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The international statistics show that the global urban population will increase by
up to 68% by 2050 [1]. The United Nations (UN) projection shows that urbanization will
be faster in Asian and African countries than in other continents [1]. In the future, rapid
urbanization will bring severe environmental and socio-economic problems, such as land
degradation, loss of urban ecosystem services, urban heat islands, air pollution, flooding,
health, urban poverty, crimes and violence, and traffic congestion [2,3]. Thus, sustainable
urban development has become a widely discussed concept in various disciplines, such
as geography, engineering, economics, politics, and sociology. Sustainable urban develop-
ment is viewed as a way of preventing, reducing, and mitigating the environmental and
socio-economic negative impacts of urbanization, notwithstanding its positive results (i.e.,
social and economic improvement of livelihoods). Hence, capturing the spatial-temporal
variation of urbanization patterns will help introduce proper sustainable urban planning
in developing countries.

During the last two decades, many researchers have focused on studying urbanization
patterns. However, the scarcity of spatial data has been an obstacle to study urbanization
quantitatively, especially in developing countries of Asia and Africa [4]. The use of remote
sensing data and geographical information systems (GIS) techniques can overcome the lim-
itations faced in these developing countries [4]. The data, such as land use and land cover,
land surface temperature, population density, and energy consumption, can be extracted
based on remote sensing in various spatial and temporal resolutions. GIS techniques can
be used to analyze the urbanization patterns and predict future patterns [5]. Thus, the
link between urbanization and sustainable urban development has increasingly become a
principal issue in designing and developing sustainable cities at the local, regional, and
global levels.

This Special Issue discusses the usefulness of the spatiotemporal analysis of urban-
ization using GIS and remote sensing in developing countries, with a particular focus
on future urban sustainability in Asia and Africa. We contribute to this theme through
16 articles to help achieve sustainability in metropolitan cities in Asia and Africa.

The first article in the Special Issue focuses on the simulation of land use and land cover
(LULC) changes to forecast strategies for urban sustainability. “A Cellular Automata Model
Constrained by Spatiotemporal Heterogeneity of the Urban Development Strategy for Simulating
Land-use Change: A Case Study in Nanjing City, China” [6] considered the insufficient research
on the spatiotemporal heterogeneity of urban development strategies and its application to
constraining cellular automata models (CA) models that have become increasingly popular
in land-use and land-cover change (LULC) simulations. The authors propose a zoning
transition rule and planning influence that consists of a development grade coefficient
and traffic facility coefficient in the CA model to reflect the top-down and heterogeneous
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characteristics of spatial layout and the dynamic and heterogeneous external interference
of traffic facilities on land-use development. They contend that spatial layout planning is
important for urban green, humanistic, and sustainable development.

The following two articles included in the Special Issue analyze the spatial-temporal
dynamics of LULC and landscape pattern changes along with their driving forces for sus-
tainable urban development. “Remote Sensing-Based Analysis of Landscape Pattern Evolution
in Industrial Rural Areas: A Case of Southern Jiangsu, China” [7] analyzed the damage on rural
landscapes and the ecological environment caused by the rapid economic development
of rural industrial areas using Landsat data. The authors used landscape pattern indices
to capture the variation, progress, characteristics, and driving forces of landscape pattern
evolution over the last 37 years. The authors suggest that their study is important in
understanding the evolutionary dynamics of the urban–rural industry during urbanization
that can lead to better strategies for improving the landscape pattern and promoting the
development of the ecological environment. It can also be used as a reference for other
developing countries for the sustainability of urban and rural development during indus-
trialization, which helps achieve regional sustainability. “Spatial-Temporal Dynamic Analysis
of Land Use and Landscape Pattern in Guangzhou, China: Exploring the Driving Forces from an
Urban Sustainability Perspective” [8] focused on (i) analyzing the spatial-temporal dynamics
of LULC and landscape pattern changes; (ii) figuring out the driving forces of the LULC
changes; (iii) assessing the completion and value of green space systems construction;
and (iv) forecasting the trend of land use and putting forward proposals about improving
environmental quality. The authors use the above four areas of focus to discuss LULC
changes and their causes and propose potential future trends of urban development from
the perspective of sustainability.

The Special Issue also contains three articles addressing the dynamics of LULC changes
and the rate of urban expansion towards achieving sustainable urban growth. “Quanti-
tative Influence of Land-Use Changes and Urban Expansion Intensity on Landscape Pattern in
Qingdao, China: Implications for Urban Sustainability” [9] used land-use change and urban
expansion intensity (UEI) as inducement factors for changes in landscape patterns and step-
wise regression and geographically weighted regression (GWR) were applied to quantify
magnitude effects on landscape patterns, respectively. The study suggests that land-uses
have different contributions to changes in the urban landscape patterns at different urban
development zones (downtown, plain suburban area, and mountainous suburban areas).
The authors recommend a compact city and protection policy that should be adapted to
different regions in the study area to achieve strong urban sustainability. “An Analysis
of Urban Land Use/Land Cover Changes in Blantyre City, Southern Malawi (1994–2018)” [10]
addresses how the spatial and temporal LULC changes by rapid and unplanned urban
growth could have adverse environmental and social consequences. The findings of the
study reveal the pressure of human activities on the land and natural environment and
provide a basis for sustainable urban planning and development in the study area. “Spa-
tiotemporal Patterns and Driving Forces of Urban Expansion in Coastal Areas: A Study on Urban
Agglomeration in the Pearl River Delta, China” [11] focused on capturing the spatiotemporal
patterns of urban land expansion and further analyze the dynamic driving forces of urban
agglomeration. The study applied the urban-land expansion intensity index, urban-land
expansion difference index, fractal dimension, driving force analysis, and driving factors
to facilitate their analysis. The authors show how understanding the mechanisms of ur-
ban agglomeration could provide useful information for coastal urban planning and also
offers new knowledge regarding the interactions between different drivers of urban land
expansion.

The next four articles in the Special Issue address a critical environmental impact of ur-
banization that threatens sustainability; the urban heat island (UHI) effect. “Spatiotemporal
Patterns and Drivers of the Surface Urban Heat Island in 36 Major Cities in China: A Comparison
of Two Different Methods for Delineating Rural Areas” [12] used the administrative borders
(AB) method and an optimized simplified urban-extent (OSUE) algorithm to calculate
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and map the spatiotemporal patterns of the surface urban heat island intensity (SUHI) in
36 major cities in mainland China and explored whether administrative borders represent
an appropriate standard range for the rural extent in SUHI intensity calculations. The
study not only explores the standardization of the calculation of urban heat intensity but
also provides insights into the relationship between urban development and the SUHI as
an important issue of urban sustainability. “The Impacts of the Expansion of Urban Impervious
Surfaces on Urban Heat Islands in a Coastal City in China” [13] used a combination of remote
sensing data and spatial statistical methods to assess the effects of rapid urbanization
on the UHI. The results of the study are presented as a useful proxy indicator for imple-
menting sustainable planning of urban areas and for the mitigation of the effects of UHIs.
“The Impacts of Landscape Changes on Annual Mean Land Surface Temperature in the Tropical
Mountain City of Sri Lanka: A Case Study of Nuwara Eliya (1996–2017)” [14] addressed the
UHI issue by investigating the impacts of changes in the urban landscape on Land surface
temperature (LST) intensity in the tropical mountain city of Nuwara Eliya, Sri Lanka. The
results of the study are presented as a useful indicator for improved future landscape and
urban planning that can help minimize the negative impacts of LST on urban sustainability.
“Impact of Landscape Structure on the Variation of Land Surface Temperature in Sub-Saharan
Region: A Case Study of Addis Ababa using Landsat Data (1986–2016)” [15] focused on the
UHI effect in the African region and assessed the impact of landscape structure on the
variation in LST as a geospatial approach in Addis Ababa, Ethiopia. The authors used
LULC maps and LST derived from Landsat data and employed geospatial techniques in-
cluding gradient and intensity analysis, as well as multidirectional and multitemporal LST
profiles to comprehend the variations of LST in the study area. The provides insights on
how understanding LST variations can help introduce appropriate mitigation techniques
to overcome the negative impacts of the UHI effect.

Achieving urban sustainability is also focused on improving the quality of urban envi-
ronments. Therefore, the Special Issue also added three articles addressing environmental
and socio-economic quality issues related to urbanization. “Analysis of Life Quality in a
Tropical Mountain City Using a Multi-Criteria Geospatial Technique: A Case Study of Kandy
City, Sri Lanka” [16] created a life quality index (LQI) and identified the spatial distribution
pattern of the LQI in Kandy City, Sri Lanka. The authors used the analytic hierarchy
process (AHP) to create the LQI using 13 environmental and socio-economic factors, and
employed gradient analysis to examine the spatial distribution pattern of the LQI from the
city center to the periphery. The study guides residents and the respective administrative
bodies to make the study area a more livable and sustainable city. “Spatiotemporal Analysis
of the Nonlinear Negative Relationship between Urbanization and Habitat Quality in Metropolitan
Areas” [17] focused on examining the spatiotemporal variations and relationship between
urbanization intensity (UI) and Habitat Quality (HQ) in the Yangtze River Delta Urban
Agglomeration. The study further quantifies and analyses the direct and indirect impacts of
urbanization on HQ. The authors demonstrate how the increasing demand for urban land
has exacerbated the threat to ecological areas, thus revealing that urbanization might lead
to habitat degradation. “Dynamic Monitoring and Analysis of Ecological Quality of Pingtan
Comprehensive Experimental Zone, a New Type of Sea Island City, Based on RSEI” [18] empha-
sized the significance of monitoring and evaluating island ecology to curb the increasingly
prominent environmental problems with rapid urbanization. The authors used a remote
sensing-based ecological index (RSEI) to explore the ecological status and space–time
changes in the Pingtan Comprehensive Experimental Zone (PZ) in the east sea of Fujian
Province of China. The authors concluded that the increase in large area bare soil can
lead to regional ecological degradation, while the implementation of scientific ecological
planning can enhance ecological restoration and construction.

The last three articles in the Special Issue are distinct, but they still all address issues
that are important for urban sustainability. “Role of Urban Public Space and the Surrounding
Environment in Promoting Sustainable Development from the Lens of Social Media” [19] pro-
posed a framework that integrates the spatial-temporal distribution for different activity
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categories, the urban public spaces’(UPS) check-in time and the UPSs surrounding built
environment. The authors utilized a check-in database collected from Instagram in 2016
and 2017 in two central districts of Ho Chi Minh City (HCMC) to analyze the city dynamics
and activities over the course of the day. By quantifying the popularity of contemporary
UPSs, the authors attempt to comprehend the many attractive features spreading over
the two central districts. The results contribute to enhancing the predictability of UPSs
on socio-economic performance and understanding the role of urban facilities in urban
sustainability.

“Comparison on Multi-Scale Urban Expansion Derived from Nightlight Imagery between
China and India” [20] takes a global perspective of urban sustainability. The authors conduct
a multi-scale comparative analysis of urban development differences between China and
India as a way of capturing global multi-polarization in the 21st century. The authors
used night light data for China and India, and employ several approaches including the
Gini coefficient, Getis–Ord Gi* index, and the Urban Expansion Intensity Index (UEII)
to compare the two countries. The study reveals that understanding the similarities and
differences of urban development between China and India can provide insight into engines
of global economic growth and sustainability.

The final article, “Impact of COVID-19 Induced Lockdown on Environmental Quality
in Four Indian Megacities Using Landsat 8 OLI and TIRS-Derived Data and Mamdani
Fuzzy Logic Modeling Approach” [21] focused on the deadly COVID-19 virus that has
caused a global pandemic health emergency and is a threat to global urban sustainability.
The authors take four megacities (Mumbai, Delhi, Kolkata, and Chennai) of India for a
comprehensive assessment of the dynamicity of environmental quality resulting from
the COVID-19 induced lockdown situation. The authors create an environmental qual-
ity index using remotely sensed biophysical parameters like Particulate Matters (PM10)
concentration, Land Surface Temperature (LST), Normalized Different Moisture Index
(NDMI), Normalized Difference Vegetation Index (NDVI), and Normalized Difference
Water Index (NDWI). The results indicated that lockdown is not only capable of controlling
COVID-19 spread but also helpful in minimizing environmental degradation. The findings
of this study can be utilized for assessing and analyzing the impacts of COVID-19 induced
lockdown situation on the overall environmental quality of other megacities of the world.

The Spatiotemporal analysis of urbanization using GIS and Remote Sensing in de-
veloping countries proffers guidance for achieving urban sustainability at local, regional,
and global levels. The studies presented in this special issue provide a range of useful
information on various remote sensing spatial data, new geospatial methodologies, as
well as other newly developed data types that can be used to capture urbanization and its
related problems. Most of the remote sensing data used in the studies are freely available
and can be easily accessed. We believe that readers can get a wide range of knowledge
related to remote sensing data and GIS applications. The research findings can also be used
as a valuable source of information that can be used to implement sustainable develop-
ment goals and thus achieving urban sustainability. The publications also identify further
research needs.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. United Nations. World Urbanization Prospects; United Nations: New York, NY, USA, 2018.
2. Son, N.-T.; Chen, C.-F.; Chen, C.-R.; Thanh, B.-X.; Vuong, T.-H. Assessment of urbanization and urban heat islands in Ho Chi

Minh City, Vietnam using Landsat data. Sustain. Cities Soc. 2017, 30, 150–161. [CrossRef]
3. Ranagalage, M.; Ratnayake, S.S.; Dissanayake, D.; Kumar, L.; Wickremasinghe, H.; Vidanagama, J.; Cho, H.; Udagedara, S.; Jha,

K.K.; Simwanda, M.; et al. Spatiotemporal variation of urban heat islands for implementing nature-based solutions: A case study
of Kurunegala, Sri Lanka. ISPRS Int. J. Geo-Inf. 2020, 9, 461. [CrossRef]

4



Sustainability 2021, 13, 3681

4. Ndzabandzaba, C. Data Sharing for Sustainable Development in Less Developed and Developing Countries. 2015. Available
online: https://sustainabledevelopment.un.org/content/documents/615860-Ndzabandzaba-Data%20sharing%20for%20sd%
20in%20less%20developed%20and%20developing%20countries.pdf (accessed on 5 March 2021).

5. Simwanda, M.; Murayama, Y.; Ranagalage, M. Modeling the drivers of urban land use changes in Lusaka, Zambia using
multi-criteria evaluation: An analytic network process approach. Land Use Policy 2020, 92, 104441. [CrossRef]

6. Yang, J.; Shi, F.; Sun, Y.; Zhu, J. A cellular automata model constrained by spatiotemporal heterogeneity of the urban development
strategy for simulating land-use change: A case study in Nanjing City, China. Sustainability 2019, 11, 4012. [CrossRef]

7. Zhu, Y.; Wang, C.; Sakai, T. Remote sensing-based analysis of landscape pattern evolution in industrial rural areas: A case of
Southern Jiangsu, China. Sustainability 2019, 11, 4994. [CrossRef]

8. Liu, S.; Yu, Q.; Wei, C. Spatial-temporal dynamic analysis of land use and landscape pattern in Guangzhou, China: Exploring the
driving forces from an urban sustainability perspective. Sustainability 2019, 11, 6675. [CrossRef]

9. Yang, J.; Li, S.; Lu, H. Quantitative influence of land-use changes and urban expansion intensity on landscape pattern in Qingdao,
China: Implications for urban sustainability. Sustainability 2019, 11, 6174. [CrossRef]

10. Mawenda, J.; Watanabe, T.; Avtar, R. An analysis of urban land use/land cover changes in Blantyre City, Southern Malawi
(1994-2018). Sustainability 2020, 12, 2377. [CrossRef]

11. Yan, Y.; Ju, H.; Zhang, S.; Jiang, W. Spatiotemporal patterns and driving forces of urban expansion in coastal areas: A study on
urban agglomeration in the pearl river delta, China. Sustainability 2020, 12, 191. [CrossRef]

12. Niu, L.; Tang, R.; Jiang, Y.; Zhou, X. Spatiotemporal patterns and drivers of the surface urban heat island in 36 major cities in
China: A comparison of two different methods for delineating rural areas. Sustainability 2020, 12, 478. [CrossRef]

13. Hua, L.; Zhang, X.; Nie, Q.; Sun, F.; Tang, L. The impacts of the expansion of urban impervious surfaces on urban heat islands in a
coastal city in China. Sustainability 2020, 12, 475. [CrossRef]

14. Ranagalage, M.; Murayama, Y.; Dissanayake, D.; Simwanda, M. The Impacts of Landscape Changes on Annual Mean Land
Surface Temperature in the Tropical Mountain City of Sri Lanka: A Case Study of Nuwara Eliya (1996–2017). Sustainability 2019,
11, 5517. [CrossRef]

15. Dissanayake, D.; Morimoto, T.; Murayama, Y.; Ranagalage, M. Impact of landscape structure on the variation of land surface
temperature in sub-saharan region: A case study of Addis Ababa using Landsat Data (1986–2016). Sustainability 2019, 11, 2257.
[CrossRef]

16. Dissanayake, D.M.S.L.B.; Morimoto, T.; Murayama, Y.; Ranagalage, M.; Perera, E.N.C. Analysis of life quality in a tropical
mountain city using a multi-criteria geospatial technique: A case study of Kandy city, Sri Lanka. Sustainability 2020, 12, 2918.
[CrossRef]

17. Zhu, J.; Ding, N.; Li, D.; Sun, W.; Xie, Y.; Wang, X. Spatiotemporal analysis of the nonlinear negative relationship between
urbanization and habitat quality in metropolitan areas. Sustainability 2020, 12, 669. [CrossRef]

18. Wen, X.; Ming, Y.; Gao, Y.; Hu, X. Dynamic monitoring and analysis of ecological quality of pingtan comprehensive experimental
zone, a new type of sea island city, based on RSEI. Sustainability 2020, 12, 21. [CrossRef]

19. Nguyen, T.V.T.; Han, H.; Sahito, N. Role of urban public space and the surrounding environment in promoting sustainable
development from the lens of social media. Sustainability 2019, 11, 5967. [CrossRef]

20. Zhou, L.; Sun, Q.; Dang, X.; Wang, S. Comparison on multi-scale urban expansion derived from nightlight imagery between
China and India. Sustainability 2019, 11, 4509. [CrossRef]

21. Ghosh, S.; Das, A.; Hembram, T.K.; Saha, S.; Pradhan, B.; Alamri, A.M. Impact of COVID-19 induced lockdown on environmental
quality in four Indian megacities Using Landsat 8 OLI and TIRS-derived data and Mamdani fuzzy logic modelling approach.
Sustainability 2020, 12, 5464. [CrossRef]

5





sustainability

Article

A Cellular Automata Model Constrained by
Spatiotemporal Heterogeneity of the Urban
Development Strategy for Simulating Land-use
Change: A Case Study in Nanjing City, China

Jing Yang 1,2,3, Feng Shi 1,2,3, Yizhong Sun 1,2,3,* and Jie Zhu 4

1 Key Laboratory of Virtual Geographic Environment, Nanjing Normal University, Nanjing 210023, China
2 School of Geography, Nanjing Normal University, Nanjing 210023, China
3 Jiangsu Center for Collaborative Innovation in Geographical Information Resource Development and

Application, Nanjing 210023, China
4 College of Civil Engineering, Nanjing Forestry University, Nanjing 210037, China
* Correspondence: sunyizhong_cz@163.com; Tel.: +86-137-7082-7090

Received: 12 June 2019; Accepted: 22 July 2019; Published: 24 July 2019
����������
�������

Abstract: While cellular automata (CA) has become increasingly popular in land-use and land-cover
change (LUCC) simulations, insufficient research has considered the spatiotemporal heterogeneity of
urban development strategies and applied it to constrain CA models. Consequently, we proposed to
add a zoning transition rule and planning influence that consists of a development grade coefficient
and traffic facility coefficient in the CA model to reflect the top-down and heterogeneous characteristics
of spatial layout and the dynamic and heterogeneous external interference of traffic facilities on
land-use development. Testing the method using Nanjing city as a case study, we show that the
optimal combinations of development grade coefficients are different in different districts, and the
simulation accuracies are improved by adding the grade coefficients into the model. Moreover,
the integration of the traffic facility coefficient does not improve the model accuracy as expected
because the deployment of the optimal spatial layout has considered the effect of the subway
on land use. Therefore, spatial layout planning is important for urban green, humanistic and
sustainable development.

Keywords: cellular automata; spatial layout; transportation infrastructure; LUCC

1. Introduction

Reports on world urbanization prospects reveal that the global urban population exceeded the rural
population in 2011, and it is predicted to reach 76% by 2050 [1,2]. Rapid urbanization population growth
is a crucial signal that land-use and land-cover change (LUCC) and urban expansion will be serious,
which creates great challenges to the sustainable development of cities. Therefore, it seems necessary
to develop proper models for simulating and predicting urban growth to guide urban scientific and
organic development [3–5]. The cellular automata (CA) model, as a common LUCC simulation model,
simplifies the complicated urban development process by calibrating the characteristic parameters
from the environmental space to design different transition rules, and it is a heuristic approach to
understanding the realistic urban growth dynamics [6,7]. Moreover, the CA model has the advantages
of simplification, flexibility, intuitiveness and nonlinearity [8–11].

Wu [6] noted that urban land development consists of two interrelated processes: self-organized
growth and spontaneous growth. The former represents the future state of land use that is dependent
on the current state of land use in the neighbourhood, which is the result of local land-use interactions.
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This process corresponds to the basic principle of bottom-up CA; which states that complex global
patterns are generated from the local evolutions by using transition rules [12,13]. Hagoort et al. [14]
and Hansen [15,16] conducted research concerning the influence of neighbourhood rules on urban
dynamics simulations. Moreno et al. [17,18] implemented a dynamic neighbourhood to generate a more
realistic presentation of land-use change. Batty [19] began with models based on CA, simulating urban
dynamics through the local actions of automata. The latter reflects that land conversions are affected by
the supply-demand relationship, which determines the development propensity. Previous studies were
mainly from the perspective of demand subject citizens. Pinto and Antunes [20] applied the CA model
to simulate land-use dynamics by considering the evolution of population and employment densities
over time. Cohen [21] found that a very significant share of urban land-use dynamics is taking place in
those areas where the population is below 500,000, and Ferrás [22] explained this phenomenon as a
counter-urbanization trend. Augustijn-Becker et al. [23] developed an agent-based housing model for
the simulation of informal settlement dynamics. Although the role of supply subject-urban planning
has been mentioned in several studies, strictly speaking, most of them were scenario simulations that
were to analyse what the city would be like under different urban planning constraints or events,
seldom exploring the essential role of urban development strategy in the urban development process.
For example, Sohl et al. [24] developed a location model to stochastically allocate the projected
proportions of future land use. Rafiee [4] designed three scenarios (historical, environmentally oriented
and specific compound urban growth) to simulate the spatial pattern of urban growth under different
conditions. Kok and Winograd [25] simulated urban development under different natural hazards.
However, the spatial layout and spatial development control the granularity of land use and the
planning implementation, which are controlled and affected by urban development strategy and have
the characteristics of spatiotemporal heterogeneity.

Due to large regional differences, it is impossible to achieve comprehensive and all-round
urbanization, which will lead to idle and wasted resources. Therefore, we will gradually achieve
the urban development goals by levels and regions under the guidance of the development strategy.
Liu [7] indicated that urban growth simulation had been affected by a set of primary and secondary
transition rules, which are also referred to as local and global transition rules in CA models [26].
The first rule is applied to local areas (neighbourhoods), while the second rule reflects the influence
of environmental and institutional factors on global urban growth. Because urban development is
neither the purely local process nor the purely global process, the commonly used CA model combines
the above two transition rules [27]. However, the implementation of spatial layout is top-down and
multi-level [19,28,29]. The allocation of land use will be delivered through multiple levels, and it
is impossible to reach the lowest level—the cellular—directly. Moreover, according to the planning
of development strategy, to enhance the connotation, quality and sustainable development degree
of urban spatial development, the grade and zoning of land-use development are inhomogeneous.
At different levels, the same land grades have different control granularity in different control units.
Although some scholars have proposed adding an “intermediate level” between the global and local
levels, the division of the control unit at the new level does not match with the urban planning
system. Yang [30] differentiated the transition probabilities of land use in different spatial regions
through a different landscape pattern. Onsted and Clarke [31] divided the study area into several
policy zones, determined by farmland security zones, to simulate urban growth and land-use changes.
Ward et al. [32] integrated a regional optimization model and CA to discuss the possible growth
scenarios in southeast Queensland, Australia. In China and Britain, the spatial planning systems
are generally divided into three levels (national level, zoning level and local level), and the strategic
requirements at the national level are implemented to the local level through the zoning level to
complete target refinement and process control [33,34]. Furthermore, a study also found that zoning
is the most effective and universal management and control tool in the planning system of different
cities [6,35–37]. Hence, we suggest adding a “zoning transition rule” between the proposed two
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transition rules and considering the heterogeneity of the control granularity of different zoning units in
the process of simulation.

Transportation infrastructure is an important part of the development strategy, and its
implementation has a dynamic and heterogeneous external intervention influence on the LUCC
process. Conventional CA is a typical spatiotemporal model used to simulate land use dynamics.
Arsanjani et al. [38] and Guan et al. [39] used environmental and socio-economic variables to
address urban sprawl based on an improved hybrid model. Jantz et al. [40] developed methods that
expand the capability of SLEUTH (slope, land-use, excluded, urban, transportation, hill shade) to
incorporate economic, cultural and policy information, opening up new avenues for land-use dynamics
simulation. In those models, the characteristic of dynamics is represented by land-use attribution
change by setting different time steps, but their driving factors are static in the simulation process.
Nevertheless, the implementation of transportation infrastructure has a dynamic influence on land use
change [3], and the dynamic characteristics are reflected in two aspects. First, the implementation time
of transportation facilities is random. At present, most CA are inertia simulation models that drive their
transition rules largely from empirical data by assuming that the historical trend of urban development
will continue into the future [8,16]. However, there is a case where the facility implementation
appears in the simulation process, which is not contained in the initial simulation data. For instance,
the construction of a road begins at some point during the simulation. Second, the effect of traffic
facilities on the development of urban land use is dynamic and inhomogeneous in the process of spatial
evolution, which is reflected in space and time. Murakami and Cervero [41], Willigers and Wee [42] and
Garmendia et al. [43] proved that the railway has a spatial spill over effect and spatial agglomeration
effect on regional development. Gutiérrez [44], Vickerman [45] and Ureña et al. [46] certified that the
two effects coexist. These findings suggest that the construction of transportation facilities (e.g., road
planning) will produce inhomogeneous effects on urban land in space and that the spatial effect law
changes dynamically with time. Therefore, quantifying the dynamic and heterogeneous external
intervention influence of transportation facilities on planning influence is significant for simulating the
LUCC in a more realistic and objective way.

It is necessary to pay more attention to the adaptation of rules to real-world planning contexts [47].
Considering the spatiotemporal continuity and heterogeneity of urban development strategy, this paper
proposes an urban development strategy-constrained CA model, which is combined with three
transition rules. First, according to the slope and location (whether it is within the scope of the ecological
reserve) of the central cell, the direction of its transformation can be judged. Second, considering the
top-down characteristics and spatial heterogeneity of the implementation of the spatial layout, a special
“zoning transition rule” is proposed by constructing evaluating functions to measure the suitability of
different land types in different districts. Third, by adding the land development grade coefficient,
the traffic facility coefficient and the time variable into the local conversion function, the dynamic and
heterogeneous external intervention influence can be reflected in this model. Finally, whether the land
use changes or not is dependent on the comprehensive probability of the above rules. Our experiment
shows that the proposed model can effectively simulate the LUCC and that the control granularity of
land use development is heterogeneous in different districts, which is reflected in the difference in the
development grade coefficient. Moreover, the simulation results confirm that the design of the spatial
layout is a comprehensive and all-round process which considered the spatial difference of the subway
effect. Therefore, the addition of the traffic facility coefficient has not produced the expected results in
this experiment. These findings suggest that we need to pay more attention to the guiding mechanism
of the urban development strategy for urban sustainable development.

The remainder of this paper is organized as follows. In Section 2, we describe the study area,
driving factors, the design of transition rules, the determination of parameters and the verification
of the model. In Section 3, we present the case study experiment conducted in Nanjing. Section 4
discusses the experimental results. Section 5 presents our conclusions on the experimental results and
proposes future work.
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2. Materials and Methods

2.1. Study Area and Data Sources

The provincial capital—Nanjing city—is located in the southwest of Jiangsu Province. It is
the central city in the middle and lower reaches of the Yangtze River. Its geographic coordinates
are 118◦22′–119◦14′ E, 31◦14′–32◦37′ N. The projection of land-use dynamics was supplemented
by analyses of land-use changes for the years 1995, 2000 and 2005, the Nanjing City Master Plan
(1991–2010) (development grades of land use), the Nanjing city urban planning functional zoning
(ecological reserve) and several driving factors (Figure 1 and Table 1). The classified maps that were
obtained from the Geographical Information Monitoring Cloud Platform [48], include six thematic
land-use classes (river, forest land, agricultural land, urban and rural residential land, grassland and
unused land), which were mapped at a spatial resolution of 30 × 30 m. The overall classification
accuracy of the agricultural land and urban and rural residential land are more than 85%, and that
of other types of land-use are more than 75%. According to the zoning policy, the main study areas
are the urban areas of Nanjing city, which are divided into Qixia District, Main District, Jiangning
District and Pukou District. The Nanjing Metro Line 1 began construction in 2000 and officially began
operation on 3 September, 2005. It runs through the Qixia District, Main District and Jiangning District.

The provincial capital—Nanjing city—is located in the southwest of Jiangsu Province. It is the 
central city in the middle and lower reaches of the Yangtze River. Its geographic coordinates are 
118°22′–119°14′ E, 31°14′–32°37′ N. The projection of land-use dynamics was supplemented by 
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2010) (development grades of land use), the Nanjing city urban planning functional zoning 
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land-use classes (river, forest land, agricultural land, urban and rural residential land, grassland and 
unused land), which were mapped at a spatial resolution of 30×30 m. The overall classification 
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the urban areas of Nanjing city, which are divided into Qixia District, Main District, Jiangning District 
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operation on 3 September, 2005. It runs through the Qixia District, Main District and Jiangning 
District. 

 

 
Figure 1. Illustration of the study area (Nanjing, China): (a) 1995 satellite-derived classified map; (b) 
2000 satellite-derived classified map; (c) 2005 satellite-derived classified map; (d) 1995 urban land 
planning functional zoning; (e) 2000 urban land planning functional zoning; and (f) division maps of 
different districts and metro spatial layout. 

2.2. LUCC Driving Factors 

There are two main forms of LUCC: the transition of land-use types and the change of land-use 
intensity. Generally, the driving force and cause, which result in those land-use dynamics, are called 
te LUCC driving factors. In this paper, the LUCC driving factors are divided into four types: natural 
factors, traffic factors, urban factors, and planning factors (Table 1). 

Table 1. LUCC driving factors adopted for different transition rules. 

Types Transition Rules Driving Factors 

Figure 1. Illustration of the study area (Nanjing, China): (a) 1995 satellite-derived classified map;
(b) 2000 satellite-derived classified map; (c) 2005 satellite-derived classified map; (d) 1995 urban land
planning functional zoning; (e) 2000 urban land planning functional zoning; and (f) division maps of
different districts and metro spatial layout.
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Table 1. LUCC driving factors adopted for different transition rules.

Types Transition Rules Driving Factors

Natural factors
Global transition rule Slope

Zoning transition rule Distance to river (DtoR)
Elevation

Traffic factors
Zoning transition rule

Distance to the national highway (DtoNH)
Distance to the provincial highway (DtoPH)
Distance to the first-class highway (DtoFH)

Distance to the railway (DtoRl)
Distance to the motorway (DtoM)

Local transition rule Distance to the subway

Urban factors Zoning transition rule
Distance to the city centre (DtoCC)

Distance to the county centre (DtoCoC)
Distance to the town centre (DtoTC)

Planning factors Global transition rule Ecological reserve

Local transition rule Grade of land-use development

2.2. LUCC Driving Factors

There are two main forms of LUCC: the transition of land-use types and the change of land-use
intensity. Generally, the driving force and cause, which result in those land-use dynamics, are called te
LUCC driving factors. In this paper, the LUCC driving factors are divided into four types: natural
factors, traffic factors, urban factors, and planning factors (Table 1).

2.3. Transition Rules

Transition rules are the key of the CA model, which is used to determine the state of the cell at the
next moment based on the current state of the target cell and its neighbourhood cells. Liu [49] found
that the simulation result would be better when the iteration number is an integer multiple of the
observation, so we set the iteration number from 1995 to 2005 as 40. The design of the rules should
penetrate three levels of the urban planning system (global, zoning and local) and follow a series of
principles of land-use change. In this paper, we proposed a spatiotemporal difference-constrained CA
model whose whole process is shown in Figure 2.

2.3.1. Global Transition Rule

As the first rule among all transition rules, the global transition rule remaining stable in a specific period
is a constant variable that is not affected by the region and time, and its probability is commonly defined
as the set of {0, 1}. When the probability value is 0, it means that it is impossible to convert the land-use
type into a specific land-use type, so the other rules will not work; otherwise, land use meets the primary
conditions for the conversion to a specific type. In this paper, there are the following two global constraints.

Slope Constraints

Slope is the ratio of the vertical height to horizontal distance of each cell, indicating the inclination
degree. Different types of land use have different slope requirements. Here, there are two main kinds
of slope constraints: the planning mandatory constraint and the analytical constraint.

(1) Planning mandatory constraint: in the code for vertical planning on urban field [50], the slope
of urban and rural residential land must be less than 25◦.

(2) Analytical constraint: taking classified maps for the years 1995 and 2000 as examples, land slope
maps and classified maps are overlapped to analyse the slope constraints of other types of land use that
are without mandatory planning constraints. According to the specifications for base-map production
of the second national land investigation [51], the slopes of urban land use are divided into five
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levels for statistics, namely ≤2◦, 2~6◦, 6~15◦, 15~25◦, and >25◦. Then, the slope distribution index
(Equation (1)) is used to analyse the dominant slopes of different types of land use.

P =
Ai j ×A
Ai ×A j

(1)

where Ai j is the total area of the ith type of land use with the jth level of slope, A is the total area, Ai is
the total area of the ith type of land use, A j is the total area of the jth level of slope, and P is the slope
distribution index. With the increase of P, the dominance of the ith type of land use on the jth level of
slope also increases. When P is greater than 1, it indicates that the ith type of land use is suitable to
generate on the jth level of slope. The specific dominance is shown in Tables 2 and 3. The dominant
slopes of river, agricultural land, forest land, and unused land, with slopes of P greater than 1, are less
than 2◦, less than 15◦, greater than 6◦ and greater than 6◦, respectively. The dominance of grassland with
different slopes is greater than or close to 1; in other words, the grassland has no global slope constraints.
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Figure 2. Flowchart of the spatiotemporal difference-constrained CA model. 
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Figure 2. Flowchart of the spatiotemporal difference-constrained CA model.
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Table 2. The slope dominance of different land-use types in 1995.

Slope The Types of Land Use

River Agricultural
Land

Residential
Land Forest Land Grassland Unused

Land

0–2 3.749715 0.831182 0.635183 0.33193 1.666305 0.194276
2–6 0.531526 1.157626 1.068633 0.490533 0.889708 0.510358

6–15 0.4847 1.004208 1.144227 1.155114 0.854234 1.297419
15–25 0.529827 0.468231 0.671574 4.302906 0.992741 4.15173
>25 0.423168 0.171718 0.266865 6.362546 0.916602 3.593295

Table 3. The slope dominance of different land-use types in 2000.

Slope The Types of Land Use

River Agricultural
Land

Residential
Land Forest Land Grassland Unused

Land

0–2 3.849988 0.882763 0.672931 0.252777 1.665558 0.159312
2–6 0.562731 1.225256 1.108991 0.38004 0.905429 0.418503

6–15 0.511673 0.950711 1.088816 1.314651 0.867801 1.406244
15–25 0.535038 0.396583 0.619102 3.61699 0.960287 3.324652
>25 0.442164 0.143669 0.304322 4.852855 0.905072 2.946072

Ecological Reserve Constraints

In the process of urban construction, forest, grassland, agricultural land and river area are
constantly transformed into urban and rural residential land for maximizing economic benefit,
which leads to the destruction of urban ecosystems and the erosion of urban ecological function areas.
To maintain regional ecological security and sustainable development of the economy and society,
the state has delimited ecological reserve (Figure 1d,e), where the type of land used for forest, grassland
or river remains unchanged. Otherwise, the type of land use will be converted when the transition
probability exceeds the threshold.

In summary, the global transition rules are as follows (see Figure 3):

 
Figure 3. Main steps of the global transition rules. 

where ௜ܵ,௝௧  is the land-use type of the grid in row ݅ and column ݆ at time t, and ௜ܵ,௝௧ାଵ is the 
land-use type at time t + 1. U is a set of ecological reserves, including forest, grassland or river areas. ݈ܵ݁݌݋௜,௝ is the slope of the grid in row ݅ and column ݆. ௨ܲ is used to determine whether the grid is 
within the scope of the ecological reserve. When the grid is within the scope, its state remains 
unchanged with ௨ܲ  being 0, and its probability of being converted to other types of land-use 
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0. Otherwise, ௨ܲ is 1, and the probability of being converted is determined according to the value of ݈ܵ݁݌݋௜,௝. The probability is 1, which means it is possible to be converted into this type of land, or the 
probability is 0, which means it is impossible to be converted into this type of land. 

2.3.4. Zoning Transition Rule 

After meeting the first transition rule ( ௨ܲ = 1), this paper notes that a new zoning transition rule 
needs to be considered in the CA model. As the management and control unit in zoning planning, 
districts are set as study sub-units to analyse the suitability of different land-use types by using a 
logistic regression model (Equation (2)). Therefore, we consider 10 factors (nature, traffic and urban 
factors) (in Table 1) to construct the zoning transition rule. ݈ܲ݉݅݀݀ ௝݁ = exp	(ߚ଴ + ଵߚ ଵܺ + ଶܺଶߚ +⋯+ ௡ܺ௡)1ߚ + exp	(ߚ଴ + ଵߚ ଵܺ + ଶܺଶߚ + ⋯+ ௡ܺ௡) (2)ߚ

where ଵܺ, ܺଶ, …, ܺ௡ are the driving factors; ߚଵ, ߚଶ, …, ߚ௡ are the regression coefficients; and ߚ଴ 
is the constant term. The regression coefficients and the constant term are different in different 
districts. ݈ܲ݉݅݀݀ ௝݁  is the probability of being the land-use type ݆ , which is also defined as the 
suitability of the land-use type ݆ by some scholars. 

2.3.5. Local Transition Rule 

Neighbourhood Constraint 

Figure 3. Main steps of the global transition rules.
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Where St
i, j is the land-use type of the grid in row i and column j at time t, and St+1

i, j is the land-use
type at time t + 1. U is a set of ecological reserves, including forest, grassland or river areas. Slopei, j is
the slope of the grid in row i and column j. Pu is used to determine whether the grid is within the
scope of the ecological reserve. When the grid is within the scope, its state remains unchanged with
Pu being 0, and its probability of being converted to other types of land-use (Pglobalriver, Pglobalurban,
Pglobalagriculture, Pglobal f orest, Pglobalgrassland, Pglobalunused) is all 0. Otherwise, Pu is 1, and the probability
of being converted is determined according to the value of Slopei, j. The probability is 1, which means it
is possible to be converted into this type of land, or the probability is 0, which means it is impossible to
be converted into this type of land.

2.3.2. Zoning Transition Rule

After meeting the first transition rule (Pu = 1), this paper notes that a new zoning transition rule
needs to be considered in the CA model. As the management and control unit in zoning planning,
districts are set as study sub-units to analyse the suitability of different land-use types by using a logistic
regression model (Equation (2)). Therefore, we consider 10 factors (nature, traffic and urban factors)
(in Table 1) to construct the zoning transition rule.

Pmiddle j =
exp(β0 + β1X1 + β2X2 + . . .+ βnXn)

1 + exp(β0 + β1X1 + β2X2 + . . .+ βnXn)
(2)

where X1, X2, . . . , Xn are the driving factors; β1, β2, . . . , βn are the regression coefficients; and β0 is
the constant term. The regression coefficients and the constant term are different in different districts.
Pmiddle j is the probability of being the land-use type j, which is also defined as the suitability of the
land-use type j by some scholars.

2.3.3. Local Transition Rule

Neighbourhood Constraint

In urban development, the distribution of planning land is affected by the types of land uses in
the neighbourhood of the candidate areas where the land may be developed. Therefore, the CA model
always follows the principle that the types of central cells are affected by spatial neighbouring cells.

This model chooses the commonly used extended Moore neighbourhood of the 5 × 5 window;
each cell represents an area of 50 m × 50 m on the ground for the simulation. In the neighbourhood
window, land types of the other cells except the central cell are recorded and set as DevelopNum
= {Landriver, Landagriculture, Landurban, Land f orest, Landgrassland, Landunused}, where Landriver, Landagriculture,
Landurban, Land f orest, Landgrassland, and Landunused represent the numbers of the different types of
land use. In general, the greater the number of certain land-use types in the neighbourhood,
the greater the probability that the central cell will be converted into this land-use type; that is,
the more likely the central cell will be assimilated. However, the number of land-use types in the
neighbourhood is not the only criterion of local constraints. According to the construction demand
and the change of national conditions, the transfer rates among different land-use types are different.
They are obtained using the Markov model and saved as a land-use transition matrix DevelopExtent,
where Rr, Aa, RUru, F f , Gg, and Uu are the inheritance degree of the original land-use types, and the
other parameters indicate the evolution degree in the transformation direction of the different land-use
types. For instance, Rru indicates the evolution probability of river area being converted into urban
area (Equation (3)).
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(3)

In addition, the land-use transition matrix that was obtained based on the classified maps for the
years 1995 and 2000 is the initial matrix. In the iteration process, the matrix will change dynamically
according to the evolution state of the land use in the last two moments. When the land type of the
central cell is i and the numbers of the different land-use types within the neighbourhood of the n ∗ n
window are recorded in the matrix DevelopNum, then its local neighbourhood probability of being
converted into the other land-use types (Plocalni→ j) is as follows:

DevelopExtenti= {ir , ia, iru, i f , ig , iu}, (4)

Plocalni→ j=
i jLand j

n ∗ n− 1
. (5)

Planning Dynamic Constraint

Metro planning will produce urban land spill-over and aggregation effects that can be quantified
into the planning influence to represent the influence degree of metro planning policy, which is related
to space and time. The planning influence is determined by the types of intraregional effects; when the
spill-over effect occurs in the region, it indicates that the policy has a spatial damping effect on the
development of the land use, so the traffic facility coefficient (TFC, pl) is a negative value. When the
aggregation effect is generated in the region, it signifies that the policy exerts a spatial pull on the
development of land use, so the traffic facility coefficient (pl) is a positive value. In the experiment,
we divided the development of the study area into two stages; from 1995 to 2000 and from 2000 to
2005. If the subway did not produce any effects in the second stage, the growth rates of residential
land in this stage should be equal to those in the first stage. That is, the relative growth rate (RGR) of
the two stages is equal to 0. If the sign of RGR is negative with some ranges, it means that the subway
generates the spill-over effect on the land use with these ranges. Reviewing the reference on the
influence of a subway on urban land [52–54], this paper divides the research range of the traffic facility
coefficients into six levels: 0–200 m, 200–500 m, 500–800 m, 800–1600 m, 1600–2400 m, and 2400–3200
m. The experiment studies the dynamic change of the planning policy effect in the stage of subway
construction. It is assumed that the policy effect has a linear relationship with time in the whole
evolution process.

In addition, according to the Nanjing City Master Plan (1991–2010) and 2000 planning content
adjustment text, the urban land is divided into three development grades (Figure 1d,e). The key
development area, development area and other land belong to the first, second and third grades,
respectively, and correspond to different development grade coefficients αk(α1, α2, α3). The specific
equation is shown as follows:

Plocalpk,l,t= αk

(
1 + pl

t− ts

te − ts

)
(6)

where Plocalpk,l,t is the planning influence, pl(p1, p2, p3, p4, p5, p6) is the traffic facility coefficient
(when the region is affected by the planning spill-over effect, it is a negative value, or not a positive
value), αk(α1, α2, α3) is the development grade coefficient, which is decided by the development grade,
te and ts are the end time and start time of the planning policy, respectively, and t is the current time of
planning implementation.
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In summary, the calculation of the local dynamic conversion probability (Plocali→ j,k,l,t) is as follows:

Plocali→ j,k,l,t=



Plocalni→ j × Plocalpk,l,t j = urban, t ≥ ts

Plocalni→ j × Plocalpk,l,t and pl = 0 j = urban, t ≤ ts

Plocalni→ j j = others
. (7)

2.3.4. Comprehensive Transition Rule

According to Wu [55], the comprehensive conversion probability (Pcompi→ j, k,l,t) can be obtained
by combining the above transition rules (Equation (8)) as follows:

Pcompi→ j, k,l,t= Pu × Pglobal j × Pmiddle j × Plocali→ j,k,l,t. (8)

Each cell has six conversion probabilities of being converted to different types of land use. There are six
inheritance thresholds—∂river, ∂agriculture, ∂urban, ∂ f orest, ∂grassland, and ∂unused—in the model. When the

inheritance value of a cell whose land-use type is i
(
Pcompi→i,k,l,t

)
and is greater than the threshold ∂i,

the land-use type remains unchanged. Otherwise, the cell will be transited to the land type j with the
greatest conversion probability (Max(Pcompi→ j,k,l,t)).

2.4. Model Parameter Estimation and Accuracy Verification

The figure of merit (FOM)—which consists of misses, hits, wrong hits and false alarms—is a
popular metric for model validation by using three-map comparison, whose range is from 0 to 1.
The closer the value is to 1, the more similar the simulated change is to the actual changes [56,57].
In this experiment, we used FOM to determine parameters and judge the simulation results.

There are three kinds of parameters that need to be set up in the model, including the inheritance
thresholds (∂i), development grade coefficients (αk) and traffic facility coefficient (pl). First, based on
the reference map of 1995, we simulated the land-use changes in 2000 by calculating the six conversion
probabilities of each cell without considering the planning influence. Comparing the simulation
results with the actual map, the minimum conversion probabilities of each type of land-use without
changes were what were defined as inheritance thresholds by us. Second, combined with the above
obtained inheritance thresholds, the iteration method was used to calculate the FOM under different
combinations of development grade coefficients, and the combination with the maximum FOM was
the optimal combination of development grade coefficients. The traffic facility coefficient is set as 0 in
the process of determining the development grade coefficient because the planning policy had not been
implemented during the period. Third, the sign of the traffic facility coefficient (pl) can be determined
by judging the effect types based on the relative growth comparison of urban land in different regions
before and after the planning policy. Then, we applied the iteration method to test the optimal traffic
facility coefficients of the different districts with a step size of 0.1. The FOM of the simulated result was
the largest, as we used this optimal traffic facility coefficient.

3. Results

The global transition probability of every cell (Pu × Pglobal j) can be obtained based on its location
and slope, which has been introduced above. In the following, we explain how to determine the
middle transition probability (Pmiddle j) based on a logistic regression model and calculate the local
transition probability (Plocali→ j,k,l,t) by using the Markov model and planning influence.

3.1. Logical Regression Coefficient

According to the introduction in Section 2.3.2, logistic regression models of four districts were
built based on the 10 LUCC driving factors of the zoning transition rules in Table 1, and the regression
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coefficients of each district are shown in Table 4. Since there is no change in the unused land, we only
selected five types of land use to construct regression models.

Table 4. Logistic regression factors and their coefficient of different districts.

District Factors
Land-Use Types

River Agricultural
Land

Residential
Land Forest Land Grassland

Main
District

DtoFH −0.945 1.948 0.569 — −4.036
DtoNH 0.386 −0.185 −0.249 −0.903 4.556
DtoPH — 0.529 −0.203 −1.303 −1.911
DtoRl — 0.573 — −0.438 −1.182
DtoM −0.717 — 0.745 — 5.421
DtoCC 2.030 — −2.267 −2.056 —

DtoCoC −1.249 — — 2.028 —
DtoTC 0.267 — — 0.346 3.369
DtoR — −0.218 0.810 −0.218 —

Elevation −3.372 −0.518 −0.898 2.040 1.287
Constant −1.520 −0.509 −0.101 −1.707 −5.297

Qixia
District

DtoFH 5.751 −3.080 4.934 — 21.998
DtoNH — 1.993 −0.755 — −19.279
DtoPH −4.766 4.104 — — −11.763
DtoRl −1.705 −2.169 — −1.361 12.676
DtoM 11.319 −5.574 1.677 — 39.650
DtoCC −4.282 3.193 −6.822 — −17.897

DtoCoC −3.973 −0.962 0.578 — −11.817
DtoTC 0.657 — — — 0.853
DtoR — 0.839 0.585 0.454 −1.693

Elevation −1.756 −0.774 −0.132 1.985 0.820
Constant −1.545 0.080 −0.558 −2.15 −10.201

Pukou
District

DtoFH 0.642 — −0.663 −3.552 0.642
DtoNH — −0.142 — 2.299 —
DtoPH 0.761 −0.242 −0.471 — −1.911
DtoRl −0.408 0.442 — −0.653 0.761
DtoM — — — — —
DtoCC −2.738 3.082 — 2.889 −2.738

DtoCoC −0.274 — 0.734 — −0.274
DtoTC 2.309 −0.608 −0.125 −2.700 2.309
DtoR — — — — —

Elevation −3.433 −1.225 −0.433 4.303 −3.433
Constant −1.656 −0.036 −0.124 −1.707 −1.656

Jiangning
District

DtoFH −1.766 1.165 — 1.249 −4.511
DtoNH −0.760 — −0.387 1.214 −1.984
DtoPH −0.335 — −0.321 0.459 —
DtoRl 1.795 0.952 — −2.199 4.154
DtoM 0.736 −0.638 — — —
DtoCC — 0.603 — — —

DtoCoC — — — — —
DtoTC 0.349 −0.584 — — 5.843
DtoR — 0.316 0.170 — −0.453

Elevation −0.637 −1.609 −0.395 3.894 0.760
Constant 0.041 0.184 −0.009 0.888 −2.320

3.2. Land-use Transition Matrices

Based on classified maps for the years 1995 and 2000, we obtained the initial land use transition
matrices of four districts by using the Markov model (Table 5). In the following table, every element
represents the evolution probability between the different land uses, and the inheritance degrees of
the original land-use types are all close to 1. Combining Equations (4) and (5), the neighbourhood
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conditions and the following transition matrices, we can obtain the local neighbourhood probability of
every cell (Plocalni→ j).

Table 5. Land-use transition matrices of different districts.

District Land-Use Types Land-Use Types

River Agricult-Ural
LAND

Resident-Ial
LAND

Forest
Land Grassland Unused

Land

Main
District

River 0.999 0.740 0.801 0 0 0
Agricult-ural land 0.604 0.992 0.881 0.878 0 0
Resident-ial land 0.575 0.777 0.999 0 0 0

Forest land 0 0 0.833 0.998 0 0
Grassland 0 0 0 0 1 0

Unused land 0 0 0 0 0 1

Qixia
District

River 0.999 0.620 0.620 0 0 0
Agricult-ural land 0.732 0.994 0.889 0 0.773 0
Resident-ial land 0 0.782 0.999 0.601 0 0

Forest land 0 0.746 0.842 0.998 0 0
Grassland 0 0.686 0.886 0 0.995 0

Unused land 0 0 0 0 0 1

Pukou
District

River 0.999 0.800 0.595 0 0 0
Agricult-ural land 0.711 0.997 0.860 0.558 0 0
Resident-ial land 0 0.654 0.999 0.583 0 0

Forest land 0 0.620 0.743 0.999 0 0
Grassland 0.643 0 0.764 0 0.999 0

Unused land 0 0 0 0 0 1

Jiangning
District

River 0.999 0.678 0.718 0.613 0.592 0
Agricult-ural land 0.767 0.997 0.836 0.794 0 0
Resident-ial land 0.743 0.681 0.999 0 0 0

Forest land 0.659 0.632 0.797 0.999 0 0
Grassland 0.648 0 0 0 0.999 0

Unused land 0 0 0 0 0 1

3.3. Determination of Planning Influence

Planning influence (Plocalpk,l,t) consists of the development grade coefficient (αk) and the traffic
facility coefficient (∂i), which can be trained from the classified maps of 1995 and 2000 and of 2000 and
2005, respectively.

3.3.1. Development Grade Coefficient and Inheritance Thresholds

According to the planning text, there are α1> α2 > α3. Based on the iterative method, the
model accuracies (FOM) of the different districts are calculated under different combinations of grade
coefficients. As shown in Figure 4, each point displays a combination of grade coefficients, and its
colour represents the level of the FOM. The optimal combinations of Main District, Qixia District,
Pukou District and Jiangning District are (2.5, 2.4, 2.2), (2.7, 2.6, 1), (-, 2.7, 2.5) and (2.3, 2.2, 1.9),
respectively. That is, model accuracies are the largest when using those combinations. Based on the
optimal combinations, we simulated the land use in 2000 by using the proposed model (Figure 5a).

By analysing Table 6, it can be found that for Qixia District, the α1 value is close to the α2 value and
quite far from the α3 value. However, for Main District and Jiangning District, their grade coefficients
are very close. Since there was no key development area in Pukou District in 1995, it only had two
almost equal grade coefficients (α2 and α3). For the four districts, their inheritance thresholds of
river (∂1) are all very small, which implies that it is hard for the river to be changed into other land.
Almost all the inheritance thresholds of agricultural land (∂2) and grassland (∂5) are greater than 0.3,
which may be due to the occupation of farmland and grassland for urban expansion. The inheritance
threshold of forest land (∂4) is obviously higher than that in other districts because a large number of
forest lands adjacent to Main District in Jiangning District were cut down for district development.
In addition, the inheritance thresholds of residential lands (∂3) in Main District and Qixia District
are clearly less than those in Pukou District and Jiangning District. Comparing the simulated result
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(Figure 5a) with the actual result (Figure 1a,b), we calculated the model accuracies (FOM), which are
all greater than 0.19.
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Figure 5. Simulation result of the LUCC: (a) in 2000 with the development grade coefficient; (b) in 2005
with the traffic facility coefficient; and (c) in 2005 without the traffic facility coefficient.

