human development was 

maintained at a high level in Hong Kong, the large ecological footprint and environmental 

issues prevent Hong Kong from approaching Goal 12 (sustainable consumption), 14 

(sustainably use the marine resources) and 15 (sustainable use of terrestrial ecosystems). To 

prevent the negative impacts mentioned above and move toward a more sustainable 

development future, the large ecological footprint should be decoupled from human society 

development. 

 

2.4.2. Comparison of Hong Kong with the best sustainable practice city-states—

Singapore 

As Asian city-states, Singapore and Hong Kong have many similarities. Both were colonized 

by the British in the nineteenth century and created by immigrant populations from China, and 
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both have economies that grew out of their status as entrepots [97]. Both face the problems of 

limited land, high urban density, and poverty of natural resources. 

 

In the 1960s, Singapore started its journey toward sustainability. Thereafter, a series of 

policies and movements were implemented, such as the Keep Singapore Clean Campaign in 

1968 and the Clean Air Act in 1971, which transformed Singapore into a more sustainable 

city [98]. However, the development of Hong Kong shows an obviously different trend. For 

instance, although the HDI of Hong Kong and Singapore both reached 0.93 in 2016 ( Figure 

11), the size of their ecological footprints has diverged in recent years. In order to explore how 

a human society can advance without an increased ecological footprint, we compare Hong 

Kong with Singapore. 

 

 

Figure 11. The normalization of HDI and the ecological footprints of Hong Kong and Singapore. 

Because the ecological footprint results of Singapore and Hong Kong are from different data sources, they 

cannot be compared directly. Therefore, to focus on the comparison of trends instead of the specific numerical 

value, the rescaling (min-max normalization) method was used to present the vertical axis. This method does not 

change the distribution characteristics of data. The general equation for a min-max of [0, 1] is given as: X norm= 
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𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
  where X is an original value, X norm is the normalized value, X max and X min are the maximum and 

minimum of the original dataset. (The HDI values of Hong Kong and Singapore are our own elaboration from 

UNDP- Human development data [89]) 

 

 

Figure 12. Singapore’s per capita ecological footprint by land category during 1995-2016. 

(Our own elaboration from Global Footprint Network [99]) 

 

Singapore is an island city-state in Southeast Asia with only 719.2 km2 land area and a 

population of about 5.6 million (2016). Although it is about half the size of Hong Kong, its 

natural resource consumption rate is quite high. Singapore had one of Asia-Pacific’s largest 

ecological footprints per capita [100]. Similar to Hong Kong, the consumption of the water 

area resource was also very large, as an average of more than 100,000 tons of seafood is 

consumed each year in Singapore, making it one of the biggest seafood consumers in the 

Asia-Pacific region [101]. In addition, the fossil fuel footprint historically took up the largest 

proportion of the total ecological footprint (Figure 12, Table S 4)--its average value over the 

past 22 years is 5.36 gha/cap. 
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However, it is notable that the size of Singapore’s ecological footprint has decreased 

continuously since 2011, while the HDI has continued to rise (Figure 11). By contrast, in this 

time, the size of Hong Kong’s ecological footprint has continued to increase. 

 

To decouple an increased ecological footprint from improvements in human society, 

Singapore decreased its fossil fuel footprint and followed by reducing the forest land 

footprint. Market liberalization of Singapore has led to rapid replacement of oil-fired steam 

plants with gas-fired combined-cycle gas turbines, which has lowered the carbon intensity 

[102]. Besides, compared with the pipeline natural gas that imported from Indonesia and 

Malaysia, the liquefied natural gas, a form of natural gas that can be more easily transported 

on a global scale, has started to be imported in 2013, to diversity and secure energy source for 

Singapore [103]. Furthermore, solar photovoltaic (PV) systems have been actively deployed 

since 2010 [104]. And beyond 2020, the adoption of solar power will be further raised to 1 

GigaWatt peak (GWp). Undoubtedly, this will help Singapore to achieve its climate change 

pledge of reducing the emissions intensity by 36% from 2005 levels by 2030 [105]. 

 

On the other hand, because Singapore has no wind, hydro, or geothermal resources, and the 

land for deploying solar power is also limited, the government must rely on more innovative, 

resilient and sustainable energy strategies: 

(I). Transportation. One of the key elements in managing environmental footprint [106] 

and urban sustainable development is sustainable transport [107]. In Singapore, it has been 

achieved by enhancing public transport, improving resource efficiency, and reducing carbon 

emissions [106] , such as the use of electric vehicles was assessed on a national scale, and it 

was determined that their efficiency was higher than that of gas vehicles [108]. 
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(II). Electricity. The government is optimizing smart metering technology to reduce the 

cost of electricity. These automation devices could help people cut wasteful or unintentional 

usage, and potentially shift usage patterns to off-peak periods when the electricity price is 

lower. Moreover, this technology has been introduced as a part of the Intelligent Energy 

System project, which uses a smart grid to better manage electricity [108]. 

(III). Raising the awareness of energy conservation. For instance, a new mobile app was 

created to help households compare their electricity, water, and gas consumption with 

neighbors, to enable consumers to use energy efficiently, and to potentially lower their utility 

bills and carbon footprint [109]. 

 

\ 

Figure 13. The normalization of biocapacity and total land area of Hong Kong and Singapore. 

 

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

1
9

9
5

1
9

9
6

1
9

9
7

1
9

9
8

1
9

9
9

2
0

0
0

2
0

0
1

2
0

0
2

2
0

0
3

2
0

0
4

2
0

0
5

2
0

0
6

2
0

0
7

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
3

2
0

1
4

2
0

1
5

2
0

1
6

Biocapacity of Hong Kong Biocapacity of Singapore

Total land area of Hong Kong Total land area of Singapore



33 
 

 

Figure 14. 1995–2016 Singapore’s per capita biocapacity by land category. 

 (Our own elaboration from Global Footprint Network [99]) 

 

From 1995 to 2016, the biocapacity trends of Hong Kong and Singapore were obviously 

opposite although both total land areas increased (Figure 13). With regard to the biocapacity of 

Singapore, the biocapacity of water area and forest land decreased gradually, whereas, the 

striking growth of built-up land caused the total biocapacity to rise significantly (Figure 14, 

Table S 5). This mainly resulted from long-term sea reclamation. The land area of Singapore 

increased from 581.5 km2 to 719.2 km2 between 1965 and 2016, namely, land area increased 

by 23.6%. Before 2000, the reclamation area grew slowly, increasing by 5.98 km2 from 1990 

to 2000. However, the reclamation rate rose dramatically to 1185% between 2000 and 2010 

[110]. This is why the biocapacity of Singapore has increased rapidly since 2000. 

 

Although reclamation projects were also implemented in Hong Kong, the reclamation rate 

was far less than in Singapore. The total land area increased from 1092 km2 (1995) to 1111 
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deserted agricultural land in rural areas will also be developed into urban space [57]. 

Therefore, it can be expected that the biocapacity of arable land and grazing land will shrink 

further, whereas the biocapacity of built-up land will increase. 

 

The high rate of reclamation in Singapore had come at a significant cost to the marine 

ecosystem. About 65% of the original reefs had been lost to reclamation since the 1960s 

[111]. With the increased public awareness of the need for environmental protection, the 

government realized that the reclamation paradigm needed to change, which led to more 

positive recent actions. This transformation provides an optimized way to balance the socio-

ecological system and make the coastal ecosystem more sustainable where the development 

is intensive. 

 

2.4.3. SWOT analysis and policy implications for decoupling ecological footprint from 

the development of human society 

In order to provide scientific evidence and tailor-made suggestions for policy based on the 

comparative analysis above, a SWOT analysis was adopted to summarize the current 

strengthens, weaknesses, future opportunities, and threats to Hong Kong and Singapore. 

SWOT analysis is a tool used for formulating strategic planning and management, helping 

planners leverage strengths and opportunities to reduce weaknesses and threats [112] , as 

shown in Table 3. 
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Table 3. SWOT analysis of sustainable development of Hong Kong and Singapore. 

SWOT Hong Kong  Singapore 

Strengths ·Strategic geographical location. 

·Global financial hub. 

·Well-protected terrestrial nature reserves, 

such as country parks [57]. 

·High level of HDI. 

·Sustainable transport system [113]. 

·Advantageous geographic position. 

·The central trade hub in Asia. 

·Effective government. 

·High level of HDI. 

·Relatively strong in innovation and 

technology [114]. 

·High vegetation coverage rate. 

·Sustainable transport system. 

Weaknesses ·Limited developable land. 

·Relatively weak in innovation and 

technology [61]. 

·Air pollution and municipal solid waste 

generation and disposal [61]. 

·High ecological footprint. 

·Government deficiencies in efficiency of 

environmental protection [115], [116].  

·Lack of land resource. 

·High ecological footprint, especially for 

the water area. 

·No indigenous energy resources. 

·Habitat fragmentation and biodiversity 

loss [117]. 

Opportunities ·Optimizing use of developed land and 

creating new land [57]. 

·Current policies for promoting urban 

sustainable development, such as creating 

environmental capacity. 

 

·Integrating sustainability directly in 

policy process. 

·Clean energy companies are building 

capabilities, such as wind plants, 

smart grid [114]. 

·Optimizing space by transforming 

existing areas into new growth 

districts [117]. 

Threats ·Limited indigenous resources, especially energy resources and the deterioration of 

water resources [61], [118]. 

·Climate change [61], [117] . 

·Waste Management [61], [98] . 
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Note: This table mainly describes the SWOT of the environment and resources-related sustainable development. 

The “Threats” shows the issues that both Hong Kong and Singapore face. 

 

Sustainable development includes environmental, economic and social sustainability [119]. 

However, based on the ecological footprint and HDI assessment (see Figure 10 and Figure 11), 

while the economy and society developed well in Hong Kong, the level of environmental 

sustainability lagged behind, as shown in the “Weakness” and “Threats” in SWOT analysis 

(see Table 3). In 1995, Brown [120] claimed that to ensure a sustainable future, people need to 

carry out an environmental sustainability revolution. To this end, close engagement and 

support from government are indispensable, and this is where the Hong Kong government 

falls short (see Table 3). Hereby, in this part, we put forward some policy suggestions for 

energy consumption, marine environment protection, and changes in the behavior of citizens 

and government—to decouple a large ecological footprint from the development of human 

society. 

 

2.4.3.1. Energy consumption 

Because fossil energy consumption took up the largest part of the ecological footprint, there 

is a great potential to decrease the entire ecological footprint significantly by replacing fossil 

energy with renewable energy. Singapore is not the only one running on this trajectory—

Beijing also presented a positive trend. The energy structure had been adjusted effectively in 

Beijing, and with an increasing proportion of power generation from renewable sources and 

the decline of fossil fuel consumption, the ecological footprint decreased by approximately 

25.8% from 1997 to 2014 [121] . Hopefully, the ecological footprint can also be significantly 

reduced in Hong Kong by using renewable energy. We propose these policy suggestions for 

Hong Kong: 



37 
 

1. Accelerate the development of the smart metering infrastructure and the smart grid. 

The electricity accounted for about 50% of energy end-uses between 2004 and 2014 in Hong 

Kong [122]. Thus, efficiently managing and allocating electricity could significantly 

contribute to the decline of energy consumption. Although the smart grids have been 

introduced in Hong Kong already, the related research and application are limited and small in 

scale [123]. Technical aspects of smart grids, the formulation of a specific policy framework, 

plans, and implementation of the program should be accelerated. 

2. Deploy/import more renewable energy, such as from mainland China. The government 

could also simplify market rules and regulations for electricity consumers to make it easier for 

small consumers to receive payment for injecting renewable energy into the power grid and 

streamlining the metering requirements for renewable energy owners [104]. 

3. Spur research into promising energy technologies and systems-level innovation. The 

government could formulate a suit of incentive mechanisms to support applied research in 

smart grid, energy conservation, and storage, etc. For instance, Singapore has awarded more 

than $100 million in funding to date to support a Research and Development project which 

aims at addressing Singapore’s energy challenges, such as the smart grids, solar forecasting, 

and power utilities. 

4. Facilitate the commercialization of energy innovation. For instance, the government 

can build a bridge to engage company members, industry players, researchers, academia, and 

youth to better communicate needs and opportunities [104]. 

 

2.4.3.2. The protection of the coastal and marine environment 

According to the results of Hong Kong’s ecological footprint, it is noteworthy that the water 

area footprint was also relatively large (see 2.3.1, and Figure 6). However, the marine 
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ecosystem, which provides numerous services to human society, has deteriorated due to the 

negative impacts of human activities. Therefore, policies and regulations that protect the 

marine environment need to be formulated and monitored further. 

1. Expand the area of the marine environment protection zone. Although the Hong Kong 

government has established marine protection zones since 1966, the area covered by 

protection zones is still quite small to date. WWF has suggested that the area of protection 

zones should account for at least 10% of Hong Kong’s offshore and marine waters before 

2020. In addition, Russ et al. [124] noted that the establishment of marine protected areas can 

also benefit the development of local fishery resources. 

2. Strictly forbid marine litter. Marine litter is a long-standing and prominent problem 

(see Table 3: “Threats”). Each year, the Hong Kong government cleans about 15,000 tons of 

marine litter. However, vast quantities of garbage remain [125]. Actually, the source of about 

95% of marine litter is local garbage [126], meaning that a significant improvement can be 

achieved by the efforts of local communities and government. 

3. Do not allow commercial fishing and sea reclamation in marine ecological hotspots 

(see 2.4.2: point (II) and (III)). Hotspots are the areas featuring exceptional concentrations of 

endemic species and species facing the threat of human activities [127]. Protecting these 

hotspots not only supports the holistic management of marine resources but it can also 

strengthen the resilience of the marine ecosystem to natural disasters and climate change 

[128]. 

4. Apply green infrastructure (GI) to the coastal and reclamation projects. Drawing 

lessons from the coastal development experience of Singapore (see 4.2), protection of the 

natural environment should be considered while addressing the land requirements for urban 

expansion. Recently, the GI has received attention and has been widely implemented in many 
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places, such as the US, Canada, and Europe [129]. GI is not only contributing to the 

enhancement of ecosystem services but it can also support an increasing population’s 

demands for resources [130], [131]. It is an environmentally-friendly and economical method 

for achieving urban sustainable development, resilient communities, and climate change 

mitigation [129]. 

 

2.4.3.3. The improvement of citizens’ awareness and government’s executive action  

To progress toward a sustainable future, the joint efforts of citizens and government are 

indispensable. Nevertheless, the Hong Kong government lacks efficiency in management and 

protection of the environment (see 4.1: point (I) to (III) and Table 3), in addition, Hong Kong 

is also characterized by high per capita resource consumption. Hereby, we offer the following 

suggestions: 

1. To citizens: Reduce overconsumption. In light of the International Fashion 

Consumption Survey report [132], about 68% of Hong Kong people admitted that they 

consumed far more clothes than they actually need and use. Further, food consumption 

through waste could be reduced, especially during festivals. For instance, during the Mid-

Autumn festival in 2010, about 1.87 million mooncakes were discarded in Hong Kong, which 

is equivalent to 1,200 tons of carbon dioxide emissions [133]. By educating the younger 

generation through public campaigns and commercial advertisement to reduce 

overconsumption and the related ecological footprint can be declined. 

2. To government: Separate duties for each government department clearly and 

strengthen supervision. For instance, as shown in the weaknesses part of SWOT 

analysis(Table 3),the vague separation of duties of departments and the simple management 

mode of garbage disposal in Hong Kong makes environmental action less effective [115], 

https://www.youdao.com/w/garbage%20disposal/#keyfrom=E2Ctranslation
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[116]. Therefore, the adjustment of relevant government departments is needed so that duties 

are allocated explicitly and supervision is enhanced. If necessary, enforcement regulations 

can be formulated according to the situation, to control the behavior of citizens and provide 

supervisors with support. 

 

2.5. Conclusion 

This chapter provides an analysis that combines ecological footprint, biocapacity, and HDI to 

assess the sustainable development state of Hong Kong from 1995 to 2016. The results show 

that the ecological footprint had exceeded the local biocapacity significantly and fossil energy 

consumption was the biggest contribution. Although Hong Kong’s economy, educational 

level, and standard of living have been rising over the past 22 years, the growth behind this 

was based on the imbalance of environment development, with an increasing ecological 

deficit year by year. This indicates that there is a significant gap between the current 

development model and Hong Kong’s goal of becoming Asia’s most sustainable city [134]. 

Furthermore, through the comparison of Hong Kong and Singapore, we conclude that there is 

a great potential to decouple the high ecological footprint from the development of human 

society, and reach a high HDI and low footprint society by replacing fossil energy with 

renewable energy. Moreover, an optimum balance value, which is the lowest footprint for 

maintaining a sustainable human society development, could be explored further to quantify 

the boundary relation of ecological footprint and human society. Finally, based on the SWOT 

analysis and implications from the experience of Singapore, we put forward some policy 

suggestions (energy consumption, marine environment protection, and changes in the 

behavior of citizens and government) for Hong Kong’s sustainable transformation. As a 

world-class metropolis, Hong Kong plays an important role not only in China but also around 
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the world, and we hope this research achievement could assist Hong Kong in achieving Goal 

11 of SDGs and make a positive impact on the world. 
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CHAPTER 3: A Scenario- and Spatial-Downscaling-Based Land Use 

Modeling Framework to Improve the Projections of Plausible Futures: A 

Case Study of the Guangdong–Hong Kong–Macao Greater Bay Area, 

China 

 

3.1. Introduction 
 

Scenario analysis is widely recognized as a powerful tool for assessing and investigating the 

changes in social, climatic, and environmental systems [135], [136] to support governments in 

developing strategies to achieve the 17 Sustainable Development Goals (SDGs) and 

development planning [137]. For this purpose, multiple scenarios have been created to explore 

alternative futures. For instance, the shared socioeconomic pathways (SSPs), which were 

catalyzed by the International Panel on Climate Change (IPCC) [138] in 2010, are 

comprehensive global frameworks that can  make significant advances from the previous 

scenarios [139]  and provide a wide range of information on possible future socioeconomic 

developments [140], [141]. The SSPs have been developed by climate change research 

community and describe five different plausible pathways, with varying degrees of mitigation 

and adaptation potentials [142], [143]. The pathways are as follows: SSP1–sustainability 

(taking the green road); SSP2–middle of the road; SSP3–regional rivalry (a rocky road); SSP4–

inequality (a divided road); and SSP5–fossil-fueled development (taking the highway) [142]. 