Table 6. The optimal development grade coefficient combinations and their inheritance thresholds of
different districts.

District
αk ∂i FOM

α1 α2 α3 ∂1 ∂2 ∂3 ∂4 ∂5 ∂6

Main District 2.5 2.4 2.2 0.001 0.452 0.049 0.191 0.345 0 0.2365

Qixia District 2.7 2.6 1 0.002 0.402 0.070 0.154 0.292 0 0.2605

Pukou District — 2.7 2.5 0.005 0.450 0.219 0.113 0.190 0 0.2147

Jiangning District 2.3 2.2 1.9 0 0.377 0.145 0.449 0.500 0 0.1978

3.3.2. Traffic Facility Coefficient

The Nanjing Metro Line 1 began construction in 2000, so we should consider the traffic facility
coefficient (pl) in the simulation process from the 21st iteration. As shown in Table 6, the development
grade coefficients and inheritance thresholds of the different districts were trained by using the data
of 1995 and 2000. In 2000, Pukou District began to plan key development areas, and planning text
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specifies that α1 must be larger than α2, so we set α1 to 2.8 in the next experiment. Through the signs
of the relative growth rate of land use obtained by using the classified map of 1995, 2000 and 2005,
it can be judged whether the subway has a spatial spill-over effect or spatial agglomeration effect on
the land use within the different ranges. Then, we used the iterative method to simulate the LUCC
and test the optimal TFC combinations. As shown in Table 7, the subway produced a spill-over effect
within 500 to 800 m of the Main District, but an aggregation effect within 800 to 3200 m. Jiangning
District creates an aggregation effect within 200 to 2400 m. For Qixia District, the subway generates a
spill-over effect within 200 to 1600 m, but an aggregation effect within 2400 to 3200 m. In summary,
the aggregation effect coefficients or spill-over effect coefficients are all very small, less than or equal to
0.2. Comparing the simulated result (Figure 5b) with the actual result (Figure 1b,c), we found that the
simulated accuracies (FOM) of Main District and Qixia District are both greater than 0.21, excepting
the Jiangning District.

Table 7. The relative growth rate (RGR), optimal traffic facility coefficient (TFC) combinations and
FOM of different districts.

Level
Distance

(m)

District

Main District Qixia District Jiangning District

RGR TFC
(pl)

FOM RGR TFC
(pl)

FOM RGR TFC
(pl)

FOM

1 0–200 −0.406 0

0.2106

0 0

0.2371

3.787 0

0.1890

2 200–500 0.308 0 −2.040 −0.1 2.651 0.1
3 500–800 −3.775 −0.1 −2.670 −0.2 2.081 0.2
4 800–1600 0.797 0.1 −2.008 −0.1 2.252 0.2
5 1600–2400 2.921 0.2 −2.881 0 0.603 0.1
6 2400–3200 1.300 0.1 3.794 0.2 0.710 0

3.4. Simulation of LUCC

Combining the classified map and land development grade data of 2000 with the above obtained
grade coefficients and thresholds, we used our proposed model to simulate what the land use will be
like in 2005 without the traffic facility coefficient (subway effect) (Figure 5c).

We compared the simulation result (Figure 5c) with the actual result (Figure 1b,c) and calculated
the FOM of the simulation result. As shown in Table 8, the accuracies of the different districts are
all above 0.18. Comparing the accuracies in Tables 7 and 8, we found that they are almost the equal
in Main District, Qixia District and Jiangning District. The result reflects that the subway effect on
land use is negligible after considering the land development grade. This is because the planning
process of land development is interactive and comprehensive—when classifying the spatial land
development grade, the planning departments have considered the role of subway planning in land-use
development. Therefore, the planning influence can be expressed only by the development grade,
without a subway effect.

Table 8. The accuracy of the simulation results without the traffic facility coefficient in 2005.

District

Main District Qixia District Pukou District Jiangning District

FOM 0.2296 0.2366 0.2145 0.1810

4. Discussion

In fact, the differences in the grade coefficients of the districts—which are the land grade being
different in one district and the coefficient of same land grade being different in different districts—
reflect the differences in spatial control granularity of the land use. The form is due to the great
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differences in regional development and resource distribution, so the granularity of spatial development
is heterogeneous. The latter is due to the characteristic of the Chinese planning system. where the
management and control powers of different land-use grades are heterogeneous in different districts.
As shown in Figure 6a,b, we also simulated what the urban land will be like without considering
the development grade coefficients; in other words, we assume that the planning granularity of land
development is homogeneous in the whole study area. Compared with Figure 5a,c, it is obvious that
the residential lands of Figure 6a,b in the first and second development areas are larger, which confirms
that the division of land grades has different driving forces for land expansion.
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Figure 6. Simulation results: (a) without planning influence in 2000, (b) without planning influence 
in 2005, and (c) with planning influence in 2020. 

The simulation results (Figure 6a,b) are compared with the actual results (Figure 1b,c) to obtain 
the accuracies of the different districts. By comparing Table 9 with Table 6 and Table 8, it can be found 
that the simulation accuracies considering the differences in grade coefficients are almost higher. This 
conclusion further confirms that the differences in zoning control granularity are inevitable. 

Table 9. The accuracies of the simulation results without planning influence. 

 Year 
District 

Main District Qixia District Pukou District Jiangning District 

FOM 
2000 0.2243 0.2315 0.2001 0.1956 
2005 0.2197 0.2034 0.2109 0.1711 

Further, comparing Figure 6b or Figure 5c with Figure 1c, it can be found that neither of the two 
simulation methods can simulate the residential land in the southwest of Pukou District (the scope 
circled in Figure 6b). This is due to the limitation of the CA model itself, which pays too much 
attention to the role of the neighbourhood. Although the planning department had designated this 
scope as a key development area in 2000, the original number of the residential land in this scope was 
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Figure 6. Simulation results: (a) without planning influence in 2000, (b) without planning influence in
2005, and (c) with planning influence in 2020.

The simulation results (Figure 6a,b) are compared with the actual results (Figure 1b,c) to obtain
the accuracies of the different districts. By comparing Table 9 with Tables 6 and 8, it can be found
that the simulation accuracies considering the differences in grade coefficients are almost higher. This
conclusion further confirms that the differences in zoning control granularity are inevitable.

Table 9. The accuracies of the simulation results without planning influence.

Year
District

Main District Qixia District Pukou District Jiangning District

FOM
2000 0.2243 0.2315 0.2001 0.1956
2005 0.2197 0.2034 0.2109 0.1711

Further, comparing Figure 6b or Figure 5c with Figure 1c, it can be found that neither of the two
simulation methods can simulate the residential land in the southwest of Pukou District (the scope
circled in Figure 6b). This is due to the limitation of the CA model itself, which pays too much attention
to the role of the neighbourhood. Although the planning department had designated this scope as a
key development area in 2000, the original number of the residential land in this scope was too small
to simulate the real development status.

In addition, we simulated the land-use changes of Nanjing in 2020 based on the data of 2005
(Figure 6c). In the general land use planning of Nanjing (2006–2020), there are clear control indicators
for the area of agricultural land, residential land and forest land in 2020. By comparing the simulated
results with the planning indicators (Table 10), we found that the overall results of the simulation were
good, because the simulation results of each type of land-use reached 80% of the planning indicator.
The simulation results of residential land in the four districts are less than the planning indicators,
while the other two types of land-use are opposite. This finding indicates that the growth rate of
residential land in the model is slightly smaller than that of planning. In other words—the development
of residential land will accelerate between 2005 and 2020.
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Table 10. The comparison of simulated results and planning indicators in 2020.

District
Land-Use Types

Agricultural Land Residential Land Forest Land

Simulated Planning Simulated Planning Simulated Planning

Main District 1731.7 1480.5 20,710.7 25,281.1 2611 2270.8

Qixia District 16,189 14,803.7 10,504.7 12,943.8 4190.2 4207.7

Pukou District 58,058.25 57,611.7 14,914.5 17,438.5 20,603.5 20,488.5

Jiangning District 120,668.7 111,404.7 26,119.2 30,146.9 24,363.5 28,226.1

5. Conclusions

The urban development strategy plays an absolute guiding role in the process of urban land-use
development. To simulate and discuss the development process of urban land use in a more real and
objective way, this paper proposes a CA model under the constraint of the development strategy of
urban planning. First, a new zoning transition rule is added to the two traditional rules to show the
multi-level characteristics of the planning system. Second, the development grade coefficient is put
out in the model to reflect the heterogeneity of the spatial control granularity in different districts.
Third, we explored the spatial effects of subways by setting a traffic facility coefficient in the local
transition rule. Through the above research, some significant results are summarized as follows:

• By comparing the simulation results of this proposed model and a model without considering the
planning influence, it can be found that the heterogeneity of the spatial control granularity does
exist and affects the simulation accuracies.

• Other contents of regulatory plans (e.g., road planning) have been taken into account in the design
process of land-use spatial layouts, so the effect of subways on the simulation results in this model
is very small.

People often define a city as a community that maintains a small scale for the good life. With the
concepts of humanism and sustainable development becoming more and more popular, people are
beginning to attach great importance to the living environment and comprehensive development of
community. The results of this study suggest that planners can solve the problems of urban landscape
fragmentation and achieve the goal of harmonious coexistence between man and nature by designating
ecological reserves to establish continuous green grids and increase the continuity of urban green
spaces. Based on the demand of people and the spatial distribution of infrastructure, planners can also
realize intensive land use and develop compact cities by classifying the development level of land-use
and controlling the granularity of different levels, thus reducing the use of resources and promoting
urban sustainable development. Besides, we can simulate the land-use development under different
planning strategies by using the model, and analysing the green, humanistic and sustainability of cities
under different scenarios, so as to provide scientific guidance for the development of cities.

In cases where the residential land is too sparse to simulate the real development status,
the proposed method revealed some limitations that must be resolved in future works. Apart from
this, there are still some potential factors that need to be considered to better understand the driving
mechanism of sustainable development. First, limited by the availability of data, this paper did
not consider the influence of economic elements on the model, which need to be further studied.
Second, the urban planning system is multi-level [19,28,29], and the system of each city is slightly
different. Although this paper has considered the general level-zoning in order to simulate the process
of land-use allocation more objectively—which is from the top to bottom—more levels need to be
added. Third, urban population is the basis of land-use planning for planners, so we need to combine
the population prediction model with the proposed model to improve the accuracy of urban growth
simulation in the following work.
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Abstract: With the rapid economic development of industrial rural areas in Southern Jiangsu, the rural
landscape and ecological environment of these industrial rural areas are getting damaged. Based
on GIS and RS techniques, Landsat Satellite remote sensing images from 1981, 1991, 2001, 2011
and 2018 were collected for Jiangyin, Zhangjiagang, Changshu and Kunshan, to extract landscape
pattern indexes and spatial distribution data. Landscape pattern indexes of the patch-class level and
landscape level from each year were calculated by FRAGSTATS. After analyzing and comparing
landscape pattern variation of five years, progress, characteristics and driving forces of landscape
pattern evolution were explored. At the patch-class level, construction land had continuously
encroached on green and cultivated land, exhibiting trends of expansion and centralization. At the
landscape level, the number of small patches and degree of landscape fragmentation generally
increased. The direct cause of landscape pattern evolution in industrial rural areas of Southern
Jiangsu was the encroachment and segmentation of green and cultivated land by construction land,
and the dominant factors driving the changes in construction land in the industrial rural areas of
Southern Jiangsu were the effects of land and population aggregation exerted by the development of
township enterprises and rural industries.

Keywords: landscape pattern; industrial rural area; rural landscape; landscape ecology;
southern Jiangsu

1. Introduction

Industrial rural areas are clusters of rural land with high industrial development, a large
number of industrial areas and industrial enterprises based on raw material collection and
processing–manufacturing industries, where the industrial output value accounts for the highest
proportion of the total rural community assets [1]. During the early period of economic reform in
China during the 1980s, the location of the rural areas in Southern Jiangsu Province facilitated the
rapid development of township enterprises based on manufacture, which led to the establishment
of a unique industry-dominated rural economic development pathway referred to as the “Southern
Jiangsu Model” and the formation of large industrial rural areas. The Southern Jiangsu Model is
one of the most representative models of the urbanization process in China and has certain research
value. However, as development in Southern Jiangsu occurred during the early period of urbanization,
there was a lack of preceding examples that could provide a reference and theoretical guidance for
sustainable development. Consequently, the original, natural appearance of these rural landscapes
was destroyed, diminishing their unique characteristics and rurality [2]. Additionally, the rapid

27



Sustainability 2019, 11, 4994

urbanization of peripheral areas also caused the continuous extension of urban landscapes into rural
areas [3]. Under the joint influence of the aforementioned internal and external factors, the landscape
patterns of the industrial rural areas in Southern Jiangsu gradually evolved to their present state, which
is characterized by the widespread loss of traditional rural landscapes. Additionally, the encroachment
of urban construction on rural land and the commingling of residential and industrial zones in rural
construction areas have caused the continuous deterioration of the environments surrounding human
settlements in these areas [4]. With the proposal of the ecological civilization construction concept and
rural revitalization strategy, strategies to mitigate the destruction of rural landscapes and assimilation
effects of urban-rural integration, enhance the environment surrounding rural settlements and promote
the sustainable development of rural areas have become the focus of research on Chinese rural areas [5].

Industrial rural development has resulted in the evolution of rural functions and the modification
of industrial rural structures on a global scale. Although industrial rural and manufacturing models
had previously promoted economic development and increased the income of rural residents, they
significantly impacted land use patterns and rural environments, which is unfavorable for sustainable
development [6]. Recent major economic and social reforms have driven the development of tourism,
which has, in turn, promoted the development of the national economy through industrial, agricultural,
construction, transportation and trade activities [7,8]. The development of the tourism sector has
profoundly influenced the transformation of various economic, social and cultural factors, leading to
the establishment of the rural tourism market and the consolidation of the tourism sector while also
promoting sustainable development and environmental conservation [9,10]. Rural tourism aims to
sustain rural architecture and landscapes, thereby promoting creative activities related to the natural
and historical backgrounds of rural areas for the appropriate development of these rural landscapes
and their cultural heritage. This is also a major pathway in the sustainable development of rural
areas [11,12].

After sorting out the relevant research results, it is found that researchers have studied the spatial
and temporal distribution characteristics of carbon emissions [13], industrial pollution [14], ecological
sensitivity [15] and the natural landscape level [16] in the industrial rural areas in Southern Jiangsu by
using the methods of composite analysis, buffer analysis and data weighted overlay analysis in the GIS
platform. These studies have achieved effective results, but generally there are some shortcomings in
data and methods, such as small research scope, low accuracy of data and a lack of macro-control of
the development of urban and rural areas for the region as a whole.

Previous studies indicated that landscape pattern indexes calculated based on land-use categories
directly reflect the characteristics of changes to a certain region from the perspective of landscape
ecology. The widespread application of geospatial techniques such as geographic information systems
(GIS) and remote sensing (RS) in landscape ecology research, has demonstrated the necessity of
assessing the progress of research in this field [17]. With the prevalence of Landsat imagery-based
landscape indexes and application methods, land-use change maps constructed using multi-temporal
data can be used to calculate landscape metrics and analyze the urban-to-rural gradient characteristics.
Consequently, the spatiotemporal characteristics of landscape changes in metropolitan areas can be
monitored, facilitating the investigation of the influence of urban expansion on both urban and rural
landscapes [18,19]. Land-use change maps can also reflect the influence of land consolidation on
local landscape patterns, which is vital for optimizing land consolidation models and accelerating
the sustainable development of local communities [20,21]. The evolution of landscape patterns also
leads to changes in the spatial and ecosystem structures of landscapes, which ultimately influences
ecological security [22–24]. In previous studies related to agriculture and forestry, landscape pattern
indexes and land-use change maps have not only reflected the influence of urbanization on cultivated
land and forests, but have also been used to determine the service functions of cultivated lands and
forests in urban ecosystems, thereby providing a reference for promoting sustainable development in
urban and rural regions [25]. In this study, GIS and RS techniques were used for a case study that will
help achieve sustainability in industrial rural areas, Southern Jiangsu, China.
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To reach this goal, we aimed to determine the actual influence of industrial rural development
in Southern Jiangsu during 1981–2018 on local rural landscapes and the environments surrounding
human settlements by using landscape pattern indexes. Four representative regions, i.e., the cities
of Jiangyin, Zhangjiagang, Changshu, and Kunshan, were selected as study areas. In the County
Economy Top 100 (2019) List of China by the government, Kunshan ranked No. 1, Jiangyin ranked No.
2, Zhangjiag ranked No. 3 and Changshu ranked No. 4, which means the four counties are the counties
with the most developed economy in China. The study area is so peculiar, and representative of the
most successful rural economic development model and one of the most representative models of the
urbanization process in China since the economic reform of China. The economic achievement was
based on industrialization, with damage to rural landscapes and natural environments, so it is necessary
to sort out this typical kind of fast urbanization in regions driven by industry development. The specific
aims of this case study are as follows: (1) Use GIS and RS techniques to establish land-use change
maps from remotely sensed image data acquired by Landsat satellites during five periods in 1981, 1991,
2001, 2011, and 2018. (2) Calculate and analyze eight landscape pattern indexes at two different levels
with ENVI and FRAGSTATS software. (3) Compare the landscape pattern evolution processes of the
four study areas to analyze the landscape pattern evolution characteristics of industrial rural areas in
Southern Jiangsu. (4) Explore factors driving landscape changes in this region. The results of this study
concluded the landscape pattern and evolution dynamics of industrial rural areas in Southern Jiangsu,
China, providing relevant fields with methods to investigate the evolution dynamic of the urban–rural
industry during urbanization. It could also support and serve as a reference for other developing
countries in Asia for sustainability of urban and rural development during industrialization.

The structure of this paper is organized as follows: In Section 2, we introduced and elaborated
on the study area, data collection and pre-processing, as well as on the landscape pattern indexes
chosen for this study; in Section 3, calculation results of the case study conducted in Southern Jiangsu
were presented; in Section 4, experimental results and factors driving landscape pattern changes were
discussed, and strategies for improving the landscape pattern and promoting the development of
ecological environment and tourism were proposed, which is helpful to achieve sustainability; and in
Section 5, conclusions on the experimental results and future work were drawn.

2. Materials and Methods

2.1. Study Area

Jiangsu Province is divided into three major regions by the Yangtze and Huai Rivers, i.e., Southern,
Central and Northern Jiangsu. Specifically, Southern Jiangsu contains the cities of Nanjing, Suzhou,
Wuxi, Changzhou and Zhenjiang. According to statistics from 2017, the total population of Southern
Jiangsu is approximately 33.4752 million, and the gross domestic product (GDP) of the region is
approximately 5.0175 trillion yuan, accounting for 6% of China’s GDP. The per-capita GDP of the region
is 150,200 yuan, which is approximately three times the average per-capita GDP of the country. Industrial
rural areas are rural locations dominated by industry, where the industrial output value accounts for the
highest proportion of the total community assets, which have mainly been implemented in county-level
cities under the jurisdiction of the three prefectural-level cities of Suzhou, Wuxi and Changzhou.
Based on governmental statistics, we selected the following county-level cities as representative
regions for this study, which have similar areas, similar population sizes, and respective GDPs of over
200 billion yuan: Jiangyin, Zhangjiagang, Changshu and Kunshan. The geographic coordinates of the
spatial extent shown in Figure 1 are Jiangyin: 120◦15′36” E, 31◦54′36” N; Zhangjiagang: 120◦33′00” E,
31◦52′12” N; Changshu: 120◦44′24” E, 31◦54′36” N; and Kunshan: 120◦57′00” E, 31◦23′24” N (Figure 1
and Table 1).
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2.2. Data Collection and Pre-Processing 

Based on GIS and RS techniques, remotely sensed image data of the four subject cities acquired 
by Landsat satellites during five periods in 1981, 1991, 2001, 2011 and 2018 were utilized to extract 
the spatial distribution of various landscape categories. The satellite images were all captured in fall 
included the dates of 7 December 1981, 12 November 1991, 6 November 2001, 11 November 2011 
and 24 December 2018. The resolution of the image in 1981 was 60 m × 60 m, whereas the others 
were all 30 m × 30 m. These were the highest resolution of images accessible to us. Resolution has 
been unified during land classification and resampling. FRAGSTATS 4.2 was used to calculate the 
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Table 1. Statistical data of study area [26–29].

Prefectural-Level County-Level Year Population/Million GDP/Billion Area/km2

Wuxi Jiangyin

1990 1.10 3.67

987.53
2001 1.15 36.50
2011 1.21 233.59
2017 1.25 348.83

Suzhou

Zhangjiagang

1990 0.83 2.78

999.00
2001 0.85 30.68
2011 0.90 186.03
2017 0.92 260.61

Changshu

1990 1.03 3.63

1264.00
2001 1.04 30.30
2011 1.06 171.05
2017 1.07 227.96

Kunshan

1990 0.56 2.01

927.68
2001 0.60 23.08
2011 0.72 243.23
2017 0.86 352.03

2.2. Data Collection and Pre-Processing

Based on GIS and RS techniques, remotely sensed image data of the four subject cities acquired
by Landsat satellites during five periods in 1981, 1991, 2001, 2011 and 2018 were utilized to extract
the spatial distribution of various landscape categories. The satellite images were all captured in fall
included the dates of 7 December 1981, 12 November 1991, 6 November 2001, 11 November 2011 and
24 December 2018. The resolution of the image in 1981 was 60 m × 60 m, whereas the others were all
30 m × 30 m. These were the highest resolution of images accessible to us. Resolution has been unified
during land classification and resampling. FRAGSTATS 4.2 was used to calculate the landscape pattern
indexes of each city during the different periods. By quantitatively and qualitatively analyzing the
landscape pattern indexes, the influence of the rural industry on the evolution of landscape patterns
was investigated. The remotely-sensed images were geometrically corrected in ERDAS 9.2 using the
corresponding topographic maps as a reference. The images were then vectorized using ENVI 5.0.
By following a human–computer interaction interpretation method, the landscapes were classified
into four categories based on the characteristics of the studied areas: Construction land, cultivated
land, green land and water bodies. Ground Truth ROI in ENVI 5.0 was used to assess the accuracy.
And the kappa coefficients were all over 0.8648, which was reliable. The classification maps obtained
from visual interpretation were converted into the ArcGrid format using ArcGIS 10.2 and subsequently
imported into FRAGSTATS 4.2 for calculating the landscape pattern indexes.

30



Sustainability 2019, 11, 4994

2.3. Landscape Pattern Indexes

In this study, we utilized landscape pattern indexes, including patch-class-level and landscape-level
indexes, to portray the characteristics of the spatiotemporal changes in the various landscape categories.
The patch-class-level indexes included the percentage of landscape (PLAND), number of patches
(NP), patch density (PD) and largest patch index (LPI), while the landscape-level indexes included
the contagion index (CONTAG), splitting index (SPLIT), Shannon’s diversity index (SHDI) and
Shannon’s evenness index (SHEI). The evolution process of the landscape patterns was determined by
investigating the basic characteristics, morphological changes and spatiotemporal evolution of the
various landscape categories, as shown in Table 2. The annual changing ratio of landscape pattern
indexes in the patch-class level was calculated to show the annual change of four kinds of lands clearly.
The formula was ((year2−year1)/year1) × 100%.

Table 2. Landscape pattern index used in this study.

Name Calculation Formula Notes

Proportion of landscape
types (PLAND) [30] PLAND = Pi =

∑n
j=1 ai j

A (100)
ai j represents the area of patches
numbered ij, and A represents the total
area of all patches.

Number of patches
(NP) [30] NP = ni

ni represents the total number of patches
contained in type I of the entire landscape.

Patch density (PD) [30] PD = 1
A

∑M
j=1 Ni

A represents the total area of all patches
M represents the total number of
landscape element types at a spatial
resolution within the scope of the study

Largest patch index
(LPI) [30] LPI =

max(ai j)
A (100)

ai j represents the area of patches
numbered ij, and A represents the total
area of all patches.

Contagion index
(CONTAG) [30]

CONTAG =

1 +

∑m
i=1

∑m
k=1

[
(Pi)

gik∑m
k=1

gik

][
ln(Pi)

gik∑m
k=1

gik

]

2 ln(m)



(100)

Pi represents the percentage of area
occupied by type I; gik represents the
number of IK adjacent to the plaque type.
M represents the total number of patch
types in the landscape

Splitting Index (SPLIT) [30] Ci = Ni
Ai

Ni represents the number of patches.
Ai represents the total area of all patches.

Shannon’s diversity index
(SHDI) [30]

SHDI = −∑m
k=1 Pk ln(Pk)

SHDImax = ln(m)

Pk represents the probability of patch type
K appearing in landscape.
m represents the total number of patch
types in the landscape.

Shannon’s evenness index
(SHEI) [30] SHEI = SHDI

SHDImax
=
−∑m

k=1 Pk ln(Pk)

ln(m)

Pk represents the probability of patch type
K appearing in landscape.
m represents the total number of patch
types in the landscape.

3. Results

3.1. Land Classification Results

The characteristics of the land-use categories of the four study areas during the five periods
described above extracted using ENVI 5.0 are shown in Figure 2, as well as the patch-class-level and
landscape-level landscape pattern indexes of each study area calculated using FRAGSTATS 4.2.
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Figure 2. Land classification results.

3.2. Patch-Class-Level Landscape Pattern Results

Tables 3–10 show the results of the calculation and analysis of the patch-class-level landscape
pattern indexes selected in this study (PLAND, NP, PD and LPI).

In all four study areas, the PLAND of construction land exhibited a rapid, continuous increase.
The annual increase during 1981–2018 exceeded 400% in all areas, with the highest annual increase
of 637.03% being observed in Changshu City. In contrast, the PLAND of cultivated land in all four
study areas decreased continuously over time. Figure 3 shows that the annual decrease during
1981–2018 exceeded 50% in all areas, with Kunshan City exhibiting the highest annual decrease of
80.17%. The PLAND of green land decreased in the cities of Jiangyin, Zhangjiagang and Changshu,
while that in Kunshan increased. No significant changes in the PLAND of water bodies were observed
in all four study areas.
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Table 3. Calculation results from the patch-class-level in Jiangyin.

City Category Year PLAND NP PD LPI

Jiangyin

Construction
Land

1981 9.59 2186.00 2.24 0.20
1991 17.56 1269.00 1.30 1.23
2001 28.90 1897.00 1.95 6.42
2011 46.76 923.00 0.95 32.83
2018 57.61 228.00 0.23 56.50

Green
Land

1981 23.27 2201.00 2.26 1.97
1991 29.23 797.00 0.82 1.23
2001 23.04 2836.00 2.91 0.44
2011 10.11 956.00 0.98 0.64
2018 18.71 2234.00 2.29 0.95

Water
Bodies

1981 9.18 1056.00 1.08 5.31
1991 10.75 873.00 0.90 6.09
2001 10.97 480.00 0.49 5.20
2011 10.60 315.00 0.32 4.45
2018 10.71 1441.00 1.48 4.71

Cultivated
Land

1981 57.96 245.00 0.25 55.75
1991 42.46 690.00 0.71 30.91
2001 37.09 359.00 0.37 47.25
2011 32.53 1010.00 1.04 19.91
2018 12.98 2365.00 2.42 0.52

Table 4. Calculation results from the patch-class-level in Zhangjiagang.

City Category Year PLAND NP PD LPI

Zhangjiagang

Construction
Land

1981 8.86 1615.00 1.61 0.31
1991 10.33 884.00 0.45 0.48
2001 21.24 1446.00 1.44 4.54
2011 36.69 739.00 0.73 22.18
2018 45.40 411.00 0.41 38.06

Green
Land

1981 29.08 1140.00 1.13 16.94
1991 15.98 1250.00 1.24 2.34
2001 12.71 2414.00 2.40 0.11
2011 6.98 869.00 0.86 0.54
2018 13.68 2033.00 2.02 0.17

Water
Bodies

1981 21.80 592.00 0.59 20.16
1991 22.69 459.00 0.46 20.55
2001 21.03 281.00 0.28 20.09
2011 21.22 182.00 0.18 17.53
2018 21.09 943.00 0.94 17.40

Cultivated
Land

1981 40.25 456.00 0.45 28.14
1991 51.01 161.00 0.16 49.08
2001 45.02 226.00 0.22 41.77
2011 35.11 608.00 0.60 31.55
2018 19.83 1430.00 1.42 1.92
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Table 5. Calculation results from the patch-class-level in Changshu.

City Category Year PLAND NP PD LPI

Changshu

Construction
Land

1981 7.15 1987.00 1.64 0.28
1991 16.11 1258.00 1.04 0.83
2001 24.26 2110.00 1.74 4.72
2011 36.69 964.00 0.80 25.08
2018 52.70 412.00 0.34 48.41

Green
Land

1981 34.12 1655.00 1.37 12.42
1991 19.98 2627.00 0.86 0.64
2001 22.79 2293.00 0.70 2.07
2011 13.68 996.00 0.82 2.83
2018 15.29 2510.00 2.07 1.13

Water
Bodies

1981 13.36 1349.00 1.11 5.52
1991 12.88 1038.00 0.86 5.30
2001 11.61 850.00 0.70 5.02
2011 12.79 484.00 0.40 3.88
2018 13.62 1414.00 1.17 3.84

Cultivated
Land

1981 45.36 811.00 0.67 37.50
1991 51.04 143.00 0.12 59.43
2001 41.34 862.00 0.71 28.91
2011 36.85 919.00 0.76 26.93
2018 18.40 2008.00 1.66 0.97

Table 6. Calculation results from the patch-class-level in Kunshan.

City Category Year PLAND NP PD LPI

Kunshan

Construction
Land

1981 9.87 2475.00 2.60 0.25
1991 15.37 862.00 0.90 0.66
2001 42.79 1118.00 1.17 24.39
2011 41.40 932.00 0.98 26.52
2018 53.96 312.00 0.33 50.99

Green
Land

1981 12.03 2201.00 2.31 0.70
1991 30.47 1965.00 2.06 6.04
2001 12.07 2787.00 2.92 0.25
2011 22.13 1236.00 1.30 3.60
2018 18.87 2243.00 2.35 0.69

Water
Bodies

1981 15.58 1510.00 1.58 3.48
1991 13.43 944.00 0.99 3.02
2001 13.69 1472.00 1.54 1.86
2011 13.62 773.00 0.81 1.87
2018 14.77 1727.00 1.81 1.92

Cultivated
Land

1981 62.52 190.00 0.20 60.98
1991 40.72 352.00 0.37 46.08
2001 31.45 1270.00 1.33 5.27
2011 22.85 1942.00 2.04 1.82
2018 12.39 2086.00 2.19 0.20
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Table 7. Changes of landscape indexes in Jiangyin.

City Category Year PLAND NP PD LPI

Jiangyin

Construction
Land

1981–1991 83.22% −41.95% −41.95% 518.57%
1991–2001 64.55% 49.49% 49.49% 423.80%
2001–2011 61.80% −51.34% −51.34% 411.29%
2011–2018 23.19% −75.30% −75.30% 72.09%
1981–2018 500.94% −89.57% −89.57% 28,407.87%

Green
Land

1981–1991 32.51% 73.44% 73.45% 60.33%
1991–2001 1.13% −57.99% −57.98% −80.91%
2001–2011 −50.73% 207.26% 207.25% −98.65%
2011–2018 −82.45% 319.30% 319.25% −98.86%
1981–2018 −19.62% 1.50% 1.50% −51.44%

Water Bodies

1981–1991 17.11% −17.33% −17.33% 14.70%
1991–2001 2.07% −45.02% −45.01% −14.63%
2001–2011 −3.45% −34.38% −34.38% −14.41%
2011–2018 1.03% 357.46% 357.43% 5.98%
1981–2018 16.61% 36.46% 36.46% −11.17%

Cultivated

1981–1991 26.71% −64.69% −64.70% 74.39%
1991–2001 −26.75% 181.63% 181.65% −44.55%
2001–2011 −12.65% −47.97% −47.97% 52.85%
2011–2018 −12.28% 181.34% 181.34% −57.87%
1981–2018 −77.60% 865.31% 865.33% −99.07%

Table 8. Changes of landscape indexes in Zhangjiagang.

City Category Year PLAND NP PD LPI

Zhangjiagang

Construction
Land

1981–1991 16.49% −45.26% −71.76% 54.54%
1991–2001 105.65% 63.57% 217.10% 844.20%
2001–2011 72.75% −48.89% −48.89% 389.01%
2011–2018 23.75% −44.38% −44.38% 71.64%
1981–2018 412.16% −74.55% −74.55% 12,147.14%

Green
Land

1981–1991 −45.06% 9.65% 9.65% −86.21%
1991–2001 −20.41% 93.12% 93.12% −95.25%
2001–2011 −45.08% −64.00% −64.00% 389.10%
2011–2018 95.95% 133.95% 133.95% −69.15%
1981–2018 −52.95% 78.33% 78.34% −99.01%

Water Bodies

1981–1991 4.09% −22.47% −22.46% 1.93%
1991–2001 −7.33% −38.78% −38.79% −2.21%
2001–2011 0.93% −35.23% −35.23% −12.77%
2011–2018 −0.63% 418.13% 418.19% −0.70%
1981–2018 −3.26% 59.29% 59.29% −13.66%

Cultivated
Land

1981–1991 26.71% −64.69% −64.70% 74.39%
1991–2001 −11.74% 40.37% 40.44% −14.89%
2001–2011 −22.02% 169.03% 168.98% −24.46%
2011–2018 −43.52% 135.20% 135.19% −93.92%
1981–2018 −50.74% 213.60% 213.59% −93.18%
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Table 9. Changes of landscape indexes in Changshu.

City Category Year PLAND NP PD LPI

Changshu

Construction
Land

1981–1991 125.25% −36.69% −36.69% 193.36%
1991–2001 50.61% 67.73% 67.73% 465.91%
2001–2011 51.24% −54.31% −54.31% 430.88%
2011–2018 43.65% −57.26% −57.26% 92.99%
1981–2018 637.03% −79.27% −79.27% 16,908.96%

Green
Land

1981–1991 −41.45% 58.73% −37.28% −94.87%
1991–2001 14.09% −12.71% −18.11% 225.15%
2001–2011 −40.01% −56.56% 17.17% 36.67%
2011–2018 11.78% 152.01% 152.01% −60.26%
1981–2018 −55.20% 51.66% 51.66% −90.94%

Water
Bodies

1981–1991 −3.65% −23.05% −23.05% −3.86%
1991–2001 −9.87% −18.11% −18.11% −5.29%
2001–2011 10.20% −43.06% −43.06% −22.78%
2011–2018 6.47% 192.15% 192.17% −0.97%
1981–2018 1.89% 4.82% 4.82% −30.37%

Cultivated
Land

1981–1991 12.51% −82.37% −82.37% 58.49%
1991–2001 −19.00% 502.80% 502.96% −51.36%
2001–2011 −10.87% 6.61% 6.61% −6.83%
2011–2018 −50.08% 118.50% 118.49% −96.40%
1981–2018 −59.45% 147.60% 147.62% −97.41%

Table 10. Changes of landscape indexes in Kunshan.

City Category Year PLAND NP PD LPI

Kunshan

Construction
Land

1981–1991 55.85% −65.17% −65.17% 159.74%
1991–2001 178.30% 29.70% 29.71% 3587.65%
2001–2011 −3.23% −16.64% −16.64% 8.73%
2011–2018 30.34% −66.52% −66.52% 92.29%
1981–2018 447.01% −87.39% −87.39% 19,926.20%

Green
Land

1981–1991 153.33% −10.72% −10.72% 761.93%
1991–2001 −60.39% 41.83% 41.83% −95.84%
2001–2011 83.36% −55.65% −55.65% 1334.49%
2011–2018 −14.74% 81.47% 81.48% −80.76%
1981–2018 56.86% 1.91% 1.91% −1.00%

Water
Bodies

1981–1991 −13.84% −37.48% −37.49% −13.26%
1991–2001 1.96% 55.93% 55.94% −38.29%
2001–2011 −0.52% −47.49% −47.48% 0.28%
2011–2018 8.46% 123.42% 123.41% 2.74%
1981–2018 −5.21% 14.37% 14.37% −44.84%

Cultivated
Land

1981–1991 −34.86% 85.26% 85.25% −24.43%
1991–2001 −22.77% 260.80% 260.83% −88.57%
2001–2011 −27.37% 52.91% 52.91% −65.41%
2011–2018 −45.74% 7.42% 7.42% −89.22%
1981–2018 −80.17% 997.89% 997.94% −99.68%
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NP and PD reflect the degree of fragmentation of a certain patch class. Figures 4 and 5 show that
the NP and PD of construction land decreased in all four study areas, while those of cultivated land,
green land and water bodies increased. Therefore, the degree of fragmentation of construction land
decreased in all study areas, while that of cultivated land, green land and water bodies increased.
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Figure 4. Changes in number of patches (NP).

LPI is a measure of landscape dominance, and the dynamic characteristics of the calculated
LPI values indicate that the dominant landscape type in Jiangyin, Zhangjiagang and Changshu was
cultivated land during 1981–2011, and construction land during 2011–2018. Additionally, the LPI
of water bodies in all four study areas gradually decreased during 1981–2018, i.e., the landscape
dominance of the “water body” patch class decreased continuously. The dominant landscape category
in Kunshan City was cultivated land during 1981–2001, and construction land during 2001–2018
(Figure 6).
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Figure 6. Changes in largest patch index (LPI).

In all four study areas, construction land continuously encroached on green land, exhibiting
trends of expansion, centralization and the continuous consolidation of small patches into large patches
during its evolution and ultimately replaced cultivated land as the dominant landscape category.
Concurrently, the green and cultivated land patches, which are high-quality landscape resources, were
continuously segmented into a larger number of small patches, which led to fragmentation during the
evolution of green and cultivated land. Additionally, the water bodies in the four study areas should
receive special attention; although the changes in PLAND during 1981–2018 were not significant,
the dynamic changes in NP, PD and LPI indicate that the water bodies also faced fragmentation and
reductions in dominance. Therefore, the effects of human disturbance on water bodies should not be
neglected, even though they are less severe than those experienced by green and cultivated land.

3.3. Landscape-Level Landscape Pattern Results

Table 11 shows the results of the calculation and analysis of the landscape-level landscape pattern
indexes, including CONTAG, SPLIT, SHDI and SHEI.
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Table 11. Calculation results from the landscape-level.

Year CONTAG SPLIT SHDI SHEI

Jiangyin

1981 25.93 3.18 1.10 0.79
1991 22.88 8.02 1.17 0.84
2001 24.24 4.33 1.15 0.83
2011 28.84 6.53 1.12 0.81
2018 22.25 3.11 1.14 0.82

Zhangjiagang

1981 22.75 2.56 1.27 0.92
1991 31.06 3.52 1.16 0.84
2001 24.29 4.59 1.28 0.92
2011 28.37 5.50 1.23 0.89
2018 18.72 5.67 1.28 0.92

Changshu

1981 20.15 2.25 1.18 0.85
1991 29.92 2.80 1.06 0.76
2001 13.46 11.13 1.30 0.93
2011 24.21 16.98 1.20 0.87
2018 17.31 14.23 1.21 0.87

Kunshan

1981 28.57 2.68 1.07 0.77
1991 26.55 4.56 1.11 0.80
2001 15.20 14.90 1.25 0.90
2011 16.25 13.43 1.29 0.93
2018 19.99 13.83 1.18 0.85

The calculated values of CONTAG, SPLIT, SHDI and SHEI indicate that the number of small
patches and degree of landscape fragmentation in all four study areas generally increased, with the
landscape patches exhibiting an even distribution and the landscape patterns exhibiting increased
fragmentation and uniformity during evolutions (Figure 7).
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Figure 7. Calculation results from the landscape-level.

The CONTAG values of Jiangyin, Zhangjiagang and Changshu exhibited certain fluctuations,
but remained relatively stable during 1981–2018, indicating that there was no dominant patch class
that exhibited a high degree of contagion in these three study areas. The CONTAG values of Kunshan
decreased continuously during 1981–2001 and increased continuously during 2001–2018, indicating
a continuous decrease in the degree of contagion of the dominant patch class in Kunshan during
1981–2001, and a continuous increase during 2001–2018.
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The SPLIT values of Jiangyin fluctuated during 1981–2018, while those of Zhangjiagang, Changshu
and Kunshan continuously increased. The SPLIT values of Changshu and Kunshan during 2001–2018
were approximately double those of Jiangyin and Zhangjiagang, indicating that the rates of landscape
fragmentation in Zhangjiagang, Changshu and Kunshan were higher than that of Jiangyin, and the
degree of landscape fragmentation in Changshu and Kunshan was higher than that in Jiangyin
and Zhangjiagang.

The SHDI and SHEI values of the four study areas during 1981–2018 were relatively stable and
exhibited a slight overall increase without significant changes, indicating an increase in the number of
patch classes and landscape diversity. SHEI exceeded 0.77 in all four study areas during 1981–2018.
SHEI ranges from 0 to 1, with values closer to 1 indicating a higher degree of evenness in the distribution
of the various landscape patch classes. Thus, the landscape patches of the four study areas were
relatively evenly distributed. Cross-sectional comparisons were conducted and indicated that the
SHDI and SHEI values of Kunshan exhibited the greatest rates of increase, indicating that Kunshan
experienced the most significant changes in landscape diversity among the four study areas.

4. Discussion

During the analysis on landscape pattern indexes of industrial rural areas at the patch-class level
and landscape-class level, this study discovered that:

(1) At the patch-class level, the landscape pattern evolution characteristics of industrial rural areas
in Southern Jiangsu were that construction land had continuously encroached on green and
cultivated land in all four study areas, exhibiting trends of expansion, centralization and the
continuous consolidation of small patches into large patches during evolution and ultimately
replacing cultivated land as the dominant landscape category. The result was in accordance
with those in the studies of Yang, Sun et al., Ma et al., Xu et al. and Chuai et al. [31–35].
The reasons might be as follows: (1) Relevant studies showed that under the background of
rapid socio-economic development, urban master planning is constantly updated, and relevant
policies and regulations constantly promote human beings to expand the scope of urban built-up
areas through deforestation, farmland reclamation and civil construction. Therefore, this study
inferred that these human activities were likely to be the main reason for the changes of the area
with urban landscape patches and the PLAND index [31]; and (2) in recent years, the process of
urbanization development had been observed to show a strong aggregation (that is, all kinds of
land shrink to the city center), and all kinds of land in the urban area were forced to “squeeze”
out of the core area of the city. This phenomenon reflected in the landscape pattern in that the
number of urban land patches had been reduced and the complexity increased [32].

(2) At the landscape-class level, the landscape patches were evenly distributed, and the landscape
patterns exhibited increased fragmentation and uniformity during evolution. The evolution of
landscape patterns in the four study areas was most intense during 1981–2001. Among the four
study areas, Kunshan exhibited the most significant landscape pattern evolution characteristics.
This result was also in accordance with the results of the studies by Yang, Sun et al., Ma et al.,
Xu et al. and Chuai et al. [31–35]. The reason for the results might be as follows: (1) The gradual
improvement of a traffic network would cause disorderly cutting of the original patch landscape,
which seriously affects the circulation of the ecological function of the regional landscape. From the
perspective of landscape pattern, it is embodied in the increase of the SPILT index and the decrease
of the CONTAG index [33,34]; and (2) for the rapid urbanization in China, the area of urban
construction land had increased sharply, and the landscape tends to be homogeneous and
fragmented. These might mainly explain the decline of the SHDI index and the SHEI index [35].

In order to help achieve sustainability for this region by improving the landscape pattern and
promoting the development of ecological environment and tourism, the factors driving landscape
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pattern changes in the four study areas were analyzed to investigate the forces driving landscape
pattern evolution in the industrial rural areas of Southern Jiangsu.

During the urbanization of the Southern Jiangsu region, triggered by China’s economic reform,
a series of economic support policies that were implemented by the central and local governments to
meet the needs of economic development promoted the development of township enterprises and
industries in Southern Jiangsu. This then boosted investments and economic prosperity, which attracted
labor to the region and increased the demand for land utilization [36]. Consequently, the continuous
aggregation of construction land patches led to the encroachment and segmentation of patches of
other landscape categories, driving the evolution of landscape patterns in the industrial rural areas
of Southern Jiangsu during 1981–2001. During the period of 1981–2001, a sort of significant event
occurred, which pushed the industry and economic development hardly. Since the cold war in 1981,
China improved the relationship with the West, especially the USA and Japan, the first and second
developed countries in the world. China’s economic reform began in 1978 and its market economy
had begun to be gradually established since 1991. Pudong New District was set up in Shanghai in
1992. Hong Kong’s return in 1997 has enhanced China’s overall financial environment. Under this
background, foreign capital and private capital flowed into Southern Jiangsu and accelerated the
development of industry and enterprises in the study area. With the increase in the number and
expansion of township enterprises in Southern Jiangsu, the urban and rural areas between industrial
and agricultural populations became increasingly less distinct. This overcame the urban–rural economic
divide, which drove the progress of urban–rural integration in Southern Jiangsu, resulting in the
continuous aggregation and development of industrial rural areas and towns. However, such industrial
rural development has been accompanied by the undesirable consequence of “smoke billowing from
every village, factories emerging at every corner” [37]. To resolve this, the local governments in
Jiangsu Province requested the establishment of industrial parks in townships, which led to further
modifications to urban–rural structures in Southern Jiangsu. With the implementation of these
development plans, the originally fragmented construction land patches aggregated further, thereby
driving the decrease in the degree of fragmentation of construction land patches [38]. Since the onset
of the 21st Century, “coordinated urban–rural development planning” has become China’s national
strategy, and there is a consensus that the urban–rural divide should be overcome among various
circles of society. Consequently, the planning of residential, industrial and agricultural spaces in the
industrial rural areas of Southern Jiangsu has changed. Plans for residential, industrial, agricultural,
ecological water systems and transportation projects in small towns and villages have been matched
with the development of urban areas, which integrated resource allocation, public service facilities and
industrial layouts in both urban and rural areas. The influence of these strategies is most significant
in Kunshan owing to its proximity to Shanghai, China’s largest city. This is consistent with the
comparative analysis results described above, which indicates that changes in landscape diversity
were more significant in Kunshan than those in the other three study areas.

Despite the adverse effects of urbanization in the industrial rural areas of Southern Jiangsu,
the industrial development that has occurred over the past four decades should not be wholly
negated, and overcorrection measures to restore the rural appearances of these areas, such as the
reconstruction of old villages or the reversion of industrial land to cultivated land, are strongly
discouraged. The industrial rural areas of Southern Jiangsu should strive to achieve a balance between
economic development and ecological sustainability, and develop a landscape construction pathway
that is best suited to its circumstances.

Based on the discussions above, the landscape pattern evolution of industrial rural areas in
Southern Jiangsu was dominated by the increase of construction land, change of policies and overall
plan, resulting in fragmentation and homogenization. We propose the following strategies for
improving the landscape pattern and promoting the development of the ecological environment and
tourism, which are helpful to achieving sustainability for this region.

(1) Conserve existing cultivated land patches, appropriately expand grassland and forest land patches
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The planning of cultivated landscapes and surrounding spaces in the industrial rural areas
of Southern Jiangsu should focus on conservation. Agricultural tourism can be developed and
landscapes can be enhanced by developing modern circular agriculture and establishing ecological
farmsteads [39,40]. Additionally, the construction of facilities such as rural greenways and parks,
grassland, and forest land patches can be expanded or even organically merged, thereby increasing
the degree of landscape aggregation of these patches and reducing the dominance of construction
land patches.

(2) Respect the four decades of historical progress, reasonably modify industrial landscapes

The industrial development of the rural areas of Southern Jiangsu is a collective memory that is
unforgettable for the local residents. Instead of demolishing factories that have been closed due to
pollution problems, the land where they are located can be modified to create post-industrial landscapes
that integrate with the natural and rural landscapes. Through such modifications, the history of the
area can be respected and the unique characteristics of industrial rural areas can be fully manifested.

(3) Capitalize on the economic and positional advantage, optimize urban–rural landscape spaces

As the industrial rural areas of Southern Jiangsu are located in the Yangtze River Delta Economic
Region, which exhibits the highest degree of urbanization in China, the urban–rural integration
progress in these areas has been relatively rapid. Therefore, industrial rural areas possess economic
and positional advantages, despite the severe rural landscape encroachment by urban landscapes.
These favorable conditions of the industrial rural areas enable the construction of landscape connectors
between urban and rural areas, such as urban–rural greenways and urban forest parks, to establish
appropriate transition spaces between urban and rural landscapes. Consequently, urban and rural
landscape spaces can be reasonably delineated through multi-plan integration at city, county, town
and village levels, to alleviate the encroachment on rural landscapes by urban landscapes.

5. Conclusions

Four county-level cities in Southern Jiangsu with large numbers of industrial rural areas, i.e.,
Jiangyin, Zhangjiagang, Changshu and Kunshan, were selected as study areas for this work, which
employed GIS and RS techniques. Remotely-sensed image data of the four study areas acquired
during 1981, 1991, 2001, 2011 and 2018, as well as eight landscape pattern indexes at the patch-class
and landscape levels, were selected to investigate landscape pattern evolution in the industrial rural
areas of Southern Jiangsu from a provincial perspective, which involved analyzing the evolution
characteristics and determining the factors driving evolution. The following conclusions were drawn:

(1) At the patch-class level, construction land had continuously encroached on green and cultivated
land in all four study areas, exhibiting trends of expansion, centralization and the continuous
consolidation of small patches into large patches during evolution and ultimately replacing
cultivated land as the dominant landscape category. Concurrently, green and cultivated land
patches, which are high-quality landscape resources, were continuously segmented into a large
number of small patches, which led to fragmentation during the evolution of green and cultivated
land. The effects of human disturbance on water bodies should receive attention, even though
they are less severe than those experienced by green and cultivated land. Urban master planning
was being constantly updated, and relevant policies and regulations were constantly promoting
human beings to expand the scope of urban built-up areas through deforestation, farmland
reclamation and civil construction. The processes of urbanization development had been observed
to show strong aggregation. And all kinds of lands in the urban area were forced to “squeeze”
out of the core area of the city.

(2) At the landscape level, the number of small patches and degree of landscape fragmentation
generally increased in all four study areas. The landscape patches were evenly distributed
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and the landscape patterns exhibited increased fragmentation and uniformity during evolution.
The evolution of landscape patterns in the four study areas was most intense during 1981–2001.
Among the four study areas, Kunshan exhibited the most significant landscape pattern evolution
characteristics. The gradual improvement of traffic network would cause disorderly cutting of
the original patch landscape, which seriously affected the circulation of the ecological function of
the regional landscape. For rapid urbanization in China, the areas of urban construction land had
increased sharply, and the landscape tends to be homogeneous and fragmented.

(3) The direct cause of landscape pattern evolution in the industrial rural areas of Southern Jiangsu
was the encroachment and segmentation of green and cultivated land patches by construction
land patches, and the dominant factors driving the changes in construction land patches in the
industrial rural areas of Southern Jiangsu were the effects of land and population aggregation
exerted by the development of township enterprises and rural industries.

(4) This study concluded the landscape pattern and evolution dynamic of industrial rural areas,
providing relevant fields with methods to investigate the evolution dynamic of urban–rural
industry during urbanization and propose strategies for improving the landscape pattern and
promoting the development of the ecological environment and tourism. It would also serve as a
reference for other developing countries in Asia for sustainability of urban and rural development
during industrialization, which is helpful to achieve sustainability for this region.

For the long period of 37 years and great dynamic changes of administrative division in this
region, this study was limited in the scale of county-level cities. In the future we will try to focus
more on the relationship between urban and rural areas with multivariate analysis based on GIS and
RS techniques, which can provide more cases for the sustainability of similar regions in developing
countries of Asia.
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Abstract: Rapid urbanization is one of the most important factors causing land-use change, which
mainly results from the orientation of government policies, adjustment of industrial structure,
and migration of the rural population. Land use and land cover change (LUCC) is the natural
foundation of urban development that is significantly influenced by human activities. By analyzing
the LUCC and its inner driving force, as well as landscape pattern change, human activity and urban
sustainable development can be better understood. This research adopted a geographic information
system (GIS) and remote sensing (RS) technology to comprehensively analyze land use of Guangzhou,
respectively, in 1995, 2005, and 2015. Fragmentation Statistics (FRAGSTATS) is the most authoritative
software to calculate landscape metrics. Landscape pattern change was analyzed by FRAGSTATS.
The results showed that urban land significantly increased from 16.33% in 1995 to 36.05% in 2015.
Farmland greatly decreased from 45.16% in 1995 to 27.82% in 2005 and then slightly decreased to
25.10% in 2015. In the first decade, the non-agricultural conversion of rural land and the expansion
of urban land was the dominant factor that led to the change. In the second decade, urban land
had been supplemented through the redevelopment of low-efficiency land. The fragmentation of
landscape patterns significantly increased from 1995 to 2005 and slightly decreased from 2005 to
2015. It indicated that the change in land use in the second decade was different from that in the
first. This difference mainly resulted from three aspects: (1) urban development area and ecological
conservation area were clearly defined in Guangzhou; (2) many small towns had developed into urban
centers, and the scattered urban land gathered into these centers; (3) the establishment of greenway
improved the connection of fragmented patches. After that, this study discussed land-use change
and its causes and proposed the trend of urban development from the perspective of sustainability.