SSP1 and SSP5 are relatively optimistic trends with high levels of human development and 

economic growth, as well as efficient environmental management, whereas SSP3 and SSP4 are 

relatively pessimistic trends with poor social development and environmental protection [144] 

(see  O’Neill, et al. [142] for more details on SSPs). 
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Land use and land cover (LULC), being an important and direct driver of global environmental 

changes, is crucial for achieving sustainable development [145]–[149] . Thus, the spatio-

temporal dynamic analysis and projection of LULC were considered as effective ways to 

understand the changes in LULC [150], [151] . Moreover, the SSPs provided LULC scenarios 

based on several assumptions, such as land productivity, food consumption, and land 

regulations [152] , thus enabling the exploration of different land-use changes and their 

consequences in the context of fundamental future uncertainties [143] . Furthermore, there are 

growing attentions in the SSPs applications to regional and local scales for serving to assist 

policy makers in developing robust climate change adaptation strategies and national or 

subnational planning, while also providing researchers working at regional, national, and 

subnational levels with multiple pathways [153]–[155] . For instance, based on the SSPs,  Chen, 

et al. [156] used the Global Change Analysis Model and a land use spatial downscaling model 

to generate a new global gridded land-use data set.  Gomes, et al. [157] used an interdisciplinary 

approach to develop spatially explicit projections of LULC under various SSPs in the Zona da 

Mata, Brazil, to help in the regional development and forest conservation planning.  Hewitt, et 

al. [158] used SSP1 and SSP5, which were downscaled from Europe, at a regional level to 

study the impacts and trade-offs of future land-use changes in Scotland, UK. 

 

In China, the LULC changes of the past two decades have been arguably the most widespread 

in the history of the country [159] . Unprecedented urban development poses a huge challenge 

to sustainable development. Therefore, numerous studies were conducted to project future 

land-use changes and provide references and suggestions to identify sustainable pathways and 

make policy decisions [160]–[163]. For instance, Liu, et al. [164] proposed a future land use 

simulation (FLUS) model to simulate multiple land use scenarios in China. Liao, et al. [165] 

performed land use simulations using the FLUS model under plant functional type 
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classification in the context of various SSPs in China. Chen, et al. [166] combined an urban 

growth simulation model with a multiregion input–output model to explore the teleconnections 

between the future urban growth of China and its impacts on the ecosystem services under 

different SSPs. However, the previous land-use projections related to China were performed 

on a national/provincial scale, with medium to coarse resolution (e.g., 1 × 1 km2) [163], [167]. 

As these land-use projections made with a coarse resolution can lead to an underestimation of 

the influence of urbanization [165], a downscaled simulation at a higher resolution was 

required. 

 

Thus, this chapter aimed to project the future land-use patterns at a higher resolution to explore 

the SSPs implications and the possible land-use changes caused by urban development on SDG 

11: Sustainable cities and communities. For this purpose, we proposed a spatial downscaling 

framework that couples the global SSPs narratives and local land planning policy using a land 

change modeling method to simulate the future land-use scenarios.  

 

3.2. Study area 
 

The Guangdong–Hong Kong–Macao Greater Bay Area (Greater Bay Area) was used as the 

research object for the simulations of future land-use scenarios, it represents one of the most 

prominent and fastest growing regions of China [168]. However, for a long period, the urban 

development activities in the region have been concentrated in near-shore areas, and the 

ecosystem of the region has undergone degradation [169], such as an ecological deficit, due to 

an increased ecological footprint [170]. Therefore, the Greater Bay Area was chosen for a case 

study. The Greater Bay Area comprises the two special administrative regions, namely, Hong 

Kong and Macao, and nine municipalities, namely, Guangzhou, Shenzhen, Zhuhai, Zhongshan, 
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Jiangmen, Zhaoqing, Foshan, Huizhou, and Dongguan in the Guangdong Province, covering 

an area of approximately 56,000 km2. Its total population was estimated to be over 71 million 

by the end of 2018 [171]. The Greater Bay Area is surrounded by mountains on three of its 

sides and is bordered by the sea on its southern side. Moreover, it has the Pearl River Delta 

plain at its center (Figure 15). Most of its area is at an elevation that is less than 200 m above 

sea level. The Greater Bay Area is the fourth largest bay area in the world, following San 

Francisco, New York, and Tokyo Bay Areas. Being one of the most open and economically 

vibrant regions of China, the Greater Bay Area is the key to the strategic planning of the 

development blueprint of the country and will develop into an international first-class bay area 

and a world-class city cluster [56]. 

 

In addition, Hong Kong was used as an example to demonstrate the application of the projected 

land-use maps owing to the fact that it is among the top cities in the world in terms of per capita 

consumption of goods and resources [172]. The rapid growth of its population and economy 

places a heavy burden on land supply, which is being overcome by the reclamation of land 

from the sea [173]. In 2018, its total population was 7.48 million [174], and its total land area 

was approximately 1,110 km2. Hong Kong occupies only 1.98% of the Greater Bay Area 

(Figure 16), although its population is approximately 10.54% of the total population of the 

Greater Bay Area. Being a developed and typically high-consumption city of the Greater Bay 

Area, Hong Kong could be used to demonstrate the sustainable development of cities. 

Therefore, we have confined our observations to Hong Kong. 
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Figure 15. Location of the Greater Bay Area, China. 
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Figure 16. Location of the Hong Kong Special Administrative Region, China. 

 

3.3. Materials and methods 
 

Figure 17 presents the framework used in the study. The core feature of the framework is the 

spatial downscaling simulation that can be used in the projections of future land-use scenarios. 

It combines the global SSPs narratives with the local land planning policy using a land change 

modeling method. Two types of outcomes were projected by using the Land Change Modeler 

(LCM) software, which is an integrated module of TerrSet 18.31 [175]. One outcome consists 

of the business-as-usual (BaU) land-use map, which represents the continuation of the past 

trends in the Greater Bay Area and could be directly generated using its default transition 

probability matrix without any interventions (Figure 17). The other outcome represents land-

use maps under various global SSPs combined with the local land planning policy and used the 

1-km resolution future land-use gridded maps. These maps were projected by Liao, et al. [165] 

and Li, et al. [176] as initial reference data to adjust the transition probability matrix in order to 

generate outcomes at a 300-m resolution, thereby achieving spatial downscaling. Considering 

the implementation period of the current local land planning policy and roughly the same 

pattern of population distribution from 2020 to 2030 [177], 2030 was selected as the time 
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horizon in the scenario simulations. Furthermore, the nature reserves and future population 

distribution maps were used as the planning constraints and incentives to further shape the 

spatially explicit future land-use patterns. Finally, Hong Kong was used as an example to 

demonstrate the application of the projected land-use maps. The following section describes 

the reasons for choosing the LCM and its specific operations. 

 

 

Figure 17. Research framework. 

LU stands for land use and MLPNN for multilayer perceptron neural network. The yellow, red, cyan, and green 

solid lines indicate data collection, LCM simulation, coupling of global SSPs narratives with the local planning 

policy, and application that is based on projected land-use maps, respectively; the blue, yellow, red, and pink 

dashed lines denote the four subcomponents of LCM. 
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3.3.1. LCM 

Out of the various methods used for scenario building, the Markov chain modeling is the most 

common approach used to quantify future changes, particularly in pattern-based models [178]–

[180]. The Markov chain modeling calculates the transition areas/probability matrix via cross-

tabulation between the land-use categories of two maps [181]. The LCM is being applied in 

many disciplines [182] and is being widely used to project land-use changes under different 

future scenarios/land-use policy interventions [183], [184]. The LCM is an effective and 

powerful model owing to its Markov chain-based neural network [168], [185]. Therefore, we 

selected the LCM (version 18.31) to project the land-use patterns of the Greater Bay Area for 

2030. Four major subcomponents of the LCM (Figure 17) were used: (1) land change analysis, 

(2) transition potential modeling, (3) change projection, and (4) planning.  

 

3.3.1.1. Step 1: Land change analysis 

Two land-use maps of 2000 and 2010 (Figure 17, Table 4) were utilized in the land change 

analysis. Six land-use classes were identified, namely, cropland, forest, bush and grassland, 

urban area, barren land, and water. The land transitions were identified based on the calculated 

gains and losses of the land-use classes. Land transitions in areas less than 10 km2 in extent 

were disregarded; only the dominant transitions that included 99% of the transitions were used 

for the modeling. 
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Table 4. Data sources. 

Name Time Resolution Organization Source 

Land-use and land 

cover map 

2000, 2010, 

2015 

300 m ESA-CCI 
https://www.esa-landcover-

cci.org/?q=node/158 

Road map 2013 Shape file OpenStreetMap https://download.geofabrik.de/ 

River map —— Shape file 

Resource and Environment 

Science and Data Center, 

China 

http://www.resdc.cn/data.aspx

?DATAID=221 

 

DEM 2019 30 m 

ASTER-GDEM;  

JAXA-DEM 

https://ssl.jspacesystems.or.jp/

ersdac/GDEM/E/ 

https://www.eorc.jaxa.jp/ALO

S/en/aw3d30/ 

Nature reserves 2015 Shape file 
National Earth System 

Science Data Center, China 

http://www.geodata.cn/data/da

tadetails.html?dataguid=12020

9853934500&docId=9768 

Population map 2010, 2020 100 m Worldpop 

https://www.worldpop.org/geo

data/listing?id=69 

Population 

projection maps in 

SSPs 

2030 100 m  Chen, et al. [186]  

Note: Due to the fact that the population projection maps of the SSPs that were created by Chen et al. (2020b) do 

not involve Hong Kong and Macao and based on the data obtained from IIASA [187], the population projection 

maps of these two areas were computed using the spatial distribution pattern of the population in 2020. Please 

refer to supplementary material for more details. 

 

3.3.1.2. Step 2: Transition potential modeling 

Two setups of the transition submodels, namely, the submodel structure and simulation 

approach, were employed to compute the transition potentials. Initially, 14 potential 

independent drivers (Figure 18) related to land-use changes were selected. Then, using 

https://www.esa-landcover-cci.org/?q=node/158
https://www.esa-landcover-cci.org/?q=node/158
https://download.geofabrik.de/
http://www.resdc.cn/data.aspx?DATAID=221
http://www.resdc.cn/data.aspx?DATAID=221
https://ssl.jspacesystems.or.jp/ersdac/GDEM/E/
https://ssl.jspacesystems.or.jp/ersdac/GDEM/E/
https://www.eorc.jaxa.jp/ALOS/en/aw3d30/
https://www.eorc.jaxa.jp/ALOS/en/aw3d30/
http://www.geodata.cn/data/datadetails.html?dataguid=120209853934500&docId=9768
http://www.geodata.cn/data/datadetails.html?dataguid=120209853934500&docId=9768
http://www.geodata.cn/data/datadetails.html?dataguid=120209853934500&docId=9768
https://www.worldpop.org/geodata/listing?id=69
https://www.worldpop.org/geodata/listing?id=69
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Cramer’s V approach that can measure the association between each driver and each land class, 

12 strongly associated variables exceeding 0.2 in value were identified [188] to build the 

submodel structure. 

 

 

Figure 18. Variables used for building the submodels of the LCM. 

Evidence likelihood is effective for incorporating categorical variables into an analysis [189] and can 

be generated in the variable transformation utility panel of the LCM.  

 

The submodel has three options for the simulation approach, namely, multilayer perceptron 

neural network (MLPNN), similarity-weighted instance-based machine learning (SimWeight), 

and logistic regression. However, both the SimWeight and logistic regression approaches can 

perform only one transition per submodel, whereas the MLPNN can run multiple transitions 

(up to nine) per submodel [189] and robustly simulate nonlinear relationships [183]. Therefore, 

the MLPNN simulation was adopted to model the land-use transitions from 2000 to 2010. 
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 3.3.1.3. Step 3: Change projection 

The changing quantity of each transition can be modeled to generate a plausible future land-

use map through a Markov chain or specification of the transition probability matrix [189]. The 

BaU case in the present study was generated using the default transition probability matrix 

without any modifications (Figure 17). The LCM can produce two modes of change projection, 

namely, hard and soft projections. A hard projection is a commitment to a specific scenario. 

Contrarily, soft projection is a continuous mapping of the degree of vulnerability to change in 

the 0 to 1 range, with high values indicating high susceptibilities to change. The soft projection 

indicates the extent to which an area has the conditions adequate to undergo changes, without 

showing what exactly will change [189]. Therefore, hard projection was adopted to assess the 

predictive performance under the BaU scenario. 

 

3.3.1.4. Step 4: Planning constraints and incentives 

The constraints and incentives, which are embedded in the planning subsection of the LCM, 

can be specified for each of the transitions to enable the integration of change allocation into 

the projection process thus making the model more robust [189] and can shape the future land-

use pattern further. Zero values on the map relate to absolute constraints, values between zero 

and one to disincentives, values equal to one as no-constraints, and values greater than one to 

incentives. In the study, two types of maps were considered as the constraints and incentives: 

(1) the population distribution maps under SSPs were used to create constraint and incentive 

layer by dividing the future population projection map for 2030 (100 m resolution) [186] by 

the population distribution map for 2020 (100m resolution) [190]. The total population of the 

Greater Bay Area for 2030 was estimated to be 99,575,075 by SSP1; 101,190,772 by SSP2; 
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102,183,566 by SSP3; 98,826,910 by SSP4; and 99,993,406 by SSP5 (Table 6). In 2020, the 

population of the area was 63,050,321; (2) the nature reserves in the Greater Bay Area (Table 

4) were specified as constraints by assigning a value of zero to indicate that development was 

not allowed in the areas. 

 

3.3.2. Correlating land use modeling with local land planning policy-coupled SSPs 

The land transition probability matrix in the LCM could be edited to facilitate future projections 

and was determined by two key factors (Figure 17) : (1) future land demands and (2) the 

conversion cost matrix describing the difficulty of converting from the current land-use class 

to the target class [163], [164]. Therefore, land-use modeling and scenarios could be correlated 

by adjusting the two factors according to the local land planning policy and SSPs narratives. 

 

First, with regard to the future land demands in the Greater Bay Area under the different SSPs, 

the studies by Liao, et al. [165], Li, et al. [176], and Li and Chen [191] were used as the main 

reference points.  Liao, et al. [165] projected the future land use maps of China at a resolution 

of 1 km under the plant functional type classification of the SSPs. Therefore, the future areas 

of forest, urban area, barren land, and water could be calculated directly using the ArcGIS pro 

(version 2.2) software to extract the Greater Bay Area from China. Furthermore, the policy 

document named Letter of support for the Guangdong–Hong Kong–Macao Greater Bay Area 

and Shenzhen to explore the reform of natural resources  [192] was introduced by the Ministry 

of Natural Resources in 2020. It urges the local government to adopt the cultivated land 

requisition–compensation balance policy to develop built-up land. Accordingly, if the local 

cultivated land is converted into built-up land, a piece of land of the same size and quality has 

to be reclaimed in another region for farming, thus guaranteeing the balance of cultivated land 
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throughout the country [193]. Thus, the demand for cropland was adjusted considering this 

important policy and according to Li and Chen [191], who projected the future impacts of the 

cropland balance policy of China under different SSPs. The bush and grassland area was 

determined based on the demands for the five land-use classes and the 1-km global land use 

data set [176]. In this way, the future land demands for the six land-use classes of the Greater 

Bay Area could be determined for 2030 (Table 5). 

 

Table 5. Land demands (km2) in the Greater Bay Area in 2030 under each SSPs, categorized 

according to land-use class. 

  Cropland Forest 

Bush and 

grassland 

Urban area Barren land Water 

SSP1 20,567 19,746 2,373 9,561 50 3,461 

SSP2 18,387 21,080 3,354 9,327 149 3,461 

SSP3 17,158 21,463 4,872 8,703 101 3,461 

SSP4 20,335 19,960 2,386 9,471 145 3,461 

SSP5 20,539 20,112 2,006 9,471 169 3,461 

Note: The BaU case was generated using the default transition probability matrix in the LCM (Figure 17 and Step 

3), therefore, no extra adjustment of land demand or conversion cost matrix was required for BaU. 

 

Second, the conversion cost matrix had to be determined in two steps: (1) combining SSPs 

narratives with local land planning policy to qualitatively determine the difficulty levels of 

land-use conversion and (2) quantifying those difficulty levels. In the first step, the policy 

documents named Land Planning of Guangdong Province [194], [195] and Letter of support 

for the Guangdong–Hong Kong–Macao Greater Bay Area and Shenzhen to explore the reform 

of natural resources [192] were used as the references. The future land-use policies relevant to 

the period around 2030 were then extracted and taken as a reference for SSP1 as the sustainable 
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development of the Guangdong province was integrated into a strategic goal [196]. The 

difficulty of combining land-use narratives [152] (Table 6) with the local land planning policy 

under each SSP can be at one of three levels: difficult, moderate, and easy (Table 7). In the 

second step, SSP2 was considered to be the basic reference, and the conversion cost matrix 

derived from Liu, et al. [164]  was assumed to be the SSP2 conversion cost matrix (Table 8) as 

it was estimated based on the opinions of local experts and the analysis of historical land use. 

Next, 1.5, 1.0, and 0.5 were identified as the difficult, moderate, and easy levels, respectively, 

using test methods. Considering the qualitative difficulty level of land-use conversion in each 

SSP (Table 7) and the values of the three difficulty levels used to adjust the SSP2 conversion 

cost matrix, the conversion cost matrices for SSP1, SSP3, SSP4, and SSP5 were obtained (Table 

S 6-Table S 9). 

 

Finally, after defining the future land demands and conversion cost matrix for each SSP, the 

linear programming (LP) method was used to determine the land transition probability matrices 

for each SSP (Table S 10-Table S 14) using the solver function of Microsoft Excel (Plus 2019 

version). The LP approach for determining the land transition probability is a relatively new 

method employed in scenario analysis [197]. The derivation of the land transition probability 

matrix M (=[mij]), where the mij values denote the land transition probability from land-use 

class i to j for a given period, was proposed by Hashimoto, et al. [188]. 

 

Based on all the processes described above, the land-use maps of the Greater Bay Area under 

the different SSPs could be projected for 2030 using the LCM. 
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Table 6. Overview of land-use narratives and demographic factors of the five SSPs. 

 SSP1 SSP2 SSP3 SSP4 SSP5 

 

Sustainability 

Middle of the 

road 

Regional 

rivalry 

Inequality 

Fossil-fueled 

development 

Land-use 
     

Land-use 

change 

regulation  

Strong regulation 

to avoid 

environmental 

disruption 

Medium 

regulation 

Limited 

regulation; 

continued 

deforestation 

Highly regulated in 

MICs and HICs; lack 

of regulation in LICs  

Medium 

regulation 

Land 

productivity 

growth 

High 

improvements in 

agricultural 

productivity 

Medium pace of 

technological 

change 

Low 

technology 

development 

High improvements 

for large-scale 

industrial farming; 

low for small-scale 

farming 

Highly 

managed, rapid 

increase in 

productivity 

Environmental 

impact of food 

consumption 

Low growth in 

food 

consumption, 

low-meat 

Material-

intensive 

consumption, 

medium meat 

consumption 

Resource-

intensive 

consumption 

Elites: high 

consumption; 

Rest: low 

consumption 

Material-

intensive 

consumption, 

meat-rich diets 

Population 

growth 

     

High fertility Low Medium High High Low 

Other low 

fertility 

Low Medium High Medium low Low 

Rich low 

fertility 

Medium Medium Low Medium low High 
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Population 

projections of 

the Greater 

Bay Area in 

2030 

99,575,075 101,190,772 102,183,566 98,826,910 99,993,406 

Urbanization 

level 

     

HICs Fast Central Slow Central Fast  

MICs Fast Central Slow Fast Fast 

LICs Fast Central Slow Fast Fast 

HICs, MICs, and LICs stand for high-, middle-, and low-income countries, respectively. The land-use narrative 

was derived from the work by Popp, et al. [152] . The narratives of population growth and urbanization level were 

derived from the work by Jones and O’Neill [141] . The demographic factors driving population change in 

countries were categorized into the following groups as a function of the fertility and income levels: high fertility, 

low fertility with high income (i.e., as in the member countries of the Organization for Economic Cooperation and 

Development), and low fertility. The population projections of the Greater Bay Area in 2030 under SSPs were 

derived from the work by Chen, et al. [186] , and their spatial distribution maps were used to shape the future 

land-use patterns in LCM, please see the section “Step 4: planning constraints and incentives” for details. 

 

Table 7. Land-use conversion difficulty levels in the Greater Bay Area under each SSP. 

Land-use 

conversion 

SSP1 SSP2 SSP3 SSP4 SSP5 Reference policy 

Transition from 

cropland to urban 

area 

moderate moderate easy easy easy 

The cultivated land 

requisition–compensation 

balance policy a, b, c 

Transition from 

cropland to others 

difficult moderate easy moderate moderate 

Implement the strictest 

cropland protection system 

b, c 
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The increase in 

well-facilitated 

farmland 

easy moderate  difficult difficult easy 

Promote the development 

of well-facilitated farmland 

b, c 

Transition from 

forest to cropland 

easy moderate easy easy easy 

The cultivated land 

requisition–compensation 

balance policy a, b, c 

Transition from 

forest to others  

difficult moderate easy moderate moderate Restore forest ecosystem b, c 

The increase in 

forest 
easy moderate difficult difficult moderate Expand forest cover b, c 

The increase in 

urban built-up land 

moderate moderate easy moderate moderate 

Improve the urbanization 

rate while strictly 

controlling the approval of 

new built-up land b, c 

The increase in 

rural built-up land 

difficult  moderate easy difficult difficult 
Revitalize the existing rural 

built-up land; the 

abandoned houses and 

hollow villages in rural 

areas will be demolished 

and reclaimed into new 

built-up land for urban 

development b, c 

Transition from 

barren land to built-

up land 

easy moderate difficult easy easy 

Transition from 

water to others 

difficult moderate easy moderate moderate 

Strictly protect the water 

ecological space along the 

shoreline of the water area 

and prohibit the 

reclamation of lakes or 

encroachment on river 

courses b, c 



59 
 

The superscripts a, b, and c indicate that the policy was derived from Letter of support for the Guangdong–Hong 

Kong–Macao Greater Bay Area and Shenzhen to explore the reform of natural resources, Land Planning of 

Guangdong Province (2016–2030), and Land Planning of Guangdong Province (2016–2035), respectively. 

 

Table 8. Conversion cost matrix of SSP2. 

Land-use 

classes 
Cropland 

Bush and 

grassland 
Forest Water Urban area Barren land 

Cropland 0.000 0.100 0.900 0.800 0.100 0.400 

Bush and 

grassland 

0.500 0.000 0.800 0.400 0.300 0.100 

Forest 0.700 0.300 0.000 0.990 0.990 0.800 

Water 0.900 0.900 0.900 0.000 0.990 0.500 

Urban area 1.000 1.000 1.000 1.000 0.000 1.000 

Barren land 0.900 0.500 0.990 0.800 0.300 0.000 

The table was derived from Table 1 provided by Liu, et al. [164] . 

 

3.3.3. Biocapacity calculations under various SSPs 

Biocapacity (BC) expresses the supply of resources and ecological services, whereas the 

ecological footprint (EF) is a measure of the human demand for resources and ecological 

services [55]. BC and EF could be used as indicators for the examination of the possibility of 

achieving sustainable development [198]. In this study, the BC values for the six land-use 

classes were calculated based on the land-use maps projected for 2030 under each SSP. The 

values were compared with the BC and EF values of 2015 to estimate the extent of the 

sustainable trend. The BC value was calculated using the following equation (see Borucke, et 

al. [199]  for the methodological details):  
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𝐵𝐶 = ∑
𝐴𝑖

𝑁
𝑖

∙ 𝑌𝐹𝑖 ∙ 𝐸𝑄𝐹𝑖 (8) 

     where BC (gha/cap) is the per capita biocapacity; Ai (ha), the area available for the land-use 

class i; N, the population; and YFi (wha/ha) and EQFi (gha/wha), the yield factors and 

equivalence factors of the land-use class i, respectively (Table 9). The units “gha” and “wha” 

stand for global hectare and world average hectare, respectively [see Global footprint network 

[200]  and the Working Guidebook to the National Footprint and Biocapacity Accounts (NFAs) 

[201] for more details.] 

 

The yield factors were derived from the study by Liu, et al. [82]  and the other equivalence 

factors from the NFA [201]. The original equivalence factors of grassland and bush were 0.46 

and 1.29, respectively, and the corresponding yield factors were 2.71 and 1.03, respectively. 

As grassland and bush were grouped into one land-use class in this study, they were represented 

by average values. 

 

Table 9. Equivalence and yield factors of different land-use classes. 

Land-use 

classes 

Cropland  Forest Bush and 

grassland 

Water 

 

Urban 

area 

Barren 

land 

Equivalence 

factors 

2.52 1.29 0.88 0.37 2.52 2.52 

Yield factors 1.65 1.03 1.87 2.71 1.74 1.74 
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 3.3.4. Carbon emissions coming from land use 

Being a typical human activity, land use has influenced the global carbon balance by changing 

the natural carbon sources and sinks, such as forest, grassland, and cropland [202], [203]. 

However, with the increased industrialization and urbanization, changes in the land-use 

patterns are causing increased carbon emissions [204]. Therefore, the carbon emission trend 

associated with land use under each SSP was estimated [205], [206] using the following 

equation: 

 

𝐸𝑠 = ∑ 𝐴𝑠𝑖

𝑖

∙ 𝛿𝑖 (9) 

     where Es (tC.y−1) denotes carbon emissions occurring under Scenario s; Asi (ha), the area of 

land-use class i under Scenario s; and δi, the carbon emission (absorption) coefficient (tC/(ha 

y−1)) of a given land-use class i. The carbon emission (absorption) coefficients are shown in 

Table 10. 

 

Table 10. Carbon emission coefficient [in tC/(ha y−1)] of each land-use class. 

Land-use 

class 

Cropland Forest 

Bush and 

grassland 

Urban area Barren land Water 

Value 0.422 −0.644 −0.021 40.73 −0.005 −0.253 

Reference [207] [207] [208] [208] [208] [208] 
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3.4. Results 
 

3.4.1. Historical land-use changes and transition modeling  

 

Table 11. Past land-use changes (km2) and their percentages (given within parenthesis) in the 

Greater Bay Area from 2000 to 2010. 

 

 

From Table 11, it can be seen that all land-use classes except urban area experienced both a gain 

and a loss; urban area recorded only an increase in the land area (3,018 km2). The contributors 

to the net increase in the urban area, in the descending order of their contributions, are cropland 

(2000 km2), bush and grassland (847 km2), forest (95 km2), water (73 km2), and barren land (3 

km2).  

In the study, 26 transitions (covering 99% of the total transitions) and persistence were grouped 

into five submodels (Table S 15). The MLPNN method demonstrated good performance. All of 

the accuracy rates of the submodels were higher than 0.800. Moreover, all the transitions 

showed a high skill measure with the lowest at 0.631 (transition from water to bush and 

grassland) and the highest at 1.000 (transition from forest to cropland and cropland to forest). 

 

Using historical changes and transition potential sub-models, the LCM could determine how 

the 12 variables (Figure 18) influenced future changes and the magnitude of those changes. The 

Land-use class 2000 2010 Gain Loss Net 

change 
Cropland 22,603 (40.54) 20,839 (37.37) 336 −2,100 −1,764 

Forest 23,283 (41.76) 23,096 (41.42) 508 −696 −188 

Bush and grassland 3,191 (5.72) 2,261 (4.06) 408 −1,337 −929 

Urban area 2,886 (5.18) 5,904 (10.59) 3,018 0 3,018 

Barren land 6 (0.01) 3 (0.01) 0 −3 −3 

Water 3,789 (6.80) 3,655 (6.56) 25 −158 −133 

Total 55,758  55,758     
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extent of land use transitions in 2030 was then calculated for the BaU scenario. Based on BaU 

scenario model, land-use projections for different SSPs were generated by adjusting the land 

transition probability matrix as shown in Figure 17 and as described in the section “Correlating 

land-use modeling with the local land planning policy-coupled SSPs”. 

 

3.4.2. Assessment of predictive performance of the model 

The projected land-use map of 2015 and the actual land-use map of 2015 were used to calculate 

the confusion matrix (Table 12). The overall accuracy and Kappa coefficient [209] were 0.96 

and 0.93, respectively. Precision and recall are two important model evaluation metrics [210]. 

Precision is the fraction of the images that project a particular land-use class that turns out to 

actually have that land-use class; recall is the fraction of images with a particular land-use class 

that have been projected to have that land-use class [211]. Furthermore, the F-score enables the 

combination of the precision and recall metrics into a single measure that captures both 

properties [212], it is calculated as (2 * Precision * Recall) / (Precision + Recall). The F-scores 

of cropland (0.96), forest (0.98), urban area (0.88), and water (0.96), which constitute the 

largest proportion of the land area in the Greater Bay Area, were very high. By contrast, the F-

score of bush and grassland (0.78) and barren land (0.70) were relatively low. However, these 

two land-use classes do not significantly affect the predictive accuracy as their contributions to 

it are small. Therefore, the validation demonstrated that the proposed model has a high 

predictive ability. 
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Table 12. Validation of predictive performance of the model. 

  

Projected land-use map in 2015 

 

Recall 

 

Land-use 

classes 

Cropland 

Bush and 

grassland 

Forest Water 

Urban 

area 

Barren 

land 

Area 

(km2) 

Actual 

land-use 

map in 

2015 

Cropland 19,526   8  93     2 876    0  20,506    0.95 

Bush and 

grassland 

36    1,627    283    6     312    0    2,264    0.72 

Forest 147    243     22,563     10    16    0  22,979    0.98 

Water  15    28    7  3,520     30    0  3,600    0.98 

Urban 

area 
 285    20     15                     48                  6,037             1                   6,406                0.94 

Barren 

land 

0  0  0  0  0  1                   1                       1.00 

 

Area 

(km2) 

 20,008             1,927              22,962              3,586              7,271              3                55,758               

Precision 0.98 0.84 0.98 0.98 0.83 0.53  

Overall 

accuracy: 

0.96 

F-score 0.96 0.78 0.98 0.98 0.88 0.70  Kappa: 0.93 

Decimal figures of area were converted to the nearest integers. 
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3.4.3. Future land-use changes under different scenarios 

 

 

Figure 19. Land-use change flow in the Greater Bay Area for three time slices: 2000, 2010, and 2030 

BaU map. 

 

The historical trends of land use changes in the Greater Bay Area (Figure 19) from 2000 to 2030 

demonstrate that, in general, the dominant land-use classes were cropland, forest, and urban 

area. Moreover, the proportion of land classified as urban area continuously and significantly 

increased; cropland, bush, and grassland experienced a significant decline, and forest exhibited 

a relatively small decrease. The conversion of cropland into urban area was a major contributor 

to urban development; approximately 22% of cropland had been converted into urban area 

between 2000 and 2030.  
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Figure 20. Projected land-use maps of the Greater Bay Area in 2030 under various SSPs at a 300-m 

resolution. 

 

Table 13. Land-use areas of the Greater Bay Area in 2030 under different SSPs and BaU (in km2). 

The figure given within the brackets denotes the proportion with respect to that observed under the BaU 

assumption. 

Scenarios Cropland Forest 

Bush and 

grassland 

Urban area 

Barren 

land 

Water 

BaU 17,728   22,414   1,396   10,829   3   3,388   

SSP1 20,568 (1.16) 19,747 (0.88) 2,372 (1.70) 9,557 (0.88) 3 (1.00) 3,511 (1.04) 

SSP2 18,386 (1.04) 21,080 (0.95) 3,354 (2.40) 9,325 (0.86) 3 (1.00) 3,610 (1.07) 

SSP3 17,159 (0.97) 21,463 (0.96) 4,871 (3.49) 8,703 (0.80) 3 (1.00) 3,559 (1.05) 

SSP4 20,336 (1.15) 19,959 (0.89) 2,386 (1.71) 9,468 (0.87) 3 (1.00) 3,606 (1.06) 

SSP5 20,538 (1.16) 20,112 (0.90) 2,006 (1.44) 9,468 (0.87) 3 (1.00) 3,631 (1.07) 
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Figure 21. Proportion of each land-use class of the Greater Bay Area in 2030 under various SSPs 

and BaU assumption. 

 

The spatial land-use distribution pattern of each scenario has not significantly changed (Figure 

20); thus, urban development still revolves around Pearl River Delta, which is surrounded by 

cropland, with forest predominantly located on its north side. The proportions of cropland, 

forest, and urban area are the highest. In the BaU scenario, which assumes the continuation of 

past trends without any constraints or incentives, the proportions of urban area (19.4%) and 

forest (40.2%) are larger than those under the SSP scenarios (Table 13 and Figure 21), whereas 

the proportion of bush and grassland (2.5%) is relatively low. In the SSPs, cropland and urban 

area were the largest in SSP1, being 1.16 and 0.88 times the size of BaU, respectively, followed 

by their respective areas in SSP5 and SSP4. Contrarily, the forest area in SSP1 (19,747 km2) 

was relatively low. In SSP3, the urban area (8,703 km2; 0.80 times the size of BaU) and 

cropland (17,159 km2; 0.97 times the size of BaU) were the lowest. Significantly, only in SSP3, 

cropland was smaller than that in BaU.  
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3.4.4. Assessment of Hong Kong under various SSPs 

 

 

Figure 22. Projected land-use maps of Hong Kong in 2030 under various SSPs. 

 

The projected land-use maps of Hong Kong were extracted from those of Greater Bay Area 

by using ArcGIS pro (the projected land-use maps can be obtained for other metropolitan 

regions, such as Shenzhen, Guangzhou, and Macao). As shown in Figure 22, Hong Kong has 

five land-use classes. Although the areas of the different land-use classes depend on the 

scenario considered, the land-use spatial distributions under different SSPs are similar. The 

forest, and bush and grassland areas under SSP1, SSP2, SSP4, and SSP5 are less than the 

respective areas under SSP3. The urban area under SSP3 has become small and the cropland 

area has shrunk significantly. These results agree with SSPs narratives; because of limited 

land use regulation the lowest urbanization level occurs under SSP3 (Table 6), and the 

transition from cropland to other land-use classes is easy, whereas increasing well-facilitated 

farmland is difficult under SSP3 (Table 7). Under the other SSPs, the urbanization level is 
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central or fast, land-use regulation is medium or strong, and the growth of land productivity is 

high (Table 6). 

 

3.4.5. Future biocapacity of Hong Kong under each SSP scenario 

 

Table 14. Per capita biocapacity of Hong Kong in 2015 and 2030 under each SSP (gha/cap). 

 Cropland Forest 

Bush and 

grassland 

Urban area Water Total 

SSP1 0.00903  0.00895  0.00054  0.01313  0.00171  0.0334  

SSP2 0.00650  0.00989  0.00003  0.01350  0.00171  0.0316  

SSP3 0.00140  0.01039  0.00351  0.01176  0.00154  0.0286  

SSP4 0.00898  0.00903  0.00054  0.01265  0.00188  0.0331  

SSP5 0.00871  0.00849  0.00039  0.01192  0.00177  0.0313  

2015  0.00749   0.01117   0.00059   0.01313   0.00208  0.0345  
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Figure 23. A comparison of the per capita ecological footprint (EF) of China and Hong Kong in 2015 

and 2030 and a comparison of the per capita biocapacities of China and Hong Kong in 2015 and 

2030 under each SSP. 

 (The bar chart and dashed lines denote the biocapacity and EF in gha/cap, respectively. The data pertaining to the 

biocapacity and EF of Hong Kong in 2015 were obtained from the study by Shi, et al. [213] . The data pertaining 

to the EF of China in 2015 were derived from the Global footprint network [214] ) 

 

As can be seen from Figure 23, the biocapacities of urban area, forest, and cropland are the 

dominating categories. As Table 14 shows, the per capita biocapacity in 2030 under each of the 

SSPs has declined from its value in 2015 (0.0345 gha/cap). In 2015, it has the highest value 

under SSP1 (0.0334 gha/cap) and the lowest value under SSP3 (0.0286 gha/cap). During the 

period from 2015 to 2030, the per capita biocapacities of cropland under SSP1, SSP4, and SSP5 

have improved but decreased under SSP2 and SSP3. However, the per capita biocapacity of 

urban area has increased (0.01350 gha/cap) only under SSP2, whereas under each of the other 
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SSPs, its value is less than or equal to its value in 2015 (0.01313 gha/cap). The per capita 

biocapacities of forests have reduced in 2030 in all SSPs. 