Keywords: LUCC; landscape pattern; fragmentation; non-agricultural conversion of rural land;
urban green space

1. Introduction

In the past few decades, many parts of the world have experienced rapid urbanization. However,
urbanization in China is considered to be the fastest and the most extensive one [1]. The area of land-use
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change in China from 1980 to 2015 accounted for 17% of the total land area of China. In particular,
the net increment of construction land area is the largest worldwide. Rapid urbanization is the major
cause of land-use change [2]. China’s urbanization is divided into two stages. The urbanization process
from 1949 to 1978 was slow and tortuous; after which, China’s urbanization entered a period of rapid
development with the urbanization rate increased from 17.9% in 1978 to 59.58% in 2018. Especially
after 1995, China’s urbanization increment was as much as 1.5% per year [3]. The focus of urbanization
had gradually changed from the expansion of metropolitan areas to the overall construction of small
cities and towns in the central and western regions.

Fast economic growth supports rapid urbanization. Conversely, rapid urbanization provides
the material basis for economic development, such as land resources and labor force. However,
this economy-oriented mode neglected the development of society and the environment. In this
context, urban sustainability is proposed to mitigate the negative impact of rapid urbanization on
society and the environment. Over time, urban sustainability has been developed by a variety of
approaches, including efficient land use that focuses on compact, the transformation of industrial
structure, and a healthy ecological environment that focuses on human living quality improvements [4].
Particularly, environmental issues have received widespread attention with environmental problems,
including land degradation, contamination, and the decline in green space, becoming evident [5].
On the level of urban construction, increasing urban green space is considered to be an effective way
to alleviate these problems and to improve living quality. Urban green space, called “the lung of the
city”, is an essential part of the urban ecosystem. It can offer multiple ecosystem services, including
climate dampening, water supply, and nutrient cycle [6]. Urban green space plays an active role in
maintaining ecosystem stability and forming the urban landscape, meeting urban ecological service
functions, and improving urban environmental quality. What’s more, it is also an important way to
achieve urban sustainable development [7,8].

The fundamental components of urban green space are landscape patches with various sizes
and shapes [9]. Every patch has a regular structure, specific function, and relative independence.
The spatial distribution of landscape patches is called landscape pattern, which is generated under
the influence of many factors [10]. Landscape pattern is not only the arrangement and combination
of landscape elements with different sizes and shapes in space but also the spatial manifestation
of landscape heterogeneity [11]. It can embody urban development characteristics, including land
resources, urban morphology, and urban management [12].

Land use and land cover change (LUCC) is the natural foundation that significantly influences
human existence development. It is a dynamic process that can lead to changes in landscape
patterns [13,14]. Urban development policies directly affect human activities, which directly affects the
change in land use. Conversely, by studying the optimization of land use, we can better formulate
urban development policies. With the continuous improvement of geographic information system
(GIS) technology and the establishment of a remote sensing (RS) platform, China has entered a period
of remote sensing and big data. RS technology is widely used in LUCC monitoring, which has the
characteristics of large area coverage, high precision, and timeliness [15,16]. RS data has become the
most important and stable data source for LUCC analysis [17].

Many researchers [18–20] attempted to analyze LUCC and landscape pattern change, respectively,
in China, but they seldom integrate both of them to discuss the implication for urban sustainability.
From the perspective of urban planning and sustainability, this research analyzed the internal driving
force of the change by using GIS and RS technologies. It aimed at (1) analyzing spatial-temporal
dynamics of LUCC and landscape pattern from 1995 to 2015; (2) figuring out the internal driving force
of LUCC and landscape pattern from 1995 to 2015; (3) assessing the completion and the value of green
space system construction; (4) forecasting the trend of land use and putting forward proposals about
improving environmental quality.
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2. Study Area

Guangzhou is the capital and largest city of Guangdong province in the south of China (from
112◦57′ to 114◦03′ E longitude, 22◦26′ to 23◦56′ N latitude), which is located on the Pearl River Delta,
adjacent to Hong Kong and the Macao Special Administrative Region. Moreover, Guangzhou is one
of the fastest-growing cities in China in terms of urbanization. It has been playing a crucial role in
China’s economic reform and development since 1978. The urban population grew from 6,122,000 in
1992 to 14,043,000 in 2016. In recent years, it has continued to push forward the adjustment of urban
spatial layout, realizing the transformation from single-center to multi-center development of urban
spatial structure, expanding the city to its suburbs, and making great changes in land use.

In this research, we selected eight districts of Guangzhou, including Yuexiu district, Liwan
district, Haizhu district, Tianhe district, Baiyun district, Huangpu district, Panyu district, Huadu
district, as study areas (Figure 1). They form the core areas of Guangzhou, which have a relatively
higher urbanization proportion and faster urbanization speed. Nansha district, Zengcheng district,
and Conghua district belong to the Guangzhou eco-tourism area and ecological agriculture area, whose
land cover types are mainly forestland and farmland. They are less affected by rapid urbanization.
Therefore, these areas were not in the scope of this research.
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Huangpu district, Panyu district, Huadu district).

3. Materials and Methods

3.1. Data Source

The research data was used to dynamically analyze LUCC and landscape pattern from 1995 to
2015. Three years’ satellite image data (1995, 2005, and 2015) was selected, coming from Landsat5
and Landsat8. We used the Landsat5 image as the data source of 1995 and 2005, while Landsat8
image as 2015 image data, as it just launched in 2013. Both the spatial resolution of Landsat5 and
Landsat8 are 30 × 30 m. As a new satellite, the Landsat8 had been greatly improved in the aspects of
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image resolution, number of wave band, and scanning mode compared with other previous satellites.
In addition, the time of images acquired in different years should be relatively close, and in order to
minimize the weather’s negative influence on analysis, the images were selected with low cloud cover.
As a result, the acquisition time of the image was 19 January 2015, 23 November 2005, 30 December
1995, respectively.

3.2. Analysis Method for LUCC

The Environment for Visualizing Image (ENVI) is complete remote sensing (RS) image processing
platform, which is developed by Interactive Data Language (IDL). It is powerful in remote sensing
(RS) image display, processing, and analysis, including image enhancement, correction, classification,
and analysis of multiple features [21]. It is an effective approach to research LUCC.

Image data were processed by ENVI, and land cover involved six classes in this study: water,
forestland, grassland, urban land, farmland, and bare land (including unused land). Thus, we obtained
the green land information from classification results, including farmland, forestland, and grassland,
as well as the changes in urban land and bare land, which enabled us to analyze the changes in the
landscape pattern afterward.

The classification of land cover leveraged a collection of various technologies and approaches.
The green land information extraction should choose suitable bands. In this study, six original bands
were used except band 6 (thermal infrared band). Band 1, band 2, and band 3 are visible light ones,
and band 1 has the greatest penetration of water. Band 4 is the near-infrared band, which reflects
the high-reflection area of plants and reflects a large amount of plant information. Besides, band 5 is
the short-wave infrared band (SWIR), which is sensitive to plant and soil moisture content. Band 7,
the middle infrared band, has the longest wavelength in those six bands [22]. Due to the characteristics
of each band of Landsat 4-5 thematic mapper (TM) image, there is redundant information between
each band. In order to reduce the interference between the bands, we should select several bands
with a large amount of information and less correlation to integrate and analyze afterward. We first
analyzed the correlation of six original bands, as Table 1 shows below.

Table 1. Landsat 4-5 thematic mapper (TM) original bands correlation matrix in 2015.

Correlation Band 1 Band 2 Band 3 Band 4 Band 5 Band 7

Band 1 1
Band 2 0.970924 1
Band 3 0.956297 0.983961 1
Band 4 0.62476 0.709536 0.662028 1
Band 5 0.818552 0.870241 0.861311 0.904781 1
Band 7 0.907242 0.923027 0.925918 0.779751 0.960959 1

Band 1 contains much more information than band 2 and band 3, but a reflection of surface
features except water is generally lower than band 4. In addition, band 1 is greatly disturbed by
the atmosphere [23]. According to the correlation between bands and the amount of information
contained, TM bands 2, 3, 4 were selected for combination. When extracting information, we used six
original bands’ data. Moreover, it may also include various kinds of “derivative” band data, like the
principal components, NDVI (normalized difference vegetation index), and other ratio indices [24].
The principal component transform, also known as K–L transform, is a multidimensional orthogonal
linear transformation based on the statistical characteristics. It can be compressed correlated multi-band
to fewer fully independent bands data, to make image interpretation easier [25]. Normalized difference
vegetation index (NDVI) is a simple graphical indicator, which is calculated from the visible (VIS) and
near-infrared (NIR) light reflected by vegetation [26,27]. The formula is:

NDVI = (NIR − VIS)/(NIR + VIS) (1)
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Figure 2a–c below are the results of principal component transformation by using principal
components tool in ENVI, together with NDVI results (Figure 2d), which we could compare directly.Sustainability 2019, 11, x FOR PEER REVIEW 5 of 21 
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The first principal component (PC1) contains the maximum variance percentage, the second
principal component (PC2) contains the second large variance, and so on. The last band’s principal
component, due to the less variance, most of which is caused by the original spectrum noise, it appears
as noise [28–30]. From the four figures above, it is obvious that they showed different characteristics of
different objects. For example, water was very clear in PC1 and NDVI results.

According to the correlation coefficient of each band, the optimal band combination was selected.
In this study, we selected the first principal component band (PC1) and NDVI, as well as TM bands
2, 3, 4 for correlation analysis of each band. After the analysis and comparison of the correlation of
images, we found the combination of band 3, PCI, and NDVI had a better visual interpretation result
for classification reference, as shown in Table 2.

Table 2. TM bands 2, 3, 4, PC1, and NDVI correlation matrix in 2015.

Correlation PC1 NDVI Band 2 Band 3 Band 4

PC1 1
NDVI 0.338435 1
Band 2 0.912088 0.101084 1
Band 3 0.888872 0.062101 0.983961 1
Band 4 0.924823 0.507719 0.709536 0.662028 1

1 PC1 = the first principal component band; NDVI = normalized difference vegetation index
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In this study, we started with a preliminary interpretation in the research area by using the
supervised classification, and then used a combination of supervised classification result (maximum
likelihood classification) and decision tree classification. In supervised classification, a region of interest
(ROI) was selected as samples, which was acquired on the basis of prior knowledge experience and
higher resolution images. According to the rules of knowledge and successive comparison, decision
tree classification extracted various types of surface objects from the image. [31,32].

TM image has some limitations, such as the same type of objects have different spectrums,
and different types of objects may have a similar spectrum. Therefore, as a consequence, there might
be certain omission errors. The step of visual interpretation, combined with a large number of field
research, for correcting is necessary, which could minimize the errors. Thus, the image classification
result could reflect the objects’ information on the ground as far as possible. After classification,
accuracy evaluation is indispensable. In this study, we firstly selected some parts of classification results
and compared them with the Google Earth image (Figures 3 and 4), following the inspection standards.
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Then, the image classification accuracy was also evaluated using the Kappa coefficient index [33].
It is an important and also widely used index to measure the accuracy of image classification.
The classification results were assessed by using a randomly scattered diagram and generating the
confusion matrix in ENVI [34] (Tables 3–5).

According to the accuracy assessment, the overall accuracy and kappa coefficient were both above
0.9; as a result, the classification results were approximately acceptable.
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Table 3. Confusion matrix of the classification results in 2015.

Water Urban Land Forestland Farmland Grassland Bare Land Total

Water 148 1 0 0 0 1 150
Urban
land 6 149 1 0 0 0 156

Forestland 2 0 149 0 0 0 152
Farmland 0 7 8 136 0 0 151
Grassland 0 3 2 1 46 1 53
Bare land 0 3 0 0 0 55 58

Total 156 163 160 137 47 57 720

Overall Accuracy = (683/720) 94.8611%. Kappa Coefficient = 0.9364.

Table 4. Confusion matrix of the classification results in 2005.

Water Urban Land Forestland Farmland Grassland Bare Land Total

Water 149 1 0 1 0 1 152
Urban
land 5 144 1 0 0 0 150

Forestland 2 0 148 1 0 0 151
Farmland 3 4 1 142 0 0 150
Grassland 0 1 2 3 51 0 57
Bare land 0 1 0 0 0 59 60

Total 159 151 152 147 51 60 720

Overall Accuracy = (693/720) 96.2500%. Kappa Coefficient = 0.9537.

Table 5. Confusion matrix of the classification results in 1995.

Water Urban Land Forestland Farmland Grassland Bare Land Total

Water 147 0 2 0 0 0 149
Urban
land 9 146 0 0 0 0 155

Forestland 0 2 148 1 0 0 151
Farmland 1 6 3 141 0 0 151
Grassland 0 0 4 2 50 0 56
Bare land 0 2 0 0 0 56 58

Total 157 156 157 144 50 56 720

Overall Accuracy = (688/720) 95.5556%. Kappa Coefficient = 0.9451.

3.3. Landscape Pattern Analysis

Fragmentation statistics (FRAGSTATS) is a computer software program designed to compute a
wide variety of landscape metrics for categorical map patterns. FRAGSTATS 4.2 is the most authoritative
software to calculate landscape metrics. It can help users to quantify the structure of landscapes.
The landscape subject to analysis is user-defined and can represent any spatial phenomenon [35].
Based on the features of the study area, we emphasized on the quantity, shape features, aggregation,
and diversity to analyze the spatial pattern of the green landscape [36]. This paper conducted patch
level, class level, and landscape-level research on spatial scale, which is ranging from microscope to
macroscope. Through landscape pattern metrics calculation and analysis, the changes in landscape
pattern from 1995 to 2005 and from 2005 to 2015 were studied, respectively.

According to different ecological significance, the indices were classified into area-edge, shape,
core area, aggregation, and diversity. Eleven indices were selected to analyze, including number of
patches (NP), patch density (PD), mean patch size (MPS), fractal dimension index (FRAC), Euclidean
nearest neighbor (ENN), largest patch index (LPI), Shannon’s evenness index (SHEI), Shannon’s
diversity index (SHDI), aggregation index (AI), contagion index (CONTAG), and interspersion
juxtaposition index (IJI).
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4. Results

4.1. Land Use Dynamics

The land use/cover image results are shown in Figures 5–7. The area and percentage of each
land use classification are listed in Table 6. The results showed that land use structure had changed
significantly from 1995 to 2015. The major manifestations were the continuous decrease of farmland
(from 45.16% in 1995 to 25.10% in 2015) and the notable increase of urban land (from 16.33% in 1995 to
36.05% in 2015). It could be divided into two stages: namely 1995–2005 and 2005–2015. In the first
stage (1995–2005), urban land increased by 289.64 km2, farmland decreased by 559.59 km2, and other
land types, including water, bare land, forestland, and grassland, increased slightly; in the second
stage (2005–2015), urban land increased by 346.76 km2, while other land types were relatively stable
and slightly reduced.Sustainability 2019, 11, x FOR PEER REVIEW 9 of 21 
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Table 6. Land-use change statistics.

Area (km2) Year Water Urban Land Bare Land Forestland Farmland Grassland

1995
192.47 526.96 23.28 857.95 1457.29 169.36
5.96% 16.33% 0.72% 26.58% 45.16% 5.25%

2005
239.13 816.60 60.22 915.98 897.70 297.67
7.41% 25.30% 1.87% 28.38% 27.82% 9.22%

2015
160.60 1163.36 39.55 865.47 809.99 188.23
4.98% 36.05% 1.23% 26.82% 25.10% 5.83%

4.2. Landscape Pattern Analysis

4.2.1. General Landscape Pattern Metrics Analysis

In order to illustrate the overall trend of landscape pattern change from 1995 to 2015, six indicators
were selected for analysis, as shown in Table 7. NP and MPS reflected the spatial landscape pattern,
which was used to describe the heterogeneity of the entire landscape. While the value of NP had a
good positive correlation with landscape fragmentation, MPS and the landscape fragmentation had a
negative correlation. From 1995 to 2005, the value of NP rocketed from 3400 to 4962, while MPS rapidly
decreased from 73.69 to 43.64, reflecting the further fragmentation of the landscape. To some extent,
it reflected that human disturbance to landscape had increased significantly in this period. From 2005
to 2015, the value of NP remained stable, and MPS slightly decreased. SHEI and SHDI are significant
indices of landscape diversity. They are inversely proportional to landscape dominance. The larger
values of SHEI (0 ≤ SHEI ≤ 1) and SHDI (SHDI ≥ 0) were, the lower the landscape dominance was.
As a result, various patches became distributed evenly; the higher the diversity was and the richer
the land use was. According to Figure 8, it can be seen that SHEI went up from 0.71 in 1995 to 0.75
in 2005, then slightly went down to 0.72 in 2015; SHDI rapidly went up from 1.37 in 1995 to 1.47 in
2005, then slightly went down to 1.42 in 2015. It indirectly reflected the state of land-use types from a
rapid increase to a slow decrease. The change in this period was closely related to the development
of the economy and the adjustment of industrial structure. IJI and CONTAG are widely used for
ecological risk assessment, reflecting the condition of landscape contagion and interspersion. IJI and
CONTAG describe the degree of agglomeration and extension trend of different patches. When IJI
becomes higher, it represents more patch types that are adjacent. While when CONTAG becomes
lower, it represents a more intensive landscape pattern with multiple landscape elements. According
to Figure 9, the landscape richness increased from 1995 to 2015. To be specific, it rapidly increased
from 1995 to 2005 and relatively slightly decreased from 2005 to 2015. The results of these indicators
showed strong consistency.

Table 7. Related metrics of overall characteristics of the landscape.

Year NP MPS SHDI SHEI IJI CONTAG

1995 3400 73.69 1.37 0.71 60.09 54.29
2005 4962 43.64 1.47 0.75 69.15 51.09
2015 4942 39.37 1.41 0.72 61.68 53.38

1 NP = Number of Patches; MPS = Mean Patch Size; SHDI = Shannon’s Diversity Index; SHEI = Shannon’s Evenness
Index; IJI = Interspersion Juxtaposition Index; CONTAG = Contagion Index.
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4.2.2. Landscape Pattern Metrics Analysis of Different Land Use Types

The changes in the landscape pattern are the results of changes in various land-use types [37,38].
The individual analysis of landscape pattern metrics of each land-use type can help us better understand
the process of urban development. Seven representative indices were selected from three different
scale levels: patch, class, and landscape (Table 8).

From the level of patch metrics, ENN reflects the distance between the nearest patches. It is the
simplest measure to quantify patch context, which has been used extensively to assess the condition of
patch isolation. From 1995 to 2005, the distance among various types of patch significantly decreased,
suggesting that the patches became more compact. From 2005 to 2015, the distance of forestland and
farmland between patches reduced, while the distance between patches of bare land and grassland
slightly increased. Forestland, farmland, and grassland’s ENN values were relatively small, indicating
that their distribution was more concentrated. The bare land’s ENN value was much larger, and its
distribution was more scattered.

From the level of class metrics, FRAC is a measurement index of landscape shape. It is mainly
used to analyze the complexity of patches. The value of FRAC is between 1 and 2. When FRAC is
closer to 1, the shape of the patch becomes simpler, implying rectangular patches and obvious artificial
influence [39]. From 1995 to 2005, the FRAC value of bare land and grassland increased, and the patch’s
shape became more complex and irregular. From 2005 to 2015, FRAC values of farmland, bare land
and grassland decreased, which means that the shape of the patch tended to be simple and regular and
looked like a square. Among them, FRAC values of forestland and farmland were relatively larger
than the value of bare land and grassland, implying the shape of patches were relatively complex,
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suggesting human activities had fewer impacts on these type of landscape. However, bare land and
grassland’s FRAC values were smaller, and the patches’ shapes were relatively simple, indicating that
these two types were greatly affected by human activities.

From the level of landscape metrics, NP, PD, MPS, and AI, respectively, represents the total
number, density, size, and overall aggregation. They form a whole to measure landscape aggregation
and fragmentation. According to the results, the changes in the landscape pattern of forestland was
the most stable from 1995 to 2015. NP decreased by 47 (4.20%), and MPS increased by 4.49 (5.87%).
AI slightly decreased from 65.80 in 1995 to 65.59 in 2015. It showed a relatively stable condition in
terms of aggregation. Landscape fragmentation of farmland had been increasing sharply with a rapid
increase in NP and a sharp decline in MPS. Especially from 1995 to 2005, NP increased by 713 (89.91%),
while MPS decreased by 124.18 (67.56%). Meanwhile, the AI of farmland significantly decreased by
16.85 (27.60%). Differently, AI of Bare land and grassland had experienced an increase from 1995
to 2005 and a great decrease from 2005 to 2015. In other words, the aggregation of bare land and
grassland increased first and then decreased. The NP of grassland increased by 28.96%. The MPS
became smaller in 2015 compared with 1995, and the shape of its patch was very close to rectangle,
which indicated that the man-made urban green space had increased during this period. It can be
found that the LPI of forestland was relatively large, and the change was the most stable. It showed that
the forestland maintained its natural growth condition, and there was almost no human interference.
From the quantitative point of view, the change of farmland was continuous and the most drastic,
sharply decreased from 45.68 to 10.94, showing that the change of farmland during this period was
directly affected by human activities.

Table 8. Landscape pattern metrics of each land-use type.

Land Type Year NP PD MPS AI LPI FRAC ENN

Forestland
1995 1118 1.31 76.50 65.80 38.38 1.219 705.2
2005 1160 1.28 78.36 65.20 34.08 1.212 676.6
2015 1071 1.23 80.99 65.59 36.46 1.215 555.3

Farmland
1995 793 0.54 183.82 61.04 45.68 1.285 607.2
2005 1506 1.57 59.64 44.19 24.19 1.209 600.8
2015 1836 2.28 43.89 37.92 10.94 1.164 546.9

Bare land
1995 232 9.95 10.05 14.88 8.79 1.026 1522.9
2005 451 7.79 12.84 21.42 3.14 1.039 1144.8
2015 414 10.98 9.11 8.57 3.35 1.018 1240.2

Grassland
1995 1257 7.42 13.47 16.22 1.55 1.047 769.5
2005 1847 6.14 16.28 20.16 1.93 1.064 681.1
2015 1621 8.76 11.42 12.49 0.80 1.033 685.6

1 NP = Number of Patches; PD = Patch Density; MPS = Mean Patch Size; AI = Aggregation Index; LPI = Largest
Patch Index; FRAC = Fractal Dimension Index; ENN = Euclidean Nearest Neighbor.

5. Discussion

From the beginning of the 1990s, as a regional center, Guangzhou entered the fast urban
construction period. With the promulgation of the 15th Round Master Plan in 1996, the northern group
of the city was developed. Consequently, Guangzhou had developed from a single-center city to a
multi-center city. The multi-center development mode stimulated the development of the suburbs,
and the township industrial enterprises developed rapidly. At the same time, many service-oriented
villages were formed. From 1995 to 2005, the value of NP greatly increased, and the value of MPS
greatly decreased. The fragmentation of the landscape increased significantly as a result. Particularly,
the increase of NP and the decrease of MPS of farmland in quantity was the largest among various
land-use types. During the first decade, the urbanization in Guangzhou was a spontaneous process
in which the rural land was transformed into urban land. The main manifestation was that the
rural population was transformed into an urban population in rural areas [40]. The representation in
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land-use change was the non-agricultural conversion of rural land and the expansion of urban land.
Non-agricultural conversion of rural land generally refers to the process in which agricultural land
was transformed into urban construction land. The driving force of this process was the development
of the rural non-agricultural industry. Under the influence of rapid urbanization and industrialization
in Guangzhou, the development of rural land conversion was an inevitable trend. As indicated in
Figure 10, the proportion of the agricultural industry in Guangzhou had been dropping, accounting
for only 1.64% of the total GDP in 2005. Great changes had taken place in the industrial structure.
This process had been promoting the differentiation and reorganization of the productive factors in the
rural areas through the expansion of urban land, the evolution of industrial structure, the migration
of population, and the construction of infrastructure, and so on, which had profoundly changed the
traditional spatial structure of rural land in Guangzhou.
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Figure 10. Composition of gross domestic product (GDP) of Guangzhou in main years. Source:
Guangzhou Statistical Yearbook.

In general, different metrics of landscape showed the same trend of change. In 2005, the landscape
diversity reached the top. Particularly, the value of FRAC of farmland obviously decreased by 0.076
from 1995 to 2005. It showed that human activities directly affected the change in farmland. Therefore,
the farmland became more fragmented and scattered. This change was closely related to the extensive
and spontaneous construction in Guangzhou. The dominant factors of rural land conversion were
complex and diversified. The dominant factors showed a trend of transition from natural and location
factors to production and industrial factors, and eventually to life and personal factors. As a result,
the spatial manifestation of this transformation was the increase in patch fragmentation. Obviously,
it was a development mode that lacked professional planning and guidance. The rapid increase in
landscape fragmentation was not conducive to urban sustainability. The city was developed in a
low-efficiency approach, and the land resources were wasted.

The 11th Five-Year Plan, promulgated in 2006, emphasizes the optimization of land-use layout
and the adjustment of land-use structure, so as to control urban development scale and to realize
high-efficiency urban land-use. From 2005 to 2015, urban land was still growing rapidly, while other
land-use types slightly decreased (Figure 11). Additionally, the government promulgated a series
of policies to protect farmland, which had reduced the loss of farmland to some extent. However,
it was still an obvious contradiction between the supply and demand of urban land. From 2005 to
2015, urban land had been greatly supplemented through the redevelopment of low-efficiency land.
During this period, the improvement of urban infrastructure was one of the reasons for the decline in
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MPS. For example, the increase in urban road density made the landscape patches smaller. However,
the fragmentation of landscape decreased. This contrast mainly resulted from three aspects: (1) urban
development area and ecological conservation area were clearly defined in Guangzhou. Specifically,
the natural land, including forestland, grassland, and farmland, was zoned; (2) many small towns
had developed into urban centers, and the scattered urban land gathered into these centers. As a
result, the agglomeration of urban land obviously increased. The multi-center structure of Guangzhou
became more apparent; (3) the establishment of greenway improved the connection of fragmented
patches. Generally, greenway refers to ecological corridors of different sizes. It includes regional
greenway, urban greenway, and community greenway in Guangzhou.
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The outline of the Pearl River Delta (PRD) Reform and Development Plan, promulgated in 2008,
stressed the importance of improving the quality of the urban environment. In 2010, Urban Green
System Planning of Guangzhou (2001–2020) was officially promulgated, and the development objective
of Guangzhou was pushed forward: improving the structure of urban ecological space system, forest
conservation, and the establishment of the greenway. We should optimize the construction of green
space in central urban areas and strengthen the construction of street green space and community
parks. Besides, it was required by the plan to reach 41.5% green coverage rate in the administrative
region of Guangzhou and 40% in the central area by 2015.

From 1995 to 2015, the proportion of grassland and forestland increased slightly. Particularly,
the landscape pattern aggregation of forestland increased as well, indicating that the forestland system
has a better continuity while maintaining a stable natural growth state. The main forms of urban
green space are forestland and grassland. Although the growth of forestland and grassland was only
7.52 km2 and 18.87 km2, compared with remote sensing images, the increase of green space in urban
core areas (Haizhu, Tianhe, Yuexiu) was obvious (Figure 12). On the basis of protecting the existing
green space, a large number of integrated parks had been planned through park reconstruction and
expansion (Figure 13). Additionally, small-scale green spaces were encouraged to be established by
a variety of forms, such as community parks, village parks, and roadside green space. Community
parks exist in residential communities of different scales and provide ecosystem services for residents.
Village parks are built in rural villages or suburbs. It provides space for villagers’ public activities and
still retains rural landscape patches, such as farmland and natural waters. Roadside green space is
built outside urban roads. It is relatively small and scattered in the city. The fragmentation of grassland
increased at the beginning and then decreased, which was also directly related to these government
policies. Urban ecological environment quality had been greatly improved during this period.
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Figure 13. Green system planning of the central area of Guangzhou. Source: Planning Bureau
of Guangzhou.

The improvement of the ecological environment benefits from the guidance of planning and
policies. Among them, the most important thing is the delineation of basic ecological control lines,
including basic farmland protection areas, rural parks, and ecological corridors. This strategy
reasonably controls the size of the city and optimizes the urban structure. According to Urban Green
System Planning of Guangzhou (2001–2020), a three-level park system, including a specialized park,
integrated park, and community park, had been established, which forms a network-based green space
system [41]. Additionally, the greenway system had been well established on different scales. Based on
actual completion and statistics, the number of parks in Guangzhou reached 246 in 2015, and the green
coverage rate in developed areas reached 41.53%, achieving the goal of 41.5% (Figures 14 and 15).
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6. Conclusions

Based on the land-use data of 1995, 2005, and 2015, the spatial-temporal dynamics of land-use
and landscape pattern in Guangzhou were analyzed through RS and GIS technologies. In the context
of rapid urbanization, the driving force, which led to the change, was explored. According to the
results, the change in land-use and landscape pattern in the second decade was quite different from
that in the first one. The mode of urban land-use was transformed from incremental development to
inventory development, which also meant an extensive mode to an efficient one. The focus of urban
development had become the improvement of living quality.

(1) From 1995 to 2015, the urban land of Guangzhou greatly increased from 526.96 km2 (16.33%)
to 1163.36 km2 (36.05%). From 1995 to 2005, the increase of urban land was mainly from the
non-agricultural conversion of rural land. The driving force of this process was the development of the
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rural non-agricultural industry. From 2005 to 2015, the increase in urban land mainly resulted from the
redevelopment of low-efficiency lands, such as bare land.

(2) Farmland greatly decreased from 45.16% in 1995 to 27.82% in 2005. A large number of farmland
was transformed into urban land. After 2005, a series of policies were promulgated to protect farmland.
The loss of farmland had been obviously controlled. As a result, farmland only decreased by 2.72%
until 2015.

(3) Landscape fragmentation is mainly affected by human activity. From 1995 to 2005, human
activity in terms of urban construction was extensive and spontaneous. The landscape fragmentation
increased greatly. From 2005 to 2015, the efficient land-use that focuses on compact and the establishment
of the urban green system had reduced the landscape fragmentation. This was helpful to improve
urban sustainability.

Although the importance of agriculture in Guangzhou has been decreasing, it still has great social
and environmental significance according to the policy. With the end of the rapid non-agricultural
conversion of rural land, farmland will remain in a relatively stable state. On the other hand, the basic
ecological control lines will be strictly enforced. As a result, the spatial pattern, including ecological,
agricultural, and urban space, will remain stable and continue to be optimized. In order to improve
the urban environment, urban green space will become more systematic from a macro perspective;
from the micro point of view, with the increase of community parks, roadside green space, and village
parks, as well as roof greening, the fragmentation of urban green space will be higher. Eventually,
the city and green space will become integrated, and urban environmental quality of Guangzhou will
be further improved.
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Abstract: The spatial structure and configuration of land-use patches, i.e., landscape patterns
could affect the flow of energy and materials in inner-urban ecosystems, and hence the sustainable
development of urban areas. Studying landscape pattern changes under the process of urbanization
would have implicational significance to urban planning and urban sustainability. In this paper,
land-use change and urban expansion intensity (UEI) were treated as the inducement factors for
changes in landscape patterns, and stepwise regression and geographically weighted regression
(GWR) were adapted to quantify their integrated and distributed magnitude effects on landscape
patterns, respectively. The findings suggested that land-uses have different contributions to changes
in landscape patterns at different urban development zones (downtown, suburban plain area and
mountainous suburban areas). Furthermore, the GWR analysis results indicated that the effect of UEI
on landscape patterns has spatial and temporal heterogeneity. From 1987 to 2000, the UEI had great
explanatory capacity on changes in landscape patterns and helped the landscape assemble faster in
the downtown and adjacent areas. However, with the shifting of the center of urban construction from
downtown to the suburbs, the high explanatory ability was oriented towards suburban areas during
2000–2016 and the magnitude of influence spatially changed. Therefore, a compact city and protection
policy should be adapted to different regions in the study area to achieve strong urban sustainability.

Keywords: urbanization; GIS; urban development zones; urban sustainability; regression analysis; GWR

1. Introduction

The concentrations of population and socioeconomic activities in urban areas have led to fast urban
expansion all around the world in recent decades [1,2]. If this aggregation phenomenon continues,
land transformed into urban areas will nearly triple by the end of 2030 [3]. Meanwhile, other land-use
types such as agricultural and forest land around urban areas will be embezzled during the rapid
expansion of cities. These tremendous land-use changes and intensive human activities put forward
serious challenges to human and natural environment [4,5], such as the loss of biodiversity [6], an
increase of the urban heat island effect [7], continuous environmental degradation [8,9], decreased
watershed runoff and increased flood potential in urban areas [10], and enhanced CO2 emissions [11].
Furthermore, changes in the spatial structure and configuration of land-use patches, i.e., landscape
patterns, have a direct impact on urban sustainability because they determine energy flow efficiency and
air pollution [12,13]. Therefore, the magnitude of influence from variations of land-use on landscape
patterns determines their impact on urban sustainability. Thus, the quantitative relationship between
land-use and landscape patterns is an important issue to study.
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A lot of previous studies have observed land-use change and its impact on landscape patterns
in rapidly urbanizing regions [1,12,14–21]. However, most of these studies have only qualitatively
analyzed this relationship. For example, the conversion of agricultural land and forest land into built-up
land in these areas has led to a prominent, tremendously fragmented landscape, but the magnitude
of this influence has not been articulated. At the same time, the few studies using a quantitive
analysis of this relationship have done so just from a perspective of their study area [15,16]. However,
the effect of land-use changes on landscape patterns has been shown to vary between different urban
development zones [1]. Learning the behaviors of land-use changes and the corresponding change in
landscape patterns in and around urban core areas will be conductive to urban planning and urban
sustainability. In this study, we analyze changes in land-use change and landscape patterns, and we
describe quantitative relationships between them at different urban development zones.

Amidst land-use types, changes in built-up land is indicative of urbanization [22–27]. Urban
expansion intensity, the growth rate of built-up land in an unit time interval, has been used to
investigate urbanization’s impact on agricultural landscape patterns [28] and landscape patterns in
land utilization [15]. However, these studies were conducted at the block and pixel levels with only
several landscape metrics. However, the intensity of urbanization is more related to local government
behaviors such as regional urban planning and attracting investment decisions [29]. Thus, spatial
relationships between urban expansion and landscape patterns would be better conducted at the
administrative division level, a comprehensive study of which could enhance the understanding of the
influence of urban expansion on landscape patterns and, ultimately, benefit urban sustainable planning.

It has become easier to characterize a landscape and quantify its structural changes with advanced
developments in remote sensing and geographic information science (GIS) techniques. In recent
decades, a set of indices has been created to measure landscape patterns from the perspective of
area, shape, aggregation and diversity [30–32]. In fact, these landscape indices are algorithms for
quantifying specific spatial characteristics of patches, classes of patches, or entire landscape mosaics [23].
FRAGSTATS—which integrates most of the landscape indices in categories of patch, class and landscape
levels—is widely used to calculate landscape metrics [33].

Qingdao, like most of the eastern cities of China, has experienced intensified urbanization during
the last few decades [34,35]. This urban land expansion has caused great transformation in land-use
and landscape patterns. Agricultural land has been converted to urban land, causing the landscape
patterns to become fragmented [36]. As a result, the patch size for the remaining habitat has been
reduced, and the edge effects and the isolation of patches through the destruction of connecting
corridors have increased [37]. Thus, it is necessary to analyze the effect of land-use changes and
urbanization on landscape pattern changes in Qingdao and to apply the results in sustainable urban
planning and policymaking.

Consequently, the objectives of this study are listed as follows: (1) Identify the spatial–temporal
changes of land-use and landscape patterns in three urban development zones in Qingdao; (2) quantify
the effect of land-use changes on landscape pattern changes; (3) evaluate the impact of urban expansion
intensity on the spatial changes of landscape patterns. Studies of these questions could provide support
for urban planning and urban sustainability.

2. Materials and Methods

2.1. Study Area

Qingdao (35◦35′ N–37◦09′ N and 119◦30′ E–121◦00′ E) is in the eastern Shandong Peninsula on the
east coast of China, encompassing a total land area of 1174.56 km2. Surrounded by the Yellow Sea to
the east and south, Qingdao has a typical maritime climate with a mean annual temperature of 12.6 ◦C
with a cold winter (an average temperature in December–February of 0.9 ◦C) and mild summers (an
average temperature in June–August of 23.3 ◦C). The mean annual precipitation is around 662 mm, and
it is mostly distributed in summer (http://www.weather.com.cn/; http://www.data.ac.cn/). A natural
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inlet of the Yellow Sea named Jiaozhou Bay is located on the southern coast of the Shandong Peninsula.
The bay is 32 km long and 27 km wide, and it has witnessed a fast development of urbanization.
Qingdao City has 6 districts. We excluded Huangdao, so the other 5 districts of Shinan, Shibei, Licang,
Laoshan and Chengyang were selected as the study area (Figure 1). These districts are geographically
contiguous and have experienced great landscape changes during the last few decades in the process
of urbanization. The terrain in this area is high in the east and low in the west, with elevation between
0 and 1133 m. Like most cities in coastal China, Qingdao has had documented high economic growth
rates since 1990. Except for the global financial crisis year (2007–2008), the GDP and GDP per capita
of Qingdao grew annually by double digits from 1998 to 2009 [38]. Huge economic growth resulted
in great urban expansion and landscape changes in the study area. The study of these changes in
response to urban sprawl could provide a clear basis for promoting the coordinated development
between economics and the urban ecosystem in Qingdao.

Sustainability 2019, 11, x FOR PEER REVIEW 3 of 31 

http://www.data.ac.cn/). A natural inlet of the Yellow Sea named Jiaozhou Bay is located on the 
southern coast of the Shandong Peninsula. The bay is 32 km long and 27 km wide, and it has 
witnessed a fast development of urbanization. Qingdao City has 6 districts. We excluded Huangdao, 
so the other 5 districts of Shinan, Shibei, Licang, Laoshan and Chengyang were selected as the study 
area (Figure 1). These districts are geographically contiguous and have experienced great landscape 
changes during the last few decades in the process of urbanization. The terrain in this area is high in 
the east and low in the west, with elevation between 0 and 1133 m. Like most cities in coastal China, 
Qingdao has had documented high economic growth rates since 1990. Except for the global financial 
crisis year (2007–2008), the GDP and GDP per capita of Qingdao grew annually by double digits from 
1998 to 2009 [38]. Huge economic growth resulted in great urban expansion and landscape changes 
in the study area. The study of these changes in response to urban sprawl could provide a clear basis 
for promoting the coordinated development between economics and the urban ecosystem in 
Qingdao. 

 
Figure 1. The location (A), three types of urban development zones in 2016 (B), and the terrain as well 
as main road (C) of the study area. 

2.2. Mapping and Analysis of Land-Use/Land Cover 

Landsat images downloaded from the Geospatial Data Cloud Platform 
(http://www.gscloud.cn/) were used to produce the land-use/cover map of the study area. Before 
images were selected, two criteria were considered: (1) the date acquired must have been in the 
growing season (typically from around March 18 to around November 25) 
(https://weatherspark.com/y/136066/Average-Weather-in-Qingdao-China-Year-Round) which could 
be beneficial for dividing bare land and built-up land from other land types; (2) the cloud coverage 
had to be less than 1%. Finally, three images of Landsat 5 TM (Thematic Mapper, one sensor type) 
and Landsat 8 OLI (Operational Land Imager, one sensor type) acquired on 7 October 1987, 26 
October 2000, and 16 June 2016 were sought out. The classification system was determined as 6 one-
class level land-use types—forest land, agricultural land, built-up land, grassland, bare land and 
waterbody—according to previous studies and the aim of learning the influence of urbanization on 
agricultural and forest land [1,15,39]. During the process of classification, the images were first 

Figure 1. The location (A), three types of urban development zones in 2016 (B), and the terrain as well
as main road (C) of the study area.

2.2. Mapping and Analysis of Land-Use/Land Cover

Landsat images downloaded from the Geospatial Data Cloud Platform (http://www.gscloud.cn/)
were used to produce the land-use/cover map of the study area. Before images were selected, two
criteria were considered: (1) the date acquired must have been in the growing season (typically from
around March 18 to around November 25) (https://weatherspark.com/y/136066/Average-Weather-
in-Qingdao-China-Year-Round) which could be beneficial for dividing bare land and built-up land
from other land types; (2) the cloud coverage had to be less than 1%. Finally, three images of
Landsat 5 TM (Thematic Mapper, one sensor type) and Landsat 8 OLI (Operational Land Imager,
one sensor type) acquired on 7 October 1987, 26 October 2000, and 16 June 2016 were sought out.
The classification system was determined as 6 one-class level land-use types—forest land, agricultural
land, built-up land, grassland, bare land and waterbody—according to previous studies and the
aim of learning the influence of urbanization on agricultural and forest land [1,15,39]. During the
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process of classification, the images were first radiometrically calibrated and clipped with the vector
boundary of the study area in the ENVI 5.3 software (Exelis Visual Information Solutions, Inc., Boulder,
CO 80301 USA). Then, the spectral indices of a normalized difference vegetation index (NDVI) and
normalized difference built-up index (NDBUI) [40] were calculated and stacked into multispectral
bands to improve classification. Next, regions of interest (ROI), evenly distributed in the study area for
both types, were delineated through visual interpretation to train and test the subsequent classification,
respectively. In total, the training ROIs were 28,082, 56,484 and 45,751 pixels, and the testing ROIs were
9911, 59,464 and 36,410 pixels, respectively, for images of 1987, 2000 and 2016. Finally, the maximum
likelihood classification method was used to classify images into the six land-use categories mentioned
above. The overall accuracy was 92.76%, 89.66%, and 93.07% for the years of 1987, 2000 and 2016,
respectively. Moreover, the Kappa coefficients were 0.90, 0.86 and 0.90, respectively, and indicated that
the accuracy of land-use classification maps was high.

The conversion matrix method in ENVI was used to analyze changes in land-use/cover.
The conversion matrix could provide the magnitude and intensity of changes between the different
land-use types.

2.3. Analysis of Landscape Patterns

Landscape patterns have been often analyzed through landscape metrics [41]. All the metrics,
which are classified into the three levels of patch, class, and landscape, quantify such aspects as the
fragmentation, heterogeneity, and connectivity of the landscape pattern [21]. However, it is vital to
select appropriate metrics when analyzing landscape patterns. Some methods have been used for
metric selection by predecessors. For example, in order to remove surplus or redundant metrics,
Schindler et al. [42] tested methods including expert knowledge, decision tree analysis, principal
component analysis, and principal component regression for metric selection. On the other hand,
Su et al. [39] selected metrics for an agriculture landscape pattern analysis based on the three key
criteria: (1) Metrics should have some ecological significance in categories of edge/density/area, shape,
and contagion; (2) metrics should be comparable with previous studies; and (3) metrics should be of
low redundancy.

To comprehensively examine the urban expansion on landscape patterns, 15 frequently used
landscape-level metrics [43–46] were initially selected: total area (TA), patch density (PD), the largest
patch index (LPI), total edge (TE), edge density (ED), large shape index (LSI), mean shape index
(SHAPE_MN), area-weighted mean shape index (SHAPE_AM), mean fractal dimension index
(FRAC_MN), area-weighted fractal dimension index (FRAC_AM), contagion (CONTAG), effective
mesh size (MESH), splitting index (SPLIT), Shannon’s diversity index (SHDI), and aggregation
index (AI). Based on a two-tailed Pearson’s correlation analysis, 4 metrics with the least correlation
between each other were chosen in this study: the LPI, SHAPE-AM, PD and CONTAG. These metrics
were categorized into three groups [47]: area and edge metrics (LPI), shape metrics (SHAPE-AM),
and aggregation metrics (PD and CONTAG). The area and edge metrics describe the patches’
number, size, and edge, and the shape metrics measure the geometric complexity of the patches.
The aggregation metrics calculate landscape texture to describe the tendency of patch types to be
spatially aggregated. All the metrics for each sub-district area were computed in FRAGSTATS
4.2 (http://www.umass.edu/landeco/research/fragstats/fragstats.html), and their change ratios were
calculated based on the following Formula (1).

R∆t =
Mt+∆t −Mt

Mt
× 100% (1)

where R∆t is the change ratio of landscape metrics from time t to t + ∆t; Mt and Mt+∆t represent the
value of metrics for the target unit in time t and t + ∆t, respectively; and ∆t is the time interval for the
study period (measured in years).
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2.4. Urban Expansion Intensity

In our study, the urban expansion intensity (UEI) was selected to identify urban expansion. UEI
indicates the annual spatial changes of urban land area per unit area [24,25] by using Formula (2).

UEI∆t =
UAt+∆t −UAt

TA
× 1

∆t
× 100% (2)

where UEI∆t. is the urban expansion intensity during the time t and t + ∆t; UAt and UAt+∆t indicate
the urban area of calculated unit at time t and t + ∆t, respectively; ∆t is the time interval of the study
period (measured in years); and TA is the total land area for the target subdistrict.

2.5. Statistical and Regression Analysis

The two-tailed Pearson’s correlation method was used to analyze correlations between change in
land-use and landscape metrics’ change ratio at different urban development zones and the whole
study area. In addition, stepwise linear regressions were performed to quantify and compare the
effects of land-use change (a unit of km2 was designated) on landscape pattern changes. To evaluate
the explanatory ability of models, the adjusted R2 value was calculated for each model. All analyses
were performed using IBM SPSS Statistics version 22 software (SPSS Inc., Chicago, IL, USA).

To assess the spatial influence of urban expansion on landscape pattern changes, geographically
weighted regression (GWR) was applied to explore the relationship between urban expansion intensity
and landscape metrics. Under the assumption that nearer observations exert more significant influences,
GWR can accurately describe a spatial relationship by taking neighbor effects into consideration [48].
It expresses the spatial relationships of a variable by generating a group of local coefficients containing
a local R2 value, local residuals, local parameter estimates, and t-test values. The formulation of the
GWR model can be expressed as Formula (3).

y j = β0
(
u j, v j

)
+

k∑

i

βi
(
u j, v j

)
xi j + ε j (3)

where u j and v j indicate the spatial coordinates of location j; β0
(
u j, v j

)
and βi

(
u j, v j

)
are the intercept

value and the local-specific coefficient of the independent variable xi j, respectively; k is the number of
independent variable; and ε j represents the error. GWR uses kernel bandwidth to calculate the spatial
dependency range, and the weight for all observations are computed by a distance–decay function
within the spatial range. This distance decay function is given as Formula (4).

wi j = exp
(
−d2

i j/b2
)

(4)

where wi j represents the weight of observation i relative to neighborhood observation j; di j is the
Euclidean distance between locations i and j; and b represents the kernel bandwidth. Coarser kernel
bandwidth leads to a slowed weight decrease with distance and generates more global relationships [49].
The weight value equals 1 when the observation points i and j are located at the same place; conversely,
the weight value decay is close to 0 when the distance between them increases toward the spatial scope
of kernel bandwidth.

The spatial regression model was performed with the GWR tool in the ArcGIS 10.3 software
(Environmental Systems Research Institute, Redlands, CA, USA). The spatial map for the changes of
each of the metrics during a time interval was taken as a dependent variable and the corresponding
urban expansion intensity change was entered as an independent factor. There are two types of kernel
function in the spatial regression tool: FIXED and ADAPTIVE. This means that the spatial context (the
Gaussian kernel) can be a fixed distance or a function of a specified number of neighbors. In this study,
the basic unit for the GWR modeling are sub-districts whose boundary and the area were irregular
and unequal, i.e., the spatial distribution of observations was not uniform. Therefore, we adapted the
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ADAPTIVE type of kernel matched up with the lowest Akaike information criteria (AICc) to determine
the extent of the kernel.

3. Results

3.1. Changes in Land-Use/Cover

The land-use changes during the years 1987 and 2016 were examined by using spatial maps
(Figure 2) and a conversion matrix (Appendix A, Tables A1–A4). The results showed that urbanization
has led to significant land-use changes over the years 1987–2016. Therefore, the most obvious changes
occurred in built-up land, with 14,416.2 ha (growth rate of 98.04%) and 27,635.04 ha (growth rate of
94.90%) increases in the periods of 1987–2000 and 2000–2016, respectively. As a result, the proportion
of built-up land in the total land has increased from 13.03% to 50.28%. This rapid urbanization process
has mainly occurred around the Jiaozhou Bay, which occupies a flat terrain area near the sea. With
the dramatic upsurge in built-up land, other land-use types such as forest land, agricultural land and
waterbodies have been bulldozed. For example, the forest land, agricultural land and waterbody
had 6160.32, 6967.98, and 1744.74 ha converted to built-up land during 1987–2000, which account for
59.19%, 48.20% and 90.95% in the changed area of the three types, respectively. This trend was more
pronounced from 2000 to 2016, with the above-mentioned proportion reached 95.21%, 69.33% and
91.67%, respectively. At the same time, the built-up land had transformed into other land-use types
such as waterbody and forest land during this period. This could be due to river regulation, reservoir
building, and old villages’ reconstruction, all of which would generate urban green space.

Sustainability 2019, 11, x FOR PEER REVIEW 19 of 31 

agricultural land and waterbodies have been bulldozed. For example, the forest land, agricultural 
land and waterbody had 6160.32, 6967.98, and 1744.74 ha converted to built-up land during 1987–
2000, which account for 59.19%, 48.20% and 90.95% in the changed area of the three types, 
respectively. This trend was more pronounced from 2000 to 2016, with the above-mentioned 
proportion reached 95.21%, 69.33% and 91.67%, respectively. At the same time, the built-up land had 
transformed into other land-use types such as waterbody and forest land during this period. This 
could be due to river regulation, reservoir building, and old villages’ reconstruction, all of which 
would generate urban green space. 

 

Figure 2. Land-use/cover maps in 1987, 2000, and 2016 in study areas. 

Land-use changes exhibited distinct variations among different urban development zones. In 
the downtown area, the built-up land continuously increased from 6176.97 to 8275.32 ha during the 
years 1987–2016, which is 88.09% of the total downtown area. Among the augmenter in built-up land, 
the forest land had the largest contribution, with 49.06% land transformed during the period of 1987–
2000 and 54.31% land converted from 2000 to 2016. The sea reclamation in the east of downtown is 
the most important inducement of the decrease of waterbody, whose area declined 62.26% and 
88.69% in the periods of 1987–2000 and 2000–2016, respectively. At the same time, the other three 
land-use types experienced dramatic decreases because of urbanization progress. The grassland and 
bare land had disappeared, and the agricultural land almost vanished in 2016. However, there were 
also 159.75 and 301.41 ha of built-up land transformed into forest land during 1987–2000 and 2000–
2016, respectively. This may benefit from the restoration and conservation of several big parks (e.g., 
Zhongshan Park, Beiling Mountain Forest Park, Jiading Mountain Park, Guanxiang Mountain Park 
and Shuangshan Park) and the construction of the coastal green belt. 

In the suburban plain area, the built-up land area grew 141.83% and 123.48% during the years 
of 1987–2000 and 2000–2016, respectively, indicating an extreme urban expansion in this region. The 
increase in built-up land area was stronger across the transportation network around the Jiaozhou 
Bay. In other land-use types, the agricultural land had the greatest decline, with 7208.19 ha (33.45%) 
and 11,927.79 ha (83.17%) decreases in the periods of 1987–2000 and 2000–2016, respectively. Among 

Figure 2. Land-use/cover maps in 1987, 2000, and 2016 in study areas.

Land-use changes exhibited distinct variations among different urban development zones. In the
downtown area, the built-up land continuously increased from 6176.97 to 8275.32 ha during the
years 1987–2016, which is 88.09% of the total downtown area. Among the augmenter in built-up
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land, the forest land had the largest contribution, with 49.06% land transformed during the period of
1987–2000 and 54.31% land converted from 2000 to 2016. The sea reclamation in the east of downtown
is the most important inducement of the decrease of waterbody, whose area declined 62.26% and
88.69% in the periods of 1987–2000 and 2000–2016, respectively. At the same time, the other three
land-use types experienced dramatic decreases because of urbanization progress. The grassland
and bare land had disappeared, and the agricultural land almost vanished in 2016. However, there
were also 159.75 and 301.41 ha of built-up land transformed into forest land during 1987–2000 and
2000–2016, respectively. This may benefit from the restoration and conservation of several big parks
(e.g., Zhongshan Park, Beiling Mountain Forest Park, Jiading Mountain Park, Guanxiang Mountain
Park and Shuangshan Park) and the construction of the coastal green belt.

In the suburban plain area, the built-up land area grew 141.83% and 123.48% during the years
of 1987–2000 and 2000–2016, respectively, indicating an extreme urban expansion in this region.
The increase in built-up land area was stronger across the transportation network around the Jiaozhou
Bay. In other land-use types, the agricultural land had the greatest decline, with 7208.19 ha (33.45%)
and 11,927.79 ha (83.17%) decreases in the periods of 1987–2000 and 2000–2016, respectively. Among
the decrement, 74.39% and 75.77% of agricultural land, respectively, in the periods of 1987–2000 and
2000–2016 were converted to built-up land. Similarly, a large amount of forest land, grassland and bare
land were transformed into urban land, resulting in continuous declinations for these types. On the
contrary, during the years 1987–2000, the waterbody area increased 1631.25 ha, with the growth rate
being 12.98%. This increase was mainly due to the construction of Jihongtan Reservoir in the north
of this region. However, this trend turned in the opposite direction, with 35.66% (5063.49 ha) of the
waterbody transformed into other land-use types—mainly built-up land.

In the mountainous suburban areas, the increase of built-up land in southwestern and northeastern
Laoshan district reached 4254.84 ha (during 1987 and 2000) and 10,622.88 ha (during 2000 and 2016),
which is 11.08% and 27.66% of the total area. At the same time, the forest land area increased 2332.71 ha
from 1987 to 2016 under the influence of the Grain for Green Project and forest conservation policy in
this region. In contrast, the agricultural land and bare land areas significantly declined 99.17% and
93.68%, respectively, in the years of 1987–2016, whereas the grassland completely vanished by the end
of 2016. The waterbody area increased 73.17 ha from 1987 to 2016, but a great decrease of 246.42 ha
followed because of the encroachment of urban land.