 

Between the per capita EF of Hong Kong in 2015 (6.14 gha/cap) and that in 2030 under SSP1, 

which is the highest among all the SSPs, a significant gap exists (Figure 23). The per capita 

ecological footprint of Hong Kong is around 184 times the per capita biocapacity; this indicates 

that the demands made by the population far exceed the supplies of the local ecosystem. In 

addition, being a developed city, the per capita consumption in Hong Kong is approximately 

1.7 times the per capita consumption of China (3.61 gha/cap).  

 

3.4.6. Future carbon emissions from land-use in Hong Kong  

 

Table 15. Carbon emissions/absorptions (102 tC.y−1) from different land-use classes in Hong Kong in 

2030 under each SSP. The figure in brackets denotes the value converted to CO2 (102 tCO2.y
−1). 

  
Total Cropland Forest 

Bush and 

grassland 
Urban area Water 

SSP1 9,666 (35,474) 75 (275) −355 (−1,303) −0.56 (−2.06) 9,982 (36,634) −35 (−128) 

SSP2 9,971 (36,594) 54 (198) −396 (−1,453) −0.03 (−0.11) 10,348 (37,977) −36 (−132) 

SSP3 8,167 (29,973) 11 (40) −396 (−1,453) −3.52 (−12.92) 8,585 (31,507) −30 (−110) 

SSP4 9,218 (33,830) 74 (272) −355 (−1,303) −0.56 (−2.06) 9,538 (35,004) −38 (−139) 

SSP5 9,239 (33,907) 76 (279) −355 (−1,303) −0.43 (−1.58) 9,556 (35,071) −38 (−139) 

Total 

CO2 

emissions 

in 2015 

416,000                       

The total CO2 emissions in 2015 were derived from The Environmental Protection Department of Hong Kong 

[215] . The emissions include those due to land use, electricity generation, town gas production, transport, 

industrial processes, product use, and the other end uses of fuel.  

The values were converted to their nearest integers. 
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Figure 24. Spatial distributions of the carbon emissions (absorptions) in Hong Kong in 2030 under 

each SSP. 

 

From Table 15 and Figure 24, it can be seen that urban area (366.57 tC/ha) and cropland (3.80 

tC/ha) are the main contributors to the emissions. The urban area has a decisive impact on the 

carbon emission increase in Hong Kong. Contrarily, forest (−5.80 tC/ha), bush and grassland 

(−0.19 tC/ha), and water (−2.27 tC/ha) contributed to the absorption of carbon; forests in 

particular play a major role in absorbing carbon.  The CO2 emissions from land use in 2030 

were approximately 8% of the total emissions in 2015. The highest CO2 emission was under 

SSP2, which was caused by the large emissions that came from the urban area (3,797,700 

tCO2.y
−1); it was followed by the emissions under SSP1, SSP5, and SSP4. The emission from 

cropland in SSP5 (27,900 tCO2.y
−1) was the largest, whereas the emission from cropland in 

SSP3 (4,000 tCO2.y
−1) was the smallest. The CO2 absorption from forests were the first and 
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second largest under SSP2 and SSP3 (−145,300 tCO2.y
−1), respectively, whereas its values 

under SSP1, SSP4, and SSP5 were almost same. 

 

3.5. Discussion 

 

3.5.1. Advantages and limitations of the study 

The studies by Hasan, et al. [168], Jiao, et al. [216], and Song, et al. [161] were similar to the 

present study with respect to the model, study area, and scenarios, respectively. Therefore, the 

scenarios, LULC models, and advantages and disadvantages of the methods used by the three 

previous studies mentioned and our study were compared (Table S 16) to demonstrate the 

differences of the four studies.  

 

As can be seen from Table S 16, the present study has two prominent advantages over the other 

three studies, which are listed as follows:  

(1) Spatial downscaling framework: This framework can also be used for other regions in China, 

such as Yangtze River Delta and Beijing–Tianjin–Hebei Urban Agglomeration, or other 

scenarios to simulate the future land use patterns. The output map with a high resolution could 

help understand the implications of global environmental changes and greenhouse gas (GHG), 

which are crucial for studying sustainable development [217]. Among the various land-use 

classes, the urban and agricultural land use are the two most commonly recognized high-level 

classes of land use [218]. A map with an improved resolution can provide detailed and accurate 

land-use information for urban planning, environmental monitoring, and governmental 

management [219]. For instance, a 300-m resolution map can be used to observe the impact of 
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urbanization on the land system in terms of space and time [220], [221], thereby helping 

decision-makers and stakeholders to design and coordinate sustainable urban development 

plans [222].  

 

(2) Elaboration of qualitative and quantitative methods of correlating LCM with localized SSPs: 

This is the most challenging part of scenario-based land use modeling and could make a 

significant impact on the projected results. However, the three previous studies did not make 

this elaboration. The qualitative and quantitative methods proposed in this study could be 

improved by considering additional factors, such as demographic, environmental, and 

economic factors, that would facilitate a more comprehensive and integrated simulation 

method for land-use change projection. 

The study also had several limitations. Future infrastructure development, such as the 

construction of new roads, was not included in the future projections made in the study, which 

can affect the spatial patterns of urban expansion and associated land-use changes under the 

different scenarios. Besides, the yield factor and equivalence factor of the biocapacity would 

vary, depending on the level of technology and socioeconomic development of the SSP 

considered. For instance, owing to the improvements in agricultural productivity (Table 6), the 

yield factor can be relatively high in SSP1 and SSP5 and could thus lead to a large local 

biocapacity. However, due to data limitations, the biocapacity was calculated for each scenario 

using the same set of yield factors (2001) and equivalence factors (2019). In the section 

“Correlating land-use modeling with the local land planning policy-coupled SSPs”, we referred 

to Liao, et al. [165] , Li and Chen [191] , and Li, et al. [176]  in adjusting future land demands 

because reference data for all land-use classes could not be obtained from a single source. To 

maintain data consistency, all references were selected in accordance with SSPs narratives. The 
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Chinese research community can establish a unified and localized SSPs database for simulating 

and applying future projections. Although GHG includes CO2, CH4, N2O, and fluorinated gases 

[223], [224], in this study, only CO2 emissions were considered and estimated only in terms of 

the land-use factor. Other emission factors, including economic development, population, 

energy consumption, and production, also require consideration. 

 

3.5.2. Verification and validation  

As shown in Table 6, from among the different socioeconomic development pathways possible 

in the future, urbanization will rapidly proceed under SSP1 and SSP5, whereas population 

growth will become relatively low with good land-use regulation and agricultural productivity 

improvements. Under SSP4, the urbanization level is relatively fast, and only high- and middle-

income countries or upper/middle classes would be able to regulate land use and stimulate 

productivity. Under SSP2, land-use regulation, productivity, and population growth are all at a 

medium level with concentrated urbanization. However, SSP3 represents the worst-case 

scenario, where population growth stands in stark contrast with slow urbanization, low land-

use regulation, and low productivity. 

 

The results obtained for biocapacity (Figure 23 and Table 14) are compatible with the SSPs 

narratives previously mentioned. The gaps among the biocapacities under different SSPs are 

mainly due to the variations in their cropland and urban areas. The urban area growth in SSP3 

is lower than that in either SSP1 or SSP5, due to the differences in the human development 

trends caused by factors such as population and GDP growth [144], [167], [225]. In addition, 

due to the pressure exerted by population growth and rapid rate of urbanization, China has 

implemented strict cropland protection and balance policies to ensure food security [191]. 
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Therefore, in the Greater Bay Area, the two largest cropland areas that support the sustainable 

development of the human society are under SSP1 and SSP5, followed by the cropland areas 

under SSP4 and SSP2. 

 

However, what is good for the sustainable development of human society need not necessarily 

be good for the nature. The rapid development of the urban area and the implementation of 

cropland balance policies could be disadvantageous for low-carbon development. As presented 

in Table 15, the carbon emissions from land use under SSP2, SSP1, and SSP5 are the highest. 

According to the analysis of historical land-use transitions (Figure 19), cropland is the main 

land class that can meet the requirements of urban expansion. However, in the future, the cost 

of urban sprawl will be indirectly transferred from cropland to other land classes, such as by 

the shrinking of forest, and bush and grassland, leading to a relatively low demand for forest 

in SSP1 (Table 5) due to the implementation of strict cropland protection and cultivated land 

requisition–compensation balance policy under SSP1(Table 7). The loss of vegetation would 

also lead to a decline in carbon absorptions and thus will not be conducive for achieving carbon 

neutrality before 2060 [226]. 

  

3.5.3. Policy implications  

As indicated below, the implications of future sustainable development can be explored by 

considering the future land-use projections made by this study. 

1. Biocapacity optimization: As shown in equation (8) and Table 9,  biocapacity is determined 

mainly by two factors: land area and land productivity [170]. The biocapacity would enhance 

if the two key drivers could be improved. Our results demonstrate that the areas of different 

land-use classes would vary depending on the scenario (Figure 20 and Figure 22), and that with 
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limited land-use change regulation (SSP3), both the local biocapacity and cropland biocapacity 

would decline significantly (Figure 23). By contrast, the strict control of land-use conversions 

would mitigate the degradation of local biocapacity (SSP1 and SSP4); the local biocapacity of 

cropland under SSP1 is high because of improved agricultural productivity (Table 6). 

Nevertheless, the level of agricultural industrialization in the Greater Bay Area is still low, with 

backward agricultural socialization service systems and an imbalance in the development of 

different cities [227]–[229]. Therefore, according to the results of our analysis, the biocapacity 

in the Greater Bay Area can be significantly improved by enhancing the productivity of 

agriculture and the regulation of land-use conversions. 

 

2. Mitigation of CO2 emissions: Urban area and cropland are the main sources of emissions 

(Figure 24), whereas vegetation-covered areas and water are the main contributors to carbon 

absorptions. Thus, the three highest CO2 emissions from land use occur under SSP2, SSP1, and 

SSP5 because the urban and cropland areas under these three scenarios are the largest of the 

corresponding areas under the five scenarios. Under SSP3, the emissions are low because the 

urban area and cropland under the scenario are small with large vegetation-covered areas. Thus, 

the green and blue spaces are important and effective in mitigating CO2 emissions. However, 

according to Table 11 and Table 13, the green and blue spaces have been declining since 2000. 

The trend would continue into the future. To mitigate CO2 emissions and achieve carbon 

neutrality before 2060, more attention would be required to the construction of blue-green 

infrastructure while building cities in the Greater Bay Area. 

 

3. Further improvements: The cultivated land requisition–compensation balance policy was 

released in 1997 [193]. Although it has been upgraded from a quantity- and quality-oriented 
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policy to an ecological balance-oriented policy [230], various issues, such as inequities in 

crossregional transitions and imbalance of cultivated land quality, continue to appear. A large 

proportion of  reclaimed cultivated land, which was not suitable for paddy cultivation, has been 

provided in mountainous areas to compensate for the loss of paddy land in the plains [231]–

[233]. Moreover, when we considered this policy in our future land-use projections for the 

Greater Bay Area (Table 7), we found that it was beneficial mainly for developing urban area 

and protecting cropland rather than maintaining a balance among all land-use classes. For 

instance, the cost of urban sprawl is indirectly transferred from cropland to forest, and bush 

and grassland (as shown in the section “Verification and validation”). In this way, not only the 

biocapacity of cropland could would not be maintained but also the capacity of carbon 

absorption would decrease, which would be detrimental to both socio-economic and 

environmentally sustainable development. Therefore, the current ecological balance 

mechanism and regulatory regime require further improvement by considering urban area and 

cropland, and the balance among all land-use classes. 

 

3.6. Conclusion 

This study aimed to project future land-use patterns at a relatively high resolution to explore 

SSPs implications and the possible land-use changes due to urban development. Through a 

spatial downscaling framework that combines global SSPs narratives with local land planning 

policies, using a land change modeling method, the study revealed that all of the scenarios 

experienced a significant expansion of urban area at varying degrees of decrease in cropland 

and forest, thereby leading to considerable differences in the levels of local biocapacity and 

carbon emissions. The effects of intervention policies, such as the local land planning policy 

and cultivated land requisition–compensation balance policy, were examined, and our analysis 

revealed that they were beneficial mainly for developing urban area and protecting cropland 
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rather than maintaining a balance among all land-use classes. Our findings would contribute to 

the improvement of intervention policies related to the research area.  
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CHAPTER 4: Impact of Urbanization on the Food-Water-Land-Ecosystem 

Nexus: A Study of Shenzhen, China 

 

4.1. Introduction 

Society faces the major challenge of delivering water, energy, and food sustainably under the 

global trends of population growth and economic development [234]. In 2011, the German 

Federal Government organized the Bonn Conference to address the interconnection among 

water, energy, and food security [235]; thus, a nexus lens was first used on the three fields 

[236]. In addition, the United Nations set 17 Sustainable Development Goals (SDGs) in 2015 

to facilitate global sustainability (United Nations, 2015). Thus, the nexus approaches can help 

enhance sustainability pathways [238]. Kebede et al. (2021) identified that the food–water–

land–ecosystem (FWLE) nexus is fundamental for achieving the SDGs, such as SDG2: Zero 

Hunger (sustainable food production), SDG11: Sustainable Cities and Communities 

(sustainable urbanization), SDG 12: Responsible Consumption and Production (transformation 

toward the sustainable use and management of natural resources), and SDG 15: Life on Land 

(protection and promotion of the sustainable use of terrestrial ecosystems and reversal of land 

degradation and biodiversity loss). 

 

Ecosystems play a major role in the interconnections within the nexus [240], because 

ecosystem services serve as the pillars that maintain biodiversity and support the availability 

of food, water, land, and energy in relation to the life-sustaining needs for human well-being 

[241]–[243]. These services can be classified into four categories, namely, provision (e.g., food 

production), regulation (e.g., water regulation), culture (e.g., outdoor recreation), and support 

(e.g., providing habitat for species and biodiversity) [244], [245]. The International Water 

Association and the International Union for the Conservation of Nature have collaborated to 
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discuss ecosystem-based solutions to the nexus problems [240]. The International Centre for 

Integrated Mountain Development (2012) used a nexus approach that considered ecosystem 

services to gain an in-depth understanding of the interlinkages among water, energy, and food 

in South Asia. Kebede et al. (2021) applied a regional integrated assessment platform of Europe 

to assess interactions with the FWLE nexus and present the implications for sustainability. 

Karabulut et al. (2016) conducted a spatially explicit assessment of water provision services in 

the Danube river basin by considering the FWLE nexus. Moreover, Kati et al. (2021) proposed 

a novel method for a windfarm planning strategy that offers a sustainable scenario for 

biodiversity–wind energy–land use nexus. 

 

The abovementioned studies convey that the nexus cognition and method are based on wide 

and multiple perspectives, which can provide remarkable contributions to the field of 

sustainability. However, studies on the FWLE nexus remain scarce. Especially in China, nexus-

related research mainly revolves around the water–energy–food nexus [236], [249], [250] or 

only focuses on one aspect [251]–[253]. As such, land use and ecosystem services are rarely 

discussed. Thus, improving the understanding of the FWLE nexus interactions and changes 

under potential futures is key to identifying the synergies and tradeoffs between the food, water, 

and land-use systems [239]. 

 

Therefore, the motivation and novelty of the study are to fill the research gap in the nexus field 

and, thus, contribute to the limited research in terms of the quantitative assessment of the 

FWLE nexus. The objectives are as follows: 

1. Temporally and spatially assess the land, water, food, and habitat in the rapidly urbanized 

area. 
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2. Explore the tradeoffs between the FWLE nexus and urbanization. 

Shenzhen was selected as the subject of the study as a representative megacity. Under the 

business-as-usual (BaU) scenario, which represents the continuation of the recent trend, we 

first project the land-use pattern by 2030 using a land change modeler (LCM) software. Second, 

the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) was used to assess 

habitat quality, water yield, and water supply between 2000 and 2030. Furthermore, crop 

production was estimated by referring to statistical materials. 

 

4.2. Study area 

Shenzhen (22°27′–22°52′ N, 113°46′–114°37′ E) is located in the Guangdong province in 

South China (Figure 25) and situated immediately across the border from Hong Kong. This 

region is characterized as a mild, subtropical maritime climate with a mild winter and a hot and 

humid summer. Moreover, land elevation in Shenzhen declines from the southeast to the 

northwest, whereas the western part comprises coastal plains with a coastal length of 

approximately 230 km [254]. By the end of 2019, the permanent population was 13.44 million 

[255]. Since 1980, as China’s first special economic zone, Shenzhen has developed from a 

small fishing village to a global first-tier city. It forms part of the Pearl River Delta megalopolis 

and became the first city in China without a rural institution [256]. Since 2005, its urban 

population has reached 100% [257], and, in 2020, its economy ranked third in China with 1.98 

trillion yuan in annual gross domestic product [258]. However, with the increased urbanization, 

industrialization, and modernization, many environmental problems are becoming increasingly 

apparent, such as the reduction of food self-sufficiency [259], shrinking of cultivated land [260], 

increased levels of carbon dioxide emissions [261], and water pollution [262], [263]. Although 

Shenzhen has plenty of rain, the pressure on water use is overloaded. Thus, water scarcity in 
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Shenzhen has become a bottleneck for development since the 1980s [264]. Over the past decade, 

the general trend of water use increased, where domestic water use (35%) and urban public 

water use (30%) were the two major parts of the total water use, followed by urban industrial 

water use (approximately 25%) [265]. Shenzhen has initiated the transformation of its previous 

development mode to address these challenges and pursue a sustainable future for society and 

the ecosystem [266]. Therefore, the FWLE nexus philosophy could contribute to this 

sustainable transformation. Hereby, Shenzhen was selected as the case study. 

 

Figure 25. Location of Shenzhen, China. 

 

 

4.3. Materials and Methods 

Figure 26 puts forward the framework for the FWLE nexus, where land is viewed as the point 

that links society and the environment and not only underpins the ecosystem but also 

provides fundamental support to human development [267]. In turn, urbanization due to 

human activities can shape the land-use pattern and drive land-use changes, which lead to 
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further impacts on the ecosystem, such as crop production and water yield. Finally, the 

linkage effect will reflect on society. Among these linkages, land-use change can be 

considered a crucial variable in the transformation toward the sustainable development of 

urbanization and the ecosystem. In the present study, land was deemed as the entry point, 

whereas habitat quality was used as an indicator to reflect the integrity of ecosystem. In other 

words, an ecosystem with a high-quality habitat can better support ecosystem services [268], 

such as the provision of food and water. Thus, the impact of urbanization on the FWLE nexus 

can be explored based on land-use changes. 