3.2. Spatial and Temporal Change of Landscape Patterns

The landscape patterns of different urban development zones in the study area were analyzed
through four landscape metrics during the periods of 1987, 2000 and 2016. As shown in Figure 3,
the changes were obviously different across different zones for the metrics: (1) The LPI significantly
increased in the downtown and mountainous suburban areas, but it decreased in the suburban plain
area from 1987 to 2000. However, the LPI had a huge increase in the suburban plain area when it
slightly increased in the downtown and mountainous suburban areas. The significant increase of the
LPI in the downtown and mountainous suburban areas was due to the expansion and infilling of
built-up land and forest land, respectively (Figure 2). As a result, the largest patch of area increased.
The changes of the LPI in the suburban plain area was because the largest patch of agricultural land
decreased and was finally replaced by a large patch of built-up land. (2) The area-weighted mean shape
index (SHAPE-AM) continually increased in the downtown area, whereas it firstly decreased and then
enormously increased in the suburban plain area and exhibited a first increasing and then decreasing
tendency in the mountainous suburban areas. (3) The urbanization transformed other land-use types
into built-up land and promoted the appearance of green space in the downtown area. As a result, PD
significantly decreased in the period of 1987–2000 and increased in the period of 2000–2016. However,
there had been consistent, slight growth and a sustained, great decrease in the suburban plain and
mountainous areas, respectively. The conversion of a large patch of agricultural land and waterbody
into dispersed built-up land in the suburban area, and the infilling of forest land by disappeared bare
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land in the mountainous suburban areas was responsible for these changes. (4) CONTAG significantly
increased in downtown and slightly increased in the other two places from 1987 to 2000. However,
during 2000–2016, it increased a lot in suburban plain and mountainous areas but had a slight increase
in downtown.
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Figure 3. Changes of four landscape metrics in different urban development zones during
1987–2016. LPI: largest patch index; SHAPE-AM: area-weighted mean shape index; PD: patch density;
CONTAG: contagion.

3.3. The Influence of Land-Use Change and UEI on Landscape Patterns

A correlation analysis was conducted to identify the relationships between selected landscape
metrics and land-use changes and UEI (Tables 1 and 2). The results indicate that there have been great
variations across three urban development zones and the whole study area at different time stages.
From the perspective of the whole region, none of four metrics were related with land-use changes
during 1987–2000. However, in the last period, the LPI was sensitive to waterbody, agricultural and
built-up land; SHAPE-AM was not significantly related to grassland and bare land; PD was well-related
with forest land and grassland; and CONTAG was only sensitive to built-up land. In terms of UEI, it
was strongly related to all the landscape metrics in the two periods other than SHAPE-AM from 1987
to 2000.

In the downtown area, the area-edge metrics (LPI) and aggregation metrics (PD, CONTAG) were
significantly related to all the land-use types except waterbody during the period of 1987–2000, whereas
CONTAG was no longer significantly related to any land-use types, and the LPI and CONTAG were
not sensitive to bare land during the period of 2000–2016. The shape metric (SHAPE-AM) related well
to agricultural, grassland and bare land from 1987 to 2000, and it was correlated well with forest and
built-up land in 2000 and 2016, respectively. In the suburban plain area, only the metrics of SHAPE-AM
and PD were strongly related to forest and agricultural land during the stage of 2000–2016. In the
mountainous suburban areas, only SHAPE-AM had a significant relationship with the land use of
grassland from 1987 to 2000.
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Table 1. Pearson’s correlation coefficients between landscape metrics changes and urbanization related
to land-use changes and urban expansion intensity in different urban development zones and the
whole region from 1987 to 2000.

Urban Development
Zones

Landscape
Metrics Waterbody Forest Agricultural

Land Built-up Land Grassland Bare
Land UEI

Downtown area

LPI –0.069 –0.673 ** –0.705 ** 0.797 ** –0.532 ** –0.776 **
SHAPE–AM –0.073 0.039 –0.416 * 0.281 –0.377 * –0.440 *

PD –0.182 0.637 ** 0.551 ** –0.602 ** 0.567 ** 0.566 **
CONTAG –0.018 –0.595 ** –0.638 ** 0.684 ** –0.563 ** –0.554 **

Suburb
(mountainous area) SHAPE-AM 0.802 –0.750 0.143 0.415 –0.974 * 0.319

The whole region

LPI –0.124 –0.027 0.206 –0.126 0.071 –0.037 0.696 **
SHAPE-AM –0.067 0.067 0.023 0.025 –0.080 –0.147 0.068

PD 0.057 0.119 –0.240 0.161 –0.079 –0.050 –0.691 **
CONTAG –0.081 –0.087 0.220 –0.127 0.045 –0.008 0.756 **

The superscripts ** and * indicate a significantly correlation at the 0.01 level (two-tailed) and the 0.05 level (two-tailed),
respectively. LPI: largest patch index; SHAPE-AM: area-weighted mean shape index; PD: patch density; CONTAG:
contagion; UEI: urban expansion intensity.

Table 2. Pearson’s correlation coefficients between landscape metrics changes and urbanization related
to land-use changes and urban expansion intensity in different urban development zones and the
whole region from 2000 to 2016.

Urban Development
Zones

Landscape
Metrics Waterbody Forest Agricultural

Land Built-up Land Grassland Bare
Land UEI

Downtown area

LPI −0.391 * −0.724 ** –0.706 ** 0.853 ** −0.463 ** –0.149
SHAPE-AM −0.023 0.695 ** 0.304 −0.413 * 0.228 –0.192

PD 0.103 0.376 * 0.493 ** −0.407 * 0.354 * 0.141
CONTAG −0.268 −0.193 −0.255 0.315 −0.098 0.316

Suburb (plain area) SHAPE-AM −0.299 0.367 −0.582 ** 0.388 0.309 0.013
PD −0.308 0.642 ** −0.267 0.063 0.378 0.332

The whole region

LPI −0.341 * −0.013 −0.343 ** 0.392 ** 0.108 −0.123 0.630 **
SHAPE-AM −0.291 * 0.429 ** −0.639 ** 0.404 ** 0.081 −0.240 0.319 *

PD −0.061 0.307 * 0.060 −0.214 0.323 * 0.246 −0.489 **
CONTAG −0.191 −0.154 −0.246 0.367 ** −0.150 −0.251 0.511 **

The superscripts ** and * indicate a significantly correlation at the 0.01 level (two-tailed) and the 0.05 level (two-tailed),
respectively. LPI: largest patch index; SHAPE-AM: area-weighted mean shape index; PD: patch density; CONTAG:
contagion; UEI: urban expansion intensity.

A stepwise regression model was used to assess which land-use was more important to the
change of landscape patterns across different types of urban development zones (Tables 3 and 4).
During the period of 1987–2000, the changes of built-up land, grassland, waterbody and bare land
played a significant role in predicting the LPI and CONTAG, and forest land and bare land were more
important in the prediction of SHAPE-AM and PD in the downtown area. However, grass land was
the only land-use type that could effectively predict SHAPE-AM in the mountainous suburban areas.
Furthermore, in the period of 2000–2016, built-up land, waterbody and agricultural land played an
important role in predicting the LPI in downtown, forest and agricultural land were more important
to SHAPE-AM and PD in the downtown and suburban plain areas. These results indicated that the
influence of land-use changes on landscape patterns was significantly different across three urban
development zones.
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Table 3. Stepwise regression models of land-use changes during 1987–2000 and the related landscape
metrics in different urban development zones. The regression equations were selected because the
probabilities of their F values were less than 0.05.

Urban Development Zones Dependent Variables Final Model Adjusted R2 p Value

Downtown area

LPI LPI = 1.925 + 22.801 built-up land +
89.567 grassland – 69.838 bare land 0.718 0.000

SHAPE-AM SHAPE-AM = -0.004 – 2.359 bare land +
0.504 forest land 0.285 0.002

PD PD = -0.852 + 6.439 forest land 0.387 0.000
CONTAG CONTAG = 0.010 + 0.220 built-up land 0.451 0.000

Suburb (mountainous area) SHAPE-AM SHAPE-AM = -0.179 – 1.195 grassland 0.922 0.026

LPI: largest patch index; SHAPE-AM: area-weighted mean shape index; PD: patch density; CONTAG: contagion;
UEI: urban expansion intensity.

Table 4. Stepwise regression models of land-use changes during 2000–2016 and the related landscape
metrics in different urban development zones. The regression equations were selected because of the
probabilities of their F values were less than 0.05.

Dependent Variables Final Model Adjusted R2 p Value

Downtown area
LPI LPI = -0.783 + 24.866 built-up land +

13.121 waterbody – 25.781 agricultural 0.871 0.000

SHAPE-AM SHAPE-AM = 0.138+ 0.784 forest land 0.466 0.000
PD PD = 1.474 + 18.293 agricultural 0.219 0.004

Suburb (plain area) SHAPE-AM SHAPE-AM = 0.290 – 0.047 agricultural 0.299 0.009
PD PD = 0.156 + 0.214 forest land 0.377 0.003

LPI: largest patch index; SHAPE-AM: area-weighted mean shape index; PD: patch density; UEI: urban
expansion intensity.

3.4. Spatial Relationships between Urban Expansion Intensity and Landscape Patterns

The Pearson’s correlation analysis indicated that the area–edge metrics (LPI) and aggregation
metrics (PD and CONTAG) were strongly related to UEI from 1987 to 2016. However, the shape metric
(SHAPE-AM) was sensitive to UEI only in the period of 2000–2016.

The spatial relationships between UEI and changes in the landscape metrics at the subdistrict
level through GWR are presented in Figure 4. A high explanatory ability of UEI on landscape pattern
changes was detected with adjusted R2 values ranged from 0.377 to 0.622 for area–edge metrics (LPI)
and aggregation metrics (PD and CONTAG). However, this explanatory ability exhibited obvious
spatial variations. The highest adjusted R2 values shifted from the core urban area in the first stage to
the adjacent area where high urbanization was experienced during 2000–2016. It can be concluded that
higher urban expansion intensity would explain more landscape pattern changes. The spatial patterns
of coefficients revealed that the LPI and CONTAG were positively related, whereas PD was negatively
related to UEI in most of the regions from 1987 to 2016.
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4. Discussion

4.1. How Much Does Land-Use Change Affect Landscape Patterns?

Changes in land-use could effectively lead to landscape pattern changes [29,50]. The linear
regression equations conducted in our study revealed that a strong relationship existed between
land-use change and landscape pattern changes (Tables 3 and 4). This result is similar to the
result of Dadashpoor et al. (2019 B) who concluded that landscape pattern changes have a strong
relationship with changes in agricultural land, garden land, bare land and built-up land [15]. However,
the relationship conducted in our study was varied among different urban development zones and
time intervals.

In the downtown area, a 1 km2 increase in built-up land caused a 22.801 increase in the LPI
and a 0.220 increase in CONTAG from 1987 to 2000, and a 1 km2 decrease in forest land was
usually accompanied with decreases of 0.504 and 6.439 in SHAPE-AM and PD, respectively (Table 3).
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In addition, changes in grass land and bare land also contributed to the landscape pattern changes.
The reason for this might be that there was no great difference among the changes in these land-use
types. However, the dominant influence on landscape patterns was attributed to agricultural land
from 2000 to 2016. A 1 km2 decrease in agricultural land led to a 25.781 increase in the LPI and caused
18.293 decrease in PD. Meanwhile, the forest land, built-up land and waterbody contributed to the LPI
and SHAPE-AM.

In the suburban plain area, the changes in land-use had no significant influence on the four
landscape metrics during 1987 and 2000. However, from 2000 to 2016, forest land and agricultural
land had a slight influence on landscape pattern change. A 1 km2 decrease in forest and agricultural
land were usually together with a 0.214 decrease in PD and a 0.047 increase in SHAPE-AM. This may
be related to the dispersion of change in forest land. This implied that changes of forest land can
fragmentate the landscape [3]. The embezzlement of forest land in the west and the encroachment of
built-up land in the center reduced the patch numbers and increased the concentration of patches.

In the mountainous suburban areas, only grassland had a significant effect on changes in
SHAPE-AM. A 1 km2 decrease in grassland caused a 1.195 increase in SHAPE-AM. This change in the
shape properties of the landscape pattern was mainly due to the spatial distribution change in the
grassland in this region.

4.2. How Does Urban Expansion Influence Landscape Pattern Changes?

Over the last three decades, the urban expansion in the area has transformed agricultural land,
forest land, bare land and so on into built-up land, a transformation which has then led to changes in
landscape patterns. The quantitative relationship between them was conducted through the GWR
method (Figure 4). Ours findings show that the effect of urban expansion on landscape patterns has
spatial and temporal heterogeneity. During the period of 1987–2000, urban expansion was mainly
in the form of infilling and edge expansion from the urban core areas. Therefore, UEI has strong
explanatory power for landscape patterns among these areas, and the coefficients indicated that the
fragmentation level (reflected by PD and the LPI) was significantly, negatively correlated with the
intensity of urban expansion. However, in regions far from downtown, the landscape pattern change
was relatively less related with urban expansion than the urban core areas. Furthermore, the urban
expansion even led to fragmentation in the northwestern area. This agrees with the result of the study
of Dadashpoor et al. [15]. They concluded that the growth of built-up lands in a Tabriz metropolitan
area has resulted in an increase in aggregation and integration in central and adjacent urban areas,
whereas it was opposite in areas far away from built-up lands. Similarly, a few previous studies have
also discovered that the expansion of built-up land has reduced the diversity of landscapes and created
fragmentation and heterogeneity [1,14,51,52].

From 2000 to 2016, the high explanatory ability has shifted towards suburban areas along with a
shift of urban focus, and the correlation coefficients also spatially changed (Figure 4). It can be said that
urban expansion has had a significant effect on landscape pattern changes. Chowdhury et al. [4] and
Islam [5] also believed that urbanization directly influences the degree of fragmentation in landscapes.
Their results also indicated that the built-up landscape has been aggregating in the suburbs where the
fragmentation of landscapes was once increased (Table A3 and Figure 4).

Both regression analyses revealed that urbanization has a strong influence on landscape pattern
changes, and the effect was different in the three urban development zones. However, the GWR models
could give a precise and detailed relationship at each location, which was suitable for questions with
spatial heterogeneity [1,53,54].

4.3. Implications

Qingdao has experienced high economic growth since 1990, with an annual growth rate of GDP
greater than 6% [38]. This sustained and rapid economic growth has greatly changed the spatial pattern
of land-use types in the study area. As a result, a simplified land-use structure has emerged in the
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downtown area. Meanwhile, the profound influence from urbanization on landscape patterns has
been shifting from the city center to the suburbs (Figure 4). According to weak sustainability theory,
this region may still be considered sustainable since the total capital of natural and manufactured has
increased [7]. However, this sustainability is not sustainable over the long haul. Thus, weak sustainable
regions such as well-planned natural areas, agricultural systems and urban centers should be spatially
configurated at a large scale in order to reach long-term sustainability, i.e., strong sustainability [6,7,10].
For this purpose, three recommendations are drawn for long-term sustainable development in Qingdao.

Firstly, priority should be given to protect large forest patches and to plant more trees in the
downtown. Urban forests play an important role in improving environmental quality and public
health in urban areas [55]. Just 20% more trees could double the benefits of urban forests and make
cities more environmentally sustainable [50]. In 1987, there are various land-use types in this area, but
almost only the forest and construction land have been retained over three decades of urbanization.
As a result, the landscape diversity has decreased, and the AI of built-up land has intensified, both of
which are not conducive to the sustainable development of urban landscapes. Thus, decision-makers
should concentrate on protecting existing forest plots and exploiting new green spaces.

Secondly, the concept of a compact city should be adapted to guide urban planning in the suburban
plain area. A compact city is an idea for sustainable urban development to avoid unorderly urban
sprawl and achieve harmony between human beings and the natural environment [8,56]. During the
process of urban expansion from 1987 to 2016, a large amount of contiguous agricultural land, forest
land and water body patches was encroached on by built-up land, leading to a stronger concentration
landscape of construction land. Therefore, rational land development strategies, such as establishing
limited development zones and retaining large patches of forest and agricultural land with equal
distribution, should be made in this region.

Thirdly, anthropogenic disturbances should be continued to be controlled in the suburban
mountainous area to protect the forest landscapes and maintain the ecosystem resilience. Due to
forest protection policies on Mountain Lao, the forest land area in this region grew from 1987 to 2016
(Table A4). However, it should be noticed that built-up land also had great increases of 179.05% and
149.67% from 1987 to 2000 and from 2000 to 2016, respectively, indicating an increase in anthropic
influence. Therefore, decision-makers should focus on setting up prohibited development zones to
protect the integrity of the forest ecosystem in this region.

5. Conclusions

This paper aimed to recognize changes in land-use and landscape patterns and to investigate the
quantitative influence of land-use change and UEI on landscape patterns in three urban development
zones in Qingdao during 1987–2016. For this purpose, firstly, a land-use transform matrix and the
landscape metrics of the LPI, SHAPE-AM, PD and CONTAG were used to identify land-use and
landscape pattern changes. The results suggested that the growth of the economy in Qingdao has
transformed other land-use types such as agricultural and forest land to built-up land in the study
area. Therefore, land-use change has caused aggregation and homogeneity in the landscape. Then, a
correlation analysis and a stepwise regression were adapted to investigate the quantitative relationship
between land-use change and landscape patterns. It has been observed that the influence magnitude
of different land-use types on landscape patterns varied for different urban development zones and
periods of time. In the downtown area, all the land-use types significantly influenced landscape
patterns, and the change in agricultural and forest land had the greatest contribution, especially during
the period 2000–2016. However, the agricultural and forest land, respectively, became the dominant
factors of landscape pattern changes during 1987–2000 and 2000–2016 in the suburban plain area.
The change in grass land had the biggest impact on landscape change in the mountainous suburban
areas. Finally, to evaluate urbanization’s impact on landscape pattern changes, GWR regression
was used to identify the spatial relationship between UEI and the change in the landscape patterns.
The result showed that the effect of UEI on landscape patterns has spatial and temporal heterogeneity.
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From 1987 to 2000, the UEI strongly explained the change in the landscape patterns and made the
landscape assemble faster in the downtown and adjacent areas. However, the a high explanatory
ability shifted towards suburban areas during 2000–2016, and the correlation coefficients also spatially
changed. The reason for this is the shifting of the focus of urban construction from downtown to the
suburbs. Thus, it can be said that UEI has a significant effect on the landscape pattern changes. From
this point of view, a compact city and protection policy should be adapted to different regions in the
study area to achieve a strong sustainability of urban development.
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Appendix A

Table A1. Land-use/cover conversion matrix for the whole region during the period 1987–2016 (in ha).

1987

Forest Agricultural Built-Up Grassland Bare Land Water Class Total

2000 Forest 36460.8 5893.11 658.71 923.76 1609.38 117.09 45662.85
Agricultural 1863.63 13950.63 241.65 459.18 980.91 35.1 17531.1

Built-up 6160.32 6967.98 12318.57 463.95 1464.39 1744.74 29119.95
Grassland 172.26 64.8 5.49 29.16 135.72 0.09 407.52
Bare land 1290.6 872.82 148.95 49.05 2486.79 21.42 4869.63

Water 920.16 656.46 1330.38 322.02 64.71 11990.61 15284.34
Class Total 46867.77 28405.8 14703.75 2247.12 6741.9 13909.05

Image Difference –1204.92 –10874.7 14416.2 –1839.6 –1872.27 1375.29
Image Difference (%) –2.57 –38.28 98.04 –81.86 –27.77 9.89

2000

2016 Forest 33714.99 4623.57 1713.33 216.63 2659.50 509.04 43437.06
Agricultural 248.58 1783.71 194.85 7.38 132.30 101.25 2468.07

Built-up 11375.28 10918.53 25729.83 164.79 1762.38 6804.18 56754.99
Grassland 11.07 50.13 10.62 18.63 9.99 6.30 106.74
Bare land 25.83 11.97 31.05 0.09 233.19 1.89 304.02

Water 287.10 143.19 1440.27 0.00 72.27 7861.68 9804.51
Class Total 45662.85 17531.1 29119.95 407.52 4869.63 15284.34

Image Difference –2225.79 –15063.03 27635.04 –300.78 –4565.61 –5479.83
Image Difference (%) –4.87 –85.92 94.90 –73.81 –93.76 –35.85

Table A2. Land-use/cover conversion matrix for the downtown area during the period 1987–2016 (in ha).

1987

Waterbody Forest Agricultural Built-Up Grassland Bare Land Class Total

2000 Waterbody 190.71 4.14 0 1.08 3.06 0 198.99
Forest 22.32 812.7 56.52 159.75 49.32 11.97 1112.58

Agricultural 4.68 19.89 29.7 10.98 13.68 4.59 83.52
Built-up 305.91 954.72 333.9 5997.24 138.06 213.57 7943.4

Grassland 0 3.33 0.09 0 0 0 3.42
Bare land 3.6 13.5 6.93 7.92 3.69 16.92 52.56

Class Total 527.22 1808.28 427.14 6176.97 207.81 247.05
Image Difference –328.23 –695.7 –343.62 1766.43 –204.39 –194.49

Image Difference (%) –62.26 –38.47 –80.45 28.60 –98.35 –78.72

2000

2016 Waterbody 3.42 8.91 0.09 9.99 0 0.09 22.50
Forest 19.80 753.12 7.02 301.41 1.80 11.70 1094.85

Agricultural 0 0.45 0 1.35 0 0 2.00
Built-up 175.77 350.10 76.41 7630.65 1.62 40.77 8275.32

Grassland 0 0 0 0 0 0 0
Bare land 0 0 0 0 0 0 0

Class Total 198.99 1112.58 83.52 7943.4 3.42 52.56
Image Difference –176.49 –17.73 –81.52 331.92 –3.42 –52.56

Image Difference (%) –88.69 –1.59 –97.61 4.18 –100 –100
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Table A3. Land-use/cover conversion matrix for the suburb (plain area) during the period 1987–2016
(in ha).

1987

Waterbody Forest Agricultural Built-Up Grassland Bare Land Class Total

2000 Waterbody 11104.83 855.63 629.37 1257.75 318.33 34.38 14200.29
Forest 77.94 13770.72 3206.34 276.3 497.61 342.09 18171.00

Agricultural 22.23 1488.78 11903.85 159.75 406.62 360.36 14341.59
Built-up 1355.76 4063.86 5361.84 5208.03 289.35 620.46 16899.3

Grassland 0 56.07 32.04 5.49 29.07 66.78 189.45
Bare land 8.28 280.71 416.34 80.64 30.87 278.64 1095.48

Class Total 12569.04 20515.77 21549.78 6987.96 1571.85 1702.71
Image Difference 1631.25 –2344.77 –7208.19 9911.34 –1382.4 –607.23

Image Difference (%) 12.98 –11.43 –33.45 141.83 –87.95 –35.66

2000

2016 Waterbody 7325.91 270.36 140.31 1329.39 0.00 70.83 9136.80
Forest 467.82 10234.71 3335.22 1041.66 74.70 315.54 15469.65

Agricultural 101.16 236.16 1776.69 189.18 7.29 103.32 2413.80
Built-up 6299.10 7418.43 9037.62 14326.83 88.47 595.71 37766.16

Grassland 6.30 11.07 50.13 10.62 18.99 9.99 107.10
Bare land 0.00 0.27 1.62 1.62 0.00 0.09 3.60

Class Total 14200.29 18171.00 14341.59 16899.3 189.45 1095.48
Image Difference –5063.49 –2701.35 –11927.79 20866.86 –82.35 –1091.88

Image Difference (%) –35.66 –14.87 –83.17 123.48 –43.47 –99.67

Table A4. Land-use/cover conversion matrix for the suburb (mountainous area) during the period
1987–2016 (in ha).

1987

Waterbody Forest Agricultural Built-Up Grassland Bare Land Class Total

2000 Waterbody 679.23 59.67 27.09 69.93 0.18 30.15 866.25
Forest 16.74 21812.76 2621.52 221.85 372.69 1252.35 26297.91

Agricultural 8.19 352.44 1972.44 70.92 37.26 613.71 3054.96
Built-up 79.38 1138.14 1271.07 1101.60 34.38 630.27 4254.84

Grassland 0.09 112.86 32.67 0 0.09 67.95 213.66
Bare land 9.45 992.79 447.93 60.48 14.49 2186.28 3711.42

Class Total 793.08 24468.66 6372.72 1524.78 459.09 4780.71
Image Difference 73.17 1829.25 –3317.76 2730.06 –245.43 –1069.29

Image Difference (%) 9.23 7.48 –52.06 179.05 –53.46 –22.37

2000

2016 Waterbody 517.68 5.04 2.79 93.42 0 0.90 619.83
Forest 20.70 22669.65 1273.86 369.81 139.41 2327.94 26801.37

Agricultural 0.09 11.79 7.56 4.32 0.09 28.98 52.83
Built-up 325.89 3585.87 1760.40 3757.86 74.07 1118.79 10622.88

Grassland 0 0 0 0 0 0 0
Bare land 1.89 25.56 10.35 29.43 0.09 234.81 302.13

Class Total 866.25 26297.91 3054.96 4254.84 213.66 3711.42
Image Difference –246.42 503.46 –3002.13 6368.04 –213.66 –3409.29

Image Difference (%) –28.45 1.91 –98.27 149.67 –100 –91.86
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Abstract: Rapid and unplanned urban growth has adverse environmental and social consequences.
This is prominent in sub-Saharan Africa where the urbanisation rate is high and characterised by
the proliferation of informal settlements. It is, therefore, crucial that urban land use/land cover
(LULC) changes be investigated in order to enhance effective planning and sustainable growth. In this
paper, the spatial and temporal LULC changes in Blantyre city were studied using the integration of
remotely sensed Landsat imageries of 1994, 2007 and 2018, and a geographic information system (GIS).
The supervised classification method using the support vector machine algorithm was applied to
generate the LULC maps. The study also analysed the transition matrices derived from the classified
map to identify prominent processes of changes for planning prioritisation. The results showed that
the built-up class, which included urban structures such as residential, industrial, commercial and
public installations, increased in the 24-year study period. On the contrary, bare land, which included
vacant lands, open spaces with little or no vegetation, hilly clear-cut areas and other fallow land,
declined over the study period. This was also the case with the vegetation class (i.e., forests, parks,
permanent tree-covered areas and shrubs). The post-classification results revealed that the LULC
changes during the second period (2007–2018) were faster compared to the first period (1994–2007).
Furthermore, the results revealed that the increase in built-up areas systematically targeted the bare
land and avoided the vegetated areas, and that the vegetated areas were systematically cleared to
bare land during the study period (1994–2018). The findings of this study have revealed the pressure
of human activities on the land and natural environment in Blantyre and provided the basis for
sustainable urban planning and development in Blantyre city.

Keywords: urban planning; LULC change; transition matrix; systematic transition; Blantyre city

1. Introduction

Studying land use/land cover (LULC) is vital for enhancing our understanding of global
environmental change and sustainability [1]. In recent times, LULC changes have remarkably
intensified due to increased anthropogenic processes such as urbanisation [2]. In 2018, 55 per cent of
the world’s population lived in urban areas, a proportion that is anticipated to reach 68 per cent by
2050. Almost 90 per cent of this expected growth will occur in Asia and Africa, especially in medium
and small-sized cities [3]. In Africa alone, the urban population was 42.9 per cent in 2018 and is
projected to reach 56 per cent by 2050 [4]. Moreover, in sub-Saharan Africa, where over 200 million
people in urban areas reside in informal settlement, a higher urbanisation rate at 4.5 per cent annually
has been reported [5]. The growth of urban areas has a significant influence on the global and regional
environments, including LULC changes, and has implications for environmental, social and economic
sustainability [6]. Rapid and unplanned urbanisation has had dire consequences, such as a reduction
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in vegetation cover and loss of biodiversity, as habitats for species become fragmented through the
conversion of land for infrastructure development [7].

Like other anthropogenic–environmental interactions, urban LULC changes are due to a myriad of
factors, as no single factor can account for these changes. The interactions are different in every region,
but most scholars agree that most LULC changes are influenced by specific economic, demographic,
socio-political and environmental conditions [8,9]. These factors are usually interrelated. For example,
the economic and social advantages found in urban areas compared to rural areas attract many
people to cities, leading to rapid population growth that contributes to the over-exploitation of natural
resources for settlement and livelihoods.

Malawi is among the world’s least developed and one of the most densely populated countries
in Africa. Like other developing countries in sub-Saharan Africa, Malawi has been experiencing
progressive urban growth since it attained its independence on 6th July 1964. Malawi’s system of
governance changed from a one-party rule dictatorship (1964–1993) to a multiparty democratic system
from 1994 to the present. During the democratic rule, the urban population increased 2-fold from
1,095,419 in 1998 to 2,115,867 in 2018 in its four main cities of Lilongwe, Blantyre, Mzuzu and Zomba,
where over 70 per cent lives in informal settlements [10,11]. Presently, Malawi is ranked among the top
10 countries in the world projected to have the largest population increase in both its rural and urban
areas [4]. The urban population as a percentage of the national population was 16 per cent in 2018 and
it is projected to rise to 30 per cent by 2030 and 50 per cent by 2050 [10–12].

Despite that several studies have been done on LULC changes in Malawi [13–18], comprehensive
studies on urban LULC change in Malawi’s cities remain scarce, as such, the understanding of
urbanisation is primarily based on population figures only. This inadequacy of LULC change
information constrains effective economic and environmental planning, resulting in uninformed policy
decisions [16]. This is particularly prominent in low-income countries like Malawi, which commits
most of its resources to address urgent needs such as poverty reduction at the expense of maintaining
a vibrant LULC system [16].

Over the past three decades, advances in remote sensing technologies have expedited LULC
change studies. By obtaining satellite imagery over a period of time, remote sensing methods can be
utilised to analyse historical LULC changes [19]. Regardless of some shortfalls, such as spatial and
spectral confusion of the urban areas [20], remote sensing remains a reliable source of data to support
LULC studies [21]. Therefore, studies of urban LULC changes using remote sensing data, such as
Landsat, are essential for land management and urban land use planning, especially in developing
countries where they can provide fundamental and cost-effective information that is not available from
other sources [22,23].

Although cities in Malawi actively engage in planning—including the development of master
plans that provide an overview of spatial and infrastructural intentions, strategic plans that outline
the broad ways in which thematic issues are to be addressed and investment plans that list priority
infrastructure—the plans are barely recognised by the public in urban jurisdictions and often lack
effective implementation mechanisms. This is usually blamed on a lack of resources [24]. Additionally,
the existence of multiple institutions in the land administration in cities causes the disorder, which arises
from unclear authority and mandates over land including development control [24]. Furthermore,
cities in Malawi neither exercise control over key sectors (such as utility providers) nor have the
authority to make other agencies align their plans to citywide coordination, and thus are unable to
facilitate cross-sectoral planning [12]. As a result, cities continue to experience various challenges, such
as rapid urban growth, which can lead to irreversible LULC changes, the proliferation of unplanned
settlements and environmental degradation.

In Blantyre city, the second-largest city in Malawi by population and size, the urban LULC
situation is unclear and has not yet been quantified. There is also not enough empirical data on urban
LULC changes over time. Therefore, the aim of this study is to analyse urban LULC changes from
1994 to 2018 in Blantyre city using remotely sensed Landsat data in order to support sustainable
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urban planning. The year of 1994 was chosen as a start date because it is when Malawi changed its
governance system from a one-party system to a multiparty system. The year of 2018 was chosen as
the end date because it is when the field verification was taken, while the year of 2007 was chosen as
an intermediate date to illustrate the rates of change.

The study also identified random and systematic transitions derived from the classified maps to
focus on prominent signals of change in the study area. The study period 1994–2018 was chosen in
order to understand how the democratic governance systems influenced the LULC changes in urban
environments of Blantyre city. The significance of the study is threefold: (1) the study will reveal the
underlying human processes in the urban environment and their interactions; (2) the information
generated can assist with managing the pressures of human activities and urban developments on
the land, and (3) the results of this study can be used as baseline information to determine future
urban land use and for setting policy priorities to promote inclusive and equitable urban development.
Ultimately, this will help to realise well-balanced urban growth for citizens and the environment in
Blantyre city.

2. Materials and Methods

2.1. Study Area

Blantyre is the oldest and second-largest city in Malawi. It was established by the Scottish
missionaries in the 1870s and declared a planning area in 1897. It is the main commercial city hosting
most of the private sector headquarters in the country. The city lies within the latitude 15◦47′10” S and
longitude 35◦00′20.10” E, as shown in Figure 1. It covers an area of 240 km2 [11].

Figure 1. Study area—Blantyre city in southern Malawi, Africa. Data source: Diva GIS website and
The Shuttle Radar Topographic Mission (SRTM) Digital Elevation Models (DEM) data.

The city is located in rugged terrain with multiple hills and river systems which have a direct
effect on the development of the city [25]. Its topography ranges from an elevation of about 780 to
1612 m above sea level (m.a.s.l), as shown in Figure 1. The main mountains, such as Ndirande, Soche,
Bangwe and Michiru, are also designated forest reserves [25].
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In 1966, Blantyre was the prime city in Malawi with 109,461 people, seconded by Zomba, the then
capital city, with only 19,666 inhabitants. With the transfer of the capital city from Zomba to Lilongwe,
as part of a deliberate government policy to redistribute the urban population and implement spatially
balanced development across the country [26], Lilongwe started to grow rapidly. The population
grew from a mere 19,425 in 1966 to nearly 100,000 in a decade. By the year 2008, Lilongwe had
overtaken Blantyre by about 7700 people. Lilongwe city continued to grow ahead of Blantyre city in
2018, registering a population of 989,318 against 800,852 in Blantyre [11]. Blantyre city currently hosts
almost 5 per cent of the national population and has the highest population density in the country with
3328 people/km2 [11]. Over 91 per cent of the city residents are below the age of 45 years, and over
65 per cent reside in the informal settlements [11].

2.2. Remote Sensing Data

The remotely sensed data used for this study were Landsat Thematic Mapper (TM) and Landsat
Operational Land Imager (OLI) with 30 m spatial resolution and a 16 day repeat cycle [27]. The cloud-free
Landsat images covering the study area (path 167, row 71) were downloaded from the United States
Geological Survey (USGS) Earth Explorer https://earthexplorer.usgs.gov/, as shown in Table 1. The
acquisition quality of these images was high (09, meaning no quality issues/errors detected) [28]. The
data were acquired during the dry season, which starts from May to October, to best distinguish the
spectral signature of different land cover types, and near-anniversary dates were chosen for consistency
between the two time periods.

Table 1. Landsat data used for the analysis of land use/land cover (LULC) changes in the study area.

Satellite Sensor Path/row Spatial Resolution (m) Date of Acquisition Source

Landsat 5 TM 167/71 30 17th September 1994 USGS
Landsat 5 TM 167/71 30 4th August 2007 USGS
Landsat 8 OLI 167/71 30 19th September 2018 USGS

USGS: United States Geological Survey.

2.3. Image Processing

The Landsat images were an L1T product (systematically, geometrically and topographically
corrected). The study area was clipped as a vector file onto the Landsat image in ArcGIS Pro software
(ESRI, Redland, CA, USA). In order to reduce confusion between spectral features and improve
overall image classification, the radiometric and atmospheric corrections were applied using the Fast
Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) Model in ENVI 5.2 software
(Harris Geospatial, Broomfield, CA, USA) prior to image classification [29].

2.4. Image Classification

The support vector machine (SVM) classifier in the supervised classification scheme in ArcGIS
Pro software (ESRI, Redland, CA, USA) was employed to derive four major LULC classes, namely bare
land, built-up area, vegetation and water, as shown in Table 2.

Table 2. Description of LULC classes.

LULC Classes Description

Bare land Vacant lands, open areas with little or no vegetation, exposed rocks, quarry, hilly clear-cut
areas and other idle fallow land sometimes illegally used for agriculture.

Built-up area Urban structures of all types: residential, industrial, commercial, public installations,
roads/highways and other similar facilities.

Vegetation Forest, parks and permanent tree-covered areas, temporary croplands, grassland,
shrubs and other idle lands along streams.

Water Permanent open water, especially manmade dams/ponds.
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The classes were adopted from [30] with minor modifications to suit the study area. The training
samples for each LULC class were determined by comparing the false colour composites using spectral
bands 5, 4, 3, 2 and 1 for Landsat 5 TM and 6, 5, 4, 3 and 2 for Landsat 8 OLI as shown in Figure 2.
Reference was also made to the Google Earth archived images and the ground control points collected
during the study area field visit in August 2018 when collecting the training samples.

Figure 2. False colour composite for (a) 1994, (b) 2007 and (c) 2018.
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2.5. Accuracy Assessment

Accuracy assessment is a prerequisite step in the LULC classification process. This aims to
quantitatively determine how effectively pixels are grouped into the correct feature classes in the
area under investigation [31]. Accuracy assessment, therefore, compares the classified results to
geographically referenced data that are presumed to be true. This comparison is typically achieved in a
statistically rigorous fashion using error matrices. For this study, the reference data for 1994, 2007 and
2018 maps were collected from Google Earth image archives for the respective years. A set of at least
100 reference points were collected using stratified random sampling based on the sizes of the LULC
classes for 1994, 2007 and 2018 classified images. The producer’s, user’s and overall accuracies, as well
as a non-parametric Kappa index, were calculated [32,33]. The Kappa coefficient was computed using
Equation (1).

k =
N

∑r
i=1 Xii −

∑r
i=1(Xi+X+1)

N2 −∑r
i=1(XiX+i)

(1)

where N is the total number of observations in the error matrix, r is the number of rows and columns
in the error matrix, Xii is the number of observations in row i and column i (i.e., the diagonal elements),
X+i is the marginal total of row I, Xi+ is the marginal total of column i.

A Kappa value greater than 0.80 indicates excellent agreement, while a value between 0.4 and 0.80
indicates moderate agreement and a value less than or equal to 0.4 indicates poor agreement between
classification categories [32].

2.6. Annual Rates of Change

For an improved description of LULC changes, we calculated the annual rate of change.
This process measures the amount of LULC change per year and was calculated according to
the approach proposed by [34] and described in Equation (2).

R =

{
1

t2 − t1

}
∗
{

ln
A2

A1

}
(2)

where R is the rate of change, A1 and A2 are the area in km2 at the beginning and end of the analysis
period, and t1 and t2 correspond to the time in years from start to finish, respectively.

2.7. Land Use/Land Cover Change Detection

LULC change detection was carried out by a post-classification comparison of bi-temporal maps.
This is perhaps the most common approach for change detection [35] and has been successfully used
by many studies, such as [1,19,36–41]. The cross-tabulation matrix for the LULC changes for the first
period (1994–2007), the second period (2007–2018) and the overall period (1994–2018) were generated.
From the transitional matrices, the diagonal values in each matrix indicate persistency between LULC
classes from initial time t1, and the later time t2, while the off-diagonal entries indicate the transition
from one LULC class to the other. The gain was also calculated through the difference between the
total value of each LULC class for the later period P+ j, and persistency P j j, while the loss was the
difference between the total for the initial time Pi+, and persistency Pii. On the other hand, swapping
tendencies were calculated as two times the minimum value of the gains and losses for each LULC
class [42]. Furthermore, the concept of systematic and random change was applied to the transition
matrix in order to detect significant inter-category transitions [42]. An abrupt or unique process of
LULC change is regarded as a random transition while that characterised by a permanent, stable or
common process of change is regarded as a systematic transition. In order to determine whether a
transition is random or systematic, the expected value was compared with the observed value in the
matrix. A transition is said to be random if the difference between the observed and expected values is
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zero, while it is a systematic transition if it is not near zero. The expected values in terms of gain, Gij,
and loss, Lij, were calculated using Equations (3) and (4) for (∀i , j).

Gij =
(
P+ j − P j j

)



Pi+∑J
i=1, i, j P j+


 (3)

where
(
P+ j − P j j

)
is the observed total gross gain of category j, Pi+ is the size of category i in the start

date, 1994 in our case.
∑J

i=1, i, j P j+ is the sum of the sizes of all categories, excluding categories of j,
in the start date (1994).

Lij = (Pi+ − Pii)




P+ j
∑J

j=1, j, j P+ j


 (4)

where (Pi+ − Pii) is the observed total gross loss of category i, P+ j is the size of category j in the last
date, 2018 in our case.

∑J
j=1, j, j P+ j is the sum of all sizes of all categories, excluding j, in the later date

(2018).
Transitions with observed values that were larger than expected values by 1 per cent point under

both random processes of gain and losses were identified as systematic transitions [43,44].

3. Results

3.1. Land Use/Land Cover Classification

The spatiotemporal patterns of LULC classes considered in this study for 1994, 2007 and 2018
derived from the Landsat images using the SVM classifier are shown in Figure 3. Table 3 illustrates the
temporal changes in the LULC from 1994 to 2018. From the results, it is clear that bare land was the
main LULC category in the study area. In 1994, bare land represented 83.90 per cent of the total area
followed by vegetation (10.90 per cent) and built-up area (5.10 per cent), respectively.

There have been distinct urban LULC changes in Blantyre city over the 24-year period. The changes
are mainly characterised by an increase in a built-up area and a decrease in bare land and vegetation.
The water class remained constant (less than 0.5 per cent of the study area) throughout the study
period. Overall, the built-up area increased at an annual rate of 5.34 per cent from 1994 to 2018. In the
first period (1994–2007), the built-up class increased at a lower annual growth rate of 4.01 per cent
compared to almost 7 per cent annual rate during the second period (2007–2018). The increase in the
built-up area signifies the urban growth in Blantyre city.

Bare land declined at the annual rate of 0.52 per cent over the study period. However, during the
first period (1994–2007), the bare land declined at a lower annual rate of 0.69 per cent compared to the
later period at 0.86 per cent. Lastly, with the overall annual declining rate of 1.69 per cent, vegetation
registered a lower decline at the annual declining rate of 0.84 per cent in the first period (1994–2007)
compared to the sharp decline at an annual rate of 2.69 per cent in the later period (2007–2018).

Table 3. Land use/land cover (LULC) distribution for Blantyre city.

No. LULC Classes
1994 2007 2018

Area (km2) % Area (Km2) % Area (km2) %

1 Bare land 199.88 83.90 194.08 81.50 176.63 74.20
2 Built-up 12.19 5.10 20.53 8.60 43.93 18.40
3 Vegetation 25.88 10.90 23.20 9.70 17.26 7.20
4 Water 0.15 0.10 0.28 0.10 0.29 0.10

Total 238.1 100.0 238.1 100.0 238.1 100.0
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Figure 3. Classified land use/land cover (LULC) maps for Blantyre city in (a) 1994, (b) 2007 and (c) 2018.
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3.2. Accuracy Assessment of the LULC Classification

Table 4 shows the results of the accuracy assessment for the 1994, 2007 and 2018 classified
LULC maps. The overall accuracies were 89.5, 87.5 and 86.6 per cent for 1994, 2007 and 2018 images,
respectively. These accuracies met the minimum overall accuracy set out by USGS (i.e., greater than 85
per cent). Hence, the classified results can be used as a data source for post-classification comparisons
and further analyses. The Kappa coefficient of 0.79, 0.76 and 0.75 for the respective maps showed a
good agreement between the classified map and reference data [33].

Table 4. Accuracy assessment for 1994, 2007 and 2018 classified maps of Blantyre city.

1994 2006 2018

LULC
Class

User’s
Accuracy (%)

Producer’s
Accuracy (%)

User’s
Accuracy (%)

Producer’s
Accuracy (%)

User’s
Accuracy (%)

Producer’s
Accuracy (%)

Bare land 100 86 91 96 88 91
Built-up 67 100 76 72 79 71

Vegetation 61 100 100 63 90 75
Water 100 100 70 100 90 100
Overall Accuracy (%) 89.5 87.5 86.6

Kappa Coefficient 0.79 0.76 0.75

3.3. Post-Classification Change Detection

Table 5 shows the LULC transition matrix derived from the classified maps for the first period
(1994–2007), the second period (2007–2018) and the overall period (1994–2018). In Table 5a–c,
the proportions of the LULC classes that were persistent are provided in the diagonal entries of each
matrix. During the first period, as shown in Table 5a, only 18 per cent of the landscape changed
from one class to the other compared to about 24 per cent in the later period (2007–2018) as shown in
Table 5b, affirming that changes were more rapid in the later period than the former. Further analysis
of the LULC transition matrix for the entire period from 1994 to 2018 revealed that about 74 per cent of
the landscape remained stable, meaning that only 26 per cent of the study area exhibited the transitions
from one LULC class to a different LULC class.

The matrices were also analysed to understand the transition budget by calculating the gains,
losses, total change, swap and net change as shown in Table 6. These calculations suggest the degree of
interactions among the LULC classes in the landscape. The analysis of Table 6 revealed that the higher
proportion of bare land and vegetation classes experienced a swap type of change throughout the study
period. For example, 87 and 71 per cent of the total changes for the bare land class swapped locations
during the first and second intervals, respectively. Similarly, almost 91 and 74 per cent of the total
change for the vegetation class also swapped locations during the respective intervals. The swapping
tendencies for bare land and vegetation classes could be attributed to the simultaneous reforestation and
deforestation activities within the landscape. Unlike the bare land and vegetation classes, the built-up
class experienced a larger proportion of the net change during all the intervals, taking up 55 and 70 per
cent of the total change in the class during the first and second study interval, respectively.

The losses and the resulting swap proportions for the built-up class would not be expected
but it could have resulted from the errors of commission and omission during the classification
process. The error of commission and omission are the complement of the user’s and the producer’s
accuracies, respectively, as shown in Table 4. In addition, the Landsat spatial resolution of 30 m and
the edge effects in the determination of the changes could also result in some misclassifications along
with the difficulties with spectral confusion between the built-up and bare land classes in the urban
environment [19–23].
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Table 5. Transition matrix of land use/land cover (LULC), expressed in percentage.

(a) 1994–2007

2007

Bare land Built-up Vegetation Water Total Losses

19
94

Bare land 74.27 4.62 5.42 0.04 84.34 10.07
Built-up 1.32 3.58 0.05 0.00 4.95 1.37

Vegetation 6.37 0.16 4.11 0.02 10.66 6.55
Water 0.00 0.00 0.00 0.06 0.06 0.00
Total 81.97 8.35 9.57 0.12 100.00
Gains 7.70 4.77 5.46 0.06

(b) 2007–2018

2018

Bare land Built-up Vegetation Water Total Losses

20
07

Bare land 66.85 11.38 3.72 0.00 81.95 15.10
Built-up 1.93 6.40 0.04 0.00 8.37 1.97

Vegetation 6.36 0.00 3.05 0.02 9.42 6.38
Water 0.01 0.00 0.00 0.26 0.27 0.01
Total 75.14 17.78 6.81 0.28 100.00 23.45
Gains 8.29 11.38 3.77 0.02 23.45

(c) 1994–2018

2018

Bare land Built-up Vegetation Water Total Losses
Bare land 66.80 13.66 3.83 0.03 84.33 17.53

19
94

Built-up 1.03 3.90 0.02 0.00 4.95 1.05
Vegetation 7.31 0.38 2.94 0.02 10.66 7.71

Water 0.00 0.00 0.00 0.06 0.06 0.00
Grand Total 75.13 17.95 6.80 0.12 100.00 26.29

Gains 8.33 14.04 3.85 0.06 26.29

Table 6. Summary of land use/land cover (LULC) changes, expressed in percentage.

(a) 1994–2007

LULC Class Persistence Gain Loss Total change Swap Net change
Bare land 74.27 7.7 10.07 17.77 15.4 2.37
Built-up 3.58 4.77 1.37 6.14 2.74 3.4

Vegetation 4.11 5.46 6.55 12.01 10.92 1.09
Water 0.06 0.06 0 0.06 0 0.06
Total 82.02 17.99 17.99 17.99 14.53 3.46

(b) 2007–2018

LULC Class Persistence Gain Loss Total change Swap Net change
Bare land 66.85 8.29 15.1 23.39 16.58 6.81
Built-up 6.4 11.38 1.97 13.35 3.94 9.41

Vegetation 3.04 3.77 6.38 10.15 7.54 2.61
Water 0.26 0.02 0.01 0.03 0.02 0.01
Total 76.55 23.46 23.46 23.46 14.04 9.42

(c) 1994–2018

LULC Class Persistence Gross gain Gross loss Total change Swap Net change
Bare land 66.8 8.33 17.53 25.86 16.66 9.2
Built-up 3.9 14.04 1.05 15.09 2.1 12.99

Vegetation 2.94 3.85 7.71 11.56 7.7 3.86
Water 0.06 0.06 0 0.06 0 0.06
Total 73.7 26.28 26.29 26.285 13.23 13.055

94



Sustainability 2020, 12, 2377

3.4. Detection of Random and Systematic Transitions

This study further analysed the transition matrix for 1994 and 2018 in order to identify the most
significant changes among the LULC classes. The expected gains under the random process of gain
were calculated using Equation (3). The expected gains and the differences between the observed and
expected proportions are given in Table 7a,b. In Table 7b, numbers closer to zero indicate a random
transition between LULC classes, while numbers further from zero implied systematic transition [42].
In this study, only transitions that were larger than 1 per cent point were identified as systematic
transitions [43,44].

Table 7. Inter-category gains for transitions in the landscape.

1994
2018

Bare Land Built-Up Vegetation Water

(a) Expected gains under the random process of gain (%)
Bare land 66.80 12.46 3.64 0.05
Built-up 2.68 3.90 0.21 0.00

Vegetation 5.67 1.57 2.94 0.01
Water 0.03 0.01 0.00 0.06

(b) Difference between observed and expected gains under the random process of gain (%)
Bare land 0.00 1.20 * 0.20 −0.02
Built-up −1.61 * 0.00 −0.19 −0.00

Vegetation 1.64 * −1.19 * 0.00 0.02
Water −0.03 −0.01 0.00 0.00

* indicates a systematic transition.

The differences between the observed and expected gains under the random processes of gain
from the bare land class to the built-up class (1.20) and the vegetation class to the bare land class (1.64)
was positive and above 1 per cent point, meaning they occurred systematically rather than randomly.

The differences between the observed and expected gains for vegetation to the built-up area
(−1.19) and built-up to bare land (−1.61) were negative and above 1 per cent point. This implies that
when vegetation gains, new vegetation systematically avoids gaining from built-up areas. Similarly,
when bare land gains, it systematically avoids gaining from the built-up class [42].

The equivalent relationship between the different LULC classes, which examines the actual and
expected losses under the random process of loss, is shown in Table 8a, b.

Table 8. Inter-category losses for transitions in the landscape.

1994
2018

Bare Land Built-Up Vegetation Water

(a) Expected losses under the random process of loss (%)
Bare land 66.80 12.65 4.79 0.09
Built-up 0.96 3.90 0.09 0.00

Vegetation 6.22 1.49 2.94 0.01
Water 0.00 0.00 0.00 0.06

(b) Difference between observed and expected losses under the random process of loss (%)
Bare land 0.00 1.01 * −0.96 −0.05
Built-up 0.07 0.00 −0.07 −0.00

Vegetation 1.09 * −1.10 * 0.00 0.01
Water 0.00 0.00 0.00 0.00

* indicates a systematic transition.

The difference between observed and expected losses under the random process of loss for the
bare land class to the built-up class and the vegetation class to the bare land class was 1.01 and 1.09 per
cent points, respectively. This infers that the bare land class and the vegetation class lost systematically
to the built-up and the bare land classes, respectively. Likewise, the difference between the observed
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and expected losses for vegetation to the built-up area (−1.10) was above 1 per cent point but negative,
implying that vegetation systematically avoided losing to the built-up class [42].

In a nutshell, there has been a systematic conversion of the bare land class to the built-up class as
well as a systematic degradation of the vegetation class to the bare land class in Blantyre city over the
24-year study period. This was demonstrated by the concurrent incidences of the systematic gains
and losses [44]. This means that 13.66 per cent transition of bare land to the built-up class and the
degradation of 7.31 per cent of vegetation to bare land were due to a systematic process of change,
as shown in Table 5c. The LULC map showing systematic changes from bare land to built-up area and
vegetation to bare land, as well as persistence and other random changes, is shown in Figure 4.

Figure 4. Spatial distribution of random and systematic land use/land cover (LULC) changes and
persistence during 1994–2018.

96



Sustainability 2020, 12, 2377

4. Discussion

The results indicated that there were increased anthropogenic-induced urban LULC changes in
Blantyre city over the past 24 years. This was substantiated by the observed accelerated increase in
built-up area from 4.1 per cent during the initial period to almost 7 per cent in the later period, with
an overall annual change at 5.3 per cent. This is similar to the accelerated declining rates observed
for the vegetation and bare land classes (Section 3.1). The increase in the built-up class is comparable
to other studies conducted in the sub-Saharan African cities, including the Dakar metropolitan area
in Senegal, Nairobi city in Kenya, and Harare city in Zimbabwe, which experienced an increase in
built-up areas at the annual rates of 9.6, 9.5 and 4.7 per cent, respectively, between the years 1990 and
2014 [45]. The observed increase in the built-up class and the decline in vegetation and bare land
classes, respectively, have several implications for sustainable urban planning of the area.

Firstly, the observed annual growth rate of 5.3 per cent for the built-up class in the study area
surpassed the urban population growth rate estimated at 2.3 per cent between 1998 and 2018 [10,11].
This means that the urban growth in Blantyre City, with a land consumption ratio of 2.3, is becoming more
expansive than compact [46]. This kind of growth creates profound repercussions for environmental
sustainability in the city and also prevents the city from enjoying high social interaction due to
close integration of communities, and easy access to social-economic facilities [47]. Further to that,
the excessive increase in the built-up area indicates an increment of more impervious surfaces in the
city. The increase of impervious surfaces causes a decrease in the groundwater recharge as well as high
reflection of solar radiation back to the atmosphere, hence contributing to environmental problems
such as urban flooding and urban heat islands [48]. This development puts the city at risk and calls for
better management to guarantee sustainable urban development.

Secondly, the vegetation loss observed in this study signifies the loss of green spaces (such as
forests and parks) [49]. The vegetation loss results in declining ecosystem services, such as air and
water purification, flood mitigation services, noise reduction and climate regulation, including urban
cooling [50]. It also causes soil degradation [51], which leads to the formation of gullies and derelict
landscapes. In addition, such losses increase residents’ vulnerability to environmental stress due to
the loss of non-material benefits that people obtain from ecosystems through spiritual enrichment,
cognitive development, reflection, recreation and aesthetic experience, as well as their role in supporting
knowledge systems, social relations and aesthetic values [52].

Lastly, the decline in bare land exerts enormous pressure on land suitable for urban development.
Recently, over 10,000 families were reported to have built their houses illegally in areas such as
wetlands, steep slopes and river/stream buffer zones in the city [53]. Such unplanned settlements
are prone to multiple hazards such as floods and landslides, which have increased in frequency and
intensity in recent times due to climate change and climate variability [54]. Similar situations were also
observed in Mzuzu City, northern Malawi, where people have encroached into areas prone to multiple
hazards [55].

Furthermore, the analysis of the transitional matrix derived from the 1994 and 2018 classified
maps, as shown in Table 5c, has revealed the two-way systematic pathway of changes as illustrated in
Figure 5.

These systematic processes suggest that the gain in built-up targets bare land and avoids vegetation.
This can be explained by the fact that most land under vegetated areas, such as Ndirande, Soche and
Kanjedza forest reserves, as well as the Mudi catchment area, are protected leaving bare land vulnerable
to conversion to built-up. Additionally, most vegetated areas have unsuitable land for development,
such as wetlands, steep slopes and river/stream buffer zones.
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Figure 5. Systematic pathway of land use/land cover (LULC) changes from 1994 to 2018 in Blantyre
city. Solid black arrows indicate expected gains, while the broken blue arrows indicate expected losses
under the random processes of gains and losses.

Likewise, the gain in bare land systematically targets the vegetation class and avoids the built-up
class. This systematic process has caused the loss of vegetative cover in the study area. This loss could
be explained by anthropogenic activities, such as wood extraction for firewood, brick burning and
lapses in management [56–58]. For example, the majority of Malawians have no access to a reliable
energy source. The proportion of households with access to electricity in Malawi has increased from 8
per cent in 2010 to 11 per cent in 2017 [59]. Nevertheless, the most common source of cooking fuel in
the country is firewood with 81 per cent, followed by charcoal (16 per cent), electricity (2 per cent) and
crop residue at 1 per cent. Although 62.9 per cent of Blantyre city residences had access to electricity in
2017, only 15.5 per cent use it for cooking and heating [59]. While acknowledging that 90 per cent of the
firewood supply in urban areas originates from rural areas, the remaining 10 per cent still comes from
urban forests and other vegetation types [60] and may have contributed to the vegetation loss observed
in this study. Secondly, brick burning also contributes to vegetation loss. Construction industries rely
heavily on wood for burnt brick production, which remains the main walling construction material
in Malawi. It is estimated that over 0.7 metric tons of firewood ae required to create 1000 bricks [61],
leading to massive forest degradation [62]. Traditionally, bricks are usually made at the construction
site because when made off-site, transportation increases their costs substantially [63]. As such, it is
logical to attribute the production of burnt bricks as a possible cause of vegetation loss in Blantyre city
during the study period. From a governance perspective, the authorities prior to the democratic era
had protected forest reserves from poachers and squatters, however, this authoritative control was
lost during the transitional period in the early 1990s. This was largely due to the austerity measures
that were introduced under the structural adjustment program. These measures led to the reduced
number of forest guards who were protecting forest reserves. This change, coupled with the severe
economic downturn around the same time, induced people to overexploit forest resources to support
their livelihoods [64]. By 1995, the Ndirande Mountain Forest Reserve was largely deforested [56],
and other forest reserves in Blantyre, such as Kanjedza, Soche, Michiru and Bangwe, were not spared.
Local residents also invaded the Mudi Dam catchment area owned by the Blantyre Water Board of the
city, destroying its vegetation cover that resulted in the siltation of Mudi dam [65].

Limitations of the Study

This study used Landsat data with a spatial resolution of 30 m, meaning that the changes
below this pixel size might have been missed during classification processes. Therefore, the use of
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high-resolution satellite data could have provided more detailed information about LULC changes
with higher accuracy.

5. Conclusions

This study provides the details of urban LULC changes in Blantyre city from 1994 to 2018
characterised by an increase in built-up area and the decline of vegetation and bare land areas,
respectively. The study further reveals a two-step temporal transition, firstly from the vegetation class
to the bare land class, and from the bare land class to the built-up class. This clearly demonstrates the
existence of inefficiencies in the management of urban growth in the city. Based on this information,
urban development stakeholders can make policy and planning priorities to ensure sustainable
urban development. In order to ensure sustainable urban development in Blantyre city, this study
suggests that the authorities should expedite the allocation of all suitable land for development while
safeguarding unauthorised development in risky areas. This study, further, calls for all planning
authorities in Malawi at the city, district, regional and national levels to review physical plans more
often and help to facilitate the timely supply of serviced land across the country.

Regarding the observed vegetation cover loss, some innovative policy measures, such as identifying
crucial vegetation areas for protection from anthropogenic forces, could be implemented. There is also
a need to enhance cooperation among urban stakeholders and local residents, including providing
incentives that could encourage locals to conserve vegetation and allow natural regeneration on bare
hills and other vegetation reserves within the city boundary.
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Abstract: Since the beginning of the 21st century, the spatial pattern of urban expansion and the
mechanism of urbanization in coastal areas have undergone significant changes. This study aims to
reveal the spatiotemporal patterns of urban land expansion and analyze the dynamic driving forces of
urban agglomeration in the Pearl River Delta of China from 2000 to 2015. The urban-land-expansion
intensity index, expansion difference index, and fractal dimension were used to study how the urban
land in this area was developed, and the geographical detector was applied to explore the relative
importance, expansion intensity, and interactions of physical and socioeconomic factors. The results
revealed that the urban-land-expansion intensity of the Pearl-River-Delta urban agglomerations
exhibit a downward trend, while cities exhibited a trend of developing more coordinately from 2000
to 2015. Physical factors determined the direction and scale of urban development, and the urban
land expansion in the Pearl-River-Delta urban agglomeration is mainly distributed in plain areas
that have an elevation below 120 m and a slope less than 5◦. Socioeconomic factors have a greater
influence on the expansion of urban land, and their effects have changed over time. Population
growth and economic development has played a significant role in the expansion of urban land before
2005. Subsequently, the factor of GDP and distance to the core cities of Guangzhou and Shenzhen
controlled the expansion to the greatest extent. The impacts of various factors tended to become
balanced during 2010–2015. The majority of the factors enhanced each other via their interactions,
and the distance to the rivers always exhibited a greater enhancement when there was interaction
with other factors. The spatial and temporal analysis of the urban expansion and the mechanism
of the Pearl River Delta urban agglomeration could provide useful information for coastal urban
planning. This study also offers new knowledge regarding the interactions between different drivers
of urban land expansion.

Keywords: urban land expansion; spatial pattern; driving forces; Pearl River Delta;
urban agglomeration

1. Introduction

Coastal areas are commonly defined as the interface or transition areas between land and sea,
and they comprise diverse functions and forms with no strict spatial boundaries [1]. Coastal areas
are usually characterized by flat terrain, a moderate climate, booming economy, rich resources, and
convenient accessibility to marine trade and transport. The combination of these features drives
coastal migration and stimulates urban expansion [2]. The majority of the world’s metropolises and
urban agglomerations are situated in coastal areas [3], and many of these are in large deltas. The
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rates of urban expansion in coastal areas were significantly higher than that in the hinterland from
1970 to 2000 [4]. Unprecedented urbanization has resulted in profound changes in landscape [5],
biodiversity [6], biogeochemical cycles [7], and energy flow [8] at multiple spatiotemporal scales.
In China, urbanization in the coastal areas also grew and expanded faster than that in the western
non-coastal areas [4]. The growth rate of the coastal urban land is three times higher than the national
rate and has been driven by continued economic growth and specific policies that encourage coastal
city development [9]. At the same time, rapid urbanization, increasing land utilization, and pollution
have also put increasingly high pressure on coastal ecosystems and natural resources [10]. Therefore,
understanding the spatiotemporal patterns of the rapidly expanding coastal cities in China is important
for formulating sustainable land-use and urban-planning policies.

At present, geographic information systems (GIS) combined with remote sensing (RS) and
landscape indexes have been widely applied for determining the spatiotemporal dynamics of urban
growth patterns [11]. RS offers consistent and frequent data from study areas with positional spatial
detail [12], which can be analyzed, displayed, and described using GIS [13]. Moreover, the development
of the landscape ecology can be of immense help in quantitatively describing the urban expansion
patterns, and the relationship between urbanized area structure and the urbanization process using
landscape metrics [14]. With the rapid development of GIS, the valuable multispectral RS data set,
and various indexes in landscape ecology, the specific spatial and temporal characteristics and driving
forces of urban expansion can be better understood. The combination of these three methods is effective
for updating the spatial data and obtaining accurate and timely geospatial information for illustrating
the change patterns of urban land expansion [15].

The Pearl River Delta is one of three “National Optimized Development Zones” in China; however,
the inclusion of Hong Kong and Macao in the Greater Pearl River Delta makes it the most globally
integrated of the three. Since the start of the 21st century, the spatial structure and urbanization dynamic
mechanism of the Pearl River Delta urban agglomeration (PRDUA) have undergone tremendous
changes. The functions of cities have become diversified, and a multi-center urban system was formed
with large urban and rural population immigration [16]. As China’s urbanization and industrialization
process continues to accelerate, the new impetus comes mainly from the development of the urban
economy, strengthening of international and national connectivity, and growth of private capital.
At the same time, as a new regional unit of the country’s participation in global competition and the
international division of labor [17], the urban agglomeration will determine the new pattern of the
global political economy in the 21st century. However, there is a lack of studies comprising the use of
spatially consistent data sets with a high temporal frequency of urban conditions after the year 2000 in
the Pearl River Delta. Accordingly, it is necessary to form a clearer understanding of the urban land
expansion in the PRDUA.

In coastal urban ecosystems, the interactions among geographical, ecological, economic and
social factors exist widely at different spatio-temporal scales [18]. The functions of one factor can
be influenced by the conditions of other factors in the same urban system. It has been proven that
interactions between factors can improve the accuracy of the spatial prediction of urban growth [19].
The cities in an urban agglomeration usually have frequent interactions with each other in the form of
economic, social, and ecological activities. Understanding the interactions among the aforementioned
factors is vital to help simulate and predict urban growth patterns more precisely, and with greater
detail [20]. However, the interactions between factors are rarely studied owing to the intricate functions
of the urban system. The interactions of factors that influence the development of coastal urban
agglomerations require further research.

This study is aimed at exploring the spatiotemporal patterns and driving forces of coastal urban
expansion based on land-use data derived from RS images. The urban agglomeration of the Pearl
River Delta is taken as an example area of this study. A geographical detector is used to identify the
interactions of various driving forces and their changes. In this study, we first introduce the study area
and the corresponding data. The details of the method used to describe the spatiotemporal pattern
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and the approach used with respect to geographical detector are presented later. We then present the
results obtained in terms of the change pattern and the driving forces, especially the interactions, of the
urban-land expansion in the PRDUA over the period of 2000–2015. Finally, we discuss the mechanism
by which the policies act as factors affecting the urban-land use as implicated by the results.

2. Study Area and Data

2.1. Study Area

The PRDUA is one of the world’s largest and fastest growing urban regions. This massive
urban agglomeration is located in Guangdong in the South China region, and consists of 15 highly
interconnected cities, namely, Guangzhou, Shenzhen, Foshan, Dongguan, Zhaoqing, Shaoguan,
Qingyuan, Yunfu, Huizhou, Shanwei, Heyuan, Zhuhai, Zhongshan, Jiangmen, and Yangjiang (Figure 1).
Among these cities, Guangzhou is the capital of the Guangdong province and is the cultural and
political center of the Pearl River Delta. Shenzhen, as a special economic zone in China, is one of
the fastest-growing cities in the world. Owing to its obvious geographical advantages, the PRDUA
has always been the gateway to China. The flat lands of the delta are crisscrossed by a network of
tributaries and distributaries of the Pearl River. This area has a humid subtropical climate characterized
by hot and humid summers and cold-to-mild winters. Around the year 2000, with the handover of
Hong Kong and Macau, and with China being a member of the World Trade Organization, the PRDUA
increasingly attracted the nation’s capital, technology, and talents. In the 21st century, the PRDUA
ushered in new opportunities for economic integration and industrial restructuring. According to the
statistical data obtained from the government, the permanent population of the area has increased by
21.04% from 43.92 million in 2000 to 53.16 million in 2015, and the gross domestic product (GDP) has
increased dramatically from 845.41 billion RMB in 2000 to 6823.09 billion RMB in 2015 [21,22]. The
market of the PRDUA is international and active because of its proximity to Hong Kong. Its significant
economic development has attracted numerous global investors. Furthermore, the industrial cities in
the Pearl River Delta have been called the Factory of the World owing to the presence of industrial parks
populated with factories built using foreign investments. Rapid urbanization and industrialization in
the PRDUA has made it the most populated area with a high proportion of immigration. However,
rapid economic and population growth have also resulted in problems, such as environmental pollution,
water shortages, cropland loss, and high costs of living and housing. It is necessary to study the
dynamic spatial pattern and mechanism of urban expansion in the PRDUA to obtain useful information
for effective urban planning.
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Satellite and HJ-1A) and field surveys were conducted to verify the classification results [23]. The 
land use types are divided into six types of first-class: cropland, woodland, grassland, water bodies, 
built-up land, and unused land; and the built-up land contains three second-level types of urban 
land, rural settlement, and industry-traffic land. Urban land referred to land used for urban 
settlement, with a largely continuous area covered by urban construction and city facilities. (ii) The 
socioeconomic data of the PRDUA includes the population, GDP, secondary industry GDP, tertiary 
industry GDP, and total investment in fixed assets [21,22,24,25]. (iii) The vector data of the main 
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Figure 1. Location and administrative divisions of the Pearl River Delta urban agglomeration:
(a) Location of the study area; (b) Administrative divisions of the study area; and (c) Topography of the
study area.

2.2. Data Source

The data used in this study include the following: (i) land use raster data of the PRDUA in 2000,
2005, 2010, and 2015 having a spatial resolution of 100 m (Figure 2). The data are obtained from
National Land Use/Cover Database of China. The land use types were visually interpreted from
medium-resolution satellite images (Landsat MSS/TM/ETM, the China-Brazil Earth Resources Satellite
and HJ-1A) and field surveys were conducted to verify the classification results [23]. The land use
types are divided into six types of first-class: cropland, woodland, grassland, water bodies, built-up
land, and unused land; and the built-up land contains three second-level types of urban land, rural
settlement, and industry-traffic land. Urban land referred to land used for urban settlement, with a
largely continuous area covered by urban construction and city facilities. (ii) The socioeconomic data
of the PRDUA includes the population, GDP, secondary industry GDP, tertiary industry GDP, and total
investment in fixed assets [21,22,24,25]. (iii) The vector data of the main roads, rivers, and coastlines
are derived from the National Fundamental Geographical Information System of China. The elevation
and slope data are derived from the 90 m elevation data of the Shuttle Radar Topography Mission.
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Figure 2. Spatial distribution of the urban land in the Pearl River Delta urban agglomeration from 2000
to 2015.

3. Methods

3.1. Spatial Pattern Indicators

3.1.1. Urban-Land Expansion Intensity Index

The urban-land expansion intensity index refers to the rate of expansion of the area of urban land
within a certain period. After standardization, the speeds of urban-land expansion during different
periods and in different spatial units are comparable. This index is defined as follows:

UEIi =
UAi

t+m −UAi
t

UAit ×m
(1)

where UEIi represents the urban land expansion intensity, UAi
t+m and UAi

t represent the urban
land area in the spatial unit i of t and t + m years, respectively, and m is the number of years in the
study period.

3.1.2. Urban-Land Expansion Difference Index

The urban-land expansion difference index represents the ratio of the urban expansion rate of the
cities in the urban agglomeration to the urban expansion rate of the entire urban agglomeration over a
certain period, and it makes the urban-land expansion speed of different cities comparable. The index
can also indicate the coordinate development among the cities. This index is defined as follows:

UEDIi =

∣∣∣UAi
t+m −UAi

t
∣∣∣×UAt

∣∣∣UAt+m −UAt
∣∣∣×UAit

(2)
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where UEDIi represents the urban land expansion difference, and UAt+m and UAt represent the urban
land area of the PRDUA during different time periods. Here, UAi

t+m, UAi
t and m are the same as those

in Equation (1).

3.1.3. Fractal Dimension

The fractal dimension is the measurement of the form of urban land. Fractal dimension changes
can reflect the spatial concentration and diffusion of the urban land [26]. The more complex the shape
and structure of the urban land, the greater the fractal dimension. This index is defined as follows:

Dit =
2 ln(0.25Pit)

ln(Ait)
(3)

where Dit, Pit and Ait represent the fractal dimension, perimeter of the urban patch, and area of the
urban patch, respectively, of the ith city in year t. The fractal dimension has a value range of 1–2. The
complexity of the urban form is positively correlated with the value of the fractal dimension. When the
value of the fractal dimension is greater than 1.5, the form of the urban land is complicated. In contrast,
and the urban form is relatively simple [27].

3.2. Driving Force Analysis—Geographical Detector

A geographical detector comprises a set of statistical methods that are used to identify the spatial
differentiation and reveal the driving mechanism behind geographical phenomena [28]. This method
includes four detectors, namely: factor, risk, ecological, and interaction detectors. In this study, mainly
the factor, risk, and interaction detectors are used to analyze the relative influence of the various factors
in the urban expansion of the PRDUA, how each factor influences the expansion, and the interactions
between the different factors.

(1) Factor Detector

The factor detector can quantitatively represent the relative importance of each possible factor.
The power determinant (p) is defined as the difference of one and the ratio of the accumulated variance
of the urban land growth area in the sub-regions of a factor to that over the entire study area [29]:

p = 1−

N∑
i=1

niσi
2

nσ2 (4)

where N is the number of strata of the potential factor, and ni and n are the number of grid elements of
the strata i and the whole region, respectively. σi

2 and σ2 are the variances of the urban-land area in
the strata i and the whole region, respectively. The value range of p is [0, 1], and the greater the value
of p, the greater the influence of the factor is.

(2) Risk Detector

In the case of the risk detector, the t-test is used to perform a comparison to determine whether
the difference between the sub-regions divided by the potential factor is significant. In this study, the
average expanded urban area of the grid cells in a sub-region Di is calculated as follows [20]:

Ud =
1

nDi

nDi∑

1

yDi (5)

where yDi denotes the urban expanded area of a grid in a strata Di, and nDi denotes the number of
grids in the strata. Using the Ud values, a comparison of the effects of different levels of a factor can be
conveniently performed. The greater the value of Ud, the more rapid the urban-land expansion is.
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(3) Interaction Detector

The interaction detector identifies how two different factors interact to exert an impact on the
spatial expansion of the urban agglomeration. The interaction detector quantifies the interaction of the
two possible influence factors as follows:

Nonlinear-weaken: p(M∩N) < Min(p(M), p(N))
Uni-enhance/weaken: Min(p(M), p(N)) < p(M∩N) < Max(p(M), p(N))
Bi-enhance: Max(p(M), p(N)) < p(M∩N) < (p(M) + p(N))
Independent: p(M∩N) = p(M) + p(N)
Nonlinear-enhance: p(M∩N) > (p(M) + p(N))

(6)

where the symbol “∩” denotes the interaction between factors M and N. In the Esri ArcGIS platform,
the overlay of two influence factor (such as M and N) layers can be realized. When layer O is formed,
the p values of M, N, and O are respectively input into the above formula to determine whether the
two factors have interactions, and if the interactions are enhanced or weakened.

3.3. Driving Factors Selection

The factors affecting the expansion of urban land are diverse and the mechanism of land use
change is complex. Based on a review of the extant research, the driving forces for urban-land expansion
comprise three categories, namely physical, socioeconomic, and policy factors [20]. These factors
interact and drive the expansion of urban land in urban agglomerations. The physical factors determine
the background conditions for regional urban-land expansion [30,31]. The mountains and hills are
sparsely distributed in the northern, eastern, and western parts of the PRDUA, which may restrict the
expansion of the urban land (Figure 1c). As a coastal urban agglomeration, the sea could serve as a
natural transportation hub to the outside areas, which could influence urban development. The Pearl
River Delta is formed by three major rivers, including the Xi Jiang (West River), Bei Jiang (North River),
and Dong Jiang (East River). Therefore, the terrain, distance to the sea, and river distribution may
determine the potential, intensity, direction, and scale of the urban-land expansion. Socioeconomic
factors are also vital factors affecting urbanization [32–34]. The rapidly growing population, increasing
GDP, and investment in infrastructure all directly stimulate urban expansion. At the same time, as
an effective means for the government to regulate urban development, policy factors have played an
important role in urban planning. However, it is often difficult to quantify policy factors. In this study,
the impact of the policy factors is revealed using physical and socioeconomic factors as geographic
proxies. The so-called geographic proxies refer to factors that can be spatially represented in the real
world owing to the determining factors behind the geographical phenomena [35]. The policy factors
always interact with physical and socioeconomic factors, and thus the impact of the policy factors is
reflected in the spatial pattern of land-use change and changes in the physical and socioeconomic
factors. For example, the formulation of a policy may result in population gathering and economic
growth, which would stimulate the expansion of urban land. Therefore, the effects of the policy are
reflected by socioeconomic indicators such as population growth and GDP change. Based on the
above considerations, in this study, 10 physical and socioeconomic factors are selected as the driving
factors for urban-land expansion in the PRDUA (Table 1). Furthermore, these factors are introduced as
geographical proxy factors for the policy factors in later analysis.
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Table 1. Driving factors of urban land expansion in the Pearl River Delta urban agglomeration.

Category Variable Abbreviation Unit

Physical factors

Elevation ELE m
slope SLP °

Distance to rivers D_RV km
Distance to coastline D_CL km

Socioeconomic factors

Permanent population P_POP thousand persons
Gross domestic product GDP billion RMB

Proportion of secondary and tertiary
industries in GDP ST_GDP %

Total investment in fixed assets T_FAI billion RMB
Distance to main roads D_RD km

Distance to Guangzhou and Shenzhen D_GS km

4. Results

4.1. Spatial Pattern of Urban Land Expansion

The urban land expansion intensity indexes for the three time periods, 2000–2005, 2005–2010,
and 2010–2015, and the entire time period are presented in Table 2. The results indicate that although
the area of the urban land in the PRDUA continued to expand, its expansion intensity demonstrated
a downward trend. The intensity of the urban-land expansion peaked in 2000–2005, and those of
the majority of the cities were consistent with that of the whole area. The decreasing trend of the
intensity of urban-land expansion may have been influenced by the “National Principal Function
Zoning Plan” in 2010, which emphasized the optimization of construction-land expansion mode based
on different function divisions. In 2005–2010 and 2010–2015, the difference in the intensity of expansion
among the cities significantly reduced, thereby reflecting the coordinate development within the urban
agglomerations. This change may demonstrate that the spatial structure of the PRDUA changed from
two single-center structures in Guangzhou and Shenzhen to a multi-centered structure (Figure 2).

Table 2. Urban-land expansion intensity in Pearl River Delta urban agglomeration.

City 2000–2005 2005–2010 2010–2015 2000–2015

Guangzhou 0.141 0.036 0.019 0.080
Shenzhen 0.040 0.026 0.015 0.030

Foshan 0.057 0.015 0.001 0.026
Dongguan 0.037 0.015 0.011 0.023

Zhuhai 0.187 0.046 0.014 0.103
Zhongshan 0.031 0.048 0.028 0.042
Zhaoqing 0.023 0.022 0.045 0.034

Yunfu 0.086 0.075 0.023 0.079
Yangjiang 0.039 0.010 0.021 0.026
Shaoguan 0.065 0.018 0.016 0.037
Shanwei 0.068 0.022 0.075 0.069

Qingyuan 0.155 0.011 0.038 0.081
Huizhou 1.304 0.044 0.008 0.571
Heyuan 0.415 0.025 0.026 0.193

Jiangmen 0.087 0.027 0.142 0.119
PRDUA 0.153 0.032 0.016 0.081

Figure 3 shows the spatial pattern of the urban-land expansion difference of each city, and the
five categories were defined as slow development, relatively slow development, medium-speed
development, relatively rapid development, and rapid development according to Jenk’s natural breaks.
The speed of urban-land expansion varied between cities over different time periods. From 2000 to
2005, the cities of Dongguan, Zhongshan, Guangzhou, Foshan, and Qingyuan were developing rapidly
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(Figure 3a). From 2005 to 2010, Guangzhou, Foshan, and Dongguan had a high expansion speed,
which stimulated Huizhou and Jiangmen to become the new rapid-expansion zones (Figure 3b). From
2010 to 2015, the expansion speed of the southwestern part of the PRDUA was significantly higher
than that of the central and eastern regions (Figure 3c). This phenomenon may have been influenced
by the construction of Hong Kong-Zhuhai-Macao Bridge at the end of 2009, which strengthened the
effect of Zhuhai causing an improvement in the development of the west of the Pearl River Estuary
during this period. Overall, the expansion of urban land in the PRDUA was mainly concentrated in
the central and southern regions, and the index showed a decreasing tendency as the distance to the
Pearl River Estuary increased (Figure 3d).
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Figure 3. Spatial characteristics of the urban-land expansion difference index in the Pearl River Delta
urban agglomeration.

During 2000–2015, the fractal dimensions of Shenzhen, Dongguan, and Foshan were significantly
greater than those of other cities, which indicated that the urban form was more complicated in these
cities. The maximum fractal dimension of all the cities during this period did not exceed 1.3, thus
revealing that the urban form within the PRDUA was relatively simple and regular. During the
study period, the fractal dimension of Guangzhou, Shenzhen, Zhaoqing, Shaoguan, Qingyuan, and
Heyuan increased continuously, thus demonstrating that the shape of the cities became increasingly
complicated, which was due to the increase in human interference activities. In contrast, the fractal
dimension of the other cities first increased and then decreased, which may indicate that the urban
development experienced a process of disorderly development followed by planned development
during this period. From 2000 to 2015, the fractal dimensions of Shenzhen and Zhongshan changed
the most, while the fractal dimension of Zhuhai changed the least. This phenomenon indicated that
the shape of the Shenzhen and Zhongshan cities changed drastically in those 15 years, while the urban
form of Zhuhai remained relatively stable (Table 3).
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Table 3. Fractal dimension index of cities in the Pearl River Delta urban agglomeration.

City 2000 2005 2010 2015 Changes

Guangzhou 1.1687 1.2002 1.2057 1.2070 0.0383
Shenzhen 1.1926 1.2282 1.2328 1.2464 0.0538

Foshan 1.2005 1.2068 1.1837 1.1862 −0.0143
Dongguan 1.2131 1.2444 1.2392 1.2417 0.0286

Zhuhai 1.1643 1.1672 1.1701 1.1660 0.0017
Zhongshan 1.1518 1.2209 1.2098 1.2056 0.0538
Zhaoqing 1.1436 1.1485 1.1525 1.1595 0.0159

Yunfu 1.1491 1.1561 1.1539 1.1762 0.0271
Yangjiang 1.1879 1.2042 1.2062 1.2060 0.0181
Shaoguan 1.1204 1.1366 1.1471 1.1480 0.0276
Shanwei 1.1029 1.1330 1.1392 1.1387 0.0358

Qingyuan 1.1118 1.1404 1.1421 1.1433 0.0315
Huizhou 1.1369 1.1890 1.1757 1.1830 0.0461
Heyuan 1.1766 1.2118 1.2133 1.2159 0.0393

Jiangmen 1.1878 1.1980 1.2058 1.2042 0.0164

4.2. Results of Driving-Forces Analysis

4.2.1. Factor and Risk Detector

The factor detector is a measure of the relative importance of various factors to the expansion of
the urban land. Between 2000 and 2005, socioeconomic factors had a significant effect on urban-land
expansion. The increase in population had the greatest influence, followed by those of fixed asset
investments and GDP. Between 2005 and 2010, the GDP still played as an important factor influencing
the urban-land expansion. The distance to Guangzhou and Shenzhen became the second important
driving force, thus indicating that the two cities played a significant role in the urban agglomeration
during this period. However, the influence of distance to Guangzhou and Shenzhen decreased
significantly between 2010 and 2015. In contrast, physical factors such as elevation, slope, and distance
to the rivers had a relatively low effect on the urban-land expansion over the whole period. The distance
to the coastline was the most influential physical factor during the first period and its influence decreased
after 2005. Overall, the socioeconomic indicators, such as the influence of population, investment in
fixed assets, GDP, and the distance to the core cities of the urban agglomeration had a higher impact at
first, but the impact of the socioeconomic and physical factors gradually became even in 2010–2015
(Table 4).

Table 4. The p values of the driving factors from 2000 to 2015 (Acronyms are defined in Table 1).

Driving Factor 2000–2005 2005–2010 2010–2015

P_POP 44.83% 10.58% 2.39%
T_FAI 32.55% 8.51% 2.63%
GDP 29.94% 27.42% 5.40%
D_GS 22.14% 25.18% 6.93%
D_CL 9.04% 3.57% 3.31%

ST_GDP 6.16% 19.52% 5.67%
ELE 5.21% 15.28% 5.26%
SLP 4.83% 16.95% 4.75%

D_RV 3.96% 7.47% 3.95%
D_RD 2.96% 4.98% 2.25%

The risk detector presented a comparison of the mean values of the urban-land expansion in
different sub-regions to determine where the urban-land expansion was severe. The expanded area
of the urban land was basically positive in relation to the population growth during 2000–2015
(Figure 4a–c). The urban-land expansion rate was significantly greater than the population growth
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rate. During the study period, the area of the urban land increased by 121.6%, and the population
increased by 21.0%. The growth rate of the urban-land area was 5.79 times that of the population, thus
further demonstrating the uncoordinated development between the urban land and population in
coastal areas [4,36].
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Figure 4. Average expanded urban area in different sub-regions from 2000 to 2015 (Factors of (a–c)
growth of population, (d–f) growth of GDP, (g–i) growth of investment in fixed assets, and (j–l) growth
of proportion of 2nd and 3rd industries in GDP. Acronyms are defined in Table 1).

Similarly, the greater the increase in GDP and total investment in fixed assets, the more intensive
the urban-land expansion was (Figure 4d–i). During the study period, the GDP growth in the fourth
sub-region was the most dramatic. The urban statistics showed that Dongguan and Foshan were both
in this sub-region in three periods, and they were the two cities with the highest urbanization rate.

During the two initial periods, urban-land expansion was dynamic where the increase of the
proportion of secondary and tertiary industries in GDP was small. This may have been because land
resources were more important for the initial development of the secondary and tertiary industries.
The demand for land in the stage during which the secondary and tertiary industries increased at a
high speed was reduced because the emphasis was focused more on the quality development. During
2010–2015, the proportion of secondary and tertiary industries in GDP increased at a slower rate than in
the former two periods. The urban area expanded the most where the increased value of the secondary
and tertiary industries in GDP was 0.07%–0.53%, thus indicating that the optimization of the industrial
structure promoted the expansion of urban land (Figure 4j–l).
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The factors of regional slope and elevation had similar effects on urbanization. In areas with
elevations below 120 m and a slope less than 5◦, the average expanded area of each grid reached a
maximum value. This is because urban expansion tended to occur at the least cost in areas where the
terrain was low and flat. Furthermore, the population also tended to gather in flat and low coastal
areas, which may have interactively enhanced the urban-land expansion (Figure 5a,b).
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Figure 5. Average expanded urban area in different sub-regions from 2000 to 2015 (Factors of
(a) Elevation, (b) Slope, (c) Distance to Guangzhou and Shenzhen, (d) Distance to main roads,
(e) Distance to rivers and (f) Distance to coastline).

The distance to the two major cities of Shenzhen and Guangzhou had an apparent effect on the
urban-land expansion. As the distance increased, the expansion intensity of the urban land decreased
significantly during the first two periods. This non-linear negative correlation was mitigated in
2010–2015. This phenomenon reflected the core driving effects of the major cities on urbanization
in the urban agglomeration during the initial expansion of the city. However, this effect tended to
decrease when the urban agglomeration developed into a new stage with greater emphasis on quality
and structure (Figure 5c).

Similarly, the impact of roads, rivers, and the coastline also showed a negative relationship with
the urban-land expansion. The closer to the main roads, rivers, and coastline, the more intense the
urban-land expansion was. The urban-land expansion was severe in regions within 10 km from main
roads, 20 km from rivers, and 50 km from the coastline in the PRDUA (Figure 5d–f). This was because
the construction of roads could improve the accessibility of the local areas, and rivers could serve as
tourist attractions and provide convenient water and land connections. The distance to the coastline has
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a close relationship with the terrain and port transportation, and thus it showed a negative relationship
with the urban land expansion.

4.2.2. Interaction Detector

There are 55 pairs of interactions between 10 influencing factors. These interactions were
analyzed using three categories: pairs of socioeconomic factors, pairs of physical factors, and pairs of
socioeconomic and physical factors. The results showed that if any two factors were superimposed,
the explanatory power of urban land expansion was enhanced in the PRDUA.

We found that, between 2000 and 2005, the average interaction between pairs of socioeconomic
factors was the strongest, whereas that between pairs of physical factors was the weakest (Table 5).
For example, the top four interactions between pairs of socioeconomic factors included the population
interacting with the following factors: distance to Guangzhou and Shenzhen (0.5201), total investment
in fixed assets (0.5022), GDP (0.4988), and the proportion of secondary and tertiary industries in GDP
(0.4983). At the same time, the greatest interaction between pairs of socioeconomic and physical
factors was the pair of the population and the distance to coastline interacting (0.4970). In addition,
the interaction between the distance to the coastline and the distance to rivers was the strongest in
comparison the other pairs of physical factors in the periods.

Table 5. Interactions between the driving factors in 2000–2005 (Acronyms are defined in Table 1).

Factors P_POP GDP ST_GDP T_FAI D_GS D_RD ELE SLP D_RV D_CL

P_POP 0.4483
GDP 0.4988 0.2994

ST_GDP 0.4983 0.4910 * 0.0616
T_FAI 0.5022 0.3332 0.5076 * 0.3255
D_GS 0.5201 0.3348 0.2869 * 0.3424 0.2214
D_RD 0.4551 0.3054 0.0952 * 0.3401 0.2338 0.0296
ELE 0.4660 0.3169 0.1091 0.3489 0.2351 0.0823 0.0521
SLP 0.4707 0.3229 0.0990 0.3733 0.2489 0.0754 0.0672 0.0483

D_RV 0.4646 0.3144 0.1219 * 0.3830 * 0.2540 0.0699 0.0968 * 0.0974 * 0.0396
D_CL 0.4970 0.4508 0.1243 0.4023 0.2842 0.1689 * 0.1139 0.1230 0.2308 * 0.0904

The symbol “*” denotes the nonlinear enhancement of two factors. The average interaction of each category:
pairs of socioeconomic factors: 0.3830, pairs of physical factors: 0.0960, and pairs of socioeconomic and physical
factors: 0.2785.

In 2005–2010, the interactions of the pairs of socioeconomic factors and pairs of physical factors
still occupied the strongest and weakest positions, respectively, but the average interaction between
the pairs of physical factors was significantly enhanced as compared to that of the previous period
(Table 6). The top three interactions between pairs of socioeconomic factors comprised that of the
distance to Guangzhou and Shenzhen with the population (0.4042), proportion of secondary and
tertiary industries in GDP (0.3468), and GDP (0.3326). In addition, three of the four greatest interactions
between the socioeconomic factors and physical factors were observed between the distance to rivers
and the following factors: GDP (0.3684), distance to Guangzhou and Shenzhen (0.3602), and secondary
and tertiary industries in GDP (0.3549).
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Table 6. Interactions between the driving factors in 2005–2010 (Acronyms are defined in Table 1).

Factors P_POP GDP ST_GDP T_FAI D_GS D_RD ELE SLP D_RV D_CL

P_POP 0.1058
GDP 0.3150 0.2742

ST_GDP 0.3270 * 0.3104 0.1952
T_FAI 0.1469 0.2965 0.3244 * 0.0851
D_GS 0.4042 * 0.3326 0.3468 0.2645 0.2518
D_RD 0.1475 0.2873 0.2262 0.1273 0.2755 0.0498
ELE 0.2163 0.3438 0.2535 0.2156 0.3086 0.1829 0.1528
SLP 0.2321 0.3699 0.2880 0.2327 0.3522 0.1929 0.2020 0.1695

D_RV 0.1841 * 0.3684 * 0.3549 * 0.2068 * 0.3602 * 0.1267 * 0.2138 0.2369 0.0747
D_CL 0.1216 0.2912 0.2123 0.1531 * 0.2777 0.1065 * 0.1703 0.1962 0.1984 * 0.0358

The symbol “*” denotes the nonlinear enhancement of two factors. The average interaction of each category:
pairs of socioeconomic factors: 0.2755, pairs of physical factors: 0.1650, and pairs of socioeconomic and physical
factors: 0.2480.

In 2010–2015, the average interaction between socioeconomic factors and physical factors was
stronger than that between the other two types of interactions (Table 7). The strongest three interactions
between pairs of socioeconomic and physical factors were observed between the distance to Guangzhou
and Shenzhen and the distance to rivers (0.1125), GDP and the distance to rivers (0.1066), and the
distance to Guangzhou and Shenzhen and the slope (0.0996). The strongest interaction between the
pairs of socioeconomic factors was between the distance to Guangzhou and Shenzhen and the total
investment in fixed assets (0.1095).

Table 7. Interactions between the driving factors in 2010–2015 (Acronyms are defined in Table 1).

Factor P_POP GDP ST_GDP T_FAI D_GS D_RD ELE SLP D_RV D_CL

P_POP 0.0239
GDP 0.0887 * 0.0540

ST_GDP 0.0753 0.1004 0.0567
T_FAI 0.0415 0.0854 * 0.0680 0.0263
D_GS 0.1078 * 0.0838 0.0988 0.1095 * 0.0693
D_RD 0.0438 0.0710 0.0746 0.0495 0.0859 0.0225
ELE 0.0686 0.0815 0.0870 0.0746 0.0922 0.0722 0.0526
SLP 0.0770 * 0.0839 0.0946 0.0675 0.0996 0.0645 0.0688 0.0475

D_RV 0.0776 * 0.1066 * 0.0993 * 0.0797 * 0.1125 * 0.0639 * 0.0894 0.0894 * 0.0395
D_CL 0.0702 * 0.0777 0.0833 0.0669 * 0.0954 0.0760 * 0.0615 0.0676 0.0967 * 0.0331

The symbol “*” denotes the nonlinear enhancement of two factors. The average interaction of each category:
pairs of socioeconomic factors: 0.0789, pairs of physical factors: 0.0646, and pairs of socioeconomic and physical
factors: 0.1085.

The nonlinear enhancement, as the strongest type of enhancement, should be further analyzed.
During 2000–2005, nonlinear enhancement was observed in the interactions related to the factors of the
proportion of secondary and tertiary industries in GDP, distance to rivers, and distance to coastline,
thus demonstrating that the interactions between these factors significantly promoted the expansion of
urban land. From 2005 to 2015, the distance to river and the majority of the socioeconomic factors
interacted nonlinearly, which indicated that the existence of rivers could act as a catalyst for urban
expansion. It also showed that the number of pairs demonstrating nonlinear enhancement increased
significantly during the study period, which indicated closer and more complicated interactions within
the urban agglomeration (Tables 5–7).

5. Discussion: Implications of Political Effects

Policies and urban planning play a vital role in the expansion of urban land in the PRDUA, and
their impact is reflected in the spatial pattern of urban land and changes in the driving factors. Based
on the above results, several policies and major events were found to exert a significant impact on the
expansion of urban land in the PRDUA.

The relatively high impact of the distance to Guangzhou and Shenzhen before 2010 proved that
the spatial distribution of urban-land expansion was highly consistent with the distance to the core
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cities. This indicated that Guangzhou and Shenzhen are the economic cores of the area that stimulate
regional development. However, the influence of the distance to Guangzhou and Shenzhen decreased
during 2010–2015. This phenomenon indicated the effects of policy have promoted the spatial pattern
of the PRDUA from the dual-center pattern to a relative integrated pattern. During the study period,
the local government promoted three regional plans to manage and guide the urban development of
the Pearl River Delta: Pearl River Delta Urban Cluster Coordinated Development Plan (2004–2020),
The Outline of the Plan for the Reform and Development of the Pearl River Delta (2008–2020), and The
Pearl River Delta Urban–Rural Integration Planning (2009–2020). In these three plans, the core ideas
were to form a multi-center pattern of the region aimed at balancing the development of the eastern,
western, and central areas, and forming a structure of large, middle, and small cites in the urban
agglomeration. In these plans, the “Guangzhou-Foshan-Zhaoqing” was proposed to be considered
as the central metropolitan area, “Shenzhen-Dongguan-Huizhou” as the eastern metropolitan area,
and “Zhuhai-Zhongshan-Jiangmen” as the western metropolitan area. Guangzhou, Shenzhen, and
Zhuhai were considered as the core cities of each metropolitan area. However, according to the
urban–land expansion process observed in this study, the eastern, western, and central metropolitan
areas in the PRDUA still developed in an unbalanced manner (Figure 6). In the central metropolitan
area, Guangzhou and Foshan were relatively integrated, but Zhaoqing was lagging. In the eastern
metropolitan area, Shenzhen and Dongguan were more developed with the development in Huizhou
being marginal. In comparison, the western metropolitan area was least developed, and Zhuhai was
less developed as compared with Guangzhou and Shenzhen. Overall, the decreasing influence of the
distance to the Guangzhou and Shenzhen reflected the effect of the policies aimed at coordinating the
development of the region, although the effects of the policies tended to exhibit a lag of approximately
5–10 years. In terms of urban-land development, more time may be required to realize multi-center
integrated development in the PRDUA.
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The environmental protection policy also played an important role in the development of urban
land in the PRDUA. The topographic factors were influential, and the expansion intensity was relatively
low in higher and steeper districts in the north of the PRDUA (Table 4 and Figure 5). According
to the division of “Guangdong Principal Functional Zoning Plan (2012–2020),” Shaoguan, Heyuan,
and Qingyuan in the northern mountainous areas of the Pearl River Delta were the key ecological
functional areas. The continuous mountainous forests acted as an ecological shelter and are important
for maintaining a stable regional climate and environment. Therefore, the government restricted
large-scale and high-intensity urbanization in these areas.
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The total investment in fixed assets was also an influential socioeconomic factor during the study
period (Table 4 and Figure 4). As the financial support for the urban construction, the fixed asset
investment was largely determined by the government in China [20]. In 2004, Guangzhou was elected
as the host city of the 2010 Asian Games, and Foshan, Dongguan, and Shanwei were the co-host cities.
According to statistics, the total investment in fixed assets was mainly concentrated in Guangzhou,
Foshan and Dongguan during this period [22,24,25]. It was found that the urban-land expansion in
these cities was rapid between 2005 and 2010. The preparation and construction of the relevant venues
attracted a large amount of investment, promoted infrastructure construction in these cities, boosted
their economic growth, and accelerated the expansion of urban land.

6. Conclusions

Based the land use data derived from RS imagery in 2000, 2005, 2010, and 2015, the spatial and
temporal patterns of urban land expansion in the coastal urban agglomeration of the Pearl River Delta
were analyzed in this study. The geographical detector was used to analyze the driving mechanism of
the urban-land expansion. New knowledge related to the urban-land expansion intensity, expansion
difference, and fractal dimension of the PRDUA was obtained. Moreover, the interactions between
a complex set of factors of urban-land expansion were analyzed quantitatively, and the influence of
policy factors was discussed based on the physical and socioeconomic factors.

The results indicated that the area of the urban land in the PRDUA showed a continuous increase,
but the speed and intensity of urban expansion slowed down as compared that in the initial period.
The cities with faster development were mainly concentrated in the south-central part of the PRDUA.
The difference in urban-land expansion gradually diminished. Moreover, the fractal dimension of the
different cities was consistent, thus demonstrating the coordinated development of the cities within
the urban agglomeration. The spatial structure of the PRDUA has gradually changed from having a
dual core to a multi-center feature.

The driving force analysis showed that the terrain conditions such as elevation and slope affect
the potential, intensity, direction, and scale of urban-land expansion. However, in the short-term study,
the influence of geographical factors on the urban spatial expansion did not change significantly. The
social and economic factors are the core driving forces of the expansion of urban land in the PRDUA.
Between 2000 and 2005, factors such as population growth and economic development played the
largest role in the expansion of the urban land in the PRDUA. Before 2010, the distance to the core
cities had a relatively high explanatory power for the expansion of urban land. However, the influence
of the core cities on urban-land expansion decreased in the last period. In addition, the interactions
between the distance to rivers and other factors always demonstrated a non-linear enhancement in the
urban-land expansion. During 2000–2010, the average interaction between pairs of socioeconomic
factors was the strongest, whereas that between pairs of physical factors was the weakest. However, the
average interaction between socioeconomic factors and physical factors was stronger than that between
the other two types of interaction during 2010–2015. Moreover, the number of pairs demonstrating
nonlinear enhancement increased significantly during the study period, which indicated closer and
more complicated interactions within the urban agglomeration. Policies such as the regional urban
plans, environmental protection policies, and major events exhibited a considerable impact on the
expansion of the PRDUA’s urban land, but the effects of the macro and long-term plans usually took
5–10 years to become effective, and even more time to realize the final prospects.

Based on these findings, we opine that the next challenge is to continuously propose specific
alternative strategies and future plans for optimizing the spatial pattern of urban expansion in coastal
areas. The influence of individual factors and their interactions may be applied to forecast the future
urban development in the study area and elsewhere in coastal urban areas.
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Abstract: Urban heat islands (UHIs) are an important issue in urban sustainability, and the
standardized calculation of surface urban heat island (SUHI) intensity has been a common concern
of researchers in the past. In this study, we used the administrative borders (AB) method and
an optimized simplified urban-extent (OSUE) algorithm to calculate the surface urban heat island
intensity from 2001 to 2017 for 36 major cities in mainland China by using Moderate Resolution
Imaging Spectroradiometer (MODIS) images. The spatiotemporal differences between these two
methods were analyzed from the perspectives of the regional and national patterns and the daily,
monthly, and annual trends. Regardless of the spatial or temporal scale, the calculation results
of these two methods showed extremely similar patterns, especially for the daytime. However,
when the calculated SUHI intensities were investigated through a regression analysis with multiple
driving factors, we found that, although natural conditions were the main drivers for both methods,
the anthropogenic factors obtained from statistical data (population and gross domestic product)
were more correlated with the SUHI intensity from the AB method. This trend was probably caused
by the spatial extent of the statistical data, which aligned more closely with the rural extent in the
AB method. This study not only explores the standardization of the calculation of urban heat intensity
but also provides insights into the relationship between urban development and the SUHI.

Keywords: surface urban heat island; MODIS; land cover; urban sustainability

1. Introduction

In 2014, over 54% of people in the world lived in densely populated urban areas, and it is
expected that the global urban population will increase to 66% of the total population by 2050 [1].
Rapid urbanization is one of the most important human influences on the atmosphere and causes
obvious disruptions of atmospheric energy [2,3]. The most widely known consequence of these
influences is the generation of the urban heat island effect. The urban heat island concept was first
proposed by Howard in 1833 [4], and it is used to describe the phenomenon where the temperature of
an urban area is higher than that of the surrounding rural area. In the past several decades, a large
number of scholars have studied the damage that urban heat islands bring to the natural environment
and human life, including reducing biodiversity [5], destroying vegetation growth [6], reducing the
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quality of air and water [7], changing the climate [8,9], and increasing morbidity and mortality [10–12].
There is ample evidence that when these effects interact with global changes, the intensity of the impact
is further increased [9].

Generally, previous studies have considered two types of urban heat islands: the atmospheric
urban heat island (AUHI) and the surface urban heat island (SUHI) [13]. Data on the AUHI are
generally obtained from the analysis of in situ air temperatures from weather stations [8]. However,
the number of weather stations is low, which results in a low observation density, and they are unevenly
distributed [11]. It is, therefore, difficult to obtain the spatial distribution of the AUHI for large areas.
Conversely, remote sensing technology can periodically obtain comprehensive coverage of land surface
temperatures (LSTs). Since the first analysis on the SUHI by Rao in 1972 [14], many scholars have
conducted research on the SUHI, based on thermal infrared remote sensing data [15–22].

As the SUHI intensity is simple, efficient and universal, it has become the most common indicator
for researching the SUHI [23,24]. The principle for estimating the SUHI intensity is to find an urban-rural
pair and then calculate the temperature difference between the urban and rural areas. Therefore,
the core problem for calculating SUHI intensity is delineating urban and rural areas [18]. Most studies
have adopted a relatively consistent approach for identifying urban areas: the areas classified as
built-up land in land cover maps are considered urban areas [13,25–27]. For the determination of rural
areas, it is generally assumed that all areas within a certain range around the urban area are rural;
thus, the determination of the rural area extent has been an important issue. In past studies, the most
common methods were to set a buffer zone at a certain distance (CD), such as 1–50 km [13,19,28–31],
or to set a buffer zone based on the size of the urban area (SUA), such as 0.5–3 times the area of the
urban area [18,32–34]. However, regardless of which method is adopted, there is no widely recognized
standard method.

The standardization of urban heat island intensity calculations is a scientific issue of great
value, and considerable work has been performed on this topic. Schwarz et al. [35] first compared
the temperature differences between core-rural areas and urban-other areas, which then became a
milestone for remote sensing studies of the SUHI [36]. At the global scale, Clinton and Gong [19]
found that the SUHI intensity became larger as the rural buffer became larger. Zhou et al. [32]
estimated that the footprint of the UHI effect can reach 2.3 and 3.9 times more than the urban area
size in, respectively, daytime and nighttime, with large spatiotemporal heterogeneities. Li et al. [13]
characterized the significances and spatiotemporal dynamics of rural-extent-induced SUHI intensity
variations in mainland China, and they found that differences in rural definitions may lead to significant
uncertainties in the studies of SUHI intensity. Zhou et al. [36] proposed that large uncertainties
associated with the definitions of urban areas and its references have been one of the most urgent
issues in UHI studies.

According to previous studies, the current calculation method for SUHI intensity has the following
problems. (1) It is not appropriate to simply adopt a buffer radius, especially in the case of the
simultaneous investigation of multiple cities with different geographical locations and different levels
of socioeconomic development [27]. (2) Choosing different rural extents will result in a larger or even
opposite difference in the calculation results. For example, Peng et al. [18] defined the nearby suburbs
as rural reference areas and found that the global average summer SUHI intensities for daytime and
nighttime were 1.9 ◦C and 1.0 ◦C, respectively, while Zhang et al. [20] used the 20 km surrounding
buffer zone as the extent of the rural area and obtained daytime and nighttime SUHI intensities of 2.6 ◦C
and 1.6 ◦C, respectively. This limitation impedes the accurate characterization of the spatiotemporal
patterns of the SUHI intensity and distorts the comparability between previous studies. (3) Although
some studies have analyzed the relationship between the SUHI intensity obtained from a certain
size buffer and the various statistical data obtained from administrative districts, this strategy is also
inappropriate [37,38] due to the differing spatial extents of the two data representations.

Compared with the CD and the SUA, adopting an appropriate fixed boundary (FB) for the rural
area can solve the above problems to some extent. Lai et al. [27] employed the groundbreaking
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administrative borders (AB) method to determine the extent of rural areas and explored the typical
diurnal patterns of the surface urban heat islands in China. Chakraborty and Lee [25] proposed the
simplified urban-extent (SUE) algorithm based on the urban area data provided by Natural Earth and
compared the results with those of the previous multicity SUHI studies to verify the availability of
the algorithm. This comparison was an important step in the process of the standardization of the
calculation of SUHI intensity. However, no researchers have analyzed the differences between these
two representative fixed boundaries in the existing UHI literature. There is an obvious need to better
understand the UHI phenomenon by comparing the differences between these methods for SUHI
intensity calculation to help city planners and other researchers make more sensible decisions about
the future of urban sustainability.

The objectives of this research were (i) to compare the differences in spatiotemporal patterns of
SUHI intensity between the AB and SUE methods in 36 Chinese major cities and (ii) to identify the
factors associated with the SUHI intensity by considering a series of social, economic and natural
factors with these two methods. Section 2 describes the study area, data and comparison method in
this study. Section 3 shows the spatiotemporal patterns and drivers of the SUHI intensity in 36 Chinese
cities. Section 4 discusses the results and highlights the notable problems.

2. Materials and Methods

2.1. Study Area

China is a large country located in East Asia that faces the western cost of the Pacific Ocean. Past
research shows that there is a large precipitation gradient between Northwest and Southeast China [13],
and different levels of the urban heat island (UHI) phenomenon have been observed among different
areas in China. In this research, 36 major cities in China were selected as the research areas, and they
contain 31 capital cities or direct-controlled municipalities and 5 important port cities (Shenzhen,
Ningbo, Xiamen, Qingdao and Dalian). These major cities are the economic (such as Shanghai)
or political (such as Beijing) centers of each region and have experienced significant urbanization
in the past decade, which deserves further study to determine the associated changes of the UHI
effect. The administrative areas of the above 36 cities were defined based on data from the National
Geomatics Center of China (NGCC). In addition to studying the differences in SUHI intensity between
cities in different regions according to natural conditions, climate conditions and social economic
conditions, we divided China into six regions(www.resdc.cn). These 6 regions were the separate
northern, northwestern, northeastern, eastern, central-southern and southwestern areas, as shown in
Figure 1.