 

Figure 26. Framework of the FWLE nexus (yellow ellipses represent three indicators, namely, the 

ecosystem, food, and water) 

 

Figure 27 presents the workflow of land-use projection under the BaU scenario for the year 

2030 and the assessment of ecosystem services related to food, water, and habitat. The LCM 

software, which is an integrated module of TerrSet 2020 [269], was used to simulate future 

land-use changes. Consequently, the outcome (30-m resolution) was deemed as the BaU 

scenario land-use map for 2030, which represents the continuation of recent trends in Shenzhen. 

It could be simulated directly by generating a default transition probability matrix based on the 
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analyses of historical land-use change and the training of transition potential modeling. The 

assumptions of the BaU scenario are as follows: 

• The topography, geographic landscape, and urban development pattern will not change 

to a large extent. For instance, the city center will not be relocated; the forest will not 

be intensively exploited; and the major development of transportation will continue to 

revolve around the city and its adjacent areas. 

• The scenario will extrapolate the recent trend of land-use changes observed between 

two time periods, namely, 2000 and 2010, into the future [270]. 

• No additional intervention factors will be involved, such as the new socioeconomic 

change, policy intervention, urban design, and land-use planning. 

 

Thus, the BaU scenario can be used for observing the FWLE nexus as shaped by recent 

urbanization, which is similar to obtaining a diagnosis (i.e., the projection of future events if 

the recent situation continues). Implications for sustainable transformation are then drawn. 

 

Next, based on the InVEST model and statistical materials, historical and projected land-use 

maps were used to assess the ecosystem services from 2000 to 2030. Thus, the study can 

constitute temporal and spatial assessments and analyses with 10-year intervals of land-use 

changes and ecosystem services to explore the FWLE nexus against the background of recent 

urbanization. Table 16 presents a list of the sources of data used in this study. 
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Figure 27. The overall projection framework of land-use pattern in 2030 under the BaU scenario 

and assessments of ecosystem services. 

LU stands for land-use, whereas MLPNN stands for multilayer perceptron neural network. (The 

yellow, red, and green solid lines denote the data collection, LCM simulation, and the assessment by 

InVEST, respectively; the blue, orange, and magenta boxes denote the three subcomponents of the 

LCM, respectively.) 

 

Table 16. Data source. 

Data Data description Source 

Land use/cover Land use/cover in 2000, 2010, 

and 2020 at a resolution of 30 m 

GLOBELAND30 

(http://www.globallandcover.com/) 

Digital 

elevation model 

(DEM) 

For the year 2019 at a resolution 

of 30 m 

JAXA-DEM 

(https://www.eorc.jaxa.jp/ALOS/en/aw3d30/) 

Road map Polyline shape file in 2013 OpenStreetMap (https://download.geofabrik.de/) 

http://www.globallandcover.com/)
https://www.eorc.jaxa.jp/ALOS/en/aw3d30/
https://download.geofabrik.de/
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Soil data Soil texture at a resolution of 10 

km 

(%clay, %sand, %silt, %organic 

matter) 

National Tibetan Plateau/Third Pole Environment 

Data Center, China (https://data.tpdc.ac.cn/zh-

hans/disallow/11573187-fd64-47b1-81a6-

0c7c224112a0/) 

 
Soil depth, available water 

capacity (1-km resolution) 

Harmonized World Soil Database v 1.2 

(http://www.fao.org/soils-portal/soil-survey/soil-

maps-and-databases/harmonized-world-soil-

database-v12/en/) 

Precipitation Mean annual precipitation for 

2017 at a resolution of 500 m 

Resource and Environment Science and Data Center, 

China (http://www.resdc.cn/DOI/doi.aspx?DOIid=39) 

Reference 

evapotranspirati

on (ET0) 

Global raster climate data (30 

arc-seconds) for the 1970–2000 

period 

Global Aridity Index and Potential Evapotranspiration 

Climate Database v2 

(https://cgiarcsi.community/2019/01/24/global-

aridity-index-and-potential-evapotranspiration-

climate-database-v2/) 

Unit area yield 

of crop 

Annual crop yield per square 

kilometers in 2000, 2010, and 

2019 

Shenzhen Statistical Yearbook 

(http://tjj.sz.gov.cn/attachment/0/736/736628/8386

382.pdf) 

 

4.3.1. LCM 

The LCM is an integrated vertical application embedded within TerrSet. It is used for the 

analyzing past land cover changes, modeling the potential for change, projecting the course 

of change into the future, and evaluating planning interventions to maintain ecological 

sustainability [271]. The LCM has been applied across many disciplines [182] and proven an 

effective and powerful model due to its Markov Chain-based neural network [168], [272]. 

Therefore, we selected the LCM to project the land-use patterns in Shenzhen under the BaU 

scenario for the year 2030. The study employed the three major subcomponents of LCM 

version 19.0.4 (Figure 27), namely, land change analysis, transition potential modeling, and 

change projection. 

 

https://data.tpdc.ac.cn/zh-hans/disallow/11573187-fd64-47b1-81a6-0c7c224112a0/
https://data.tpdc.ac.cn/zh-hans/disallow/11573187-fd64-47b1-81a6-0c7c224112a0/
https://data.tpdc.ac.cn/zh-hans/disallow/11573187-fd64-47b1-81a6-0c7c224112a0/
http://www.fao.org/soils-portal/soil-survey/soil-maps-and-databases/harmonized-world-soil-database-v12/en/
http://www.fao.org/soils-portal/soil-survey/soil-maps-and-databases/harmonized-world-soil-database-v12/en/
http://www.fao.org/soils-portal/soil-survey/soil-maps-and-databases/harmonized-world-soil-database-v12/en/
http://www.resdc.cn/DOI/doi.aspx?DOIid=39
https://cgiarcsi.community/2019/01/24/global-aridity-index-and-potential-evapotranspiration-climate-database-v2/
https://cgiarcsi.community/2019/01/24/global-aridity-index-and-potential-evapotranspiration-climate-database-v2/
https://cgiarcsi.community/2019/01/24/global-aridity-index-and-potential-evapotranspiration-climate-database-v2/
http://tjj.sz.gov.cn/attachment/0/736/736628/8386382.pdf
http://tjj.sz.gov.cn/attachment/0/736/736628/8386382.pdf


88 
 

4.3.1.1. Step 1: Change analysis 

This step analyzes past land-use changes to identify the transition from one land-use state to 

another. Two land-use maps for 2000 and 2010 (Figure 27, Table 16) were used, whereas seven 

land-use classes were identified, namely, artificial surfaces, cultivated land, forest, shrubland, 

grassland, wetland, and water bodies. Moreover, we specified that the land transitions in areas 

that exceed 10 km2 could be considered, that is, only dominant transitions, which cover 

approximately 82.2% of the total transitions were used for modeling. 

 

4.3.1.2. Step 2: Transition potentials 

At this stage, the transition submodel, which utilizes the same underlying driver variables, was 

built to simulate the potential for land transitions [273]. The study employed two primary 

setups of the transition submodels to compute transition potentials, namely, the transition 

submodel structure and simulation approach. First, Cramer’s V approach was used for building 

the transition submodel to quantitatively measure the level of association between drivers and 

land-use class [274]. In essence, the higher the value of Cramer’s V, the better the potential 

explanatory of the driver. Moreover, a Cramer’s V value of more than 0.15 [189] was identified 

as a strongly associated variable that can be used for the structure of submodel (Figure 27). In 

this study, 13 variables (Figure 28) were selected to build the transition submodels. The 

evidence likelihood is an effective means of incorporating categorical variables into the 

analysis, which is highly recommended for use in building transition submodels [189]. This 

likelihood can be generated in the variable transformation utility panel of the LCM. 
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Figure 28. Variables for the transition submodel structure in the LCM. 

 

Second, the multilayer perceptron neural network (MLPNN), which is a feed-forward artificial 

neural network [275], was used for the simulation approach. It requires relatively less data for 

training [276] and can run multiple transitions (up to nine) per submodel [189]. Moreover, it 

can simulate nonlinear relationships in a robust manner [277]. Therefore, MLPNN simulation 

was adopted to model the land-use transitions from 2000 to 2010. 

 

 

4.3.1.3. Step 3: Change projection 

The number of changes in land transitions can be computed through a Markov Chain after 

specifying the year 2030 as the end date. Consequently, the BaU scenario can be generated, 

where two types of results can be obtained via LCM (i.e., hard- and soft-projection maps) using 

the default transition probability matrix. A hard projection is a specific scenario of a landcover 

map with the same categories as the inputs. By contrast, the soft projection is a continuous 

mapping of the degree of vulnerability to change ranging from 0 to 1, which indicates the extent 
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to which an area possess adequate conditions to undergo changes instead of pointing out 

specific changes [189]. Therefore, the study employed hard projection to assess predictive 

performance and as the input related to land use for the InVEST model. 

 

4.3.2. InVEST 

InVEST is a suite of models that can be used to map the goods and services from nature that 

support human life and help explore changes in ecosystems [278]. One of the advantages of 

the InVEST is the relatively low requirements of data and expertise. Therefore, the tool is 

appropriate for assessing multiple ecosystem services influenced by land-use changes [279]–

[281], such as habitat quality, water yield, and water scarcity (supply). Thus, the ecosystem 

services related to the FWLE nexus could be quantified and mapped via the InVEST model. 

 

4.3.2.1. Habitat quality model 

InVEST assesses habitat quality as a function of (1) the suitability of each land-use class for 

providing habitat for biodiversity using a relative habitat quality score from 0 to 1 (Table S 

17), where 1 denotes the highest suitability for species, such as the forest, and (2) threats that 

likely impair habitat quality and the sensitivity of each land-use class to each threat [282] 

(Table S 17 and Table S 18). Three factors, namely, distance, weight, and the sensitivity of 

land-use class to the threat are used to determine the impact of threats on habitat. In general, 

the degradation of habitat quality is a result of the intensity of nearby human activities and 

land-use changes [283]. The total threat level and a half-saturation function are used to 

translate a pixel cell of threat level into habitat quality [284]. Section I of Appendix C 

provides specific calculations. 
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4.3.2.2. Annual water yield model 

The annual water yield model offers insight into the influence of the changes in land-use 

patterns on annual surface water yield by estimating the relative contributions of water from 

different parts of a landscape [285]. Although the model does not differentiate between 

surface and baseflow, it assumes that all water yield from a pixel reaches the point in 

question through one of these pathways. The water yield of a sub-watershed is then generated 

by the summation and average methods [286]. Section II of Appendix C presents specific 

calculations. 

 

4.3.2.3. Water scarcity (realized supply) 

Based on the calculated water yield and consumptive water use in the watersheds of interest, 

the realized supply option of the model (called water scarcity in the tool interface) can be 

used to calculate the water inflow to a reservoir [285]. Therefore, the consumptive water use 

for land use/cover should be identified to calculating water scarcity, that is, water 

incorporated into products or crops, consumed by humans or livestock, or removed from the 

watershed water balance [285]. This study considered two types of land-use classes, namely, 

cultivated land related to agricultural water use, such as water used for paddy fields, 

vegetable fields, forestry, and fruit irrigation, and artificial surfaces related to industrial, 

public, and domestic water use. Section III of Appendix C illustrates the specific calculations. 

 

4.3.3. Crop production 

Crop production was estimated based on the annual yield per square kilometer and the area of 

cultivated land in Shenzhen. According to the Shenzhen Statistical Yearbook 2020 [255], 

vegetable mainly comprises the local farm crops since 2000. As a result, the yield of 

vegetables was used to estimate crop production. In 2000, 2010, and 2019, the vegetable 
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yields were 1,892, 1,742, and 1,653 t/km2, respectively [255]. We assumed that the vegetable 

yield in 2020 was equal to that in 2019 due to data constraints. Moreover, the annual yield 

per square kilometer in 2030 was assumed as a continuation of the trend of change between 

2000 and 2020. Thus, it can be estimated on the basis of the average annual growth rate from 

2000 to 2020. 

 

4.4. Results and Analyses 

4.4.1. Predictive performance of the LCM 

The actual land-use map of 2020 and the projected land-use map of 2020 were used to 

calculate the confusion matrix for assessing predictive performance (Table 17) and overall 

accuracy. The kappa coefficients were 0.78 and 0.67, respectively, which demonstrates that 

the predictive performance of the model was substantial, whereas the output was acceptable. 

Furthermore, precision and recall metrics were calculated to reflect the predictive 

performance of each land-use class. Precision denotes the fraction of images that project a 

particular land-use class that turns out to actually have that land-use class; recall is the 

fraction of images with a particular land-use class that has been projected to have that land-

use class [211]. To capture the priorities of the precision and recall metrics, the F-score, 

which is a single measure, was used and is calculated as (2 × Precision × Recall)/(Precision + 

Recall) [212]. The F-scores for forest (0.81) and artificial surfaces (0.86), which compose the 

largest proportion of land area in Shenzhen, were high. In contrast, the F-scores for wetland 

(0.0) and grassland (0.36) were low. Nevertheless, these two land-use classes did not 

significantly influence predictive accuracy due to their results are negligible. In summary, the 

validation demonstrated that the model possessed substantial predictive ability. 
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Table 17. Validation of predictive performance of the model. 

 
Projected land-use map of Shenzhen in 2020 

  

 
Land-use 

class 

Cultivated 

land 
Forest Grassland Shrubland Wetland 

Water 

bodies 

Artificial 

surfaces 

Area 

(km2) 
Recall 

Actual 

land-

use 

map of 

Shenz

hen in 

2020 

Cultivated 

land 

47.11 7.40 0.89 0.24 0.00 1.60 13.00 70 0.67 

Forest 4.94 511.37 11.50 30.28 0.00 1.55 47.01 607 0.84 

Grassland 1.36 22.74 29.65 13.85 0.00 0.87 21.63 90 0.33 

Shrubland 0.25 31.98 12.39 88.45 0.00 0.46 8.15 142 0.62 

Wetland 0.00 0.01 0.00 0.00 0.00 0.01 0.00 0.02 0.00 

Water bodies 4.37 12.96 2.72 5.47 0.00 34.28 13.33 73 0.47 

Artificial 

surfaces 
31.33 71.19 16.26 13.67 0.00 21.18 814.82 969 0.84 

Area (km2) 90 658 74 152 0.00 60 918 1,952  

Precision 0.53 0.78 0.40 0.58 0.00 0.57 0.89 
Overall 

accuracy: 0.78 

F-score 0.59 0.81 0.36 0.60 0.00 0.52 0.86 Kappa: 0.67 

Note: The decimal values of the subtotal and total areas were converted to the nearest integers. 

 

4.4.2. Land-use changes from 2000 to 2030 

Table 18. Summary of land-use classes and actual land-use changes in Shenzhen from 2000 to 2020 

and the projected land-use for 2030 under the BaU scenario (in units of km2). Brackets denote the 

percentage for each land-use class 

Land-use class 2000 2010 2020 2030 

Cultivated land 149 (0.08) 117 (0.06) 70 (0.04) 70 (0.04) 

Forest 666 (0.34) 668 (0.34) 607 (0.31) 641 (0.33) 

Grassland 164 (0.08) 110 (0.06) 90 (0.05) 56 (0.03) 

Shrubland 148 (0.08) 156 (0.08) 142 (0.07) 151 (0.08) 

Wetland 0.47 (0.00) 0.00 (0.00) 0.02 (0.00) 0.00 (0.00) 

Water bodies 158 (0.08) 92 (0.05) 73 (0.04) 41 (0.02) 

Artificial 

surfaces 

667 (0.34) 808 (0.41) 969 (0.50) 992 (0.51) 

Total 1,952 
 

      

Note: The area value was rounded. 
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Figure 29.  (a). The flow of land-use change in Shenzhen for four time periods, namely, 2000, 2010, 

2020, and the 2030 BaU map. (b). The spatial distribution of land-use pattern in Shenzhen from 2000 

to 2030. (area in gray box denotes the comparative part between 2020 and 2030). 

 

In the past 20 years, the land-use pattern in Shenzhen has changed dramatically. Table 18 and 

Figure 29 depict the time series of the proportion of land-use and land changes, respectively. 
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Table 18 demonstrates that the dominant land-use classes in Shenzhen are forest and artificial 

surfaces, which account for more than 60% of the total area. Moreover, only artificial 

surfaces displayed a continuous and significant increase from 2000 to 2030. The proportion 

was projected to reach 51% (992 km2) by 2030, whereas shrubland exhibited a slight 

increase. Furthermore, cultivated land, grassland, and water bodies experienced significant 

declines, whereas the forest indicated a relatively small decrease. Over three decades, their 

proportions were reduced by approximately half, especially for water bodies, which 

decreased from 8% (158 km2, 2000) to 2% (41 km2, 2030). The wetland area was extremely 

small and exhibited a shrinking trend, which nearly indicates the point of negligence. The 

study observed that, between 2000 and 2010, conversions of the forest, cultivated land, and 

grassland were significant contributors to the development of artificial surfaces in Shenzhen 

(Figure 29 (a)). By 2020, forest and cultivated land continue to be the primary sources for the 

sprawl of artificial surfaces, especially for the forest. Moreover, its conversion increased by 

nearly twofold, which indicates that Shenzhen was urbanized rapidly at the cost of cultivated 

land or forest. 

 

Figure 29 (b) presents the spatial distribution of land-use patterns, where the development of 

artificial surfaces expanded rapidly throughout Shenzhen. In contrast, only the mountainous 

southeast region covered by forest was relatively less affected by human activities. The gray 

box in Figure 29 (b) represents the coastal area, which was developed into built-up land 

through reclamation since 2020. However, the projection in LCM was based on the land-use 

maps for 2000 and 2010. At the time, this coastal area had not been rapidly developed, which 

led to the projected increase in artificial surfaces (2030) that was less than the actual increase 

in 2020. This result indirectly implied the dramatic occurrence of land-use transitions in 

Shenzhen. 
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4.4.3. Habitat quality and degradation assessments 

 

 

Figure 30. Spatial distribution of habitat quality in Shenzhen from 2000 to 2030. 