2.2. Data

This paper employed Terra and Aqua Moderate Resolution Imaging Spectroradiometer (MODIS)
8-day composite land surface temperature (LST) products (MOD11A2 and MYD11A2; collection 6
at 1 km × 1 km resolution) from 2001 (the Aqua data is from 2003–2017) to gain the LST. The LST
product was retrieved from the clear-sky observations through the generalized split-window LST
algorithm [39] at approximately 1:30 (nighttime, Aqua), 10:30 (daytime, Terra), 13:30 (daytime, Aqua)
and 22:30 (nighttime, Terra) local solar time. The research of Wan [40] showed that the retrieval errors
of MODIS LST were generally <1 k and the root mean square (RMS) was <0.5 k. Wan [41] then pointed
out that the mean error of collection for 6 LST datasets was within 0.6 k in 10 validation data samples.

We use the land cover products that were obtained from the MODIS yearly land cover type
L3 global 500 m products (MCD12Q1; collection 6 at 500 m × 500 m resolution) from 2001–2017 for
the delineation of the urban and rural areas. Derived from MODIS Aqua and Terra, the product is
a 17-category classification under the International Geosphere-Biosphere Program (IGBP) scheme.
The Normalized Difference Vegetation Index (NDVI) product was obtained from the Aqua MODIS
16-day composite dataset (MYD13Q1, collection 6, at 250 m× 250 m resolution). To match the resolution
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of the LST, we aggregate the land cover products and NDVI products to 1 km. Similarly, we use the
method to find the difference in the enhanced vegetation index (EVI) (∆EVI), which is a proxy for
green vegetation density differences between the urban and rural pixels. The data were obtained from
the Aqua 16-day EVI dataset, which is available at the resolution of 250 m × 250 m (MYD13Q1) in the
same time span.
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GZ (Guangzhou); GY (Guiyang); HK (Haikou); HZ (Hangzhou); HB (Harbin); HF (Hefei); HT (Hohhot);
JN (Jinan); KM (Kunming); LZ (Lanzhou); LS (Lhasa); NC (Nanchang); NJ (Nanjing); NN (Nanning);
QD (Qingdao); SH (Shanghai); SY(Shenyang); SZ (Shenzhen); SJZ (Shijiazhuang); TY (Taiyuan);
TJ (Tianjin); UQ (Urumqi); WH (Wuhan); XA (Xi’an); XN (Xining); YC (Yinchuan); and ZZ (Zhengzhou).
The background information is annual precipitation (AP) across China.

To eliminate the influence of the elevation factor on the calculation for the SUHI intensity,
we selected NASA Shuttle Radar Topography Mission (SRTM) data provided by the United States
Geological Survey (USGS). Previous research has shown that these data have better vertical accuracy
than the Global Multiresolution Terrain Elevation Data from 2010 (GMTED2010) and the advanced
spaceborne thermal emission and reflection radiometer (ASTER) elevation data [42].

The urban area data (UAD), which were used in the SUE algorithm, were from Natural Earth (www.
naturalearthdata.com). Natural Earth is a combination of the global urban land use database [43,44]
and the Landscan population database of the Oak Ridge National Laboratory [45]. This dataset has
already been validated using a Landsat-based map of 140 urban areas in different ecoregions and for
different levels of population and economic development and has an overall accuracy of 93% [44].
More information about these data can be found from www.naturalearthdata.com.

The contributions of anthropogenic activity can be calculated by separately considering the major
sources of economic development and human metabolism. This study used statistical datasets of the
gross domestic products (GDPs) and populations of 36 major cities from 2001 to 2017, which were
available from the National Bureau of Statistics (www.stats.gov.cn). We also collected a spatial
interpolation dataset (at 1 km × 1 km resolution) of annual precipitation and annual moisture index
from the Resource and Environment Data Cloud Platform (www.resdc.cn).
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2.3. Method

This research work can be divided into three parts (Figure 2). First, the urban areas and rural
areas were delineated with two different methods. Second, the SUE and AB were used to calculate the
SUHI intensity of the long time-series data of 36 major cities in mainland China and then to analyze
the spatiotemporal differences between the calculation results obtained by the two methods. Third,
a correlation analysis was performed between the SUHI and its possible driving factors.Sustainability 2020, 12, x FOR PEER REVIEW 5 of 17 
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Figure 2. Flowchart of this article. Tianjin was used as an example to show the urban-rural definition in
this research. LST: land surface temperature; DEM: digital elevation model; LULC: land use land cover;
SUHI: surface urban heat island; AB: administrative borders; OSUE: optimized simplified urban-extent;
GDP: gross domestic product; NDVI: normalized difference vegetation index.

2.3.1. Delineation of Urban and Rural Areas

In this study, we delineated urban and rural areas with the MODIS land cover product MCD12Q1.
Within each city, we first removed certain types of pixels: the pixels classified as snow and ice and the
pixels in an extremely high or low position (pixels with elevations higher or lower than 50 m than the
average of built-up pixels). The removal of those pixels is necessary to eliminate the possible effects of
temperature from water bodies and extreme positions. Excluding specific pixels is a common processing
method in current SUHI calculations. Yao et al. [46] carefully analyzed the impact of removing these
pixels in the SUHI intensity calculation and suggested that these pixels should be removed when
calculating the multicity SUHI intensity. For each city with its rural extents, pixels classified as built-up
among the remaining pixels were then given a flag as urban areas. Accordingly, we referred to the
other pixels after that as rural areas. In this paper, the differences between the two methods (SUE
and AB method) may occur based on only the rural area extent. The rural area extents in the SUE
method were the largest UAD area within the boundaries of the administrative district of each city.
The rural area extents of the AB method were the administrative boundaries of each city (Figure 2).
It should be noted that different elevation data are input in the SUE algorithm implemented in this

125



Sustainability 2020, 12, 478

paper, unlike with the original version; therefore, we named it the optimized SUE to differentiate it
from the previous method.

2.3.2. Calculation of the SUHI Intensity

After determining the rural area extent of each city with both methods, we first processed the LST
image using the MODIS land cover products. We excluded the pixels classified as snow and ice at
the beginning due to the possible miscalculation caused by extremely low temperatures. The pixels
classified as water or permanent wetlands were also removed to avoid the influence from water
temperature. In addition, based on the STRM data, we eliminated pixels in each city that were at
elevations of more than ±50 m of that of the built-up pixels to suppress the impact of elevation on the
LST. After the above processing, we used Equation (1) to calculate the SUHI intensity as follows:

SUHI = LSTUrban − LSTRural (1)

where SUHI represents the urban heat island intensity of the city, LSTUrban is the average land surface
temperature in the urban area, and LSTRural is the average temperature of the pixels in the rural area.

To compare the differences in the temporal trends between the AB method and the OSUE method
SUHI, we combine the Theil–Sen median trend analysis and the Mann–Kendall test to analyze the
calculated results. Theil–Sen median trend analysis is a robust statistical method for trend analysis [42],
and it calculates the median slopes between all of the possible n(n − 1)/2 pairwise combinations
throughout the time-series data. The method is based on nonparametric statistics and is particularly
effective when the estimation of trends in small series is needed [43]. The Mann–Kendall test is applied
to measure the significance of a given trend. It is a nonparametric statistical test with an advantage
of being irrelevant to the distributions of its samples. The test is also free from the interference of
outliers [44]. The effective combination of these two methods is an important method for judging the
trends of long-term series data [45].

In this study, we measured the significance of SUHI intensity trends in the daytime and
nighttime from 2003–2017 at a confidence level of 0.05. To facilitate the comparison of the differences
between the different methods, we divided the trend from all cities into four categories according
to the results obtained from the two aforementioned methods (Theil–Sen median trend analysis
and the Mann–Kendall test): significant decrease, nonsignificant decrease, significant increase and
nonsignificant increase.

2.3.3. Driving Factor Analysis

In past research, many scholars have studied the influencing factors of SUHI intensity and
identified the main driving factors as natural factors, such as the NDVI, EVI, and precipitation,
and social factors, such as the population and GDP. Among these factors, the data that characterize the
natural conditions are usually raster data obtained by interpolation; and the statistical data that describe
the socioeconomic development are mostly annual scale data obtained with the administrative area as
the unit. We selected the NDVI, precipitation (Pr), and moisture index (M) to represent these factors
specifically, and selected the two most important indicators of urban development level, GDP and
population, and analyzed them with the SUHI intensity. In addition, one of the essential differences
between the two calculation methods was the difference in the number of pixels between the urban and
suburban areas involved in the calculation. To this end, we also defined a new indicator: the ratio of
the number of urban pixels to the number of rural pixels involved in the calculation in each city (RN).
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3. Results

3.1. Spatial Distribution

3.1.1. National Patterns

The annual SUHI, summer SUHI and winter SUHI have attracted the most attention from scholars
in the past. Therefore, in this study, we also described the daytime and nighttime SUHI in 36 major
cities in China (Figures 3 and 4), from 2001 to 2017, for these three conditions to understand the national
distribution pattern of SUHI. (As Guangdong and Shenzhen have a high urbanization level and the
distribution is centralized, they have been defined as one city in the OSUE method; there are 35 cities
in Figure 4.) The daytime and nighttime intensities were consolidated values from the Terra and
Aqua platforms.

Most cities had a positive annual daytime SUHI intensity. The AB and OSUE methods identified
the proportions of SUHI intensity with positive values at 86% and 94%, respectively. The annual
nighttime SUHI intensity values were all positive. The lower annual SUHI intensity values in the
daytime were mainly in the northwestern, southwestern and northern areas, and the lower annual
SUHI intensity values were distributed in the southeastern and central-southern areas; this distribution
was opposite to the trend of the daytime values. The annual daytime SUHI in both methods showed
negative values that were significantly lower than the national average level in Lanzhou. Lanzhou is a
dry city, and according to the land cover maps, Lanzhou had a large number of pixels classified as the
barren land cover type. The occurrence of this urban cold island phenomenon was consistent with the
conclusions from the studies of Chakraborty and Lee [25], who indicated that the urban clusters with
negative surface UHI were concentrated in the dry and desert areas.Sustainability 2020, 12, x FOR PEER REVIEW 7 of 17 
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Figure 3. Spatial distribution of the daytime and nighttime SUHI from the optimized simplified
urban-extent (OSUE) method. The daytime value is the mean of the UHI intensity at 1030 LT obtained
from Terra (2001–2017) and the UHI intensity at 1330 LT obtained from Aqua (2003–2017). The nighttime
value is the mean of the UHI intensity at 2230 LT obtained from Terra and the UHI intensity at 0130 LT
obtained from Aqua.
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Figure 4. Spatial distribution of the daytime and nighttime SUHI from the administrative borders
(AB) method. The daytime value is the mean of the SUHI intensity at 1030 LT obtained from Terra
(2001–2017) and the SUHI intensity at 1330 LT obtained from Aqua (2003–2017). The nighttime value
is the mean of the SUHI intensity at 2230 LT obtained from Terra and the SUHI intensity at 0130 LT
obtained from Aqua.

The summer daytime SUHI in both methods was significantly higher than the winter daytime
and annual daytime SUHI values. This outcome showed that the SUHI in most cities had an obvious
seasonal effect. The winter daytime SUHI in both methods showed obvious differences between the
northern and the southern areas, and the SUHI intensity of the northern cities was significantly higher
than that of the southern cities. This outcome may be related to the central heating policy in northern
China. Most cities in northern China adopt this approach, which significantly enhances the SUHI
intensity during winter nights. The daytime winter SUHI intensity from the AB method showed
that nearly half of the cities had negative values, while with the OSUE method, only one quarter of
cities had negative values. This difference may be related to the fact that the surface temperature of
vegetation during the day is higher than that of the buildings in the winter and the AB method usually
includes more suburban areas.

3.1.2. Variations across Regions

To further observe the distribution of the annual SUHI intensity in different regions, we calculated
the average SUHI intensity for all cities in each region from 2001–2017. It can be seen, from Figure S1,
that although there are some differences in the numerical values of SUHI intensity calculated by the
two methods, the relative differences between the different regions were basically the same. From the
average of each region, the annual daytime SUHI intensity in the northern region was significantly
lower than that in the southern region. In the nighttime, except for the northwestern region, the SUHI
intensity value calculated by the AB method was higher than that of the OSUE method. The average
value of the daytime SUHI intensity in the northwest was the lowest among all regions, although the
standard deviation was too large (mainly due to the low SUHI intensity in Lanzhou City during the
day). As a result, there was no clear point of reference for this average value. Significant differences
within each region can lead to quite high standard error values in many cases. Increasing the number
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of cities in the study could improve the result to some extent, suggesting that the impact of climate on
the SUHI intensity is limited.

3.1.3. Correlation Analysis of the Annual SUHI

We conducted a correlation analysis of the annual average SUHI intensities of 34 cities calculated
by the AB and OSUE methods from 2001–2017 (the SUHI data obtained from the Terra platform was
for 2003–2017) to further study the differences between the two methods. Figure 5 shows that the
annual daytime SUHI intensity calculated by the two methods had a strong correlation with both
the Terra platform and the Aqua platform, with the R2 values reaching 0.662 and 0.643, respectively.
When the SUHI intensity was low, the OSUE method had a certain degree of overestimation compared
to the AB method.
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Figure 5. Differences in the spatial variations in the annual surface urban heat island intensity based on
the administrative borders (AB) and optimized simplified urban-extent (OSUE) methods. (a) Daytime
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3.2. Temporal Patterns

3.2.1. Annual Trend

Figures 6 and 7 show that the calculation results from the two methods had similar variation
tendencies in most areas. A completely opposite tendency was observed in the daytime SUHI intensities
of Guiyang and Hefei and the nighttime SUHI intensity of Taiyuan with the application of the two
methods. In the 34 cities, the proportion of cities with small differences in the daytime SUHI and
nighttime SUHI calculated by the two methods was 77.8% and 88.9%, respectively. For these two
methods, the cities with different daytime SUHI intensities and nighttime time-varying trends were
mainly located in southeastern and northern China, which was primarily related to the variation of the
SUHI drivers in northern and southern China.
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Figure 6. Trends in the annual surface urban heat island (SUHI) in 36 major cities in China with the
administrative borders (AB) and optimized simplified urban-extent (OSUE) methods based on Terra
data. (a) Daytime AB Method; (b) Day time OSUE Method; (c) Nighttime AB Method; (d) Nighttime
OSUE Method.
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3.2.2. Monthly Trends

The monthly average SUHI intensity for 12 months (one year) is calculated by the two methods
and presented in Figure 8. The seasonal variation tendency of SUHI intensity by the two methods is
very close. The daytime SUHI intensity is the highest in summer and the lowest in winter. The summer
SUHI intensity calculated by the AB method is obviously higher than that calculated by the OSUE
method, whereas the winter SUHI intensity calculated by the AB method is slightly lower than that
calculated by the OSUE method. The seasonal variations of SUHI intensity are more obvious when
applying the OSUE method.
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Figure 8. Trends of the monthly surface urban heat island (SUHI) intensity with the administrative
borders (AB) and optimized simplified urban-extent (OSUE) methods in 36 major cities of China.

We conducted a correlation analysis to compare the SUHI intensity using the two methods with
data obtained from the Aqua and Terra platforms (Figure 9). We found that the daytime monthly
average SUHI intensity calculated by the two methods was very close regardless of the platform; the R2

values were 0.979 and 0.965 for the daytime Terra and daytime Aqua data, respectively. However,
the variation in the nighttime was obvious, and the R2 values were 0.769 and 0.534 for the nighttime
Terra and nighttime Aqua data, respectively.
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heat island intensity.

3.2.3. Daily Trends

We analyzed the average values for four different times of day in all Chinese cities based on
the two calculation methods. We found that the SUHI intensity calculated by the AB method was
slightly higher than that of the OSUE method at 0130 LT, whereas for all other times, the SUHI intensity
calculated by the AB method was lower than that by the OSUE method (Figure 10). The strongest
surface urban heat island time from the OSUE method within an entire day was similar to the time
that had the highest temperature, namely, 1330 LT. However, the strongest urban heat island time was
the time with the lowest temperature from the AB method, which was 1330 LT. In addition, in the
AB method, the SUHI intensity reached its maximum value at approximately 01:30, and it was slightly
higher (about 0.058 ◦C) than at 13:30. This outcome may have occurred because the rural area pixels
occupied a high proportion in the AB method and the temperature of the barren land in rural areas
decreases rapidly in nighttime, resulting in the high nighttime SUHI intensity from the AB method.
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Figure 10. Trends of daily surface urban heat island (SUHI) in 36 major cities in China with the
administrative borders (AB) and optimized simplified urban-extent (OSUE) methods.

In general, the driving factors of the SUHI intensity with these two methods were quite different,
especially those related to social development, which suggested that the SUHI calculated by the
AB method may be better able to help people study the social development factors that cause the
UHI effect.
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3.3. Predictive Models of SUHIs

We developed predictive models for the SUHI obtained from the AB and OSUE methods during
the daytime and nighttime. The models based on the combination of the natural and social factors
accounted for 31.8–74.3% of the SUHIs (Table S1). The natural condition factors included the Pr,
M index, and NDVI. The social factors included the GDP, population and RN. The NDVI had negative
effects on the daytime SUHI in both the AB and OSUE methods, while the RN had a positive influence.
The NDVI and Pr had positive effects on the nighttime SUHI with both the AB and OSUE methods,
while M had a negative influence. The remaining factors had opposite effects on the SUHI based on
the two methods.

The relative contributions of the potential drivers can be quantified by the standard coefficients
of the regression models (Figure 11). The explanation rates of natural conditions for the SUHIs with
the AB method were 50.9% (daytime Terra), 54.4% (daytime Aqua), 42.1% (nighttime Terra), and 47%
(nighttime Aqua). The explanation rates of social development for the SUHIs with the AB method were
22.1% (daytime Terra), 19.9% (daytime Aqua), 12.3% (nighttime Terra), and 11.6% (nighttime Aqua).
The explanation rates of natural conditions for the SUHIs with the OSUE method were 60% (daytime
Terra), 53.5% (daytime Aqua), 26.6% (nighttime Terra), and 34.7% (nighttime Aqua). The explanation
rates of social development for the SUHIs with the OSUE method were 5.1% (daytime Terra), 8.9%
(daytime Aqua), 5.2% (nighttime Terra), and 5.8% (nighttime Aqua). The results showed that vegetation
had a significant impact as a temperature regulator of the daytime SUHI, whether with the AB method
or the OSUE method. The daytime SUHI calculated with the AB method was significantly more
affected by the social development factors than that calculated by the OSUE method. In the AB method,
RN is an important factor, which means that the proportion of urban and rural pixels participating in
the calculation of the SUHI would have a relatively large impact on the results.
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4. Discussion

Although the SUHI intensity is primarily controlled by diverse rural extents, the methods
for selecting appropriate rural extents for future research remain largely unclear. Few previous
studies on the uncertainty of SUHI intensity have focused on the differences in the driving factors
of the calculations from different methods, with most of the comparison generally focusing on the
spatiotemporal distribution [27,46]. However, the most important purpose of UHI research is to explore
the drivers of the UHI phenomenon and to propose further mitigation suggestions. Therefore, in this
study, we not only compared the differences between the AB and OSUE methods from the perspective
of the spatiotemporal patterns but also analyzed the differences in the driving factors.

In Section 3, the differences between the two methods were fully demonstrated. We can clearly see
that, in most cases, the two methods exhibited similar temporal and spatial patterns, especially on the
national scale (Figures 3 and 4) and the monthly scale (Figures 8 and 9). Specifically, the daytime in the
southeastern areas and the nighttime in the northern areas had higher SUHI intensities than the rest of
China, which was consistent with previous conclusions on the SUHI in China in the literature [21].
From the perspective of the driving factors, both methods showed a very large daily difference due
to the different driving factors of UHI during the daytime and nighttime, which were mentioned in
several previous studies [21,32,47,48]. A comparison of the above two points, with the conclusions of
previous studies, shows that the FB and CD or SUA showed differences in SUHI intensity, although the
differences in the spatiotemporal modes were negligible. The two methods showed great differences in
terms of anthropogenic factors. The most likely reason for these differences was that the spatial extents
(administrative borders) of the data used in the AB method for the driving factor analysis were more
closely aligned with the true borders.

On this basis, we conducted a thought experiment from the perspective of the standardization
of the calculation of the SUHI, that of, is the AB method a valuable option for the calculation of
SUHI intensity in multiple cities? Although some researchers argue that it is not appropriate [38],
the AB method is simple and versatile. Moreover, two additional reasons support our use of the
AB method in the SUHI intensity calculations: (i) for Chinese cities, the rural areas within the
administrative borders typically correspond well to the associated size of the urban areas [27] (ii) and
some studies have confirmed that the administrative division has a significant impact on the spatial
form of an urban area [49]. The above two points support the rationality of using the AB method
to calculate the SUHI intensity. According to the above points, we have sufficient evidence that the
AB method has great application potential for future UHI studies, especially in regard to the analysis
of the anthropogenic driving factors.

The strength of the UHI effect is generally measured based on the SUHI intensity, and this method
can be used in most cities in China or other parts of the world. Furthermore, both the AB method
and the OSUE method used in this paper have their own advantages; thus, these two methods can
be applied for research around the world. We need to point out that each city has its own unique
characteristics, including but not limited to the climate, development mode, urban form and urban
planning. Our conclusions based on a spatial-temporal analysis may not be universally suitable to
all regions or time spans. However, the conclusions obtained here by evaluating the potential of the
AB method in the analysis of SUHI driving factors provide a valuable reference for future research.

It is important to note that several factors should be investigated in future studies. The first is
the uncertainty created by the remote sensing data. Although the accuracy of the MODIS products
has been demonstrated in many studies, obtaining more reliable temperature data is an important
direction for urban heat island research. The second factor is the exploration of other driving factors.
It has been reported that air pollution [48] and energy consumption [17,50] will lead to an increase in
urban heat islands, but the factors that have been identified thus far cannot fully explain the occurrence
of urban heat islands. Future research on the factors that influence the UHI and are closely related
to urban development is of great significance. The third point is the exploration of the calculation
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methods for urban heat island intensity. There is still no unified calculation standard for the SUHI
intensity, which is an important direction that can be explored in the future.

5. Conclusions

By comparing the differences between the two methods of AB and OSUE, we not only mapped the
spatiotemporal patterns in 36 major cities in mainland China, but also explored whether administrative
borders represent an appropriate standard range for the rural extent in SUHI intensity calculations.
The SUHI intensity obtained from the two methods did not show significantly different spatial
distributions or temporal trends, especially seasonally. The daytime in the southeastern areas and the
nighttime in the northern areas had higher SUHI intensities than the rest of China and the daytime
SUHI intensity is the highest in summer and the lowest in winter. However, in the regression analysis
with the driving factors, the anthropogenic factors had a more significant influence on the SUHI
intensity of the AB method. In the AB method, GDP and population were two of the most important
drivers of SUHI intensity during the day and night, respectively. These conclusions stress the necessity
of further research of the UHI drivers. We suggest that in future studies on the socioeconomic drivers
of UHIs such as the analysis of negative spillover effect from UHIs by using a spatial econometrics
model, more attention should be paid to the application of the AB method. However, uncertainties
remain in the current study and the standardized calculation for SUHI intensity needs deeper research
through attribution analysis or numeric modeling.

As administrative divisions are a universal phenomenon in human society, the conclusions of this
study also have a certain reference value at the global scale and are worthy of further expansion such
as adding more ponderable drivers in future research.

Supplementary Materials: The following are available online at http://www.mdpi.com/2071-1050/12/2/478/s1,
Table S1. Model equations of the surface urban heat islands (SUHI) intensities. NDVI: differences in normalized
difference vegetation index between urban and rural areas; R2: coefficient of determination; M, differences in
moisture index between urban and rural areas; Pr: differences in moisture index between urban and rural areas;
Po: resident population; GDP: gross domestic product; RN: the ratio of the number of urban pixels to the number
of rural pixels involved in the calculation in each city. *, ** or *** indicates significance at the 1%, 5% or 10% levels,
respectively. Figure S1. Daytime and nighttime SUHI intensity (mean ± standard error) from the administrative
borders (AB) and the optimized simplified urban-extent (OSUE) methods for each region.
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Abstract: The effect of the expansion of urban impervious surfaces on surface urban heat islands
(UHIs) has attracted research attention due to its relevance for studies of local climatic change and
habitat comfort. In this study, using five satellite images of Xiamen city, Southeast China (four
images from the Landsat 5 Thematic Mapper (TM) and one from the Landsat 8 Operational Land
Imager/Thermal Infrared Sensor (OLI/TIRS)) acquired in summer between 1989 and 2016, together
with spatial statistical methods, the changes in impervious surface area (ISA) were investigated,
the spatiotemporal variation of the intensity of urban heat islands (UHIs) was explored, and the
relationships between land surface temperature (LST) and the percentage of impervious surface area
(ISA%), the normalized difference vegetation index (NDVI), and fractional vegetation coverage (Fv)
were investigated. The results showed the following: (1) According to the biophysical composition
index (BCI) combined with an ISA post-processing method, Xiamen has witnessed a substantial
increase in ISA, showing a 6.1-fold increase from 1989 to 2016. The direction of ISA expansion was
consistent throughout the study period in each of the five districts of Xiamen; (2) a bay-like UHI form
is observed in the study area, which is remarkably distinct from the central-radial UHI form observed
in previous studies of other cities; (3) the extent of UHIs in Xiamen greatly increased between 1989
and 2016, experiencing a 4.7-fold increase in UHI areas during this time. However, during the same
period, the urban heat island ratio index (URI)—that is, the ratio of UHI area to ISA—decreased
slightly. The UHI area decreased in some urban parts of Xiamen due to a significant increase in
vegetation coverage, urban village redevelopment, and the construction of new parks; (4) sea ports
and heavy industrial zones are the greatest contributor to surface UHI, followed by urban villages;
and (5) LST is strongly positively correlated with ISA%. Each 10% increase in ISA was associated
with an increase in summer LST of 0.41 to 0.91 K, which compares well with the results of related
studies. This study presents valuable information for the development of regional urban planning
strategies to mitigate the effects of UHIs during rapid urbanization.

Keywords: urban heat island; impervious surface area; biophysical composition index; remote
sensing; coastal city; Xiamen

1. Introduction

Over the past several decades, urbanization has progressed at an unprecedented rate throughout
the world [1]. In 1950, only 29% of the global population lived in urban areas; however, by 2018, this
proportion was 55%. Furthermore, the UN Population Division estimates that the global percentage of
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urban residents will increase to 68% by 2050 [2]. In 1978, China’s urban population was 170 million,
representing 17.4% of China’s population at the time; however, by the end of 2018, more than 831 million
Chinese lived in cities, accounting for 59.6% of the country’s population. Coastal urban regions in China
have undergone particularly rapid population growth and strong economic growth [3]. Approximately
11.0% of China’s population lives in the Yangtze River Delta, which represents China’s largest “super
city” and contributes approximately 23.5% of the country’s GDP (2018 data) [4]. Urbanization inevitably
involves the transition from natural vegetation coverage to impervious surfaces (e.g., paved roads,
building roofs, and parking lots) [5]. Thus, although it brings great social and economic benefits,
urbanization leads to a number of environmental issues, such as urban heat islands (UHIs), the
degradation of water quality, and loss of biodiversity [6]. The term “surface UHI” refers to the
phenomenon whereby the land surface temperature (LST) in urban areas is higher compared to the
surrounding rural areas [7]. The high temperature of UHIs influences not only the local and mesoscale
climate but also human health, air quality, and ecosystem functions [8]. Therefore, UHIs have received
large research attention around the world [9]. Remote sensing technology can be used to obtain
detailed images of land cover with a high temporal resolution, allowing a synoptic and uniform means
of mapping urban impervious areas and studying the effects of surface UHIs [10].

In recent years, impervious surface area (ISA) has increasingly been used as a key environmental
indicator. Impervious surface areas can reduce water quality and lead to greater soil dryness and higher
air temperatures [9]. Numerous methodologies have been constructed for the extraction of the ISA from
remote sensing images with various spatial scales in order to map ISA and evaluate their dynamics.
Three major classes of algorithms have been used for the extraction of ISA from satellite images,
namely machine learning methods, spectral unmixing techniques, and spectral index (SI) methods.
Machine learning techniques include artificial neural networks (ANNs) [11], support vector machines
(SVMs) [12], decision tree classification (DTC), classification and regression tree (CART) analysis [6],
and regression modeling [13]. Methods for the determination of empirical relationships between
various spectral and spatial characteristics include linear spectral mixture analysis (LSMA) [14–16],
and the multiple endmember spectral mixture analysis (MESMA) method [17]. A number of SIs
have been constructed to quantify the biophysical characteristics of the earth’s surface, including the
impervious surface area index [18], the normalized difference impervious surface index (NDISI) [19],
the biophysical composition index (BCI) [20,21], the modified NDISI [22], and the combinational
built-up index (CBI) [23]. Spectral indices can be used to derive ISA, usually using a simple linear
composition formula for the original image bands, reflected image bands, or other feature index bands
obtained from imagery. This index-based method does not require much a priori knowledge of image
pre-processing. Therefore, compared to machine learning methods and spectral unmixing techniques,
SIs have the advantages of uncomplicated implementation and computational convenience in practical
applications [20,21]. Furthermore, some SIs (e.g., the BCI) can be estimated using a wide range of
satellite imagery with various spatial resolutions, ranging from coarse resolution (e.g., Moderate
Resolution Imaging Spectroradiometer (MODIS)), to medium resolution (e.g., Landsat 5, Sentinel 2), to
high resolution (e.g., IKONOS) satellite imagery [20].

Satellite-derived LST has been used to study UHIs, and has been used to inform various strategies
for the mitigation of UHIs, climate modeling, and studies of local and global-scale climate change.
In recent years, there has been increasing concern regarding the effect of ISA on LST [14,19,24,25].
However, there have been few studies of the effect of urban development on surface UHIs using
satellite images taken at different times in the same season, especially in coastal cities.

Therefore, this study aimed to use remote sensing images and spatial statistical methods to
assess the effects of rapid urbanization—and particularly the rapid expansion of ISA—on UHIs in
the city of Xiamen, China, for a 27-year period from 1989 to 2016. This study focused on the changes
in ISA, investigated the area and intensity of UHIs, and revealed the relationships between LST
and (1) the percentage of impervious surface area (ISA%), (2) the normalized difference vegetation
index (NDVI), and (3) the fractional vegetation cover (Fv). The results of this study could be helpful
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for the development of regional urban planning strategies to mitigate the effects of UHIs during
rapid urbanization.

2. Study Area and Data

2.1. Study Area

Xiamen city is situated in the SE coast of Fujian Province, China (117◦53′–118◦26′ E and
24◦23′–24◦54′ N), and covers an area of 1699.39 km2 (Figure 1). The city has undulating terrain,
an elevation range of 0 to 1175 m, and has a subtropical monsoon climate and a mean annual
temperature of 21 ◦C. The city consists of two main areas—Xiamen Island and four suburban districts,
namely Jimei, Haicang, Tong′an, and Xiang′an.
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Figure 1. The location of Xiamen city. A, B, C, and D show Haicang Bay, Maluan Bay, Xinglin Bay, and
Tong’an Bay, respectively.

Xiamen is one of the four oldest special economic zones in China. In recent decades, due to the
high quality of its urban ecological environment and its diversified and growing economy, the city
has continuously attracted a huge number of new residents and has experienced significant urban
growth [26]. Xiamen has evolved from an “island-like” city to a “bay-like city” with an urban center on
Xiamen Island and various surrounding towns and suburban agglomerations located in the bays and
plains on the mainland [27]. National census data indicate that Xiamen’s resident population grew
from 1.18 million to 4.11 million between 1990 and 2018. The city’s dramatic and rapid urbanization
has led to environmental issues, such as the deterioration of water quality, loss of farmland, and the
eutrophication of offshore waters [28,29]. This urbanization, combined with the city’s diversity of
land-use/land-cover, makes Xiamen an ideal area to investigate the effects of surface urban heat islands.

2.2. Data Collection and Processing

Four Landsat 5 Thematic Mapper (TM) images and one Landsat 8 image (Table 1) were acquired
from the website of the United States Geological Survey (http://earthexplorer.usgs.gov/). Digital
elevation models (DEMs) were acquired from the Geospatial Data Cloud website (http://www.gscloud.
cn/). Landsat 8 is equipped with two instruments, the Operational Land Imager (OLI) and the Thermal
Infrared Sensor (TIRS). The Landsat 8 OLI data consist of nine spectral bands. Bands 1–7 and band 9
have a spatial resolution of 30 m, and band 8 is a panchromatic band with a 15-m spatial resolution.
The four Landsat 5 TM images have a cloud cover of less than 1.81% and covered remote mountainous
areas with forests.
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Table 1. Details of the Landsat images used in this work.

Image Type Image Acquisition
Date

Sun Elevation
Angle (Degrees) Path/Row Cloud Cover (%)

Landsat 8 OLI/TIRS 27 July 2016 66.42 119/43 1.81
Landsat 5 TM 06 Jun 2009 66.34 119/43 0.31
Landsat 5 TM 23 May 2004 64.68 119/43 0.00
Landsat 5 TM 20 July 1996 56.60 119/43 0.16
Landsat 5 TM 15 Jun 1989 61.40 119/43 1.71

Note: OLI: Operational Land Imager; TIRS: Thermal Infrared Sensor; TM: Thematic Mapper.

Detailed descriptions of the images used in this study are shown in Table 1. The images were
all acquired in the same season with adjacent sun elevation angles and clear sky conditions. All
images were divided using the Universal Transverse Mercator projection (zone 50N). The images
were georegistered with root-mean-square (RMS) errors of less than 0.5 pixels. The images were
pre-processed via an atmospheric correction procedure that is based on the dark object subtraction
(DOS) method [30,31].

3. Methods

3.1. Image-Based Atmospheric Correction Method

The DOS method for atmospheric correction [30,31] was applied to both the Landsat 5 TM and
Landsat 8 OLI images. It can be expressed as:

ρ =
(Lsat − Lhaze)·π·d2

ESUN·cosθ
, (1)

where ESUN represents the exo-atmospheric solar spectral irradiance; ρ represents the surface
reflectance; Lsat represents the spectral radiance at the aperture of the sensor (W/(m2·sr·µm)); Lhaze
represents the path radiance, which is derived using continuous relative scatter [30] for Landsat 5
TM images and using the lowest valid value attribute table method [32] for Landsat 8 OLI images; θ
represents the solar zenith angle (◦); and D represents the normalized Earth–Sun distance.

Lsat can be written as:
Lsat = Gain·DN + Bias, (2)

where DN represents the remotely sensed digital number, and Gain and Bias represent the radiometric
gain and bias gain for a specific band, respectively, and were obtained from the head files of images.

3.2. Retrieval of Land Cover

To determine the recent land surface cover in Xiamen, the main land cover was first retrieved,
namely the impervious built land, vegetation, bare land, and water bodies (sea, ponds, beach, rivers,
and lakes). Therefore, the land cover in the study was divided into two classes, namely impervious
areas and non-impervious areas (i.e., vegetation, bare land, and water bodies).

3.2.1. Retrieval of Vegetation Index

The NDVI was used to extract vegetation [33]. This index is given by:

NDVI = (ρNIR − ρRed)/(ρNIR + ρRed), (3)

where ρNIR and ρRed represent the spectral reflectance of the red and NIR bands, respectively, for the
Landsat 5 TM and Landsat 8 OLI images.
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3.2.2. Retrieval of Water Index

The modified normalized difference water index (MNDWI) of Xu [34,35] was applied to delineate
open water features. The index is given by:

MNDWI = (ρGreen − ρSWIR1)/(ρGreen + ρSWIR1), (4)

where ρGreen and ρsWIR1 are the spectral reflectance of the green and short-wave infrared 1 bands,
respectively, for TM/OLI images.

3.2.3. Retrieval of Bare Land Index

The modified normalized difference bare index (MNDBaI) [36] was used to extract bare land. The
index is expressed as follows:

MNDBaI = (ρRed − ρBlue)/(ρRed + ρBlue), (5)

where ρRed and ρBlue represent the spectral reflectance of the red and blue bands, respectively, for
TM/OLI images.

3.2.4. Retrieval of Impervious Surface Area

Deng et al. [20] proposed the BCI, the calculation of which involved a modification of the Tasseled
Cap (TC) transformation, to effectively distinguish impervious surfaces or other impervious features
from non-impervious features (e.g., soil and vegetation) based on a vegetation–impervious surface–soil
(V-I-S) triangle model. In this study, the BCI was used to distinguish impervious surfaces in order
to avoid the shortcomings of spectral mixture analysis (SMA) methods regarding the selection of
endmembers and endmember signature specification [15]. The BCI can be calculated as follows:

BCI =
(H + L)/2−V
(H + L)/2 + V

, (6)

where H represents the normalized first tasseled cap (TC1) (i.e., high albedo); V represents the
normalized second tasseled cap (TC2) (i.e., vegetation); and L represents the normalized third tasseled
cap (TC3) (i.e., low albedo). These three factors can be given by the following equations:

H =
TC1− TC1min

TC1max − TC1min
, (7)

V =
TC2− TC2min

TC2max − TC2min
, (8)

L =
TC3− TC3min

TC3max − TC3min
, (9)

where TCi (i = 1,2,3) represent the first three TC components; and TCimin and TCimax represent the
minimum and maximum values of the ith TC component, respectively.

The TC transformation was performed by constructing linear combinations of the original or
reflected image bands. The TC transformation reflectance coefficients for the TM and OLI images
(Table 2) were obtained from Crist [37] and Li et al. [38], respectively:

Water bodies for five different periods from 1989 to 2016 were masked out before estimating
ISA using the MNDWI. Then, BCI maps of the study area were produced for the five different
periods using Equation (6). Subsequently, impervious surface features were extracted from the BCI
maps using optimum threshold values, which were manually adjusted with the aid of Google Earth
(GE) images. However, it was found that the Landsat 5 and Landsat 8 BCI images were not very
effective for separating impervious surfaces, beach land, and bare soil due to the similarity of the
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spectral characteristics of these three surfaces in Landsat imagery. This problem was also reported
by Deng et al. [20], who determined the BCI in Wisconsin, USA, using Landsat Enhanced Thematic
Mapper Plus (ETM+) and IKONOS images. During rapid urbanization, a large amount of bare land is
converted from vegetation and water bodies. Furthermore, beach land is one of the most important
land cover types for a coastal city, such as Xiamen. To address the problem of their spectral confusion,
we first separated ISA and bare soil using Equation (5) and then separated ISA and beach land using a
combination of TC3 and the DEM [36].

Table 2. Reflectance coefficients the first three Tasseled Cap (TC) components for Landsat sensors.

Sensor TCs Coastal Blue Green Red NIR SWIR1 SWIR2

Landsat
5 TM

TC1 - 0.2043 0.4158 0.5524 0.5741 0.3124 0.2303
TC2 - −0.1603 −0.2819 −0.4934 0.7940 −0.0002 −0.1446
TC3 - 0.0315 0.2021 0.3102 0.1594 −0.6806 −0.6109

Landsat 8
OLI/TIRS

TC1 0.2540 0.3037 0.3608 0.3564 0.7084 0.2358 0.1691
TC2 −0.2578 −0.3064 −0.3300 −0.4325 0.6860 −0.0383 −0.2674
TC3 0.1877 0.2097 0.2038 0.1017 0.0685 −0.7460 −0.5548

Note: SWIR: short-wave infrared.

The overall accuracy (OA) of the three extracted ISA images was assessed. Three higher-resolution
images for the corresponding years were used as reference data to assess the accuracy of the ISA
classification, namely GE images with a spatial resolution of 1 m, which were acquired in December 2003,
October 2009, and June 2016. Six hundred pixels were sampled in each image at random. The determined
overall accuracies were 90.67% (2004), 90.50% (2009), and 92.17% (2016), with corresponding Kappa
values of 0.813, 0.810, and 0.843. These results suggest that the ISA classification has a relatively high
accuracy and is appropriate for the purposes of this study.

3.2.5. Impervious Surface Expansion Index (ISEI) and Fan Analysis

Equation (10) was used to calculate the impervious surface expansion index (ISEI) to determine
the intensity of urban growth.

ISEI j = ISEIi + ∆E ∆E =
IS j − ISi

ISi( j− i)
, (10)

where ISEIi and ISEIj are the ISEI in year i and j, respectively; ∆E is the inrease of ISEI from year i to
year j; and ISi and ISj represent the impervious areas in the study area in year i and j, respectively.

An equal fan analysis [39] was used to characterize the expansion direction of the urban ISA
in Xiamen between 1989 and 2016. The government offices of Xiamen Island and the four districts
of Xiamen city were chosen as the centers of ISA (Figure 1), respectively, and then five circles were
drawn based on the appropriate radius for each area. Additionally, each circle was divided into 16
fans (equally spaced rays). Radar graphs showing the expansion of ISA were drawn by summarizing
the ISEI in each fan for Xiamen Island and the four districts for each study year.

3.3. Retrieval of Land Surface Temperature (LST)

The LST is an important indicator for identifying surface UHIs. Therefore, the LST across Xiamen
city in each study year was derived to study the effect of ISA expansion on surface UHIs. For Landsat
5 TM images, the thermal band 6 was used to retrieve the LST using the algorithm of Artis and
Carnahan [40]. For Landsat 8 TIRS images, thermal band 10 was used in order to retrieve the LST using
the modified single channel (MSC) algorithm of Jiménez-Muñoz et al. [41]. The two methods have the
following three common processing steps: (1) The digital numbers (DNs) of the thermal band were
first converted to a satellite spectral radiance (L) using Equation (11); (2) then, L was further converted
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to the at-satellite brightness temperature (T, in Kelvin) using Equation (12); and (3) T was converted to
the LST using the land surface emissivity (ε), which was estimated from the NDVI [25,41,42]:

L = G·Qcal + B, (11)

T = K2/ ln(K1/L + 1)), (12)

where G and B represent, respectively, the rescaled gain factor and bias factor of the thermal band, in
W/(m2·sr·m); and K1 and K2 represent the calibration constants. G, B, K1, and K2 were obtained from
the head files of the Landsat 5 TM and Landsat 8 TIRS images. Qcal represents the quantized calibrated
pixel value (in DN) of the thermal band.

The Artis and Carnahan algorithm is given in Equation (13):

LST = T/[1 + (λT/ρ)lnε], (13)

where λ represents the wavelength of the central band (λ = 11.5 µm); ρ = 1.438 × 10−2 m·K; ε
represents the land surface spectral emissivity of band 6 of Landsat 5 TM; and Ts is the land surface
temperature (K).

The equation for the MSC algorithm is as follows:

LST = γ
[
ε−1(ψ1L +ψ2) +ψ3)

]
+ δ, (14)

where ψ1, ψ2, and ψ3 represent the atmospheric functions; τ represents the atmospheric transmission;
and γ and δ represent two parameters expressed by the following equations:

γ ≈ T2/
(
bγL

)
δ ≈ T − T2/bγ, (15)

ψ1 = 1/τ,ψ2 = −L↓ − L↑
τ

,ψ3 = L↓, (16)

where bγ is 1324 for the TIRS band 10; τ represents the atmospheric transmissivity; and L↑ and L↓
represent the upwelling atmospheric radiance and the downwelling atmospheric radiance, respectively.
The three parameters, τ, L↑ and L↓, were obtained using an atmospheric correction parameter calculator
on the NASA (National Aeronautics and Space Administration) website (https://atmcorr.gsfc.nasa.gov/).
This calculator requires the following inputs: (1) Geographical location; and (2) the date and time of
the Landsat 8 satellite overpass.

3.4. LST Normalization and Determination of Urban Heat Island Ratio Index (URI)

The thermal environment of the urban surface was represented by the LST [43]. To facilitate the
comparison of the LST over a period of time, a normalized LST equation was used, which reduces the
temporal variability of the LST [25,44]:

Ui =
Ti − Tmin

Tmax − Tmin
, (17)

where Ui is the value of the i-th pixel of the normalized LST image; Ti is the initial value of pixel i in
the LST image; and Tmin and Tmax are the minimum and maximum LSTs on the LST image.

The normalized LST image in urban areas characterized by impervious surface areas was further
divided into six levels using a density slice technique based on the mean and standard deviation of the
LST in the normalized LST image (Table 3) [45,46]. The combination of level 5 and level 6 was taken to
be the UHI distribution zone. Thus, the spatial distribution and temporal variation of UHIs could be
simply determined using a single graded urban LST map.
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Table 3. Details of the density slice technique which was used to divide the normalized land surface
temperature (LST) image.

Level Ui Value UHI Meaning Description

1 ≤Tm − 1.5Std Very low-temperature zone
No UHI
distribution zone

2 >Tm − 1.5Std and ≤Tm − 0.5Std Low-temperature zone
3 >Tm − 0.5Std and ≤Tm Moderate temperature zone
4 >Tm and ≤ Tm + 0.5Std Sub-high-temperature zone

5 >Tm + 0.5Std and ≤Tm + 1.5Std High-temperature zone UHI distribution
zone6 >Tm + 1.5Std Very high-temperature zone

Note: Tm and Std are the mean and standard deviation of the LST in the normalized LST image, respectively; and Ui
is the value of pixel i of the normalized LST image. UHI: urban heat island.

We introduced the urban heat island ratio index (URI) proposed by Xu and Chen [44] in Equation
(18), below. The URI is the ratio of the UHI area to the urban impervious area, which has been a key
indicator of assessing an urban thermal environment in Technical Criterion for Eco-environmental
Status Evaluation (trial) issued by the Ministry of Ecology and Environment of China. The URI can be
used to investigate the variations in the UHI intensity using multi-date remote sensing data. Generally,
the larger the URI, the stronger the UHI effect is:

URI =
1
m

n∑

i=1

wiPi, (18)

where m represents the number of levels in the normalized LST image (m = 6 in this study); i is the
level of the UHI; m is the number of normalizations; n is the level of the UHI areas (n = 2 in this study);
w is the weight using the value of corresponding level i (w = 5 or 6 in this study); and Pi represents the
percentage of level i.

The mean intensity of UHIs is defined as the difference between the LST of the urban area and the
background LST of the rural area:

Im = TIS -Tnon-IS, (19)

where Im represents the mean intensity of the UHI effect (in K) in the study area, TIS represents the
mean LST (in K) of the urban ISA, and Tnon-IS represents the mean LST (in K) in the non-ISA except for
the sea area.

3.5. Statistical Analysis

Regression analysis was employed to quantify the LST relationships to NDVI, ISA% (Equation (20)),
and Fv (Equation (21)). A zonal analysis method [14] was used to determine the mean LST at each 0.01
increment of the NDVI from −1 to 1, each 0.01 increment of the Fv from 0 to 1, and each 1% increment
of ISA% from 0% to 100%. At each increment of NDVI, Fv, and ISA%, a mean LST value was derived
from all corresponding pixels.

The BCI was used to determine ISA%, which was expressed as follows:

ISA% = (BCIi − BCImin)/(BCImax − BCImin), (20)

where BCInor is the normalized BCI; BCIi is the original BCI value of pixel i; and BCImin and BCImax
represent the minimum value and maximum value of the original BCI, respectively.

Fractional vegetation coverage was calculated after Gutman and Ignatov [47,48]:

fv = (NDVI − NDVI0)/(NDVIs − NDVI0), (21)
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where NDVI is the NDVI value of a pixel, NDVI0 is the NDVI value for bare soil, and NDVIs is
the NDVI value of a surface with an Fv of 100% (which in this study was obtained from extremely
dense forest).

4. Results and Discussion

4.1. Changes in Urban Impervious Surface Area (ISA)

The results show that the ISA in Xiamen city increased dramatically over the study period,
from 63.06 km2 in 1989 to 447.04 km2 in 2016, a net increase of 384.01 km2 (Figure 2). This corresponds
to an average annual increase rate of 14.22%. The majority of the increase in ISA occurred between
2004 and 2016, when the ISA grew by 238.11 km2. The increase in ISA was mostly concentrated in the
areas surrounding Xinglin Bay, Tong’an Bay, Malyuan Bay, and Xiamen Island (Figure 2). Between
1989 and 2016, Xiamen underwent a transformation from an “island-like” city to a “bay-like” city.
There may be two main reasons for this transformation. Firstly, a development plan was launched
in 2003 to combat overpopulation and unbalanced economic development between rural and urban
areas in Xiamen, which prioritized the development of areas around the four aforementioned bays to
form new urban centers [26]. Secondly, Xiamen’s ISA growth is constrained by its proximity to the
coast. The bay-like city form is distinctly different from inland cities, where the main pattern of ISA
expansion approximately follows the form of concentric circles surrounding a central area (i.e., “urban
sprawl”) [27].
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As shown in Figure 3, the increase in ISA in Xiamen between 1989 and 2016 came at the cost of
vegetation and water areas. A total of 82.53% of the added ISA, which was constructed between 1989
and 2016, was converted from vegetated areas, representing a loss of vegetated land at a rate of over
11.76 km2 per year. Meanwhile, 17.26% of the added ISA was converted from water areas, mostly sea
areas adjacent to land. Only 0.21% of the added ISA was converted from bare land and other land-cover
categories. In many coastal cities, coastal reclamation is one of the most important approaches to
supply land resources to support an expanding population. However, coastal reclamation can lead to
marine environmental problems, such as a reduction in the quality of the marine environment, habitat
degradation, and a reduction in coastal biodiversity. In 2016, the Xiamen local government designated
981 km2 of ecologically sensitive areas (such as sea, reservoir water sources, ecological forests, and
basic farmland, etc.) as an ecological protection “red line” in an attempt to strictly protect ecological
resources and control urban expansion.
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The spatial distribution of the expansion of ISA in Xiamen city during the study period is presented
in Figure 4 and Table 4. In Xiamen Island, the ISA expanded multi-directionally before 2009, that is,
to the northeast, east-northeast, and east. However, between 2009 and 2016, the expansion was more
uni-directional, that is, towards the northeast, and lower ISEI values were observed. In the Jimei,
Haicang, Xiang′an, and Ton′g′an districts, the ISA expansion was uni-directional before 2004; however,
between 2009 and 2016, the expansion became multi-directional, and higher ISEI values were observed.
In Jimei District, the ISA mainly expanded to the west between 1989 and 2004, and then expanded
gradually to the west-northwest and northwest between 2004 and 2016. In Haicang District, the ISA
expanded to the northwest between 1989 and 1996, to the west-southwest between 1996 and 2004,
and to the west-southwest and northwest–west-northwest during 2004–2016. In Xiang’an District, the
ISA mainly expanded to the north between 1989 and 2004, and expanded significantly to the north,
north-northeast, and north-northwest between 2004 and 2015. In Tong’an District, the ISA mainly
expanded to the south-southwest between 1989 and 1996, expanded to the south and south-southwest
between 1996 and 2004, and expanded gradually to the south, south-southwest, and southwest between
2004 and 2016. In Xiamen Island, the ISA mainly expanded to the northeast, east-northeast (ENE), and
east between 1989 and 2009. However, between 2009 and 2016, the ISA expansion sharply decreased in
all directions except the northeast.
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Figure 4. Spatial distribution of the expansion of ISA in various areas of Xiamen city during 1989–2016.
(a) Xiamen Island. (b) Jimei District. (c) Haicang District. (d) Xiang′an District. (e) Tong′an District.

Table 4. Spatial characteristics of the expansion of impervious surface area (ISA) in Xiamen city
during 1989–2016.

District Period Increase in ISA
(km2) ∆ISEI Expansion

Direction

Xiamen Island

1989–1996 22.94 0.205 NE-ENE-E
1996–2004 25.81 0.202 NE-ENE-E
2004–2009 16.67 0.208 NE-ENE-E
2009–2016 5.89 0.053 NE

Jimei

1989–1996 10.40 0.093 W
1996–2004 15.45 0.121 W
2004–2009 24.65 0.308 W-WNW-NW
2009–2016 29.90 0.267 W-WNW-NW

Haicang

1989–1996 8.41 0.075 NW
1996–2004 19.81 0.155 NW, WSW
2004–2009 15.44 0.193 NW-WNW, WSW
2009–2016 21.26 0.190 NW-WNW, WSW

Tong’an

1989–1996 9.17 0.082 SSW
1996–2004 15.22 0.119 S-SSW
2004–2009 31.51 0.394 S-SSW-SW
2009–2016 34.45 0.308 S-SSW-SW

Xiang’an

1989–1996 5.07 0.045 N
1996–2004 13.52 0.106 N
2004–2009 23.10 0.289 NNW-N-NNE
2009–2016 30.78 0.275 NNW-N-NNE

Note: ISEI: Impervious Surface Expansion Index.
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4.2. Changes in Urban Heat Islands

Figure 5a–e shows the distribution of UHIs in Xiamen city over the study period. As can be seen in
the figure, similar to the changes in ISA shown in Figure 2, the distribution of UHIs varied significantly.
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the urban ISA and the NIAs) were, on average, 3.56, 2.92, 3.01, 3.93, and 6.36 K in 1989, 1996, 2004, 

1989 1996 2004 

2009 2016 

Figure 5. Graded urban land surface temperature (LST) maps indicating the distribution of urban
heat islands (UHIs) in Xiamen city from 1989 to 2016. The different colors represent LST levels 1–6,
representing increasing LST. XMU: Xiamen old downtown area; TAU: Tong’an old downtown area; A:
Haicang bonded port zone; B: Xinyang industrial area (IA); C: Dongfu IA; D: Guankou IA; E: Xinglin
IA; F: Northern industrial zone in Jimei District; G: Tong’an IA; H: Tong’an Chengdong IA; I: Xiangbei
IA; J: Xiang’an IA; K: Airport industrial and logistics park; L: Xiangyu bonded zone with seaport and
logistics park. The blue line indicates the coastline.