 

Figure 30 depicts that the value of habitat quality ranged from 0 to 0.99, where the smaller the 

value, the lower the habitat quality. The habitat quality in the majority of areas was 

approximately 0.5, which indicates that the overall level of habitat quality in Shenzhen was 

comparably low. Places with high levels of habitat quality (a value of approximately 0.9) are 

mainly concentrated in the southeastern side, which is a mountainous area. In contrast, the 

expansion of artificial surfaces negatively impacted habitat quality. From 2000 to 2020, 

significant degradation occurred around artificial surfaces (Figure S 1), where many cultivated 

land and forest areas were converted to artificial surfaces. As a result, the highest degradation 
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value increased from 0.24 to 0.27. Moreover, the degradation trend is projected to continue 

until 2030. On the contrary, the east side of Shenzhen exhibited a relatively slight degradation 

due to the slow development of the built-up area. Thus, land use exerts a significant influence 

in shaping habitat quality and degradation rate. 

 

4.4.4. Assessment of water yield changes and water supply 

 

 

Figure 31. Spatial distribution of water yield (in mm) in Shenzhen from 2000 to 2030. 

 

In Shenzhen, the total annual volumes of water yield, which were determined by modeling its 

actual annual evapotranspiration (AET) and annual precipitation (P), were 22.93 × 108, 

23.61 × 108, 24.18 × 108, and 24.35 × 108 m3 in 2000, 2010, 2020, and 2030, respectively, 

which indicated an increasing trend. However, in Figure 31, the bluish-green color represents 

areas with relatively high water yield, whereas the yellowish-brown color characterizes those 

with relatively low water yield. Consequently, regions with the artificial surfaces (i.e., bluish-
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green colored area mainly covered by forest, shrubland, and grassland) gradually changed 

into yellow from 2000 to 2030, which indicates that the water yield per unit area declined in 

forest, cultivated land, and shrubland. Conversely, the water yield in regions with artificial 

surfaces was higher due to the lower AET, which was determined using the 

evapotranspiration coefficient (Kc, Table S 19). In addition, the increase in the water yield 

from artificial surfaces was greater than the loss of water yield from other regions, which led 

to an increase in total water yield. 

 

Figure 32. Total realized water supply volume (in m3) for each sub-watershed (bright yellow lines 

denote the boundary of sub-watersheds). 

 

Findings related to the water supply for each sub-watershed can be obtained using the water 

scarcity tool in InVEST (Figure 32). In 2000, water-scarce areas only existed in the 

northwestern side of Shenzhen, where the water supply value ranged from −7,709.3 m3/km2 

to 104,362.3 m3/km2. By 2020, however, the lowest and highest water supply values 

decreased to −33,199.0 and 102,253.0 m3/km2, respectively. From 2010 to 2030, sizable 
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water-scarce areas were observed to be concentrated in the mid-western side, which was 

dominated by artificial surfaces. Conversely, the east side retained a relatively high level of 

water supply. In 2030, the water supply value was projected to range from −30,196.1 m3/km2 

to 108,875.3 m3/km2. In summary, the water supply in Shenzhen declined gradually between 

2000 and 2020 with an apparent increase in water-scarce sub-watersheds. Furthermore, 

against the background of urban expansion, the water supply shortage in Shenzhen was 

projected to continue through 2030. 
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4.4.5. Estimation of crop production 

 

Figure 33. Spatial distribution of crop production in Shenzhen from 2000 to 2030. 

 

The main cultivated land in Shenzhen is concentrated in the west, whereas the rest is mainly 

located close to the city boundary (Figure 33). Therefore, cultivated land experienced a 

significant decrease between 2000 and 2030, whereas the total crop production declined from 

281,908 t (2000) to 108,220 t (2030). This result indicated that the crop production in 

Shenzhen sharply decreased by more than half over three decades. This consequence mainly 

resulted from two factors. The first is the rapid shrinking of cultivated land (Table 18 and 

Figure 29 (a)). From 2000 to 2030, the area of cultivated land decreased by approximately 79 

km2, where the conversion of cultivated land was one of the main sources for the expansion 

of artificial surfaces. The second is the decline in annual yield per unit area, where the 

average annual growth rate of crop production in Shenzhen between 2000 and 2020 was 
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−0.67% (with a net loss of 239 t/ km2), which increased the severity of the reduction of food 

self-sufficiency. 

 

4.4.6. Tradeoffs between urbanization and the FWLE nexus. 

 

The urbanization in Shenzhen contributed significantly to the expansion of artificial surfaces, 

whereas water yield benefited from this change (Figure 34). On the contrary, the increase in 

artificial surfaces negatively influenced crop production, water supply, and habitat quality. 

Especially, crop production was the most affected by the sprawl of artificial surfaces, which 

exhibited growth rates of −28% (2000–2010) and −43% (2010–2020), followed by water 

supply and habitat quality, whereas the water yield increased only by 3% (2000–2010) and 

2% (2010–2020). This finding demonstrated that urbanization could lead to an obvious 

increase in artificial surfaces and evidently exerted negative impacts on food production, 

water supply, and habitat quality. Moreover, its contribution to the increase in water yield 

was very limited. 

 

Figure 34. Growth rates of habitat quality (HQ), crop production (CP), water supply (WS), water 

yield (WY), and artificial surfaces (AS) in Shenzhen from 2000 to 2030. The growth rates for HQ, 

WS, and WY were calculated based on mean values for 2000, 2010, 2020, and 2030, whereas those 
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for CP and AS were calculated based on the annual crop production and areas with artificial surfaces 

for 2000, 2010, 2020, and 2030. 

 

Based on the abovementioned results, the main tradeoffs between urbanization and the 

FWLE nexus were increases in artificial surfaces and water yield and decreases in habitat 

quality, crop production, and water supply. However, Figure 34 indicates that the 

disadvantages (degradation of habitat quality and decline in food production and water 

supply) outweighed the advantages (increase in water yield and artificial surfaces) in terms of 

the FWLE nexus. Nevertheless, urbanization can still hold a powerful transformative 

potential to optimize the FWLE nexus and achieve the SDGs [287]. In 2016, the United 

Nations Conference on Housing and Sustainable Urban Development (Habitat III) adopted 

the New Urban Agenda [288]. This document mentions that urbanization can contribute to a 

better and more sustainable future given that cities are well-planned and well-managed. From 

this perspective, the spatially explicit assessment of the nexus can help present tradeoffs for 

mitigating the contradictions between urbanization and the FWLE nexus. For instance, the 

spatial distributions of water yield and habitat quality in 2020 can be combined to provide 

integrated information (Figure 35). In this case, the greener the color, the higher the values of 

water yield and habitat quality. Conversely, the redder the color, the lower the values of water 

yield and habitat quality. Areas with high levels of water yield and high habitat quality were 

mainly located on the eastern side, which should be protected from intensive land-use 

changes. Moreover, areas with low water yield and high habitat quality could be considered 

priorities for restoration or optimization. In addition, areas with low habitat quality and low 

water yield can be considered potential areas for urban development. This integrated spatial 

assessment captures and presents the characteristics of the FWLE nexus of a place and helps 

facilitate the identification of areas that require protection from intensive development or that 
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are considered potential candidates for development. In this manner, contributions to 

tradeoffs in the sustainable development of urbanization can be made. 

 

Figure 35. Bivariate mapping of habitat quality and water yield in 2020 

 

 4.5. Discussion 
 

4.5.1. Impact of urbanization on the FWLE nexus  

 

A habitat denotes a place that offer food, water, and reproductive and nursery grounds for the 

preservation of an abundant biodiversity [289]. Thus, degradation and loss of habitat for 

biodiversity can reduce the efficiency of nutrient cycling, soil formation, and water purification 

[290], [291]. However, in Shenzhen, the study demonstrated that habitat degradation has 

occurred and will continue in the future under the BaU scenario (Figure 30 and Figure S 1). The 

study identified a remarkable urban expansion in Shenzhen and the occurrence of intensive 

development in the coastal area (e.g., reclamation), such that the area for artificial surfaces 

increased to nearly 1.5 times compared with that for 2000 (Table 18). Large amounts of forest 

and cultivated land were converted to artificial surfaces (Figure 29 (a)). This finding is in 

accordance with those for other cities in China, such as the Huang-Huai-Hai Plain [292], 

Yangtze River Delta [293], and the Pearl River Delta [216]. 
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The trend of increasing urbanization is likely to intensify the existing challenges for urban 

sustainability [294] and the security of the food–water–ecosystem nexus, because rapid urban 

expansion accelerates the decline of habitat quality and threatens biodiversity [295]. This 

scenario can lead to a significant degradation in agroecosystem services [296], [297] and 

negatively affect crop production, which was demonstrated by this study. In Figure 36, the 

annual crop yield in Shenzhen sharply decreased from 2000 to 2020 with an average decline 

rate of approximately 36%. This decrease poses a threat to food security. Moreover, we 

observed that the mean box value for each habitat quality and water supply indicated downward 

trends, which signifies that the overall level of habitat quality and water supply gradually 

deteriorated with the increase in the sprawl of artificial surfaces. Alternatively, the mean value 

for the annual volume of water yield in Shenzhen increased between 2000 and 2030 due to the 

conversion of cultivated land or forest into built-up land, which was mainly covered by 

impervious surfaces. This change, thus, decreased the evapotranspiration and infiltration of 

precipitation and accelerating runoff [279]. Nevertheless, areas for other land uses in Shenzhen 

experienced a reduction in water yield (Figure 31), such as the transition from grassland to 

artificial surfaces and from wetland to cultivated land [298]–[300]. However, a positive nexus 

was noted between the development of artificial surfaces and water yield as a whole (Figure S 

2). 
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Figure 36. Normalization of habitat quality, water yield, water supply, and crop production in 

Shenzhen (SD represents the standard deviation) 

 

Furthermore, spatial assessment can not only help analyze tradeoffs and synergies among land-

use and ecosystem services and goods [301] but can also play an essential role in sustainable 

management [302]. At this point, a continuous monitoring of urbanization dynamics and 

forecasting of the trend and consequence of plausible land-use development are necessary to 

increase awareness about their positive and negative impacts. The present study provided a 

convenient means for projecting future land-use patterns under the current context of 

urbanization and its corresponding impact on FWLE nexus. Thus, we provided evidence for 

guiding current or future policy decisions and planning. Furthermore, the study explored the 

spatial associations between the spatial distribution of ecosystem services and land-use changes 

in Shenzhen. The results revealed that cropland, which is located in regions with low elevation 

(Figure 25 and Figure 33), was rapidly converted into artificial surfaces, which resulted in area 

reduction by approximately 50% between 2000 and 2020. Moreover, the low habitat quality 

(Figure 30) and relatively severe degradation (Figure S 1) were predominantly concentrated in 

the western side of Shenzhen, where the intense expansion of artificial surfaces occurred. The 
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water supply (Figure 32) also exhibited high spatial heterogeneity and relatively high water 

supply as indicated in the mountainous region of the eastern side. At the same time, the study 

identified severe water-scarce sub-watersheds on the western side and coastal areas from 2010 

to 2030. In contrast, the spatial characteristic of water yield considerably differed from the 

other services, where water yield was found to increase in the sub-watersheds, where forest 

and cropland were replaced by artificial surfaces (Figure 31). 

 

Moreover, this study analyzed the tradeoffs between urbanization and the FWLE nexus (Figure 

34) and reported that land-use change is a critical factor of the changes in the supply of food, 

water, and ecosystem services. However, we highlight that although land-use change is a key 

that triggers the changes in the FWLE nexus (e.g., decreases in crop production and water 

supply), other factors affected by urbanization, such as the growth of domestic water 

consumption [303], [304] and the degradation of soil fertility and quality [37], [305], may also 

exert a considerable influence on the FWLE nexus. 

 

4.6. Conclusion 

The FWLE nexus is crucial for the sustainable development of the environment and the well-

being of humans. In the present study, land-use change was deemed as the joint point for 

exploring the impact of urbanization on the FWLE nexus, where Shenzhen was taken as the 

case study to project the future land-use pattern in 2030 under the BaU scenario of the LCM. 

Moreover, we estimated the influence of land-use changes on habitat quality, water yield, 

water supply, and crop production from 2000 to 2030 via InVEST. The result indicated that 

assessment of past changes is possible, and the consequence of future trends and impacts can 

be estimated. In this manner, the study conducted temporal and spatial analyses and 

assessments to explore the FWLE nexus under the trend of recent urbanization. We found 
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that habitat quality gradually declined from 2000 to 2030, especially for areas adjacent to 

artificial surfaces, where degradation and water scarcity were concentrated. Moreover, crop 

production also exhibited a downward trend, which sharply decreased by more than half over 

the three decades. Such a trend poses a threat to food self-sufficiency in Shenzhen. However, 

the total annual volume of water yield increased due to the expansion of artificial surfaces, 

whereas the sub-water yield in other land-use areas gradually declined. Finally, analysis of 

tradeoffs and discussion revealed the negative correlations of artificial surfaces with habitat 

quality, water supply, and crop production. Notably, an arguably positive correlation is noted 

with total water yield. In summary, the disadvantages outweighed the advantages under the 

BaU scenario in terms of the FWLE nexus. Thus, this study proposed an integrated spatial 

assessment that may contribute to the tradeoffs in the sustainable development of 

urbanization in the future. 
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CHAPTER 5: General discussion and conclusion 

5.1. Conclusion of the three subtopics 

 

Figure 37. The summary of three subtopics. 

 

 

The sustainable urban development issues are the focus of the thesis, as shown in Figure 37, 

three subtopics were conducted for the spatio-temporal analyses and projections of the socio-

ecological system. The first stage is the assessment of the sustainability of the relationship 

between environment and human society in the high-density urban area. As a typical 

megacity in Asia, Hong Kong was chosen as the study case and the time horizon was from 

1995 to 2016. The ecological footprint and biocapacity were used to measure the natural 

resources consumed by population and the supply from ecosystem, respectively. Next, the 

Human Development Index (HDI) was adopted to evaluate the human well-being that related 

to healthy life, education and a decent standard of living. Finally, a further comparative 

analysis and a SWOT analysis of Singapore and Hong Kong were performed to demonstrate 

the high ecological footprint could be decoupled from the development of human society. 

The results showed that the per capita ecological footprint of Hong Kong increased evidently 

between 1995 and 2016, it rose from 4.842 gha to 6.223 gha, and the fossil energy 



109 
 

consumption accounted for the largest proportion of growth, followed by the ecological 

footprints of arable land and water area. The HDI also showed a slight upward trend, it 

increased from 0.808 to 0.9, however, the biocapacity and ecological deficit deteriorated over 

time. By contrast, Singapore, a city-state with an area and circumstance similar to Hong 

Kong’s, presented the opposite situation—the HDI rose while the ecological footprint 

decreased from 2011 to 2015, this indicated that there is a great potential to decouple the high 

ecological footprint from the development of human society. Therefore, learning from the 

experience of Singapore, some policy suggestions were put forward in terms of energy 

consumption, marine environment protection and changes in the behavior of citizens and 

government, thus achieving “a high HDI and low footprint society” on the way to 

sustainability. 

 

The second stage is the projections of plausible futures. In order to explore possible land-use 

patterns for helping achieve sustainable development in urban agglomeration area, a spatial 

downscaling framework was proposed, it couples the five SSPs narratives (they are, SSP1—

Sustainability, SSP2— Middle of the road, SSP3— Reginal rivalry, SSP4— Inequality, 

SSP5— Fossil-fueled development) and local land planning policy using a land change 

modeling method to simulate the future land-use scenarios, besides, the BaU scenario was 

also simulated. The Guangdong–Hong Kong–Macao Greater Bay Area, China was chosen as 

the study case and the time horizon was from 2000 to 2030. Then, the biocapacity and carbon 

emissions from land-use were estimated to demonstrate the application of the projected land-

use maps. The results of the future projections showed that there is a significant expansion in 

the urban area under all the scenarios, with varying degrees of decrease in cropland and forest 

among the different scenarios, and cropland was the major contributor to the expansion of 
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urban area, approximately 22% of cropland had been converted into urban area between 2000 

and 2030. Among the SSPs, cropland and urban area were the largest in SSP1, followed by 

their respective areas in SSP5 and SSP4, whereas the cropland and urban area were the 

lowest in SSP3. In addition, the considerable differences in local biocapacity and carbon 

emissions were resulted from the different changes of land-use. The analysis found that the 

intervention policies, such as the cultivated land requisition–compensation balance policy, 

were beneficial mainly for developing urban area and protecting cropland. For achieving 

sustainable development not only urban area and cropland should be involved for 

consideration but should also cover the balance between all land-use classes, and based on 

the findings, three implications were also drawn in terms of the biocapacity optimization, 

mitigation of CO2 emissions, and improvements of policy. 

 

The third stage, an original framework of the FWLE nexus was proposed for exploring the 

correlations between food, water, land, and ecosystem in the context of urbanization. First, 

the historical land-use changes from 2000 to 2010 were analyzed by using the Land Change 

Modeler (LCM), then the land-use transition potential submodels were built for projecting the 

future land-use pattern in 2030 under the BaU scenario. Next, based on the results of land-use 

changes, the habitat quality, water yield, water supply, and crop production between 2000 

and 2030 were assessed by using the InVEST model and statistical materials. Lastly, the 

temporal and spatial assessment and trade-offs between the urbanization and FWLE nexus 

were analyzed and discussed. Shenzhen, China was used as the study case and the time 

horizon was from 2000 to 2030. The results of land-use changes indicated that a significant 

expansion of artificial surfaces occurred in Shenzhen, with varying degrees of decrease in 

cultivated land, forest and grassland. Moreover, the habitat quality, water supply, and crop 

production were decreased obviously due to the rapid urbanization, whereas the total water 
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yield showed an upward trend. The analysis revealed that there was an arguably positive 

correlation between artificial surfaces and total water yield, and negative correlations with 

habitat quality, water supply, and crop production interactions. Furthermore, an integrated 

spatial assessment was made to capture and present characteristics between the FWLE nexus 

of a place and helps facilitate the identification of areas that need to be improved or protected 

for promoting sustainable urbanization. The study provided a convenient way to explore the 

correlations and trade-off between urbanization and FWLE nexus. 

 

5.2. Achievements, limitations and future research prospect 

The study first assessed urban sustainability from the perspective of supply-demand aspect, 

and put forward policy suggestions for decoupling high ecological footprint from the 

development of society. Then scenario simulation method was employed to project future 

land-use change in urban area thus analyzing and assessing the possible impacts on 

ecosystem, besides, an original framework of the food-water-land-ecosystem nexus was 

proposed to contribute to the limited research in terms of the quantitative assessment of the 

nexus. 

 

The sustainable urban development is a comprehensive and complicated issue, it involves not 

only the environmental factor but also the social and economic factors. In the study, the 

sustainability of urban area was mainly assessed and analyzed from an environmental-

ecological perspective, such as the land-use changes, ecosystem services, resource 

consumption and biodiversity, etc. and only a few social factors (population and policies) 

were considered. The results could be improved further by combining economic factors, such 

as gross domestic product, green economy, and environmental economics, etc. 
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As a popular index, ecological footprint can be calculated and compared for systems of any 

scale, from an urban scale to a national scale [306]. It was promoted as a policy guide and 

planning tool for sustainability [307]. However, the ecological footprint for consumption as it 

relates to the total amount of resources available does not reflect the “production footprint,” 

or differences in intensity of resource use [308]. It has also been criticized as an 

oversimplification [309]. For instance, in the case of energy consumption, the ecological 

footprint analysis does not tell the whole story with respect to the environmental impacts of a 

person or entity [310]. Therefore, we need a more comprehensive and innovative method. In 

2018, the Nature’s Contributions to People (NCP) framework was put forward by Díaz et al. 

[311]. The aim is to come up with products that are more likely to be incorporated into policy 

and practice. NCP considers both positive and negative contributions to people’s quality of 

life. As a more inclusive approach, NCP will improve the relevance and value of expert 

evidence about nature in achieving the SDGs [312]. 

 

Currently, scenarios about socioeconomic future prospects, such as the SSPs used in chapter 3, 

are playing a major role in making projections [313]. However, these scenarios have limitations 

in their applicability to biodiversity and nature research [314], [315]. To fill the gap, nature-

centered scenarios, including the Nature Futures Framework (NFF), developed by the 

Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES), 

were proposed. The NFF describes positive relationships between people and nature, from 

multiple aspects, such as nature as culture, nature for society, and nature for nature [316], to 

capture interlinkages of social-ecological systems across biodiversity, ecosystem functions and 

services, and human well-being [151], [317]. In Japan, a new research project named Predicting 

and Assessing Natural Capital and Ecosystem Services (PANCES), which uses an integrated 
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social-ecological system approach, was launched to predict and assess the natural capital and 

ecosystem services under national-scale future scenarios [318]. A strong international 

cooperation is also being established. The IPBES-IPCC co-sponsored workshop, which was 

the first collaboration between IPBES and IPCC, was held in December 2020 to build a 

multidisciplinary expert group to meet both climate change- and biodiversity-related goals 

[319]. Therefore, the combination of socioeconomic scenarios and nature-centered scenarios 

will become more productive toward the sustainable development of cities in the future. 

 

Chapter 4 analyzed the impact of urbanization on the FWLE nexus based on the BaU 

scenario for Shenzhen. This scenario extrapolated recent trends (from 2000 to 2010) into the 

future; however, other plausible scenarios can be used for further exploration. For instance, 

the shared socioeconomic pathway scenarios consist of five developments and quantitatively 

describe key drivers, such as population and economic growth [143]. In addition, the nature 

futures framework, which is a heuristic tool for connecting nature and people, provides a 

structure for consistency in the scenarios [320]. Moreover, the scenario can be localized by 

considering the planning documents of the government [321]. Multiple scenarios based on 

socio-economy and nature can be used for future research on the FWLE nexus. Besides, it 

also should be noted that the drives of changes in crop production, habitat quality, water 

supply, and water yield are multiple, such as climate change, policy intervention, changes in 

lifestyle and technology, etc., they can be considered into the further research. 

 

The LCM was used to predict future land-use pattern. However, we expected misses or errors 

in predictions, because the simulation is based on the change analysis of a past period. 

Specifically, if the future development did not follow the pattern of the past, such as the gray 
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box in Figure 29 (b), which is an area that experienced dramatic changes over a short period, 

then the accuracy of the prediction would be relatively low. 

 

Moreover, the parameters used for modeling were collected from various datasets or 

references (Table 16), such as soil data, due to the limitations of data sources. Thus, 

inconsistency in the data may occur, which can lead to a negative impact on the accuracy of 

the results. In addition, the water yield model in InVEST is sensitive to modeled changes in 

drivers, such as land-use change or climate change [322]. According to the sixth assessment 

report of the Intergovernmental Panel on Climate Change [323], climate change may also 

exert an impact on water cycle, water balance, and agricultural and ecological droughts. 

However, only land-use maps that varied according to the time series were used in this study, 

because climate change is beyond the scope of our work. Other variables, such as 

precipitation and ET0, were assumed to remain constant. Therefore, results related to water 

yield may be further enhanced by considering the climate data corresponding to different 

years. Furthermore, Shenzhen Statistical Yearbook 2020 [255] demonstrates a downward 

trend in the annual yield of crop per unit area from 2000 to 2019. Under the projection of the 

BaU scenario, the annual yield of crop per unit area in 2030 should become less than that for 

2019. We estimated the annual yield of crop per unit area in 2030 based on the average 

annual growth rate of the last 20 years due to the limitation of data. However, more accurate 

results could be obtained using crop yield prediction models, such as statistical and crop 

simulation models, as well as artificial neural networks [324]. Alternatively, the validation of 

InVEST is limited due to the requirements for empirical or statistical observations [322], 

[325], such as observations of habitat quality and water yield. As a widely used model for 

spatializing ecosystem services [325], building an efficient validation method for InVEST 
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will contribute to the improvement of the simulation of ecosystem services, which can be 

considered a potential prospect for future research. 
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Appendix A. Supplementary materials of Chapter 2.  
 

Table S 1. Hong Kong’s per capita ecological footprint by land categories during 1995-2016. (unit: 

gha/cap) 

 

 

 

Years 
Arable 

land       

Forest 

land   

Grazing 

land 

Water 

area 

Fossil 

land 

Built-up 

land    

Ecological 

footprint 

1995 1.088 0.075 0.430 1.661 1.578 0.010 4.842 

1996 1.107 0.075 0.420 1.515 1.528 0.010 4.655 

1997 1.185 0.080 0.449 1.273 1.318 0.010 4.315 

1998 1.219 0.079 0.396 1.316 1.604 0.010 4.624 

1999 1.403 0.080 0.331 1.144 1.930 0.010 4.898 

2000 1.390 0.085 0.318 1.338 1.795 0.011 4.937 

2001 1.282 0.079 0.285 1.420 1.888 0.011 4.965 

2002 1.241 0.079 0.251 1.463 1.951 0.011 4.996 

2003 1.240 0.080 0.227 1.399 2.007 0.012 4.965 

2004 1.042 0.083 0.232 1.488 2.136 0.012 4.993 

2005 1.017 0.085 0.237 1.476 2.174 0.013 5.002 

2006 1.096 0.088 0.245 1.529 2.298 0.012 5.268 

2007 1.230 0.091 0.240 1.466 2.422 0.012 5.461 

2008 1.591 0.090 0.227 1.347 2.268 0.012 5.535 

2009 1.679 0.087 0.246 1.385 2.532 0.012 5.941 

2010 1.846 0.092 0.260 1.529 2.612 0.012 6.351 

2011 1.985 0.096 0.290 1.552 2.522 0.012 6.457 

2012 1.611 0.093 0.333 1.545 2.402 0.012 5.996 

2013 1.757 0.086 0.346 1.665 2.439 0.012 6.305 

2014 1.976 0.083 0.368 1.646 2.377 0.012 6.462 

2015 1.636 0.086 0.345 1.576 2.481 0.012 6.136 

2016 1.758 0.089 0.378 1.468 2.518 0.012 6.223 
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Table S 2. Hong Kong’s ecological footprint of energy during 1995-2016. (unit: gha/cap) 

 

 

 

Years Kerosene Gasoline Diesel oil Coal Fuel oil LPG Natural gas Gas Electricity 

1995 0.262 0.027 0.291 0.552 0.117 0.014 0.002 0.038 0.241 

1996 0.277 0.026 0.259 0.390 0.124 0.017 0.121 0.037 0.242 

1997 0.230 0.017 0.150 0.329 0.069 0.017 0.189 0.039 0.244 

1998 0.232 0.015 0.337 0.405 0.088 0.014 0.176 0.039 0.26 1 

1999 0.269 0.025 0.627 0.361 0.111 0.012 0.192 0.039 0.257 

2000 0.292 0.025 0.447 0.339 0.148 0.034 0.159 0.041 0.271 

2001 0.303 0.027 0.393 0.445 0.164 0.035 0.164 0.042 0.276 

2002 0.309 0.024 0.383 0.479 0.202 0.035 0.160 0.041 0.279 

2003 0.284 0.023 0.398 0.585 0.218 0.024 0.111 0.042 0.281 

2004 0.348 0.022 0.373 0.557 0.299 0.031 0.144 0.040 0.283 

2005 0.386 0.023 0.280 0.592 0.337 0.033 0.152 0.042 0.287 

2006 0.392 0.021 0.283 0.620 0.398 0.037 0.169 0.042 0.292 

2007 0.439 0.023 0.263 0.660 0.473 0.034 0.155 0.041 0.294 

2008 0.418 0.022 0.196 0.606 0.438 0.038 0.175 0.042 0.292 

2009 0.402 0.024 0.407 0.656 0.458 0.037 0.169 0.041 0.296 

2010 0.450 0.024 0.351 0.538 0.628 0.038 0.205 0.041 0.296 

2011 0.480 0.025 0.286 0.653 0.498 0.039 0.163 0.041 0.296 

2012 0.452 0.026 0.240 0.643 0.469 0.038 0.150 0.042 0.299 

2013 0.476 0.026 0.228 0.672 0.481 0.036 0.141 0.042 0.295 

2014 0.466 0.023 0.216 0.710 0.402 0.038 0.135 0.042 0.302 

2015 0.490 0.032 0.316 0.571 0.483 0.036 0.170 0.041 0.299 

2016 0.521 0.031 0.353 0.567 0.456 0.034 0.174 0.041 0.298 
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Table S 3. Hong Kong’s per capita biocapacity by land categories during 1995-2016. (unit: gha/cap) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table S 4. Singapore’s per capita ecological footprint by land categories from 1995 to 2016. 

 (unit: gha/cap) 

 

Years 
Arable 

land    

Forest 

land   

Grazing 

land    

Water 

land    

Built-up 

land    
Biocapacity 

1995 0.0042 0.0043 0.0192 0.0007 0.0101 0.0385  

1996 0.0039 0.0041 0.0183 0.0007 0.0099 0.0369  

1997 0.0038 0.0041 0.0182 0.0007 0.0099 0.0367  

1998 0.0037 0.0041 0.0180 0.0007 0.0100 0.0364  

1999 0.0036 0.0040 0.0178 0.0007 0.0100 0.0362  

2000 0.0034 0.0066 0.0103 0.0007 0.0112 0.0322  

2001 0.0033 0.0066 0.0102 0.0007 0.0113 0.0320  

2002 0.0032 0.0065 0.0101 0.0007 0.0114 0.0319  

2003 0.0034 0.0077 0.0074 0.0007 0.0116 0.0307  

2004 0.0034 0.0071 0.0080 0.0007 0.0123 0.0315  

2005 0.0035 0.0071 0.0082 0.0007 0.0125 0.0321  

2006 0.0032 0.0070 0.0086 0.0007 0.0122 0.0318  

2007 0.0031 0.0071 0.0082 0.0007 0.0121 0.0313  

2008 0.0032 0.0070 0.0082 0.0007 0.0120 0.0311  

2009 0.0031 0.0069 0.0083 0.0007 0.0121 0.0312  

2010 0.0031 0.0081 0.0056 0.0007 0.0121 0.0297  

2011 0.0031 0.0078 0.0060 0.0007 0.0121 0.0298  

2012 0.0031 0.0076 0.0062 0.0007 0.0120 0.0296  

2013 0.0031 0.0075 0.0062 0.0007 0.0119 0.0295  

2014 0.0030 0.0076 0.0058 0.0007 0.0119 0.0291  

2015 0.0030 0.0075 0.0060 0.0007 0.0119 0.0290  

2016 0.0030 0.0075 0.0058 0.0007 0.0122 0.0292  
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(Reference source: Global Footprint Network [99]) 

 

 

Years 
Arable 

land 

Forest 

land 

Grazing 

land 

Water 

area 

Fossil 

land 

Built-up 

land 

Ecological 

footprint 

1995 0.441 0.698 0.244 0.189 4.940 0.006 6.518 

1996 0.441 0.665 0.209 0.182 5.115 0.007 6.618 

1997 0.410 0.557 0.221 0.186 5.859 0.008 7.241 

1998 0.280 0.470 0.195 0.144 4.787 0.009 5.885 

1999 0.491 0.497 0.230 0.161 5.189 0.010 6.578 

2000 0.475 0.479 0.235 0.159 6.952 0.010 8.311 

2001 0.518 0.366 0.209 0.161 6.145 0.011 7.411 

2002 0.460 0.340 0.258 0.186 5.349 0.013 6.604 

2003 0.472 0.443 0.180 0.243 4.509 0.022 5.869 

2004 0.455 0.557 0.238 0.226 5.592 0.025 7.093 

2005 0.445 0.444 0.229 0.248 5.273 0.026 6.665 

2006 0.439 0.565 0.214 0.260 5.708 0.029 7.215 

2007 0.458 0.569 0.224 0.258 5.366 0.025 6.900 

2008 0.507 0.489 0.199 0.250 6.148 0.029 7.623 

2009 0.509 0.366 0.212 0.250 5.633 0.030 7.000 

2010 0.563 0.433 0.215 0.247 5.258 0.032 6.748 

2011 0.609 0.735 0.252 0.247 5.779 0.034 7.655 

2012 0.668 0.759 0.236 0.220 5.667 0.035 7.585 

2013 0.584 0.543 0.242 0.220 5.008 0.040 6.638 

2014 0.591 0.350 0.264 0.238 4.476 0.042 5.961 

2015 0.610 0.330 0.281 0.218 4.657 0.043 6.140 

2016 0.578 0.260 0.250 0.221 4.528 0.042 5.879 
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Table S 5. Singapore’s per capita biocapacity by land categories from 1995 to 2016. (unit: gha/cap) 

(Reference source: Global Footprint Network [99]) 

  

Years Built-up land Arable land Water area Forest land Grazing land Biocapacity 

1995 0.006  0.000  0.021  0.004  0.000  0.031  

1996 0.007  0.000  0.020  0.004  0.000  0.031  

1997 0.008  0.000  0.020  0.004  0.000  0.032  

1998 0.009  0.000  0.019  0.004  0.000  0.033  

1999 0.010  0.001  0.019  0.004  0.000  0.033  

2000 0.010  0.001  0.019  0.003  0.000  0.033  

2001 0.011  0.001  0.018  0.003  0.000  0.034  

2002 0.013  0.001  0.018  0.003  0.000  0.034  

2003 0.022  0.001  0.017  0.003  0.000  0.043  

2004 0.025  0.001  0.017  0.003  0.000  0.045  

2005 0.026  0.001  0.016  0.003  0.000  0.046  

2006 0.029  0.001  0.016  0.003  0.000  0.049  

2007 0.025  0.001  0.015  0.003  0.000  0.044  

2008 0.029  0.001  0.015  0.003  0.000  0.047  

2009 0.030  0.001  0.015  0.003  0.000  0.048  

2010 0.032  0.001  0.014  0.003  0.000  0.050  

2011 0.034  0.001  0.014  0.003  0.000  0.051  

2012 0.035  0.001  0.014  0.003  0.000  0.052  

2013 0.040  0.001  0.013  0.002  0.000  0.057  

2014 0.042  0.001  0.013  0.002  0.000  0.059  

2015 0.043  0.001  0.013  0.002  0.000  0.060  

2016 0.042  0.001  0.013  0.002  0.000  0.059  
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Appendix B. Supplementary materials of Chapter 3.  
 

I. The population projection maps of Hong Kong and Macao under SSPs. 

Due to the population projection maps of SSPs which created by  Chen, et al. [186] do not 

involve Hong Kong and Macao, we calculated the population projection maps for these two 

areas in a simplified method. Compared with 2020, the spatial distribution pattern of 

population in 2030 will essentially stay the same [177], therefore, by using R software and 

according to each grid cell’s proportion of Hong Kong and Macao in 2020 [maps derived 

from Worldpop [190]] to distribute their total population data of 2030 (IIASA [187]) to 

generate the population maps in 2030.  