Table 5 shows statistics of the LST of impervious and non-impervious areas (NIAs) in Xiamen
from 1989 to 2016. As shown in the table, in general, impervious areas exhibited a higher LST
than non-impervious areas. The mean intensities of the UHIs (that is, the mean difference in LST
between the urban ISA and the NIAs) were, on average, 3.56, 2.92, 3.01, 3.93, and 6.36 K in 1989,
1996, 2004, 2009, and 2016, respectively. The large standard deviations of LST for ISA indicate that
these surfaces experience a large variation in LST due to the use of diverse construction materials.
Furthermore, the higher standard deviation of the LST for NIAs in 2009 and 2016 shows that great
temperature fluctuations occurred over the study area in these years (Table 5). These results indicate
that urbanization increased the LST by an average of 3.56 and 6.36 K in 1989 and 2016, respectively,
by replacing natural environments (vegetation and water) with non-transpiring, non-evaporating
surfaces such as stone, asphalt, and concrete. This observation suggests that the construction of ISA
could contribute to the development of UHIs much more than the construction of NIAs (such as
forestland, water, and cultivated land), and that urban expansion raises the land surface temperature.
Therefore, the effects of UHIs can be mitigated by optimizing land development, land-use planning,
and constructing areas of natural vegetation.
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Table 5. Statistics of the LST (in K) of impervious and non-impervious areas in Xiamen city from 1989
to 2016.

Year Non-Impervious Areas Impervious Areas

Tmin Tmax Tmean SD Tmin Tmax Tmean STD

1989 297.10 307.91 301.06 1.56 298.05 307.91 304.62 1.56
1996 295.35 304.74 299.22 1.55 296.73 304.74 302.14 1.23
2004 295.44 307.56 299.54 1.31 295.44 307.56 302.55 1.68
2009 295.80 312.64 301.49 1.74 298.68 312.64 305.42 1.94
2016 296.45 323.11 307.20 3.07 301.55 323.11 313.56 2.39

Note: Tmin, Tmax, and Tmean refer to the maximum LST, minimum LST, and mean LST. SD represents one standard
deviation of Tmean.

The distribution and intensities of UHIs in Xiamen city changed greatly from 1989 to 2016. In 1989,
the UHI hotspots (i.e., clusters of neighboring thermal patches that have higher UHI grades) [49]
mainly occurred in the old downtown area of the city (Figure 5a), which contains a number of urban
villages and traditional heavy industries. As urbanization continued, new hotspots appeared in the
districts of Jimei, Tong’an, Haicang, and Xiang’an. By 2016, the number of UHI hotspots in the urban
area had increased to 12 (Figure 5e). The new hotspots were likely due to the rapid development of
airports, seaports (such as the Xiamen Xiangyu Bonded Zone and the Haicang Bonded Port), and heavy
industries, such as the food, automobile, petrochemical, and machine-building industries (Figure 5).
For example, there are plans to construct an industrial area with a size of approximately 12 km2 in the
main industrial zone in Tong’an District, which would become the largest industrial area in Xiamen
city. Almost all of the UHI hotspots in Xiamen exist along the coastline of Xiamen Island or in the
four bay areas, except for two hotspots in Xiang’an District (Figure 5e). The spatial distribution of
UHI hotspots results in a bay-like UHI form. This form is obviously distinct from the central-radial
UHI pattern caused by ISA expansion in the form of concentric circles around a central area that was
observed in other cities in previous studies. In the central-radial UHI pattern, the highest UHI grades
appear in the central area and UHI grades gradually decrease with increasing distance from the center.
The central-radial UHI pattern was observed by Mathew et al. [50] in Chandigarh City, India. The UHI
form in Xiamen is similar to that reported for Hong Kong by Li and Zhang [51].

This work suggests that seaports and heavy industrial activities may increase the temperature of
the urban environment. For example, seaports that are built on massive areas of reclaimed wetland
have extremely high ISA, and could lead to the presence of large UHIs. As shown in Figure 6(b1),(c1),
there is a great difference in the UHI level between zones of heavy industry (Guankou industrial area)
and zones of high-technology industry (Xiamen software park). Zones of heavy industry have high
impervious surface areas, large areas of endothermic roofing, and produce large amounts of waste heat,
and could therefore also contribute to the creation of UHIs. This was also noted by Zhao et al. [49].
On the contrary, zones of high-technology industry form “cool” islands as they have low impervious
surface areas, lower endothermic roofing area, no waste heat release, and large areas of vegetation.
Additionally, from Figure 6(a1), a clear difference can be observed between “cool” islands in high-rise
residential areas and heat islands in urban villages. Figure 6(a1) indicates that high-density low-rise
urban villages with low vegetation cover are another important thermal source for Xiamen city. There
are a number of urban villages in Xiamen. Therefore, re-planning of the old downtown area, from
urban villages to high-rise residential areas, is an important approach to mitigate UHIs.
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Figure 6. Graded urban land surface temperature (LST) maps for three impervious surface types (“1”
suffix) for 2016, and their corresponding Google Earth images (“2” suffix). (a) Residential areas (urban
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(a2) indicates the division between urban villages and high-rise residential areas.

In this study, the UHI distribution zone was defined as the superposition of levels 5 and 6 of
the normalized LST data. The total areas of the UHI distribution zone were 20.07, 39.47, 56.73, 82.88,
and 114.98 km2 in 1989, 1996, 2004, 2009, and 2016, respectively, accounting for 1.18%, 2.32%, 3.34%,
4.88%, and 6.77% of the total area of the city in that year, respectively. As shown in Figure 7, before
2009, Xiamen Island had the largest UHI area among the five studied zones (Xiamen Island and Jimei,
Haicang, Tong’an, and Xiang’an districts). In 2016, the area of UHIs in Tong’an District exceeded that
in Xiamen Island, and the area of level-6 UHIs in Jimei District was greater than that in Xiamen Island.
This finding suggests that the greatest intensity of UHIs may not always be located in Xiamen Island,
and that UHI centers had spread from Xiamen Island to outside of the island by 2016. In 2016, Xiamen
Island contained 51.6% of the population of Xiamen city and had a high population density of 12,823
people per square kilometer. However, in the same year, the UHI area in Xiamen Island only accounted
for 22.04% of that of Xiamen city. This indicates that population density is not a key factor related to
surface UHI in Xiamen city.
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The URI values were 0.281, 0.285, 0.239, 0.231, and 0.229 in 1989, 1996, 2004, 2009, and 2016,
respectively; that is, while the area of UHIs increased over the study period, the URI decreased. In 1989,
9.23% of the urban area of Xiamen city corresponded to the highest LST level (level 6) while 22.6%
corresponded to level 5; by 2016, the same values had reduced to 7.48% and 18.57%, respectively. This
can be clearly observed in the old downtown area by comparing Figure 5a,b,e. This indicates that the
relative area of UHIs slightly reduced in the old downtown area during the study period. As shown in
Figure 5, in 1989, there was a large concentrated area with a level-6 LST in this area; however, the LST of
this area had largely reduced to level 4 or 5 by 2004 and had reduced even further by 2016. This change
can largely be attributed to the fact that the local government and the public took measures to improve
the living environment of the old downtown area. First, in the early 1990s, Xiamen‘s local government
proposed a new policy for the development of industry, which encouraged the development of the
tertiary industry in Xiamen Island and the removal of primary and secondary industries to areas
outside of Xiamen Island. Therefore, a large number of heavy industry factories were moved out
of Xiamen Island. Second, since 1989, Xiamen’s ecological green space has been greatly expanded.
For example, in 2001, Xiamen had 31 parks with a combined area of 4.51 km2 while in 2016, it had
120 parks with a combined area of 26.04 km2. Moreover, by the end of 2020, the number of parks in
Xiamen city (including integrated parks, mountain parks, special parks, and community parks) is
expected to reach 342 and cover a total area of 124.20 km2, including 40.52 km2 of green buffers and
83.68 km2 of park green. Additionally, in the 1990s, plans for the redevelopment of urban villages were
proposed by Xiamen’s local government. Some urban villages in Xiamen city have been transformed
from high-density low-rise residential areas with scarce vegetation cover to low-density high-rise
residential areas with high vegetation cover. All of the above efforts have contributed significantly to
mitigating the effects of UHIs in Xiamen city.

4.3. Relationships between LST and ISA%, Vegetation Fraction, and NDVI

Impervious surfaces and water and vegetation areas are all critical biophysical components of
urban ecosystems, and the interactions between these three components can significantly affect the
urban temperature.

As shown in Figure 8(a1–a5), a very strong linear relationship (R2 ≥ 0.93) was observed between
the mean LST and the ISA% throughout the study period, with the R2 value exceeding 0.96 between
1989 and 2009. The steepest slope of the linear correlation between LST and ISA% was observed for the
Landat-8 image acquired in summer 2016, indicating that the magnitude of UHIs (i.e., the difference
in LST between urban and rural areas) was largest in summer 2016. The lowest difference between
the LST of rural and urban areas was found for the image acquired in summer 1996, which indicates
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that the lowest UHI magnitude occurred at this time. Each 10% increase in ISA was associated with
an increase in summer LST of 0.41 to 0.91 K, which compares well with the results of related studies.
Yuan and Bauer [14] reported a 0.95 K increase in summer LST corresponding to a 10% increase in ISA
in the Twin Cities Metropolitan Area, Minnesota, USA while Li et al. [15] observed a 0.52 K increase in
summer LST corresponding to a 10% increase in ISA in Shanghai, China.
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The relationships between the mean LST and the NDVI are presented in Figure 8(c1–c5). Overall,
a negative correlation is found between LST and the NDVI from 1989 to 2016. However, the trends
are not stable, with a significant change in behavior being observed at an NDVI of around 0.2 for all
the studied years. This indicates heterogeneous effects from various non-vegetated areas, such as
wetland, bare soil, and high-density urban surfaces. These observations suggest that using the NDVI
to investigate UHIs is complicated since the NDVI is sensitive to land use changes caused by rapid
urbanization. Furthermore, previous research found that the relationship between LST and the NDVI
experiences strong seasonal changes [14,15].

The Fv has been considered to be a very accurate representation of vegetation abundance [16].
The results of the zonal analysis (Figure 8(b1–b5)) indicate that a strong negative correlation exists
between LST and Fv, with R2 values exceeding 0.94 for all the studied years. Each 0.1 increase in Fv
was associated with a decrease in summer LST of 0.43 to 0.97 K. This result also compares well with
the results of previous studies. Li et al. [15] reported a 0.61 K decrease in summer LST and a 0.31 K
decrease in spring LST corresponding to a 0.1 increase while Ma et al. [16] reported a 0.80 K decrease
in summer LST corresponding to a 0.1 increase.

Yuan and Bauer [14] and Li et al. [15] observed a strong linear relationship between LST and ISA%
using zonal analysis and the LSMA. Conversely, another study [22] found an exponential relationship
between these two parameters based on a per-pixel analysis and the NDISI. The results of the present
study suggest that a linear relationship exists between LST and ISA% using zonal analysis and the BCI,
similar to the findings of Yuan and Bauer [14] and Li et al. [15].

5. Summary and Conclusions

Landsat 5 TM and Landsat 8 TIRS/OLI thermal infrared images are of great use in the analysis
of UHIs. Using quantitative remote sensing images and statistical methods, this study investigated
the impacts of rapid urban expansion on the UHIs of a coastal city (Xiamen city, China) between 1989
and 2016.

The ISA can be a key environmental indicator. In this study, the ISA was estimated from the
remote sensing images using the BCI method. It is essential to distinguish impervious surfaces from
bare soil and beach land when using the BCI method to estimate urban ISA in places that have
experienced rapid urbanization, especially in coastal cities; however, this is complicated due to the
similar spectral properties of these three surface types. The use of the BCI combined with an ISA
post-processing method produced satisfactory results in terms of ISA identification accuracy (overall
accuracies ≥90.50% and Kappa values ≥0.810).

The results show that the ISA of Xiamen city increased 6.1-fold between 1989 and 2016. This
rapid expansion of ISA was mainly attributable to the reclamation of coastal, arable, and forest land.
The ISA expansion was gradual, and was mostly focused along Haicang Bay, Xinglin Bay, Tong’an
Bay, Malyuan Bay, and the coastline of Xiamen Island. The directions of ISA extension were generally
consistent throughout the study period in all of the five districts of Xiamen city.

The results of this study indicate that the intensity, size, and distribution of UHIs in Xiamen city
changed during the study period due to urban expansion. The expansion of ISA is a major contributor
to the size and intensity of UHIs, and therefore to urban climatic warming. Moreover, the results of this
study show that the spatiotemporal variation of UHIs is very likely to be due to surface changes caused
by the rapid expansion of ISA, the reduction of vegetated areas, and the development of industries
that produce large amounts of waste heat. Due to the fact that ISA expansion is constrained by the
coastline, combined with urban development planning, Xiamen has a bay-like UHI form. This UHI
form is markedly distinct from the central-radial UHI form observed in other cities in previous studies.

In Xiamen, sea ports and heavy industries are the most important contributors to surface UHIs
while another important contributor is urban villages. In contrast, high-rise residential areas and
new-technology industry produce relatively “cool” temperature islands. This result suggests that
certain measures (e.g., the appropriate distribution of industry, increasing the coverage of forest and
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park lands, the use of less endothermic roofing material, and the re-planning of urban villages) could
effectively alleviate the effect of UHIs, and could thus increase the healthiness of the urban environment
and promote sustainable development. Between 1989 and 2016, the total area of UHIs increased
4.7-fold (i.e., the area of UHIs increased at a lower rate than the ISA did). However, during the same
period, the ratio of the UHI area to the total ISA decreased slightly. Furthermore, the size and intensity
of UHIs reduced in some parts of Xiamen city during the study period due to a significant increase in
vegetation coverage, the re-planning of the old downtown area, and the construction of new parks.

The results of the zonal analysis suggest that a strong positive correlation exists between LST
and ISA%, consistent with the findings of recent research. Each 10% increase in ISA was associated
with an increase in summer LST of 0.41 to 0.91 K, which compares well with the results of related
studies. The relationship between LST and the NDVI is more complicated, since the NDVI is sensitive
to variations in land use cover and seasonal variations; however, at higher NDVI values, a negative
linear correlation is observed between LST and the NDVI. This study indicates that the analysis of the
ISA is useful for investigating changes in surface UHIs over time.

This study presents useful information for the sustainable planning of urban areas and for the
mitigation of the effects of UHIs. Urban ISA growth patterns may affect the distribution patterns of
UHIs. Bay-like cities may be less compact than central-radial cities. Determining which ISA growth
pattern(s) are helpful to mitigate UHIs strongly merits future research. Furthermore, it is recommended
that more remote sensing images with a higher spatial resolution (e.g., from the Sentinel-2 or Gaofen-1
satellites) and covering more metropolitan areas in different climatic zones should be extensively
investigated to improve the quantitative remote sensing of land surface temperature in order to better
determine the effects of urban development on the thermal environment of urban areas.
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Abstract: Although urbanization has contributed to improving living conditions, it has had negative
impacts on the natural environment in urbanized areas. Urbanization has changed the urban
landscape and resulted in increasing land surface temperature (LST). Thus, studies related to LST in
various urban environments have become popular. However, there are few LST studies focusing
on mountain landscapes (i.e., hill stations). Therefore, this study investigated the changes in the
landscape and their impacts on LST intensity (LSTI) in the tropical mountain city of Nuwara Eliya,
Sri Lanka. The study utilized annual median temperatures extracted from Landsat data collected
from 1996 to 2017 based on the Google Earth Engine (GEE) interface. The fractions of built-up (BL),
forested (FL) and agricultural (AL) land, were calculated using land use and cover maps based on
urban–rural zone (URZ) analysis. The urban–rural margin was demarcated based on the fractions of
BL (<10%), and LSTI that were measured using the mean LST difference in the urban–rural zone.
Besides, the mixture of land-use types was calculated using the AL/FL and BL/FL fraction ratios, and
grid-based density analysis. The results revealed that the BL in all URZs rapidly developed, while
AL decreased during the period 1996 to 2017. There was a minimal change in the forest area of the
Nuwara Eliya owing to the government’s forest preservation policies. The mean temperature of the
study area increased by 2.1 ◦C from 1996 to 2017. The magnitude of mean LST between urban–rural
zones also increased from 1.0 ◦C (1996) to 3.5 ◦C (2017). The results also showed that mean LST
was positively correlated with the increase and decrease of the BL/FL and AL/FL fraction ratios,
respectively. The grid-based analysis showed an increasing, positive relationship between mean LST
and density of BL. This indicated that BL density had been a crucial element in increasing LST in the
study area. The results of this study will be a useful indicator to introduce improved landscape and
urban planning in the future to minimize the negative impact of LST on urban sustainability.

Keywords: land use and cover; land surface temperature; built-up land; agricultural land; gradient
analysis; Nuwara Eliya; Sri Lanka
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1. Introduction

In recent decades, population growth and economic development have directly affected landscapes’
transformations in developing countries [1]. Rapid changes in the landscape have resulted in the
conversion of natural vegetation and agricultural land into built-up (impervious) land, such as
buildings, parking lots, roads, and other constructions [1–4]. This has caused several environmental
problems at local, regional, and global scales [5], such as decreases in agricultural land [6]; habitat
destruction [5,7,8]; air, soil, and water contamination [9–11]; increases in vector-borne diseases, such as
malaria and dengue [12]; decreases in green space [13,14]; and increases in land surface temperature
(LST) [15–17].

Increasing temperatures in urban environments are largely an outcome of rapid urbanization
and anthropogenic activities [18]. Built-up areas have been formed using several materials, such
as concrete, flooring, pebbles, stone, and gravel, which decrease evapotranspiration, increase the
sensitivity of the city and notably affect its local climate [16,19,20]. However, studying temperature
changes based on the air temperature is challenging, as there is a lack of meteorological stations,
especially in developing countries [21]. Thus, satellite remote-sensing data provides vital information
for observing the temperature patterns in urban areas [21]. Several studies have been conducted by
using vast range of remote sensing data, such as Modis data [22–25], Synthetic Aperture Radar (SAR)
data [26], Nightlights data [27,28], Landsat data [17,29,30], Land Scan data [31–33], and fossil fuel CO2

emission data [33,34], to understand LST patterns. Many urban landscapes from small to large scales
have been studied worldwide [16,35,36], including coastal cities [16,33,37,38], desert cities [20,39], and
mountain cities [13,14]. Mountain cities are attractive for rich people, as they have a cold climate and
comfortable living conditions, which have resulted in rapid urban development [14]. Thus, studies
focusing on mountain landscapes are vital for understanding the changing pattern of LST to introduce
mitigation measures for comfortable living conditions.

A large number of studies have used two or more satellite images from different time points to
analyze an LST pattern due to the unavailability of cloud-free images. However, the difference in the
acquisition times might influence any resulting LST pattern due to varying environmental factors (wind
speed, the Sun’s radiation, surface moisture, and humidity) [4,32]. The use of more satellite images
captured in multiple time points can potentially provide more specific information to understand
the changing pattern of LST [4]. Still, it is not easy to analyze extensive earth observation data sets,
because of issues of spatial and temporal resolution [40,41]. Thus, big data analysis platforms can be
used as an alternative for conducting accurate results [40]. The Google Earth Engine (GEE) provides
the potential to process a large number of satellite images and researchers can easily access free public
data archives for more than thirty years of historical data [40]. Hence, in this study, we used GEE to
extract the annual median LST for three-time points such as 1996, 2006, and 2017 based on several
images captured during the selected years. We hypothesized that the use of many images captured in
multiple time points would provide a more precise pattern of LST in the study area.

The spatial distribution of the LST intensity (LSTI) provides essential environmental information
for understanding a temperature pattern in detail. The literature provides two methods that can be
used to study LSTI. The first one is the categorization of land use and cover as the local climate zone
and then following the cross cover comparison method to calculate the LSTI [13,14,42–44]. The second
method involves determining the difference in the mean LST between urban and rural zones based on
the urban–rural gradient analysis [13,14,45]. In this study, we used the second method. Other studies
utilizing the urban–rural gradient analysis have shown that the urban–rural demarcation is essential
for determining the temperature differences [13,14].

Mountain cities in Asia have been developing since the colonization period of the 19th and 20th
centuries [46,47]. The cool climate and natural landscapes became the most prominent factors driving
the development of mountain cities. During the colonial period, cool climates were preferred, as
they allowed the colonials to maintain their “western lifestyle.” Mountain cities were also selected
to avoid wasting illnesses, episodic pestilence, sunstroke, and depression [46,48]. As a result, most
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mountain cities have been experiencing rapid urbanization since the end of World War II until now.
Notwithstanding the vast literature on the impacts of urbanization on landscape changes and other
associated consequences, like increasing LST, mountain cities remain one of the landscapes that have
not been extensively studied.

Nuwara Eliya is a historical city that developed during the British colonial period, as reflected in
the city’s architecture [49]. The British people preferred a cold climate and Nuwara Eliya was referred
to as “Little England” [49]. They used Nuwara Eliya as a meeting place for wealthy British families [50].
Currently, several recreational sites, such as Lake Gregory, golf links, racecourses, and a large number
of clubs, remain in Nuwara Eliya [50]. After gaining independence in 1948, Nuwara Eliya became
renowned worldwide as a tourist destination in Sri Lanka, and thousands of tourists from Sri Lanka
and overseas visited this area to enjoy the cold climate and natural beauty [49]. This has resulted in
several environmental problems associated with urbanization in Nuwara Eliya. One of the critical
environmental impacts of urbanization that has likely affected the mountain city Nuwara Eliya is the
Urban Heat Island (UHI) resulting from variations in LST [13,14]. Still, previous studies related to LST
have been focused on the Colombo City [3,4,37] and Kandy [13,51] in Sri Lanka.

Thus, in this study, we hypothesized that the rapid changes in the urban landscape of Nuwara
Eliya influenced the patterns of LST. The study examined the changes in the urban landscape and their
impacts on the spatiotemporal changes of LST, in order to contribute to efforts aimed at introducing
proper landscape and urban planning in Nuwara Eliya. The study has three objectives to: (1) monitor
urban landscape changes and their impacts on the spatial and temporal variations of LST intensity from
1996–2017 based on the urban–rural gradient analysis; (2) identify relationships between mean LST and
the agricultural land (AL)/forested land (FL) and built-up land (BL)/FL fraction ratios; and (3) study
the relationship between mean LST and densities of BL, FL, and AL based on the grid-based analysis
method. The results of this study could be useful for enhancing capacity and knowledge to minimize
the possible negative impacts of rapid urbanization in the study area.

2. Materials and Methods

2.1. Study Area: Nuwara Eliya, Sri Lanka

Nuwara Eliya is located in the central province of Sri Lanka and resides at latitudes of 6◦54′21.94′′
to 7◦2′28.53′′ N and longitudes of 80◦50′5.89′′ to 80◦41′57.23′′ E (Figure 1). The study area includes
the landscape within a 7.5 km2 radius of the center of Nuwara Eliya. Nuwara Eliya is surrounded
by one of the tallest mountains (~2524 m high) in the study area, known as Pidurutalagala. The
average elevation of Nuwara Eliya is about 1800 m. Monthly rainfall in Nuwara Eliya ranges from
approximately 71.5 to 226.8 mm, with an annual average of 1905 mm. The lowest average monthly
rainfall is recorded in January, February, and March, resulting in a relatively dry period. According to
the Meteorology Department of Sri Lanka, the daily mean temperature is about 15.9 ◦C, with average
minimum and maximum temperatures of 11.6 ◦C and 20.2 ◦C, respectively. Nuwara Eliya is the
most popular site in Sri Lanka among local and foreign tourists due to the cold climate that persists
throughout the year. In terms of the urban development pattern, Nuwara Eliya exhibits a single locus.
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Figure 1. Study area: (a) map from part of South Asia (http://www.maps-world.net); (b) location of 
Nuwara Eliya; and (c) population density of Nuwara Eliya (100 × 100 m). 

2.2. Overall Workflow 

Figure 2 shows the overall workflow of the study to achieve the objectives described above. The 
study workflow included five major steps: (i) extraction of median upper-atmosphere brightness 
temperature from the thermal bands of Landsat images (Figure 2a); (ii) retrieval of LST (Figure 2b); 
(iii) land use/land cover (LULC) classification into five classes, forest land (FL), built-up (BL), 
agriculture land (AL), other land, and water using machine learning algorithms, based on supervised 
classifications (Figure 2c); (iv) urban–rural gradient, statistical, and intensity analyses, based on the 

Figure 1. Study area: (a) map from part of South Asia (http://www.maps-world.net); (b) location of
Nuwara Eliya; and (c) population density of Nuwara Eliya (100 × 100 m).

2.2. Overall Workflow

Figure 2 shows the overall workflow of the study to achieve the objectives described above.
The study workflow included five major steps: (i) extraction of median upper-atmosphere brightness
temperature from the thermal bands of Landsat images (Figure 2a); (ii) retrieval of LST (Figure 2b);
(iii) land use/land cover (LULC) classification into five classes, forest land (FL), built-up (BL), agriculture
land (AL), other land, and water using machine learning algorithms, based on supervised classifications
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(Figure 2c); (iv) urban–rural gradient, statistical, and intensity analyses, based on the BL, FL, and AL
fractions, AL/FL and BL/FL fraction ratios, and mean LST; and finally (v) grid analysis based on the
mean LSTs and the densities of BL, FL, and AL.
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Figure 2. The workflow of the study. Note BL, FL, and AL refer to built-up land, forested land, and
agricultural land, respectively.

2.3. Calculating Annual Median At-Satellite Brightness Temperature Using the Google Earth Engine (GEE)

The study employed the GEE to calculate annual median at-satellite brightness temperatures
using atmospherically corrected pre-processed Landsat datasets (Level 2) [52]. We hypothesized that
the use of more images would produce clearer output images to understand the LST patterns in the
study area. Past studies have shown the aptness of this method to generate median LSTs in different
areas [40,41]. In this process, several steps were performed as follows.

(i) The study area was defined and imported as an “Asset” in GEE, and subsequently used as
the primary geometry source throughout the process. Masking was then conducted due to cloud
disturbance in the available Landsat imageries. The cloud disturbance could be attributed to Nuwara
Eliya being located in a tropical area.

(ii) The Image Collection tool in GEE was used to prepare the imagery for the study, including 15
images from 1996 (Landsat 5), 17 images from 2006 (Landsat 5), and 20 images from 2017 (Landsat 8)
(Table A1).

(iii) Afterwards, median temperatures of each pixel were extracted for 1996, 2006, and 2017 by
using “ee.reducer” methods available in GEE [53]. Extraction of the pixel based median temperatures
was done to take care of inaccurate extraction caused by disturbance from clouds in the study area.
Figure 3 shows the graphical illustration of creating image collection and the code used to generate the
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annual, median, at-satellite brightness temperature for each pixel of each year (provided in Annex
Code A1 (Landsat 5TM) and A2 (Landsat 8)).

(iv) The extracted median temperatures based on the upper-atmosphere brightness temperatures
from the thermal bands (in Kelvin) (band 6 for Landsat 5 and band 10 for Landsat 8) were used to
calculate the LSTs, as described in Section 2.4.

(v) All extracted images were georectified using the WGS84/UTM 44N projection system before
further processing.
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2.4. LST Calculations

The extracted annual, median, at-satellite brightness temperatures, as mentioned in Section 2.3,
were scaled using the land surface emissivity derived from Equation (1) [54].

ε = {mPV + n} (1)

where m = (ε − ε) − (1 − εσ); Fεv and n = εs + (1 − εs) Fεv. εs and εv are the soil emissivity and
vegetation emissivity, respectively. In this study, we used the result of [54] for m = 0.004 and n = 0.986.
The proportion of vegetation (Pv) was calculated using the normalized difference vegetation index
(NDVI) based on Equation (2) [55].

NDVI =
ρNIR − ρRed

ρNIR + ρRed
(2)

where ρNIR refers to the surface reflectance values of bands 4 (Landsat-5) and 5 (Landsat-8); and ρRed
refers to the surface reflectance values of bands 3 (Landsat-5), and 4 (Landsat-8 OLI).

Pv was extracted using Equation (3).

Pv = ((NDVI−NDVImin)/(NDVImax −NDVImin))
2 (3)

where, Pv is the proportion of vegetation, NDVI is original NDVI value calculated using Equation (2),
and NDVImin and NDVImax are the minimum and maximum values of the NDVI dataset, respectively.

The emissivity corrected images were used to extract LSTs using Equation (4) [3,30].

LST = Tb/1 + (λ × Tb/ρ)ln ε (4)

where Tb is the at-satellite brightness temperature in degrees Kelvin; λ is the central band wavelength of
emitted radiance (11.5 µm for band 6 [30] and 10.8 µm for band 10 [13]; ρ is h × c/σ (1.438 × 10–2 m K),
with σ as the Boltzmann constant (1.38 × 10–23 J/K), h as Planck’s constant (6.626 × 10–34 J *s), and c as
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the velocity of light (2.998 × 108 m/s); and ε is the land-surface emissivity estimated using the NDVI
method [54]. The calculated LST value (Kelvin) is then converted to ◦C.

2.5. Land Use/Land Cover (LULC) Mapping

Machine learning methods, such as support vector machines (SVM), K-nearest neighbor, random
forest, and neural networks, have been widely used to classify LULC [13,14]. Among these methods,
the SVM has provided higher overall accuracy [56–59]. Thus, in this study, we used the SVM algorithm
to conduct LULC mapping. The classification scheme used in the study included five LULC categories;
namely, built-up land (BL), forested land (FL), agricultural land (AL), other lands, and water. The other
lands category was comprised of a combination of grasslands and bare lands.

We produced three LULC maps containing the five LULC categories (BL, FL, AL, other land and
water) for the years 1996, 2006, and 2017 with overall accuracies of 85%, 93%, and 92%, respectively
(see Tables A2–A4). The accuracy was assessed by using 500 reference points generated by a stratified
random sampling method [14] for all the LULC categories. Google Earth imageries were used to assess
the accuracy of the classified LULC maps for 2006 and 2017. The accuracy assessment for the 1996
LULC map was conducted with the aid of available topographic maps and different band combinations
of Landsat imageries.

2.6. LST Intensity (LSTI) Measurement

The LSTI was calculated based on the urban–rural gradient analysis approach, which involves the
creation of concentric rings or buffer zones around the city center with standard distance intervals
extending to the rural areas [13,14,42]. Urban–rural gradient analysis has been conducted to identify
the spatial and temporal variations in environmental variables in many previous environmental
studies [13,14,16,20,60,61]. In this study, thirty-five 210 m buffer zones (hereafter referred to as
urban–rural zones (URZs)) were created for the study area. The mean LST of each URZ was then
extracted using zonal statistics. The fractions of BL, FL, and AL were determined by calculating
their respective proportions in each URZ. Of note is that previous studies combined AL and FL
into one LULC category defined as green space [13,14,16]. However, AL has been one of the key
drivers of LULC changes in the study area. Therefore, AL in Nuwara Eliya and its surroundings was
considered separately.

The magnitude of the LSTI along the urban–rural gradient (LSTI U–R) was determined based
on the ∆ mean LST, ∆ fraction of BL, ∆ fraction of FL, and ∆ fraction of AL, following methodology
proposed by Estoque and Murayama [14]. To calculate LSTIU–R, we first determined the ∆ mean LST
by finding the difference between the mean LST in the URZ with the highest fractions of BL, FL and
AL (defined as URZ1) and other URZs (i.e., URZ1 − URZ2 . . . 35). We then applied the same method to
determine the ∆ fraction of BL, ∆ fraction of FL, and ∆ fraction of AL along the urban–rural gradient.
We used the same threshold for delineating the urban and rural zones as the authors of [13,14]; i.e.,
from the city center, all URZs with an >10% fraction of BL were considered as urban and those beyond
the first URZ with <10% fraction of BL were considered as rural.

2.7. AL/FL and BL/FL Fraction Ratios and Their Intensities

The AL/FL and BL/FL fraction ratios were calculated using the URZs created in Section 2.6.
Ranagalage et al., 2018 [13] proposed the green space (GS)/impervious surface (IS) fraction ratio and
its intensity, and we followed their methodology to extract AL/FL and BL/FL in each URZ using
Equations (5) and (6), respectively.

AL/FL fraction ratio =
ALz
FLz

(5)

BL/FL fraction ratio =
BLz
FLz

(6)
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2.8. Grid-Based Analysis

The grid-based method was used to analyze the spatial distributions of the densities of BL, FL,
AL, and mean LSTs in 1996, 2006, and 2017. In this analysis, we used 210m × 210 m grids (7 × 7 pixels)
to demarcate the relationships between BL, FL, and AL density with mean LST. The 210 × 210 m grid
size was used in previous studies and showed a high correlation with mean LST [16,39,44,62]. After
the creation of the set of grids, the mean LST and the densities of BL, FL, and AL in each grid were
calculated. Then, scatter plots were created and linear regression analysis was performed to identify
the relationships between mean LST and densities of BL, FL, and AL.

3. Results

3.1. Landscape Changes and LST Distribution of Nuwara Eliya

The results revealed that Nuwara Eliya experienced rapid urbanization in the last 21 years.
The built-up area increased from 289.9 ha to 2,080.4 ha from 1996 to 2017 with an annual growth rate of
85.3 ha per year (Figure 4 and Tables 1 and 2). The forest area did not change significantly due to the
implementation of forest reserves by the government [63]. It was observed that the rapid changes in
the built-up land negatively affected the agricultural sector. The area of agricultural land decreased
from 8503.2 ha to 6583.9 ha from 1996 to 2017 (Table 1).

Table 1. Details of the land use/land cover (LULC) changes in Nuwara Eliya (1996, 2006, and 2017).

Land Use/Cover 1996 2006 2017

Area (ha) % Area (ha) % Area (ha) %

Built-up 289.9 1.3 785.5 3.5 2080.4 9.3
Forest 13,076.7 58.2 13,502.1 60.1 13,234.3 58.9

Agricultural Land 8503.2 37.9 8085.5 36 6583.9 29.3
Other Land 511.8 2.3 6 0 481.8 2.1

Water 73.4 0.3 75.9 0.3 74.6 0.3

Total 22,455 100 22,455 100 22,455 100

Table 2. LULC changes during 1996–2006, 2006–2017, and 1996–2017.

Land Use/Cover

1996–2006 2006–2017 1996–2017

Land
Use/Cover

Changes (ha)

Annual
Growth Rate
(ha per year)

Land
Use/Cover

Changes (ha)

Annual
Growth Rate
(ha per year)

Land
Use/Cover

Changes (ha)

Annual
Growth Rate
(ha per year)

Built-up 495.6 49.6 1294.9 117.7 1790.6 85.3
Forest 425.3 42.5 −267.8 −24.3 157.6 7.5

Agricultural Land −417.7 −41.8 −1501.7 −136.5 −1919.3 −91.4
Other Land −505.8 −50.6 475.7 43.2 −30.1 −1.4

Water 2.5 0.3 −1.3 −0.1 1.3 0.1

Figure 4d–f shows the spatial distribution of LST in Nuwara Eliya for the years 1996, 2006, and
2017, respectively. In 1996, LST ranged between 9.1 and 29.2 ◦C with a mean value of 18.9 ◦C. In 2006,
LST ranged between 5.9 and 30.2 ◦C with a mean value of 17.9 ◦C. In 2017, LST ranged between 14.3
and 31.0 ◦C with a mean value of 21.0 ◦C. Therefore, the mean LST exhibited an increasing trend from
1996 to 2017. The mean LST increased by 2.1 ◦C during the past 21 years. Figure 4d–f shows increasing
temperatures in the city center and in the southwestern and northeastern areas. The observed pattern
of increasing temperatures was similar to the increase in BL.
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3.2. Magnitude and Trend of LSTI

3.2.1. LSTIU–R along the Urban–Rural Gradient

Figure 5a–c shows the spatial pattern of mean LSTs and the fractions of BL, FL, and AL along
the urban–rural gradient. The highest mean LST value was recorded in the URZ1 near the city center.
In 1996, the mean LST of URZ1 was 19.8 ◦C which decreased to 18.9 ◦C in 2006 and increased to 24.4 ◦C
in 2017. Conversely, the mean LST of all other URZs increased from 1996 to 2017. The results revealed
that the mean LST of all other URZs ranged from 18.9 ◦C to 21.2 ◦C between 1996 and 2017. The results
further revealed that the lowest temperatures were recorded in URZ12 in 1996, URZ10 in 2006, and
URZ19 in 2017 (Figure 5).
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The fraction of BL increased rapidly between 1996 and 2017. In URZ1, the fraction of BL increased
by 32.4%, 48.7%, and 58.7%, in 1996, 2006, and 2017, respectively. The fraction of FL did not significantly
change during the last 21 years. However, rapid changes in AL occurred in all URZs throughout the
study’s temporal extent. The lowest fraction of AL was continually recorded in URZ1 and exhibited a
decreasing pattern. The AL fraction in URZ1 was 43.6% in 1996, 29.6% in 2006, and 15.8% in 2017.

Figure 5b shows the results of the statistical analysis of mean LST with the fractions of BL, FL, and
AL. The mean LST had a strongly significant, positive correlation (p < 0.001) with the fraction of BL
at all the three time-points. The fraction of FL exhibited a strongly significant, negative correlation
(p < 0.001) with mean LST. On the other hand, mean LSTs exhibited dissimilar relationships with the
fractions of AL in 1996, 2006, and 2017. In 1996, the mean LST had a significant, positive correlation
(p < 0.001) with the fraction of AL. In 2006, the mean LST and the fraction of AL had a weak relationship
(p < 0.5), and in 2017, the mean LST had a significant, negative correlation with the fraction of AL
(p < 0.1).Sustainability 2019, 11, 5517 20 of 36 
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Figure 5. (a) Spatial distribution of mean LST, and the fractions of BL, FL, and AL along the urban–rural
gradient; and scatter plots of the mean LST and fractions of (b) BL, (c) FL, and (d) AL. Note: changes in
BL, FL, and AL types of land are not independent of each other.
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3.2.2. The Magnitude of LSTIU–R along the Urban–Rural Gradient

The magnitudes of the mean LST and fractions of BL, FL, and AL were calculated based on URZ1

as described in Section 2.6 above. The ∆ mean LST in URZ13 showed a considerable decrease in 1996
and 2006. However, the decrease shifted to URZ20 in 2017 (Figure 6a). The ∆ fractions of BL, FL, and
AL also showed a similar pattern. The ∆ mean LST had a significant relationship (positive) with the ∆
fraction of BL, and a strong relationship (negative) with the ∆ fraction of FL. The ∆ mean LST exhibited
a significant, positive relationship in 1996 (p < 0.001), and in 2006 (p < 0.5), with the ∆ fraction of AL.
However, the relationship changed in 2017, showing a weak, negative correlation (p < 0.5) with the ∆
fraction of AL.Sustainability 2019, 11, 5517 21 of 36 
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due to the protection measures implemented by the Forest Department of Sri Lanka (Table 1). A rapid 

Figure 6. (a) Magnitudes of the trends of LST intensity (LSTI)U–R (◦C), and fractions of BL, FL, and AL
along the URZ; and (b) statistical relationships between the magnitudes of mean LSTs and fractions of
BL, FL, and AL in Nuwara Eliya during 1996, 2006, and 2017. Note: changes in BL, FL, and AL types of
land are not independent of each other.
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3.3. AL/FL and BL/FL Ratios

An annual decrease in AL of 91.6 ha was observed from 1996 to 2017 (Table 2). FL was stable due
to the protection measures implemented by the Forest Department of Sri Lanka (Table 1). A rapid
decreasing trend in the AL/FL fraction ratio was observed from 1996 to 2017. The AL/FL fraction ratio
decreased in all zones from URZ1 to URZ35 with average values of 0.84, 0.7, and 0.53 in 1996, 2006, and
2017, respectively (Figure 7a). The mean LST values had a significant (p < 0.001), positive relationship
with the AL/FL fraction ratio. Figure 7c shows the statistical relationship between the change in mean
LST and ∆(AL/FL) fraction ratio along the urban–rural gradient, and the result shows a significant
positive relationship in all the three time-points in this study.
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The BL/FL ratio increased from 1996 to 2017, with average values of 0.13, 0.22, and 0.42 in 1996,
2006, and 2017, respectively (Figure 8a). The mean LST exhibited a significant (p < 0.001), positive
relationship with the BL/FL fraction ratio (Figure 8b). The relationship between the change in mean
LST and ∆(BL/FL) fraction ratio is presented in Figure 8c. The results revealed that there was a strongly
significant, positive relationship between the change in mean LST and ∆(BL/FL) fraction ratio for all
the three time-points.

3.4. The Density of BL, FL, and AL Compared to Mean LST

Figure 9a shows the spatial distribution of mean LST and the density of BL, FL, and AL in 1996,
2006, and 2017. High temperatures were observed around the city center and the northwestern and
southwestern parts of the study area. The BL density was also high around the city center area in 1996
and it spread in the southern, southwestern and southeastern directions within the Nuwara Eliya area
in 2006 and 2017. The FL density had an opposite pattern, showing low FL densities around all areas
of high BL densities in all the three-time points. However, AL density showed a decreasing trend,
especially in the city center area and southwestern direction of the study area.
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Figure 9b shows the relationship between the densities of BL, FL, AL, and mean LST based on the
grid-based analysis. The mean LST was statistically significant with the densities of BL, FL, and AL in
all the three-time points (p < 0.001). There was an increasing trend of a positive correlation between BL
density and mean LST from 1996 to 2017. The correlation between mean LST and the density of FL
showed a significant negative relationship throughout the study period. In addition to that, there was
a decreasing trend of a positive correlation between AL density and mean LST from 1996 to 2017.Sustainability 2019, 11, 5517 23 of 36 
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Figure 9. (a) Graphical view of the 210 × 210 m polygon grid showing maps of mean LST, built-up
density, forest density, and agricultural density in 1996, 2006, and 2017; (b) Scatterplots showing the
relationship between the densities of BL, FL, AL, and mean LST in 1996, 2006, and 2017.

4. Discussion

In this study, we examined the landscape changes and their impacts on LST in Nuwara Eliya,
Sri Lanka over a 21-year period (1996 to 2017). The results revealed that the urbanization pattern of
Nuwara Eliya was concentrated around the city center areas in 1996 which then expanded towards the
southern, southwestern, northwestern, and eastern parts by 2017. The development pattern of Nuwara
Eliya is similar to that of other mountain cities (e.g., Kandy) in Sri Lanka [13]. The built-up land has
expanded rapidly in the past 21 years (Tables 1 and 2, and Figure 4) with an overall increase of 1790.6 ha
and an annual increase of 85.3 ha. The tourism industry has been reported to be the main driving force
of the observed rapid development in the study area, as thousands of local and foreign tourists have
been visiting Nuwara Eliya [49]. Previous studies, such as Baguio in the Philippines [14,46], Kandy in
Sri Lanka [13,51], Bengaluru in India [64], Bogor in Indonesia [46], and Dalat in Vietnam [46], revealed
that green spaces, such as forests, declined due to the urban development pressure in their respective
study areas. However, our study revealed that the forest areas were intact throughout the study period,
owing to strong government policies on forest preservation. Most of the forest areas located in Nuwara
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Eliya are protected. That has resulted in other LULC types other than forests being consumed. Our
results demonstrate that BL expanded mainly at the expense of agricultural areas (Figure 5a).

The results revealed that the fraction of BL greatly influenced the LSTI in Nuwara Eliya. During the
past 21 years, annual mean LST increased by 2.1 ◦C (18.9 ◦C in 1996 and 21.0 ◦C in 2017). Additionally,
the mean annual temperature difference between the urban (URZ1) and rural (<10% BL) zones showed
an increasing pattern, recording values of 1.0 ◦C (19.8 ◦C in URZ1 and 18.8 ◦C in URZ5) in 1996, 1.3 ◦C
in 2006 (18.9 ◦C in URZ1 and 17.6 ◦C in URZ6), and 3.5 ◦C in 2017 (24.4 ◦C in URZ1 and 21.0 ◦C in
URZ18) (Figure 5a). These results show an interesting pattern of LST in the study area. Urbanization
has considerably influenced the increasing annual mean LST of the study area. The highest mean LST
values were recorded around the city center (URZ1) in all the three-time points. The fractions of BL
increased by 32.4%, 48.7%, and 58.7%, while the fraction of AL decreased by 43.6%, 29.6%, and 15.8%
in 1996, 2006, and 2017, respectively. The mean LST had a significant, positive relationship with the
fraction of BL and significant negative relationship with the fraction of FL (p < 0.001) in all the three
time-periods (Figure 5b). These results are similar to previous research findings in other mountain
cities in Asia, such as Kandy in Sri Lanka [13], and Baguio in the Philippines [14]. The mean LST of all
URZs (i.e., urban and rural combined) also showed an increasing pattern throughout the temporal
extent of the study (1996–2017). The patterns observed in Nuwara Eliya not only showed changes
in the landscape, but also agreed with other researchers that have reported an increasing trend of
global temperatures at high-elevation regions [65–67]. It is thus plausible to speculate that these global
temperatures in high-elevation regions could have also contributed to the observed LST increases in
the study area and other urban environments worldwide.

The statistical relationship between mean LST and fraction of AL was different in all the three
time-points. The mean LST showed a strongly significant, positive relationship with the fraction of
AL in 1996, while in 2006, the relationship was significant, but weakly positive. However, in 2017,
the relationship became weakly negative. We observed that poorly managed agricultural lands were
converted into built-up lands during the 21 years of this study. The average fraction of AL exhibited a
decreasing pattern, with values of 38.7%, 35.8%, and 27.2% in 1996, 2006, and 2017, respectively. This
result is similar to the observations in other mountain cities in Sri Lanka [13]. The observed pattern
is critical evidence for policymakers to introduce proper mechanisms for minimizing the adverse
impacts associated with the rapid changes in the urban landscape of the study area. The negative
impacts of urban development on agricultural land could cause several environmental issues [59],
such as increased soil erosion [68], and landslides [69–71]. The rapid development of built-up land,
resulting in increased levels of LST, could also negatively affect the tourism industry. Policies should
be implemented to maintain the natural beauty of Nuwara Eliya for the sustainable tourism industry.
Most tourists wish to enjoy the landscape and comfortable climate of the area [49,59].

The change in the urban–rural pattern provides a clear picture of the urbanization pattern in the
study area. The urban–rural zones were demarcated using the fraction of BL (<10%). The rural zone
exhibited a shifting pattern from 1996 to 2017. The rural zone located in URZ5 (1 km from the city
center) in 1996 and the rural zone located in URZ6 (1.2 km from the city center) in 2006, had shifted to
URZ18 by 2017 (3.8 km from the city center) (Figure 6a). Rapid changes to built-up land resulted in a
shift in the rural zone away from the city center. Previous researchers have shown a similar trend in the
shifting rural zone in mountain cities [13,14]. Results showed that the temperature of URZ1 was higher
than that of the rural zones. The change in mean LST had a strong, positive relationship with the ∆
fraction of BL and a strong negative relationship with the ∆ fraction FL. However, the relationship
between the ∆ mean LST and ∆ fraction of AL shifted from positive (1996 and 2006) to negative (2017).
Policymakers should pay much attention to the shifting of the urban zone.

The mixture of land-use types, which is important for controlling LST [72], was investigated based
on two indices: the AL/FL and BL/FL fraction ratios. The results showed that the AL/FL fraction ratio
decreased from 1996 to 2017 (Figure 7a). The maximum AL/FL fraction ratio declined with values of 3.3,
2.3, and 1.3 in 1996, 2006, and 2017, respectively. The mean LST exhibited a significantly strong positive
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relationship with the AL/FL fraction ratio in 1996 and 2006. However, the degree of the relationship
became weaker in 2017 due to the changes in the AL of the study area. The change in mean LST
exhibited a positive relationship with the ∆(AL/FL) fraction ratio over the three time-points (Figure 7c).
On the other hand, the result of the BL/FL fraction ratio provided an indicator of the LSTI pattern in the
study area. Changes in built-up land have been proven to be vital in understanding the LST changing
pattern in urban areas [20,33,73]. The maximum BL/FL fraction ratio increased with values of 1.7, 2.3,
and 3.4 (URZ1) in 1996, 2006, and 2017, respectively. This result could be the reason for the observed
increase in the mean LST over the 21-year study period (Figure 8a). The increasing BL/FL fraction ratio
directly affected the LSTI in the study area, as the mean LST had a strongly significant relationship
with the BL/FL fraction ratio over the 21-year study period.

The spatial distribution pattern of the BL, FL, and AL densities provided vital information for
understanding the distribution pattern of the study area. The linear regression analysis results also
revealed the vital formation of capturing the land use mixture of the study area. The average density
of BL increased with values of 1.3%, 3.5%, and 9.2% while the density of AL decreased with values
37.6%, 35.9%, and 29.2% in 1996, 2006, and 2017, respectively (Figure 9a). This pattern indicates that
the BL density has been increasing in the last 21 years. The linear regression analysis results showed
that the coefficient of determination (R2) between mean LST and the density of BL increased from 0.04
to 0.29 from 1996 to 2017. This shows that the density of BL had a significant influence on the increase
of LST in the study area. The R2 between the mean LST and the density of AL declined from 0.59 to
0. 47 from 1996 to 2017. This also shows that AL density had a positive influence on the increase of
LST. The density of FL, on the other hand, influenced the control of LST in the study area, showing a
negative, strongly significant relationship between the two (Figure 9b). Most of the previous studies
have combined AL as green spaces, but AL of the Nuwara Eliya area has been positively influencing
to the increase of LST in the three-time points. The policymakers and planners need to consider
maintaining a good mixture of land use to control the LST pattern in the future.

On the whole, the rapid increase of built-up areas has been the main force driving the high
temperatures recorded in 2017 compared to 2006 and 1996. The ∆ mean LST exhibited a positive
relationship with the ∆(BL/FL) fraction ratio over the three time-points (Figure 8c). Previous research
has demonstrated that having a mixture of land-use types can reduce temperatures in urban areas [72].
Based on the results from this study, maintenance of forest coverage will continue at a similar level due
to governmental preservation policies. However, rapidly developing urban areas require proper urban
planning to maintain sustainability. We have noticed that the present urban development pattern is
unplanned. The walls and roofs of most of the buildings are also green in color; something which
could reduce the indoor temperatures [74,75]. To achieve sustainable development, we recommend
that urban planners and policymakers should consider constructing green belts along the main road,
schools, hospitals, and other government buildings. The development pattern observed was mainly
horizontal rather than vertical. Vertical development could reduce pressure on land and leave a lot
of free land for improving greenspace coverage. Vertical development can also be used as a proxy
indicator to understand urban-development intensity [76,77]. In addition, greenspace cover plays a
vital role in reducing the impacts of LST in urban areas [78]. We believe that the current urban planning
must focus on protecting this popular tourist destination in Sri Lanka’s sustainably. The findings of
this study can be used as an indicator for reorienting current urban planning policies to improve the
natural and social environment in Nuwara Eliya.

Overall, this study successfully used annual mean LST to quantify landscape changes and their
impacts on LSTI from 1996 to 2017. However, there are two main limitations of the study that should
be considered. Firstly, comparing the mean LST change magnitudes with changes in observational
air temperature measured from metrological stations could have helped in verifying our findings.
However, that was challenging due to the unavailability of air temperature observational data from
meteorological stations. Nonetheless, we used previous similar studies to validate our results, and we
recommend that more studies should be conducted to confirm the increasing temperature in mountain
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cities of Sri Lanka. The lack of observational air temperature data in most developing countries has
been the basis for the proliferation of UHI studies based on LST retrieved from remote sensing satellite
imagery, compared to atmospheric UHI studies based on measured air temperature. Secondly, we
believe that horizontal and vertical development of buildings both play a vital role in controlling
the annual mean LST of the study area. However, vertical data on various types of buildings and
built-structures were not used in this study due to unavailability in Sri Lanka. Thus, the results should
be interpreted in the context of those limitations.

5. Conclusions

The spatial distribution of LST provides vital information for understanding the local climatic
variation of cities and can be used as a proxy indicator to introduce sufficient measures to minimize
the negative impacts associated with high LST. This study revealed that Nuwara Eliya had undergone
rapid urban development over the 21 years studied. The study used multiple images to extract the
median annual LSTs for 1996, 2006, and 2017. The results revealed that the annual mean LST increased
by 2.1 ◦C over the past 21 years. The annual mean LST difference between the urban and rural zones
increased from 1.0 ◦C to 3.5 ◦C from 1996 to 2017. The study shows that rapid development was
spreading towards rural zones, and the fraction of BL influenced the increase in annual mean LST. The
government policies have been protecting the FL, resulting in minimal changes which have been the
major contributor to the control of the LST pattern. This study recommends that having a mixture of
land-use types would considerably control the increasing LST in the study area. Thus, policymakers
need to consider the importance of the land use mixture to reduce the impacts of a high LST in the study
area. The future urban policy must focus on maintaining the natural splendor of the Nuwara Eliya to
promote tourism in the study area and Sri Lanka. Nuwara Eliya is renowned as a tourist destination in
Sri Lanka. Thus, the findings of this study can be used as an indicator to introduce sustainable future
landscape and urban planning to protect the world-renowned tourist hub of Sri Lanka.
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Appendix A

Table A1. Properties of the Landsat images (Level 2) used in this study.

Sensor Scene ID Acquisition
Date

Time
(GMT)

Cloud Cover (%)
in Landsat Title

Landsat 5 TM

LT05_L1TP_141055_19960221_20170106_01_T1 1996-02-21 03:59:45 19
LT05_L1TP_141055_19960308_20170106_01_T1 1996-03-08 04:00:49 6
LT05_L1TP_141055_19960324_20170105_01_T1 1996-03-24 04:01:51 11
LT05_L1TP_141055_19960409_20170105_01_T1 1996-04-09 04:02:51 46
LT05_L1TP_141055_19960425_20170104_01_T1 1996-04-25 04:03:49 9
LT05_L1TP_141055_19960511_20170104_01_T1 1996-05-11 04:04:46 9
LT05_L1TP_141055_19960527_20170104_01_T1 1996-05-27 04:05:41 29
LT05_L1TP_141055_19960730_20170103_01_T1 1996-07-30 04:09:06 78
LT05_L1TP_141055_19960815_20170103_01_T1 1996-08-15 04:09:56 66
LT05_L1TP_141055_19960831_20170103_01_T1 1996-08-31 04:10:48 41
LT05_L1TP_141055_19960916_20170102_01_T1 1996-09-16 04:11:41 70
LT05_L1TP_141055_19961002_20170102_01_T1 1996-10-02 04:12:33 48
LT05_L1TP_141055_19961103_20170102_01_T1 1996-11-03 04:14:09 38
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Table A1. Cont.