 

The specific four steps and codes used in R as shown below: 

library(raster) 

library(sp) 

#1. Import the 2020 population raster maps and 2030 total population data of MACAO 

and Hong Kong (HK) 

MacaoPop2020=raster("mac2020pop100m.tif") 

HKPop2020=raster("hk2020pop100m.tif") 

 

Macao2030_ssp1=669000 

Macao2030_ssp2=678000 

Macao2030_ssp3=649000 
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Macao2030_ssp4=666000 

Macao2030_ssp5=704000 

 

HK2030_ssp1=8183000 

HK2030_ssp2=8253000 

HK2030_ssp3=7857000 

HK2030_ssp4=8117000 

HK2030_ssp5=8633000 

 

#2. Calculate each grid cell’s proportion in 2020 

Proportion_Macao=MacaoPop2020/cellStats(MacaoPop2020,sum) 

Proportion_HK=HKPop2020/cellStats(HKPop2020,sum) 

 

#3. According to the proportion calculated above to distribute the total population data 

in 2030 

# 3.1 For Macao 

Macao2030_distribution1=Macao2030_ssp1*Proportion_Macao 

Macao2030_distribution2=Macao2030_ssp2*Proportion_Macao 

Macao2030_distribution3=Macao2030_ssp3*Proportion_Macao 

Macao2030_distribution4=Macao2030_ssp4*Proportion_Macao 
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Macao2030_distribution5=Macao2030_ssp5*Proportion_Macao 

 

# 3.2 For Hong Kong 

HK2030_distribution1=HK2030_ssp1*Proportion_HK 

HK2030_distribution2=HK2030_ssp2*Proportion_HK 

HK2030_distribution3=HK2030_ssp3*Proportion_HK 

HK2030_distribution4=HK2030_ssp4*Proportion_HK 

HK2030_distribution5=HK2030_ssp5*Proportion_HK 

 

# 4. Export the population maps in 2030 

writeRaster (HK2030_distribution1, "HK2030_SSP1Pop100m.tif") 

 

II. The conversion cost matrix  

Table S 6. Conversion cost matrix of SSP1. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.000 0.150 1.350 1.200 0.150 0.600 

Bush and 

grassland 

0.250 0.000 0.400 0.400 0.300 0.100 

Forest 0.525 0.450 0.000 1.485 1.485 1.200 

Water 1.350 1.350 1.350 0.000 1.485 0.750 
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Urban area 1.000 1.000 1.000 1.000 0.000 1.000 

Barren land 0.900 0.500 0.495 0.800 0.150 0.000 

 

Table S 7. Conversion cost matrix of SSP3. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.000 0.050 0.450 0.400 0.025 0.200 

Bush and 

grassland 

0.750 0.000 1.200 0.400 0.150 0.100 

Forest 0.175 0.150 0.000 0.495 0.495 0.400 

Water 0.450 0.450 0.450 0.000 0.495 0.250 

Urban area 1.000 1.000 1.000 1.000 0.000 1.000 

Barren land 0.900 0.500 0.990 0.800 0.450 0.000 

 

Table S 8. Conversion cost matrix of SSP4. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.000 0.100 0.900 0.800 0.050 0.400 

Bush and 

grassland 

0.750 0.000 1.200 0.400 0.450 0.100 

Forest 0.525 0.300 0.000 0.990 0.990 0.800 

Water 0.900 0.900 0.900 0.000 0.990 0.500 

Urban area 1.000 1.000 1.000 1.000 0.000 1.000 

Barren land 0.900 0.500 0.990 0.800 0.150 0.000 
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Table S 9. Conversion cost matrix of SSP5. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.000 0.100 0.900 0.800 0.050 0.400 

Bush and 

grassland 

0.250 0.000 0.800 0.400 0.300 0.100 

Forest 0.350 0.300 0.000 0.990 0.990 0.800 

Water 0.900 0.900 0.900 0.000 0.990 0.500 

Urban area 1.000 1.000 1.000 1.000 0.000 1.000 

Barren land 0.900 0.500 0.990 0.800 0.150 0.000 

 

 

III. The land transition probability matrices of the Greater Bay Area under SSPs  

Table S 10. Land transition probability matrix of SSP1. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.8316 0.0000 0.0000 0.0000 0.1684 0.0000 

Bush and 

grassland 

0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 

Forest 0.1402 0.0048 0.8550 0.0000 0.0000 0.0000 

Water 0.0000 0.0000 0.0000 0.9469 0.0394 0.0137 

Urban area 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

Barren land 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

 

Table S 11. Land transition probability matrix of SSP2. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.8823 0.0000 0.0000 0.0000 0.1177 0.0000 
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Bush and 

grassland 

0.0000 0.5918 0.0000 0.0000 0.4082 0.0000 

Forest 0.0000 0.0873 0.9127 0.0000 0.0000 0.0000 

Water 0.0000 0.0000 0.0000 0.9469 0.0123 0.0408 

Urban area 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

Barren land 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

 

 

Table S 12. Land transition probability matrix of SSP3. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.8234 0.0423 0.0000 0.0000 0.1343 0.0000 

Bush and 

grassland 

0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 

Forest 0.0000 0.0707 0.9293 0.0000 0.0000 0.0000 

Water 0.0000 0.0263 0.0000 0.9469 0.0000 0.0268 

Urban area 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

Barren land 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 

 

 

Table S 13. Land transition probability matrix of SSP4. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.8290 0.0000 0.0000 0.0000 0.1710 0.0000 

Bush and 

grassland 

0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 

Forest 0.1304 0.0054 0.8642 0.0000 0.0000 0.0000 

Water 0.0134 0.0000 0.0000 0.9469 0.0000 0.0397 
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Urban area 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

Barren land 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

 

 

 

Table S 14. Land transition probability matrix of SSP5. 

 

Cropland Bush and 

grassland 

Forest Water Urban area Barren land 

Cropland 0.8412 0.0000 0.0000 0.0000 0.1588 0.0000 

Bush and 

grassland 
0.0000 0.8872 0.0000 0.0000 0.1128 0.0000 

Forest 0.1292 0.0000 0.8708 0.0000 0.0000 0.0000 

Water 0.0068 0.0000 0.0000 0.9469 0.0000 0.0462 

Urban area 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

Barren land 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 

 

 

 

IV. Sub-model and skill measure 

Table S 15. Submodel and their skill breakdown by transition and persistence. 

Submodel Accuracy Class Skill measure 

Cropland submodel 99.01% Transition: bush and grassland to cropland 0.977 

Transition: forest to cropland 1.000 

Transition: water to cropland 0.976 

Persistence: bush and grassland 1.000 

Persistence: forest 1.000 

Persistence: water 0.977 
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Urban development 

submodel 

91.86% Transition: cropland to urban area 0.790 

 Transition: bush and grassland to urban area 0.911 

 Transition: forest to urban area 0.765 

 Transition: water to urban area 0.961 

 Persistence: cropland 1.000 

 Persistence: bush and grassland 0.885 

 Persistence: forest 0.994 

 Persistence: water 0.950 

Bush and grassland 

submodel 

81.25% Transition: cropland to bush and grassland 0.811 

Transition: forest to bush and grassland 0.773 

Transition: water to bush and grassland 0.631 

Persistence: cropland 0.716 

Persistence: forest 1.000 

Persistence: water 0.726 

Forest submodel 94.31% Transition: cropland to forest 1.000 

Transition: bush and grassland to forest 0.967 

Transition: water to forest 0.852 

Persistence: cropland 0.981 

Persistence: bush and grassland 0.913 

Persistence: water 0.878 

Water submodel 100% Transition: forest to water 1.000 

Persistence: forest 1.000 
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V. Discussion: Advantages and limitations of the study 

Table S 16. The comparison of the present study and previous researches in terms of future land-use 

projection. 
 

The present study Hasan et al. [168] Jiao et al. [216] Song et al. [161] 

Study area The Greater Bay 

Area (56,000 km2) 

Guangdong, Hong 

Kong, and Macao 

regions (196,342 

km2) 

The Pearl River Delta, 

China (54,000 km2) 

The Hohhot- 

Baotou-Ordos-Yulin 

urban agglomeration, 

China (174,600 km2) 

Scenario Localized SSPs BaU  Three scenarios set by 

authors a   

Localized SSPs 

LULC model LCM LCM The System 

Dynamics (SD) 

model; Grey 

Prediction (GM) 

model; Markov model 

The Land 

Use Scenario 

Dynamics-urban 

(LUSD-urban) model 

Advantages (1) Proposed a 

spatial 

downscaling 

framework  

(2) The qualitative 

and quantitative 

methods of 

correlating LCM 

with the localized 

SSPs were 

elaborated  

(3) Constraints and 

incentives were 

involved 

Simulated with 

high resolution 

(30m) 

(1) Multiple factors 

were involved: social, 

economic, land 

policy, and constraints 

factors 

(2) Multiple models 

were used for 

simulation and 

comparison 

(1) Multiple factors 

were used to localize 

the SSPs: the latest 

census data, 

population policy, 

migration, and 

economic factor 

(2) The localized 

SSPs were 

demonstrated to be 

more reliable than 

original SSPs in 

terms of sub-national 

simulation. 

Disadvantages (1) Only land 

policies were used 

to localize the 

SSPs, the 

demographic, 

economic factors, 

and etc. were not 

included 

(2) Future 

infrastructure 

development was 

not considered 

(1) Only six 

variables were used 

to build the 

submodel structure 

and the evidence 

likelihood was not 

included 

(2) Scenarios, 

constraints and 

incentives, 

economic, 

demographic, and 

policy factors were 

not involved in 

simulation 

(3) Future 

infrastructure 

development was 

not considered 

(1) The design and 

narratives of these 

three scenarios were 

undefined and 

ambiguous 

(2) The quantitative 

method of different 

variable values which 

have decisive impacts 

on projected results 

was not elaborated 

(1) The narrative of 

each localized SSP 

was ambiguous and 

the quantitative 

method of factor 

values under 

different SSP was not 

elaborated 

(2) Only urban area 

was simulated 

(3) The future urban 

land demand was 

projected by a 

multiple linear 

regression 

model 

(4) A simplified 

“adaptive Monte 

Carlo” method was 

used to calibrate 

and verify the 

LUSD-urban model 
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a The three scenarios are: (1) environmental conservation development scenario; (2) rapid economic development 

scenario; (3) coordinated development of the environment and economy scenario. 
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Appendix C. Supplementary materials of Chapter 4.  

 

I. The InVEST habitat quality model 

equations (1) and (2). By combining information on land use and threats to biodiversity, the 

model can generate maps that reflect the status of and change in habitat for biodiversity, 

providing useful information in making an initial assessment of conservation [285].  

 

𝐷𝑥𝑗 = ∑ ∑ (𝑊𝑟 ∑ 𝑊𝑟
𝑅
𝑟=1⁄ )𝑟𝑦𝑖𝑟𝑥𝑦𝛽𝑥𝑆𝑗𝑟

𝑌𝑟
𝑦=1

𝑅
𝑟=1                                                                               (1) 

 

𝑄𝑥𝑗 = 𝐻𝑗 × [1 − (
𝐷𝑥𝑗

𝑧

𝐷𝑥𝑗
𝑧 +𝑘𝑧)]                                                                                                         (2) 

where Dxj is the total threat level in grid cell x with land-use class j, R is the number of 

ecological threat factors, and Yr is the set of grid cells on an r raster map. In addition, y is all 

grid cells, Wr is the threat weight that relates destructiveness of a degradation source to all 

habitats, ry is raster map r, irxy is the distance function of habitat quality and ecological threat 

factor, βx is the level of accessibility in grid cell x, where 1 denotes complete accessibility, and 

Sjr is the sensitivity of land-use class j (habitat type) to the ecological threat factor r. Finally, 

Qxj is the ecological habitat quality value of land-use class j, Hj is a habitat quality score that 

ranges from 0 to 1, k is the half-saturation constant defaulted at 0.05 [285], and Z is a constant. 

 

Table S 17. Habitat quality score and sensitivity of each land-use class to each threat. 

Land-use class 

Habitat 

quality 

score 

Sensitivity of each land-use class to threats 

Reference 

Cultivated land Artificial surfaces Roads Railways 

Cultivated land 0.60 0.00 0.65 0.70 0.80 

Jiao et al. 

(2021) 
Forest 1.00 0.70 0.85 1.00 1.00 

Grassland 0.70 0.50 0.65 0.90 0.90 
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Shrubland 0.80 0.40 0.50 0.60 0.80 
Gong et al. 

(2019) 

Wetland 0.85 0.60 0.90 0.60 0.50 
Zhu et al. 

(2020) 

Water bodies 0.85 0.35 0.70 0.60 0.70 
Jiao et al. 

(2021) 
Artificial 

surfaces 

0.00 0.00 0.00 0.00 0.00 

 

Table S 18. Maximum distance (in units of km), weight, and decay function of the threats affecting 

habitat quality 

Threat factor Maximum distance Weight Decay 

Cultivated land 3.0 0.6 linear 

Artificial surfaces 5.0 1.0 exponential 

Roads 2.5 0.8 linear 

Railways 3.0 0.8 linear 

The data in this Table were referred to the work by Jiao et al. (2021) 

 

 

II. The InVEST annual water yield model 

 

The annual water yield Y(x) per pixel on the landscape x is calculated according to: 

𝑌(𝑥) = (1 −
𝐴𝐸𝑇(𝑥)

𝑃(𝑥)
) × 𝑃(𝑥)                                                                                                  (3) 

where AET(x) is the actual annual evapotranspiration for pixel x and P(x) is the annual 

precipitation on pixel x, and there are two methods to determine the AET(x) depending on the 

different land-use classes: 

(1) For artificial surfaces, wetland, and open water land-use class, AET(x) is directly 

computed as follows: 

𝐴𝑊𝐶(𝑥) = 𝑀𝑖𝑛(𝐾𝑐(𝑙𝑥) × 𝐸𝑇0(𝑥), 𝑃(𝑥))                                                                               

(4) 



133 
 

where ET0(x) is reference evapotranspiration, and Kc(lx) is the evaporation factor for each 

land-use class. 

(2) For vegetated land-use class, based on an expression of the Budyko curve proposed by Fu 

(1981) and Zhang et al. (2004), the evapotranspiration portion of the water balance, 

AET(x)/P(x), is calculated as follows: 

𝐴𝐸𝑇(𝑥)

𝑃(𝑥)
= 1 +

𝑃𝐸𝑇(𝑥)

𝑃(𝑥)
− [1 + (

𝑃𝐸𝑇(𝑥)

𝑃(𝑥)
)

𝜔
]

1 𝜔⁄

                                                                                

(5) 

where PET(x) is the potential evapotranspiration and ω(x) is a non-physical parameter. 

Potential evapotranspiration PET(x) is defined as: 

𝑃𝐸𝑇(𝑥) = 𝐾𝑐(𝑙𝑥) × 𝐸𝑇0(𝑥)                                                                                                      

(6) 

where ET0(x) is the reference evapotranspiration from pixel x and Kc(lx) is the plant 

(vegetation) evapotranspiration coefficient associated with the land-use lx on pixel x. 

ω(x) is defined [330] as: 

𝜔(𝑥) = 𝑍
𝐴𝑊𝐶(𝑥)

𝑃(𝑥)
+ 1.25                                                                                                            

(7) 

where AWC(x) is the volumetric (mm) plant available water content and it is estimated as the 

product of the plant available water capacity (PAWC) and the minimum of root restricting 

layer depth and vegetation rooting depth: 

𝐴𝑊𝐶(𝑥) = 𝑀𝑖𝑛(𝑅𝑒𝑠𝑡. 𝑙𝑎𝑦𝑒𝑟. 𝑑𝑒𝑝𝑡ℎ, 𝑟𝑜𝑜𝑡. 𝑑𝑒𝑝𝑡ℎ) × 𝑃𝐴𝑊𝐶                                                

(8) 

 

In summary, based on the information above, the InVEST requires nine input data for 

calculating the water yield, namely, precipitation, ET0, root restricting layer depth, vegetation 
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rooting depth, PAWC, land-use maps, (sub)watersheds, Kc, and Z parameter. Table S 19 

exhibits the biophysical data on land-use classes, root depth, and Kc. Moreover, the ET0, root 

restricting layer depth (refers to soil depth), and precipitation data used in this study were 

listed in Table 16. Based on the DEM, the sub-watershed vector file could be generated using 

the DelineateIt model [285], a supporting tool in InVEST. The derivation of the PAWC and Z 

parameter is shown below: 

 

PAWC 

A method that based on the chemical and physical properties of soil to estimate PAWC in 

China [331] was adopted in this study, the equation (9) as shown below: 

𝑃𝐴𝑊𝐶 =  54.509 − 0.132 × 𝑠𝑎𝑛𝑑% − 0.003 × (𝑠𝑎𝑛𝑑%)2 − 0.055 × 𝑠𝑖𝑙𝑡%

− 0.006 × (𝑠𝑖𝑙𝑡%)2 − 0.738 × 𝑐𝑙𝑎𝑦% + 0.007 × (𝑐𝑙𝑎𝑦%)2

− 2.688 × 𝑂𝑀% + 0.501 × (𝑂𝑀%)2 

(9) 

where sand %, silt%, clay%, and OM% are the proportion of sand, silt, clay, and organic 

matter in the soil. The unit of PAWC is 10−2cm3.cm−3. Furthermore, the value of PAWC is 

converted to a fraction from zero to one to meet the model’s input requirement. 

 

Z parameter 

Z is an empirical constant that represents the local precipitation pattern and hydrogeological 

characteristics calculated by equation (10) [285]: 

𝑍 =
(ω−1.25)×𝑃

𝐴𝑊𝐶
                                                                                                           (10) 

where P (mm) and AWC (mm) should be average values of Precipitation and Available Water 

Capacity, respectively, in the study area.  
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In Shenzhen, the P-value is 1935.8 mm [332]. According to the Harmonized World Soil 

Database v 1.2 [333], the value of AWC is 150 mm. The estimated value of ω is 1.76 and 

3.37 for the high and low water yielding regions in China, respectively [334], since Shenzhen 

is an area with abundant rainfall [332]. Therefore, 1.76 was used to calculate the Z parameter 

and the result was 6.58. 

 

Table S 19. Biophysical table used for the InVEST water yield model. (Kc is the evapotranspiration 

coefficient) 

lucode LULC_desc LULC_veg root_depth(mm) Kc 

1 Cultivated land 1 350 0.65 

2 Forest 1 3000 1.00 

3 Grassland 1 500 0.65 

4 Shrubland 1 2150 0.90 

5 Wetland 0 1 1.00 

6 Water bodies 0 1 1.00 

7 Artificial surfaces 0 1 0.30 

 

Note: LULC_desc denotes the descriptive name of land-use/land cover class; with respect to LULC_veg, a value 

of 1 is used for vegetated land-use except wetland, and 0 for all other land uses, including wetlands, urban, and 

water bodies. The root depths of forest and shrubland were derived from the work by Schenk and Jackson (2002), 

and the root depths of cultivated land and grassland were referred to the work by Bao et al. (2016); Kc of wetland 

was referred to the Appendix 1: Data Sources of Annual Water Yield [285], Kc of shrubland was derived from 

the work by Zhao et al. (2019), the rest of Kc values were derived from the work by Li et al. (2021). 

 

 

III. Water scarcity (realized supply) 

 

The estimated average consumptive water use for the two land-use classes of each year is 

listed in Table S 20 since the main focus of this study is to explore the interactions of FWLE 

nexus based on the land-use changes. Therefore, the mean value was used for calculating the 

water supply from 2000 to 2030 to avoid the influence of water consumption changes. 
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𝑉𝑖𝑛 = 𝑌 − 𝑢                                                                                                                                 

(11) 

where Vin is the realized supply (volume inflow to a reservoir), u is the total volume of water 

consumed in the watershed, and Y is the total water yield from the watershed. 

 

Table S 20.  The estimated average consumptive water use (in units of cubic meters per year per 

pixel, in this study, the area of one pixel is 900 m2) for cultivated land and artificial surfaces a    

 

Year Cultivated land Artificial surfaces 

2000  1,252.03   1,375.93  

2010  484.00   2,043.89  

2020  870.82   1,852.22  

Mean value 868.95 1,757.35 

Note: a Data was referred to the Water Resources Bulletin [265]. Due to the limitation of data, we assumed that 

the value for 2020 was equal to that of 2019.  

 

 

 

Figure S 1. Spatial distribution of degradation in Shenzhen from 2000 to 2030 
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Figure S 2. The nexus between water yield, water supply, habitat quality, crop production, and 

artificial surfaces in Shenzhen. (All five subfigures were plotted based on the mean value)  
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