Sensor Scene ID Acquisition
Date

Time
(GMT)

Cloud Cover (%)
in Landsat Title

LT05_L1TP_141055_19961119_20170101_01_T1 1996-11-19 04:14:53 19
LT05_L1TP_141055_19961205_20170101_01_T1 1996-12-05 04:15:40 84

Landsat 5 TM

LT05_L1TP_141055_20060131_20161123_01_T1 2006-01-31 04:44:06 46
LT05_L1TP_141055_20060216_20161123_01_T1 2006-02-16 04:44:28 28
LT05_L1TP_141055_20060304_20161122_01_T1 2006-03-04 04:44:49 41
LT05_L1TP_141055_20060405_20161123_01_T1 2006-04-05 04:45:26 10
LT05_L1TP_141055_20060421_20161122_01_T1 2006-04-21 04:45:41 68
LT05_L1TP_141055_20060507_20161122_01_T1 2006-05-07 04:45:55 33
LT05_L1TP_141055_20060523_20161121_01_T1 2006-05-23 04:46:07 31
LT05_L1TP_141055_20060608_20161121_01_T1 2006-06-08 04:46:23 27
LT05_L1TP_141055_20060624_20161121_01_T1 2006-06-24 04:46:39 72
LT05_L1TP_141055_20060710_20161120_01_T1 2006-07-10 04:46:53 30
LT05_L1TP_141055_20060811_20161119_01_T1 2006-08-11 04:47:17 79
LT05_L1TP_141055_20060827_20161119_01_T1 2006-08-27 04:47:29 45
LT05_L1TP_141055_20060912_20161119_01_T1 2006-09-12 04:47:41 57
LT05_L1TP_141055_20060928_20161119_01_T1 2006-09-28 04:47:52 55
LT05_L1TP_141055_20061014_20161118_01_T1 2006-10-14 04:48:03 22
LT05_L1TP_141055_20061030_20161118_01_T1 2006-10-30 04:48:13 30
LT05_L1TP_141055_20061115_20161118_01_T1 2006-11-15 04:48:21 60

Landsat 8
OLI/TIRS

LC08_L1TP_141055_20170113_20170311_01_T1 2017-01-13 04:54:05 3
LC08_L1TP_141055_20170129_20170214_01_T1 2017-01-29 04:53:59 40
LC08_L1TP_141055_20170214_20170228_01_T1 2017-02-14 04:53:52 68
LC08_L1TP_141055_20170302_20170316_01_T1 2017-03-02 04:53:46 64
LC08_L1TP_141055_20170318_20170328_01_T1 2017-03-18 04:53:36 13
LC08_L1TP_141055_20170403_20170414_01_T1 2017-04-03 04:53:29 16
LC08_L1TP_141055_20170419_20170501_01_T1 2017-04-19 04:53:20 15
LC08_L1TP_141055_20170505_20170515_01_T1 2017-05-05 04:53:13 32
LC08_L1TP_141055_20170606_20170616_01_T1 2017-06-06 04:53:34 54
LC08_L1TP_141055_20170622_20170630_01_T1 2017-06-22 04:53:40 28
LC08_L1TP_141055_20170708_20170716_01_T1 2017-07-08 04:53:43 44
LC08_L1TP_141055_20170724_20170809_01_T1 2017-07-24 04:53:49 38
LC08_L1TP_141055_20170809_20170824_01_T1 2017-08-09 04:53:56 47
LC08_L1TP_141055_20170825_20170913_01_T1 2017-08-25 04:54:00 38
LC08_L1TP_141055_20170910_20170927_01_T1 2017-09-10 04:54:02 61
LC08_L1TP_141055_20170926_20171013_01_T1 2017-09-26 04:54:07 82
LC08_L1TP_141055_20171012_20171024_01_T1 2017-10-12 04:54:12 76
LC08_L1TP_141055_20171028_20171108_01_T1 2017-10-28 04:54:13 19
LC08_L1TP_141055_20171113_20171121_01_T1 2017-11-13 04:54:10 38
LC08_L1TP_141055_20171215_20171223_01_T1 2017-12-15 04:54:05 32

Code A1. The code used to generate median temperature of Landsat 5 TM images for 1996
and 2006.

//Export Landsat 5 SR data
/**
* Function to mask clouds based on the pixel_qa band of Landsat SR data.
* @param {ee.Image} image Input Landsat SR image
* @return {ee.Image} Cloudmasked Landsat image
*/
var cloudMaskL457 = function(image) {
var qa = image.select(‘pixel_qa’);
//If the cloud bit (5) is set and the cloud confidence (7) is high
//or the cloud shadow bit is set (3), then it’s a bad pixel.
var cloud = qa.bitwiseAnd(1 << 5)
.and(qa.bitwiseAnd(1 << 7))
.or(qa.bitwiseAnd(1 << 3));
//Remove edge pixels that don’t occur in all bands
var mask2 = image.mask().reduce(ee.Reducer.min());
return image.updateMask(cloud.not()).updateMask(mask2);
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};
//Load the Landsat 5 data collection - example for B6
{
var col = ee.ImageCollection(‘LANDSAT/LT05/C01/T1_SR’)
.map(cloudMaskL457)
.filterDate(‘1996-01-01’,‘1996-12-30’)
.select([‘B6’])
.filterBounds(geometry);
}
//Compute the median of the collection -example for B6
{
var image = col.median().clip(geometry);
print(image, ‘Selected band’);
Map.addLayer(image);
}
//Export the B6, specifying scale and region.
Export.image.toDrive({
image: image,
description: ‘B6’,
scale: 30,
region: geometry,
maxPixels:1e13,
folder: ‘Landsat 5 data collection’,
skipEmptyTiles: true
});
//Export the B6 information as table.
Export.table.toDrive({
collection: col,
description: ‘B6_information’,
fileFormat: ‘CSV’,
folder:’Landsat 5 data collection’
});
//Get the number of collections.
var count = col.size();
print(‘Count: ‘, count);
//Get the date range of images in the collection.
var range = col.reduceColumns(ee.Reducer.minMax(), [“system:time_start”])
print(‘Date range: ‘, ee.Date(range.get(‘min’)), ee.Date(range.get(‘max’)))

Code A2. The code used to generate median temperature of Landsat 8 images for 2017.

//Export Landsat 8 SR data
/**
* Function to mask clouds based on the pixel_qa band of Landsat 8 SR data.
* @param {ee.Image} image input Landsat 8 SR image
* @return {ee.Image} cloudmasked Landsat 8 image
*/
function maskL8sr(image) {
//Bits 3 and 5 are cloud shadow and cloud, respectively.
var cloudShadowBitMask = (1 << 3);
var cloudsBitMask = (1 << 5);
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//Get the pixel QA band.
var qa = image.select(‘pixel_qa’);
//Both flags should be set to zero, indicating clear conditions.
var mask = qa.bitwiseAnd(cloudShadowBitMask).eq(0)
.and(qa.bitwiseAnd(cloudsBitMask).eq(0));
return image.updateMask(mask);
}
//Load the Landsat 8 data collection - example for B10
{
var col = ee.ImageCollection(‘LANDSAT/LC08/C01/T1_SR’)
.map(maskL8sr)
.filterDate(‘2018-01-01’,‘2018-12-30’)
.select([‘B10’])
.filterBounds(geometry);
}
//Compute the median of the collection - example for B10
{
var image = col.median().clip(geometry);
print(image, ‘Selected band’);
Map.addLayer(image);
}
//Export the B10, specifying scale and region.
Export.image.toDrive({
image: image,
description: ‘B10’,
scale: 30,
region: geometry,
maxPixels:1e13,
folder: ‘Landsat 8 data collection’,
skipEmptyTiles: true
});
//Export the B10 information as table.
Export.table.toDrive({
collection: col,
description: ‘B10_information’,
fileFormat: ‘CSV’,
folder:’Landsat 8 data collection’
});
//Get the number of collections.
var count = col.size();
print(‘Count: ‘, count);
//Get the date range of images in the collection.
var range = col.reduceColumns(ee.Reducer.minMax(), [“system:time_start”])
print(‘Date range: ‘, ee.Date(range.get(‘min’)), ee.Date(range.get(‘max’)))
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Table A2. Error matrix for the classified 1996 land use/cover map, classified.

Classified Data
Reference Data

Built-up Forest Agricultural Land Other Water Total User’s Accuracy (%)

Built-up 72 8 6 3 0 89 80.9
Forest 2 165 10 3 3 183 90.2

Agricultural Land 5 17 140 2 2 166 84.3
Other Land 2 2 3 34 1 42 81.0

Water 0 2 2 0 16 20 80.0
Total 81 194 161 42 22 500

Producer’s Accuracy (%) 88.9 85.1 87.0 81.0 72.7

Overall accuracy (%) = 85%.

Table A3. Error matrix for the classified 2006 land use/cover map, classified.

Classified Data
Reference Data

Built-up Forest Agricultural Land Other Water Total User’s Accuracy (%)

Built-up 98 2 5 0 0 105 93.3
Forest 3 182 8 0 0 193 94.3

Agricultural Land 4 5 155 1 1 166 93.4
Other Land 0 0 1 5 1 7 71.4

Water 0 1 1 1 26 29 89.7
Total 105 190 170 7 28 500

Producer’s Accuracy (%) 93.3 95.8 91.2 71.4 92.9

Overall accuracy (%) = 93%.

Table A4. Error matrix for the classified 1996 land use/cover map, classified.

Classified Data
Reference Data

Built-up Forest Agricultural Land Other Water Total User’s Accuracy (%)

Built-up 110 3 3 1 0 117 94.0
Forest 5 160 7 1 0 173 92.5

Agricultural Land 3 2 135 2 1 143 94.4
Other Land 2 3 2 33 1 41 80.5

Water 0 1 1 0 24 26 92.3
Total 120 169 148 37 26 500

Producer’s Accuracy (%) 91.7 94.7 91.2 89.2 92.3

Overall accuracy (%) = 92%.
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Abstract: Urbanization has bloomed across Asia and Africa of late, while two centuries ago, it was
confined to developed regions in the largest urban agglomerations. The changing urban landscape can
cause irretrievable changes to the biophysical environment, including changes in the spatiotemporal
pattern of the land surface temperature (LST). Understanding these variations in the LST will help us
introduce appropriate mitigation techniques to overcome negative impacts. The research objective
was to assess the impact of landscape structure on the variation in LST in the African region as a
geospatial approach in Addis Ababa, Ethiopia from 1986–2016 with fifteen-year intervals. Land
use and land cover (LULC) mapping and LST were derived by using pre-processed Landsat data
(Level 2). Gradient analysis was computed for the pattern of the LST from the city center to the rural
area, while intensity calculation was facilitated to analyze the magnitude of LST. Directional variation
of the LST was not covered by the gradient analysis. Hence, multidirectional and multitemporal
LST profiles were employed over the orthogonal and diagonal directions. The result illustrated that
Addis Ababa had undergone rapid expansion. In 2016, the impervious surface (IS) had dominated
33.8% of the total lands. The IS fraction ratio of the first zone (URZ1) has improved to 66.2%, 83.7%,
and 87.5%, and the mean LST of URZ1 has improved to 25.2 ◦C, 26.6 ◦C, and 29.6 ◦C in 1986, 2001,
and 2016, respectively. The IS fraction has gradually been declining from the city center to the rural
area. The behavior of the LST is not continually aligning with a pattern of IS similar to other cities
along the URZs. After the specific URZs (zone 17, 37, and 41 in 1986, 2001, and 2016, respectively),
the mean LST shows an increasing trend because of a fraction of bare land. This trend is different from
those of other cities even in the tropical regions. The findings of this study are useful for decision
makers to introduce sustainable landscape and urban planning to create livable urban environments
in Addis Ababa, Ethiopia.

Keywords: LST; urban-rural gradient; sub-Saharan region; Addis Ababa; Ethiopia
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1. Introduction

At the turn of the 20th century, there were 371 cities with one million or more inhabitants around
the world and this increased to 548 cities in 2018 [1]. It is projected that in 2030, there will be 706 such
cities. The number of global urban residents surpassed the global rural population in 2007. Moreover,
about 60% and 66% of the global population is expected to be lodged in urban areas in 2030 and 2050
respectively [2]. From the urbanization viewpoint, Africa and Asia have been notable regions since
1950, and Ethiopia has been identified as a country with relatively rapid urbanization similar to that of
developing counties [3]. The population of Addis Ababa, the capital city of Ethiopia, is more than
3 million and is predicted to be 12 million in 2024 [4]. Changing landscape and biophysical attributes
of the urban environment are some of the offshoots of overpopulation in the urban area. They resulted
in rapid changes in the urban landscape by converting natural vegetation into the impervious surface
(IS) [5].

Landscape structure consists of anthropogenic and natural components and their spatial pattern [6,7].
Building materials and non-vegetative surface (bare soil) can trap solar radiation [8] in the daytime
and then re-radiate during the nighttime due to the decline in albedo [9]. They are one of the reasons
for the increasing land surface temperature (LST), which can also be the cause of the fluctuation of
surface energy balance [10]. Generally, cities produce urban heat island due to the high LST regardless
of size and location. However, the magnitude of the LST can depend on the size of the city and it
often decreases as city size decreases [11]. Hence, LST is the most crucial parameter for various kinds
of applications at the local and global level, including the physical, chemical, and biological [12,13].
Changing landscape structure affects LST and has negative consequences for the socioeconomic and
environmental attributes in an urban area. Elevated temperature or heatwaves in an urban area can
affect the natural environmental and human health. The air quality decreases as the surface air gets
warmer [14]. Heat waves can affect the wellbeing of urban dwellers [13,15,16]. Hence, LST and its
causal factors have been becoming a significant research topic among the scientific community [17,18].
To the best of our knowledge, studies related to the LST combining with urban landscape structure
and geospatial application are scarce. Hence, focusing research on addressing this limitation is an
important, timely task.

Previous studies have shown various approaches for assessing landscape structure and its impact
on the variation of the LST over the urban area [19–22]. A few popular approaches include (i) observing
the pattern of the LST along the urban-rural zone (URZ) and (ii) studying the variation of the LST
concerning land use and land cover [23–27]. However, these approaches necessitate the classification
of Land use and land cover(LULC ) and the computation of LST (LULC as a local climate zone).
Geospatial and remote sensing (RS) techniques are facilitated for the classification and investigation
of the changes in LULC in both spatial and temporal viewpoints, as conventional approaches such
as ground-based methods are limited as they are time- and capital-consuming [28–30]. Similarly,
calculation of the LST from thermal infrared RS data is a large-scale time-consuming approach and a
solution for the absence of ground-based temperature data [13,31]. Assessing the composition of the
LULC provides necessary information to understand the spatial and temporal distribution pattern of
the landscape. Variation in the magnitude of both LST and LULC can be observed through intensity
calculation. The influence of LST on the dynamic urban landscape structure is difficult to study from a
single perspective, and a multidirectional and multitemporal approach can overcome this obstacle by
generating a comprehensive LST profile.

In this context, Addis Ababa, the capital of Ethiopia and a diplomatic landmark of Africa, is one
of the fastest growing cities in the continent [4,16]. The city has an abundance of sunshine as it
lies in the tropical region, close to the equator, which is an essential attribute for LST studies [13].
The minimum and maximum mean annual temperature are about 12 ◦C and 24 ◦C, respectively [32].
Urban expansion and overpopulation are some of the anthropogenic activities that resulted in changes
in the landscape structure, while physical attributes such as the dry season and the desert [1] (location
of the sub-Saharan region) could affect LST. Keeping the objective of this research was to assess the
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impact of the landscape structure for the variation of LST in the African region as a geospatial approach.
The results of this study will be useful as a proxy indicator for sustainable urban planning, and the
methodology could be applied to other similar cities, especially in the African region.

2. Materials and Methods

2.1. Study Area

Addis Ababa is the capital and also the largest city in Ethiopia that lies in the central highland
of the Ethiopian federal government and on the western edge of the Rift valley in the Eastern Africa
region. The climate is generally sub-tropical with an average temperature of 10–15 ◦C in the night
and 20–24 ◦C in the daytime in the dry period [33]; rainfall peaks during the summer from July to
August and is minimum during the winter (December–February) [34]. The mean center of the Central
Business District (CBD) of Addis Ababa is defined as the central point (9.02130◦ N, 38.75163◦ E) of the
study area. We have selected a 30 km × 30 km geographical area as the study area with a 15 km radius
from the city center covering 900 km2 (Figure 1), bound by latitude 9.141622◦ N to 8.811627◦ N and
longitude 38.605921◦ E to 38.906661◦ E.
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Figure 1. Study area. (a) Map of the African continent showing Ethiopia; (b) map of Ethiopia with
Addis Ababa; and (c) Landsat-8 image in a false color composite (band 5, 4, 3) (9 December 2016) with
central business district (CBD).

2.2. Datasets and Data Pre-Processing

Radiometric-calibrated and atmospheric-corrected Landsat Level 2 (On-Demand) data were
obtained from the United States Geological Survey (USGS) official website, including Normalized
Difference Vegetation Index (NDVI). Landsat-8 TIRS (Band 10) and Landsat-5 TM (Band 6) were
provided as the atmospheric brightness temperature in Kelvin (K), which is generated from Landsat
top of atmosphere [35,36]. All multispectral bands (Landsat-8 OLI and Landsat-5 TM) were provided
as surface reflectance [36]. In this process, the authors were responsible for maintaining the dry season
daytime data and cloud-free images or minimum cloud cover data (<10%). Furthermore, the temporal
resolution of the data was maintained as much as possible by considering the availability of free
data, but it is important to note that the same temporal resolution data were not available. Hence,
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the same month of the dry season [37] (December) was selected to maintain the temporal uniformity
over the study period. However, this issue did not significantly affect the final result because (i) the
research emphasized the LST pattern along the URZs rather than the absolute value and (ii) necessary
atmospheric and radiometric calibrations were conducted by USGS. Table 1 shows the comprehensive
summary of the raw data.

Table 1. Experimental data collection.

Sensor Landsat-5 TM Landsat-5 TM Landsat-8 OLI/TIRS

Landsat Sensor ID LT51680541986357XXX10 LT51680542001350RSA00 LC81680542016344LGN01
Temporal resolution 23 December 1986 16 December 2001 9 December 2016

Spatial resolution 30 × 30 m * (except for pan, TIR, and TIRS)
Row/Path 54/168

Time (GMT) ** 06:59:25 07:19:50 07:40:41

* The spatial resolution of the pan (15 m) on Landsat-8 OLI, TIR (120 m) of the Landsat-5 TM, and TIRS (100 m) of
the Landsat-8 TIRS. ** GMT is known as Greenwich Mean Time. GMT is 3 h behind Addis Ababa, Ethiopia time.

2.3. Land Use/Cover Mapping

An attempt is made to conduct four types of classifications which are facilitated by R software
(support vector machine, K-nearest neighbor, random forest, and neural networks); both overall
accuracy and kappa statistics were the highest for the neural networks method [38]. Hence, this method
was selected. The three images used were classified into six categories: Impervious surface (IS), forest,
grassland, bareland, cropland, and water. The authors used (i) IS, (ii) green space 1 (GS1) as forest,
(iii) green space 2 (GS2) as grassland and cropland, and (iv) bareland (BL) as the same bareland for the
current study.

2.4. Computation of LST

First, the proportion of vegetation was calculated (Equation (1)) by using the NDVI data
downloaded from the USGS as explained in Section 2.2.

Pv = ((NDVI−NDVImin)/(NDVImax −NDVImin))
2 (1)

where Pv represents the amount of vegetation, NDVImin represents the minimum values of the NDVI,
and NDVImax represents the maximum value of the NDVI.

Second, land surface emissivity (ε) was computed by using Equation (2).

ε = m Pv + n (2)

where ε represents land surface emissivity; m represents (εv − εs) − (1 − εs) Fεv; Pv represents the
amount of vegetation; n represents εs + (1 − εs) Fεv; εs is the soil emissivity; εv is the vegetation
emissivity; and F is a shape factor whose mean value, assuming different geometrical distributions,
is 0.55 [39]. In this study, we adopted m as 0.004 and n as 0.986 based on previous results [33].

Finally, emissivity-corrected LST was calculated by using Equation (3) as follows:

LST = Tb/1 +
(
λ × Tb

ρ

)
ln ε (3)

where Tb is the at-satellite brightness temperature in degrees Kelvin; λ is the central band wavelength
of emitted radiance (11.5 µm for Band 6 and 10.8 µm for Band 10 [40]); ρ is h × c/σ (1.438 × 10−2 m
K) with σ being the Boltzmann constant (1.38 × 10−23 J/K), h is Planck’s constant (6.626 × 10−34 J·s),
and c is the velocity of light (2.998 × 108 m/s) [6]; and ε is the land surface emissivity estimated using
Equation (3). Then, the calculated LST values (Kelvin) were converted to degrees Celsius (◦C).
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2.5. Urban-Rural Gradient Analysis

Several steps have been taken for the formation of urban-rural zones (URZ) from the city center to
the rural area [41]. A set of polygon grids with the same snapped with LST map were created, and the
dimensions of each grid were 210 m × 210 m [41,42]. The mean center of the CBD conceded as the
center grid, and its value was 0; 70 zones were designed from the centroid grid to cover the whole
study area.

2.5.1. The Fraction of LULC and Urban-Rural Zone

The fraction ratio of LULC in each zone was computed to assess the effect of the composition
of LULC on LST variation. In this process, fraction ratios of IS, GS1, GS2, and BL were computed.
The urban and rural boundary was demarcated based on the fraction ratio of IS from the city center if
the composition of IS fraction is less than 10 (<10%) when compared to the zone designated as rural
area [41]. This method was introduced by Estoque and Murayama in 2017 [41]. Various studies have
shown that this method generated reliable results [43].

2.5.2. LST Intensity

LST variation among the gradient zone is determined as the LST intensity (LSTI), or it can be
expressed as the inter-zone temperature difference [41,43,44]. In this study, the mean LST of each LULC
type in each gradient zone was determined by following the methodology explained in Section 2.5.
Mean LST of the IS, GS1, GS2, and BL in each gradient zone was calculated, except for the water class.
The reason for this exclusion is that it does not represent the study area well (Table 1); hence, there will
not be a significant influence on the result due to this exclusion.

2.5.3. The Magnitude of the LSTI

Relative mean LST and fraction ratios of IS, GS1, GS2, and BL were subtracted with URZ1,

and the method was applied for all zones (URZ1–URZ2, URZ1–URZ3, and URZ1–URZ . . . n(70)).
This methodology was proposed by Estoque and Murayama in 2017 [41]; Ranagalage et al. obtained
reliable results with this method in 2018 [43]. The method illustrates changes in the magnitude of
mean LST and magnitude of the fraction ratios of IS, GS1, GS2, and BL when compared with the URZ1

along the urban-rural gradient.

2.6. LST Profile

Multidirectional and multitemporal LST profiles were computed by following the orthogonal
and diagonal directions. First, LST values were extracted to a set of grids, with the dimensions of
210 m × 210 m, by following the orthogonal direction to cover the north-south and east-west direction.
Second, LST values of the northeast-southwest and northwest-southeast direction were also extracted
along the diagonal by following the same grid [41]. Finally, four profiles were made in eight directions.

All the derived values were used to prepare various kinds of graphs and statistical analyses to
visualize the results and assess the statistical significance.

2.7. Population Data

This study used 100 m × 100 m continuous spatial population data (2006) provided by the
Geo-data Institute of the University of Southampton, UK [45]. However, this source could not provide
continuous data to cover the study period. Hence, Ethiopia’s total population and urban population
data were used as a proxy indicator to visualize the population growth pattern (world population
prospects 2017 by UN) [46]. Some studies have adopted this population density data approach
effectively [47–49]. The population or population density does not directly affect the LST variation
or its intensity, but overpopulation can enhance some attributes of LST including the expansion of
built-up area [6]. In additional to that, some spaces are required for settlements, industrial zones,

189



Sustainability 2019, 11, 2257 6 of 18

and infrastructure to cater to the urban community. These improvements are directly influenced by the
changes in landscape structure. By considering these facts, population data were incorporated.

3. Results

3.1. The Spatiotemporal Distribution Pattern of the LST

The spatial distribution pattern of the LST of Addis Ababa is shown in Figure 2. On 23 December
1986, the LST ranged from 10.8–35.4 ◦C, with an average of 24.8 ◦C. It ranged from 11.2–37.4 ◦C, and the
average was 26.2 ◦C on 16 December 2001. On 9 December 2016, it ranged from 14.6–38.8 ◦C, and the
average was 27.9 ◦C. A significant LST distribution pattern can be observed both in the southern and
eastern parts of the study area. However, an improvement can be seen in the high LST area in the
northern part in 2006 (Figure 2b) compared to 1986, and it matured in 2016, as shown by Figure 2c.
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Figure 2. Land surface temperature (LST) map of Addis Ababa; (a) LST in 1986; (b) LST in 2001;
and (c) LST in 2016.

3.2. Landscape Pattern and Its Changes

The classification was performed by following the methodology explained in Section 2.3.
To determine the accuracy of the LULC classification, 970 training samples (40% of the total) were
selected to cover the six LULC types, and Google Earth image was used as reference data for accuracy
assessment. The overall accuracy of the classified LULC was 91%, 89%, and 90% in 1986, 2001, and 2016,
respectively. Further, the kappa statistic was 0.88 in 1986, 0.87 in 2001, and 0.88 in 2016. This method is
commonly used in similar studies and details of which can be found elsewhere [43,50,51].

The results of the LULC classification (Figure 3) shows that rapid urbanization has taken place
over the past 30 years. It can be observed that IS has dramatically increased from 6262 ha to 30,700 ha,
contributing to 34.1% of the total area in 2016 (Table 2). The annual growth rate of IS was 11 ha−1 year−1

(1986–2016). Croplands and grasslands declined and registered a total net loss of 5982 ha and 13,493 ha,
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over the study period. The results of the LULC classification show that forest area remains only over
the mountain region (Entoto mountain). Significant efforts have been made in the past decade through
forest plantation [52] to make the green environment in the central mountain region.
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Figure 3. Land use and land cover (LULC) map of Addis Ababa; (a) LULC in 1986; (b) LULC in 2001;
and (c) LULC in 2016.

Table 2. Details of LULC changes in Addis Ababa in 1986, 2001, and 2016.

LULC
1986 2001 2016

Area (ha.) % Area (ha.) % Area (ha.) %

Bare land 24,372.0 27.1 12,723.0 14.1 19,200.0 21.3
Built-up 6262.3 7.0 14,033.0 15.6 30,700.0 34.1

Crop 17,002.2 18.9 12,544.0 13.9 11,020.0 12.2
Forest 18,406.0 20.5 20,957.0 23.3 18,713.0 20.8

Grassland 23,721.3 26.4 29,611.0 32.9 10,228.0 11.4
Water 236.2 0.3 132.0 0.1 139.0 0.2

Total 90,000.0 100 90,000.0 100 90,000.0 100

3.3. The Composition of the LULC and Expansion of IS

Spatial and temporal variations of the composition of IS, GS1, GS2, BL and variation of the LST
distribution pattern along the URZs are shown in Figure 4. The figure clearly illustrates the pattern of
the expansion of IS and urban-rural demarcation boundary. As explained in Section 2.5.1, the urban
area was demarcated based on the fraction ratio of the IS. URZ26 in 1986, URZ43 in 2001, and URZ69 in
2016 are the first zones with IS < 10% that are observed as rural areas, as shown in Figure 4.
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Figure 4. Distribution of the LULC composition and LST along the urban-rural zones (URZs) and
expansion of the urban area in Addis Abba from 1986–2016.

3.4. LST Behavior Pattern

The fraction ratio of IS has gradually declined when moving away from the city center to the rural
area along the URZs, while contrasting the fraction ratio of BL. GS2 fraction has gradually increased
along the URZs except in 1986, but the irregular pattern could be observed for the fraction ratio of GS1
throughout the study period.
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In general, the behavior of the LST in an urban area declines to move away from the city center to
the rural area [41,43], but this pattern cannot be observed in Addis Ababa. It is declining from the city
center to some extent and shows an increasing trend moving to the suburban and rural area. This is a
significant observation in understanding the power that landscape structure affects the LST variation.
By observing this pattern, mean LST turning point has been determined, as shown in Figure 5a. To this
end, the lowest value of LST in each year was considered: 23.3 ◦C, 24.9 ◦C, and 26.5 ◦C in 1986, 2001,
and 2016, respectively. The zone that ranges from the center grid to the LST turning point is designated
as “Region 1” (R1), and the area spread away from the LST turning poin toward the rural area is
designated as “Region 2” (R2), as shown in Figure 5a. In 1986, the R1 extended from URZ1 to URZ17,

and R2 ranged from URZ18 to URZ70. In 2001, the first 36 zones (URZ36) belonged to R1, and the rest of
the zones (URZ37–70) belonged to R2. The R1 in 2016 extended from URZ1 to URZ41 and R2 included
RUZ42–70. The linear regression analysis plotted based on all 70 URZs in the three-time points shows a
significant (p < 0.001) positive relationship between mean LST and fraction ratios of IS, BL, and GS2.
The statistical data on the composition of the LULC is provided in Table 3. It is worthy to note that the
major fraction of the R1 is IS over the three-time points and that R2 has largely been dominated by GS2,
except in 2016.

Table 3. The distribution pattern of the LULC in R1 and R2 in 1986, 2001, and 2016.

LULC

Fraction Ratio

1986 2001 2016

R1
(URZ1–17)

R2
(URZ18-70)

R1
(URZ1–37)

R2
(URZ37–70)

R1
(URZ1–41)

R2
(URZ42–70)

BL 5.6 26.8 6.3 15.4 6.6 24.0
IS 59.0 6.1 54.9 7.5 70.8 25.5

GS1 4.0 23.4 20.0 24.2 16.4 25.4
GS2 31.4 43.7 18.8 52.9 6.2 25.1

Mean LST (◦C) 24.2 24.6 25.9 26.3 28.3 27.8

The magnitude of the mean LST with BL, IS, GS1, and GS2 along the URZs is shown in Figure 6.
Any positive values of the mean LST or fraction ratio of BL, IS, GS1, and GS2 in any zone mean that the
magnitude of the corresponding zone is less than that of the previous one (Z1–Z2 > 0). On the other
hand, it shows a declining trend along the URZ. Any negative values of the mean LST or fraction ratio
of IS, BL, GS1, and GS2 represent the opposite scenario (Z1–Z2 < 0). It is observed that the magnitude
of the mean LST in a rural area is higher than in the urban area. The magnitudes of the BL (Figure 6a)
and GS2 (Figure 6d) gradually incline from the city center to the rural area, while the magnitude of IS
declines (as shown as Figure 6b); moreover, the magnitude of the GS1 shows a pattern opposing that
of the LST: It is low where the magnitude of IS is high, as shown in Figure 6c.

Multidirectional and multitemporal profiles of the LST in Figure 7 show the cross-sectional outline
of surface temperature described in Section 2.6. The reason could be that the fraction ratio of IS was
weak in 1986 because of a lower degree of urbanization (Table 2), but it matured in 2016, as shown by
the increase in IS fraction. Mean LST has declined in the area where natural forest is located (the North
and Northwest direction), especially in the central mountain area. Figure 5b shows the types of LULC
and their respective geographical locations overlaid onto the multidirectional and multi-temporal LST
profile following chronological order.
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Figure 7. (a) Multidirectional and multitemporal land surface temperature intensity (LSTI) profile of
Addis Ababa; (b) Different kinds of LULC illustrations along the orthogonal and diagonal direction in
2016. (Image Source: Google Earth, accessed on 7 February 2019).

4. Discussion

4.1. Urbanization and Changes in the LULC Structure

Addis Ababa is the capital city of the Federal Democratic Republic of Ethiopia, an essential
administrative and economic hub not only for Ethiopia but also for the whole of Africa [53]. It has made
impressive socioeconomic progress in the past three decades. According to the official statistics, the gross
domestic product (GDP) was 10.9 while per capita income was USD 691 for the past one-and-a-half
decades [53]. Employment opportunities and infrastructure development have encouraged people to
live in the urban area or close to the urban area, as result of which the population of Addis Ababa is
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rapidly increasing, and it will continue in the future following the same increasing pattern (Figure 8).
Rural–urban migration has also been a significant influence on the growth of the urban population [32].
Both total population and urban population show an increasing trend from 1980–2024, as depicted in
Figure 8a. Proportion to the total population, the urban population, was 11.6% in 1986, 14.92% in 2001,
and 19.86% in 2016. However, Ethiopia’s Data Ecosystem annual report published by UNDP shows
that 25% of the Ethiopians live in Addis Ababa [54]. Hence, it can be realized that the proxy data have
mirrored the pattern of the urban population in Addis Ababa.
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Figure 8. (a) Total and urban population in Ethiopia from 1980–2025 including the forecasted population
(2019–2025) [46]; and (b) spatial distribution of the 2006 population with the main transportation
line [45].

In Addis Ababa, the population has nearly doubled every decade; it was 1.4 million in 1984 and
2.6 million in 1994. It will be 12 million in 2024 as predicted by UN-Habitat [4]. However, population
or its density is not directly influenced by the LST variation or its intensity, but overpopulation can
enhance some attributes of LST, such as the expansion of IS [6]. Additional space is required for
settlements, industrial zones, and infrastructure to cater to the urban community. Consequences of
this scenario are the expansion of the urban area by acquiring space from other LULC. Our analysis
shows that the IS area has expanded. In 2016, it comprised 34.1% (30,700 ha) of the total land (Table 2),
but in 1986, it was only 6262.3 ha, which is 7% of the total land. The growth rate of the IS fraction
was 11 ha−1 year−1 from 1986 to 2016. The urban area with an IS fraction greater than 10% (IS > 10%)
was expanded to 5.46 km (URZ26), 9.03 km (URZ43), and 14.49 km (URZ69) in 1986, 2001, and 2016,
respectively. In other words, this indicates a diminishing rural area. The expanded IS fraction has
directly resulted in a decrease in cropland and grassland (GS2) as illustrated by Table 2: A decline
from 31.4% to 18.8% and 6.2% in 1986, 2006 and 2016, respectively at the rate of −4.2 ha−1 year−1.
These results demonstrate that urban expansion has an influence not only on the urban landscape but
also on the suburban landscape.

4.2. The Relationship between LST and LULC Composition

Behavior pattern of the LST in Addis Ababa over the study period is in contrast to those of other
cities as explained in Section 3.4. Two separate regions (R1 and R2) were identified (Figure 5a). It can
be observed that R1 has shifted toward the periphery or rural area, with a distance of 3.57 km (URZ17),
7.56 km (URZ37), and 8.61 km (URZ41) in 1986, 2001, and 2016, respectively. The relative mean LST of
these three zones were reported to be 23.3 ◦C in 1986, 25.1 ◦C in 2001, and 26.9 ◦C in 2016. The changes
could be the result of urbanization as depicted in Figure 4. The IS fraction in R1 has dominated more
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than half of the land in all three-time points as illustrated in Table 3, and the IS fraction positively
correlated with the mean LST with high R2 values (0.68 in 1986, 0.56 in 2001, and 0.87 in 2016), as shown
in Figure 5a. However, the fraction of IS in R2 is less than that in R1, but it can also be observed that
mean LST has increased in R2 (Figure 5a). If so, the mean LST behavior pattern of R2 is debatable and
causal factors should be explored further. Our analysis shows that the fraction of BL (bare land) and
GS2 (cropland and grassland) together dominate nearly 50% of the total land. In 1986, it was 70.5%
(26.8% from BL and 43.7% from GS2), in 2001 it was 68.3% (15.4% from BL and 52.9% from GS2), and in
2016 it was 49.1% (24% from BL and 25.1% from GS2). Scatter plots confirm their significant (p < 0.001)
positive correlation with LST, as illustrated by Figure 5b. Hence, it can be realized that BL and GS2 are
the factors that influence LST in suburban and rural areas.

Addis Ababa as a sub-Saharan city shows the signs of desert attributes including bare land/bare
soil. Economic and Social Council of the United Nations stated in 2007 that “Seventy percent of Ethiopia is
reported to be prone to desertification” [55]. Non-vegetated land can be directly exposed to the sun, and the
results could be more solar radiation back to the atmosphere, called “heat back to the atmosphere” [43].
Nevertheless, GS2 represents grassland and cropland, but we observed that it does not look like
as green as that of healthy vegetation. We have selected dry season Landsat images for the LULC
classification, as explained in Section 2.2 and Table 1. In the dry season, grassland and cropland can
be seen as off-green or open land because of the low chlorophyll content, as shown by Figure 7b.
The LST profile can be further visualized by displaying the cross-section characteristics of the landscape
structure in the rural area. Figure 7b, Grassland (Figure 7b(iii)), bare land (Figure 7b(iv)) and cropland
(Figure 7b(v)) where located rural areas show high LST value compared to the forest (Figure 7b(i)).
The LST profiles depict the power of BL and GS2 in influencing the enhancement of magnitude of LST
in rural areas.

4.3. The Implication of the Results for Urban Sustainability

The negative effect of the LSTI resulted not only in the expansion of IS but also in losing green
cover. The vegetated urban fraction can regulate the effect of LSTI by providing shade to the land
and accelerate higher albedo through evapotranspiration to generate a cool island against the heat
island [41,56], as shown by Figure 7b. This study also identified lower LST areas that have covers with
natural forest: As an example, the Entoto mountain area and the green parks located in the heart of
the city center close to the National Palace. Furthermore, the rapid decrease in the LST profile along
the north, northeast, and northwest (Figure 7a) provides evidence for the ability of vegetated land to
maintain a lower level of LST. The results are consistent with past research findings [13]. Uncomforted
air which resulted in LST will be a cause for the increase of energy demand for making comfort indoor
air using an air conditioner or related equipment both day and night [6,43]. Heat-related illnesses can
affect the city dwellers [6,14]. Losing the green fraction may result in food security and ecosystem
services of the urban area.

To overcome these obstacles, appropriate measures need to be taken as indicated by our results,
which are not only consistent with past research also but are also sustainable oriented [41,57].
In the viewpoint of sustainability of Addis Ababa, an environmentally friendly, socially acceptable,
and economically accountable land administration process is compulsory. Past research has shown that
green walls can mitigate indoor temperatures in tropical countries by 2.4 ◦C [58]. Addis Ababa—as a
city in a tropical country—will be able to apply these concepts to generate low indoor temperatures
and increase the green zone in the urban area. Additionally, green belts along the transportation
line and green parks in residential areas will result in a cool island and encourage the natural air
regulation process to make a comfortable living environment. From this perspective, the plan should be
green-oriented aligning with “goal 11” of sustainable development [59]. Vertical, rather than horizontal,
urban development is a space-preserving technique [60] that can be applied to Addis Ababa also.
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5. Conclusions

This study has examined the influence of landscape structure on the spatiotemporal variation
in the LST along the urban-rural gradient as a geospatial application by using the Landsat data
from 1986–2016 with fifteen-years intervals in Addis Ababa, Ethiopia. We have adopted the relative
variation in LST rather than the absolute value to understand the influence of landscape structure
for the variation of mean LST. It is noted that the urban area has expanded and LST has grown more
intense with a substantial loss of green fraction. When IS fraction improved to 27% with an annual
growth rate of 11.1 ha−1 year−1, the relative mean LST of URZ1 increased by 4.5 ◦C over the study
period. The behavior pattern of the LST is specific to the city as we discussed by applying R1 and R2.
Previous studies have shown that the phenomenon does not appear in the sub-Saharan region. It is a
new trend of LST behavior in the urban area, especially in the sub-Saharan region. However, shifting
the R1 region toward the peripheral area in parallel to urban shifting is designated that LST becomes
stronger in the future.

Hence, future city planning should consider this scenario to overcome the effect of LST and
its intensity. Our results prove that improving the green fraction as much as possible is one of the
mitigation measures. Urban expansion should not violate the balance of the landscape structure.
As shown by the statistical plots, bare land has made a significant influence on the improvement of
LST in rural areas than other land use types. However, more studies are required to examine the
mechanism for managing geographical and climatological attributes that occur in the sub-Saharan
region. Indeed, the outcomes of this research indicate the dissimilarity in the LST results of the structure
of the landscape. We conclude that the overall findings of this study can be used as a proxy indicator
for the sustainability of Addis Ababa.
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Abstract: The blooming of urban expansion has led to the improvement of urban life, but some of the
negative externalities have affected the life quality of urban dwellers, both directly and indirectly. As a
result of this, research related to the quality of life has gained much attention among multidisciplinary
researchers around the world. A number of attempts have been made by previous researchers to
identify, assess, quantify, and map quality of life or well-being under various kinds of perspectives.
The objectives of this research were to create a life quality index (LQI) and identify the spatial
distribution pattern of LQI in Kandy City, Sri Lanka. Multiple factors were decomposed, a hierarchy
was constructed by the multi-criteria decision making (MCDM) method, and 13 factors were selected
under two main criteria—environmental and socioeconomic. Pairwise comparison matrices were
created, and the weight of each factor was determined by the analytic hierarchy process (AHP).
Finally, gradient analysis was employed to examine the spatial distribution pattern of LQI from the
city center to the periphery. The results show that socioeconomic factors affect the quality of life more
strongly than environmental factors, and the most significant factor is transportation. The highest life
quality zones (26% of the total area) were distributed around the city center, while the lowest zones
represented only 9% of the whole area. As shown in the gradient analysis, more than 50% of the
land in the first five kilometers from the city center comes under the highest life quality zone. This
research will provide guidance for the residents and respective administrative bodies to make Kandy
City a livable city. It the constructed model can be applied to any geographical area by conducting
necessary data calibration.

Keywords: life quality index (LQI); Kandy city; AHP; MCDM; gradient analysis; Sri Lanka

1. Introduction

In mid-2019, the world’s population reached 7.7 billion, having added approximately 1 billion
people in the last two decades [1]. Twenty-three percent of the world’s population were living in cities
in 2018, and this percentage is predicted to reach 66% by 2050 [2]. This means that 43% of the global
population will be living in urban regions within roughly 40 years, and it is estimated that the world’s
fastest-growing cities will be in Asia and Africa [3]. Cities provide environmentally sound and socially
accepted living environments in various ways, but they generate urbanization issues that severely
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impact the well-being of city dwellers [2,4]. Although developed countries have managed those issues
to some extent with their capital power, the situation in most developing countries, especially in
Asia, is dilapidated. The lack of socioeconomic and environmental resources in developing countries
presents considerable challenges in an urban area. Thus, conducting research related to the well-being
of inhabitants in complex urban areas is an important, timely task.

To ensure the well-being of urban inhabitants, various kinds of approaches have been taken
following various viewpoints, the details of which can be explored elsewhere [5–8]. The United
Nation’s Habitat Conference presented the concept of city livability (CL) in 1996 and stated that
every city should be habitable [9]. Moreover, the following index and approaches provide some
indicators to measure the level of livability in a city, such as the gross domestic product (GDP) and the
human development index (HDI) [9]. The term “life quality” (LQ) is also used to describe the general
well-being of societies and people [10,11]. As LQ is a theoretical concept that remains a significant
subjective element, it is difficult to use it to compute measurable dimensions. As a result, there is no
accepted definition or adequate measurements of LQ [4]. However, it is widely applied in various
subjects using different types of elements and dimensions. Recently, research related to the LQ in
urban areas has been given a benchmark by using various kinds of approaches that numerous studies
have demonstrated [4,9,12].

Assessing the quality of life or constructing its index is quite a challenging task because it has
no pre-defined factors or attributes [4]. On the other hand, measuring LQ is not a one-size-fits-all
approach because life quality is the result of a combination of multifactorial attributes that can consist
of social, economic, and environmental factors. These factors can depend on each other, or they may
be connected directly or indirectly. Moreover, a multifactorial approach can be used in a complex
decision-making environment, because each criterion does not contribute to results equally; rather,
different criteria make different contributions [9]. Hence, there should be a scientifically sound and
mathematically trustworthy approach to evaluate the contribution criteria based on their importance
or weight. Nevertheless, humans have some difficulty with simultaneously addressing decisions using
many criteria or alternatives because criteria have several uses [9]. The available literature shows that
there are various methods for decision making in a multi-criteria environment, including the analytic
hierarchy process (AHP) [12,13].

The AHP is a technique used to derive ratio gages from paired comparisons, which were initially
developed by Professor Thomas L. Saaty in the 1970s [14]. It allows the criteria weights to be measured
through pairwise comparison, which depends on the decisions of experts to regulate the priority
ranges [15,16]. In the AHP technique, a hierarchical form, including goals, criteria, sub-criteria,
and factors are used to solve every problem [15]. One of the notable leading factors is that the
AHP approach allows users to define the weights of variables in the construction of the solution
of a multi-criteria problem as a multi-criteria decision making (MCDM) method. Other than this,
conventional research based on field surveys is not cost-effective and is a time-consuming task [17].
Because of its applicability, correctness, theoretical suitability, and capacity for addressing any criteria
(intangible and tangible), the integration of AHP with MCDM in LQ analysis is still interesting for
multi-disciplinary researchers [15,16]. However, such research is lacking in Sri Lanka.

In view of the above aspect, we hypothesized that socioeconomic and environmental factors are
mainly influenced by the determination of LQ in urban dwellers in Kandy City, Sri Lanka. Over the
past two decades, urbanization has led to rapid development, and several environmental problems,
such as urban heat islands [18], increased energy consumption (R1), and reduced air quality [19], have
occurred. Thus, LQ requires further study to enhance future urban planning activities. The objectives
of this research are as follows: (i) to create an LQ index (LQI) for Kandy City and (ii) to identify the
spatial distribution pattern of LQ and its composition along the gradient zones (GZs). We believe that
our point of novelty is the incorporation of socioeconomic data to build a socially accepted LQI in
Kandy City.
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2. Materials and Methods

2.1. Study Area

Kandy is the capital and administrative city of the central province. It is the second-largest city
in Sri Lanka, located 116 km away from Colombo City [5]. Because it is the home of the temple of
the Tooth Relic (Sri Dalada Maligawa) and is a tropical mountain green city, Kandy is identified as
an important tourist destination and was declared to be a world heritage site by the United Nations
Educational, Scientific and Cultural Organization (UNESCO) [5]. Available literature shows that the
estimated population is approximately 1.7 million, and the daily transient population is approximately
one million in Kandy City [5]. As a result of the expansion of impervious surfaces and population
size, Kandy City has undergone high urbanization growth in the last two decades. However, some
of the topographical obstacles (mountain ranges and slopes) and malfunctioning of socioeconomic
attributes (infrastructure and services) have been caused by the scarcity of livable resident land. The
mean daytime temperature ranges from 28–32 ◦C, while the average rainfall is approximately 2085 mm
(long-term) [20] and 52–398 mm (monthly) [18]. Except for a short, dry period, Kandy City is like other
green cities and has a tropical equatorial climate and a monsoon rainfall pattern.

In this study, a geographical area of 400 km2 covering a 20 × 20 km grid with a 10 km radius
from the city center was selected as the study area, and it is bound by latitudes from 7.225195◦ N to
7.360744◦ N and longitudes from 80.566965◦ E to 80.702955◦ E, as illustrated in Figure 1.
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2.2. Types of Data and Sources

The research framework was constructed using two strategies; first, we observed regional
requirements by consulting with a group of experts and administrative bodies in Kandy City, and
second, the residents’ opinions regarding well-being were also observed by conducting informal
interviews in both urban and peripheral areas. Then, we realized that the identification of the spatial
distribution patterns of LQ would help both administrative bodies and inhabitants to achieve the goal
of sustainable urban development.
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Regarding this context, 13 factors extracted from socioeconomic and environmental (physical)
criteria were evaluated using MCDM model coupling with AHP on the GIS platform. Both primary
and secondary data were collected to assess the LQ of residents in Kandy City. In the process, the
following steps were completed. To gather primary data, (i) formal interviews were conducted with a
group of experts and respective administration bodies to determine the factors related to the AHP
and MCDM (Figure 2), (ii) expert’s judgments were collected to complete the AHP questionnaire,
and (iii) field observations were conducted to identify the current situation of the study area while
interviewing some residents. As an approach for collecting secondary data, (i) literary information was
collected, focusing on similar studies, and (ii) geospatial data were collected from respective sources,
as explained in Table 1.
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2.3. Data Pre-Processing

Both primary and secondary data were carefully checked, and fault-free data sets were rectified.
Subsequently, raw data were pre-preceded in order to build factors.

2.3.1. Landsat-8 OLI/TIRS Data

We hypothesized that the use of more Landsat data in order to cover all months in the year
would produce a reliable data set. There might be slight seasonal changes in the study area that
could affect land use land cover (LULC) and land surface temperature (LST). Hence, obtaining annual
average basic data sets is primarily important to generalize the model’s results for the whole year.
In this perspective, 2018 was selected as the investigated year, and the following simple steps were
accomplished to prepare basic remote sensing (RS) data.
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i. The Google Earth Engine (GEE) was selected because of its free tools and facilitates for
radiometric-calibrated and atmospheric-corrected Landsat-8 Level 2 data sets powered by
the United States Geological Survey (USGS) [8]. Additionally, it has many functional facilities for
handling remote sensing data.

ii. The research area was imported and checked for areas with cloud disturbance in the available
Landsat imagery. Because the study area is located in a tropical region, there was cloud disturbance
in the Landsat data [8]. Hence, the masking method was applied to remove the cloud.

iii. The annual median at-satellite brightness temperature (in Kelvin) and multispectral bands (in
radiance values) were computed by using image collection and ee.reducer functions in the
GEE [21].

iv. Prepared data sets were downloaded. Then, (a) calculation of the land surface temperature (LST)
and (b) classification of the LULC were carried out.

2.3.2. Land Use Land Cover Classification

i. A pixel-based supervised classification method was chosen [22]. Because medium- resolution
Landsat data were selected, the best approach was to select a pixel-oriented classification method.
Other than this, in order to identify precious LULC information as much as possible, the level
was very important for the decision-making process.

ii. Four classification techniques were employed with R software (open source) [23]: (i) support
vector machine, (ii) K-nearest neighbor, (iii) random forest, and (iv) neural networks. As a result
of the classification, four LULC maps were produced.

iii. The resultant LULC maps were sorted [5]. Due to the highest values (overall accuracy and kappa
coefficient), the map generated by the random forest method was chosen.

iv. The issues of misclassification error or salt-and-pepper noise made by spectral confusion were
resolved by using majority filters and hybrid classification methods [24]. As evidenced by the
literature [25–27], past researchers have also adopted this method and have gained reliable results.
Finally, an accuracy assessment was conducted to test whether the classification results could
be trusted.

2.3.3. Retrieval of Land Surface Temperature

The median temperatures (Section 2.3.1) extracted from thermal band 10 (in Kelvin) were used to
calculate the LST, as follows:

i. The land surface emissivity (ε) was calculated using Equation (1):

ε = {mPV + n} (1)

where m = (ε − ε) − (1 − εσ); Fεv and n = εs + (1 − εs) Fεv. εs and εv are the soil emissivity and
vegetation emissivity, respectively. In this study, we used the results of [28] for m = 0.004 and
n = 0.986. The proportion of vegetation (Pv) was calculated using Equation (2).

ii. Using Equation (2), the proportion of vegetation (Pv) was computed.

Pv = ((NDVI−NDVImin)/(NDVImax −NDVImin))
2 (2)

where Pv denotes the proportion of vegetation, NDVI refers to the Normalized Difference
Vegetation Index, which is calculated using the original NDVI values calculated in Equation (3), and
NDVImin and NDVImax are the minimum and maximum values of the NDVI dataset, respectively.

iii. The NDVI was calculated from Equation (3):

NDVI =
ρNIR − ρRed

ρNIR + ρRed
(3)
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where ρNIR refers to the surface reflectance values of band 5, and ρRed refers to the surface
reflectance values of band 4 from the Landsat-8 OLI data.

iv. The emissivity corrected LST was calculated using Equation (4):

LST = Tb /1 + (λ × Tb /ρ)ln ε. (4)

where Tb is the at-satellite brightness temperature in Kelvin; λ is the central-band wavelength
of the emitted radiance (11.5 µm for band 6 and 10.8 µm for band 10); ρ is h × c/σ

(1.438 × 10−2 m K) with σ being the Boltzmann constant (1.38 × 10−23 J/K), h being Planck’s
constant (6.626× 10−34 J·s), and c being the speed of light (2.998× 108 m/s) [29]; ε is the land-surface
emissivity estimated using Equation (3). Then, the calculated LST values (Kelvin) were converted
to degrees Celsius (◦C).

2.4. Preparation of Criteria and Factors in the AHP

Criteria and factors were determined based on the results of the field observations, past research,
and information gained from experts [9]. To get wider image and deeper understanding, a discussion
with experts was conducted to define the criteria, sub-criteria, and factors related to the AHP. The
experts, including professional researchers and officers who engage with public services and the
welfare of both the government and private sectors were interviewed. Gathering information from
experts is a common approach in the AHP and references can be found elsewhere [15,16,30]. In addition
to that, we also met with the respective administrative bodies of settlement constructors and land
selling companies and carried out discussions.

Subsequently, the problem was decomposed by constructing a hierarchy of inter-related decision
sections. From the highest to the lowest level, the hierarchical structure was made to interrelate and
chain all decision sections, and the goal of the study was placed at the upper part of the hierarchical
structure. The bottom level of the hierarchical structure was used to present more detailed factors
inter-related with the criteria in the next upper level. The hierarchical structure is presented in Figure 2.
In the structure, physical factors governed by nature are represented by environmental criteria, while
man-made and modified natural environment factors are classes as socioeconomic factors. A detailed
description of each factor and its relevance for the study is presented in Table 1. All factors were
constructed using secondary data, and the data pre-procedure was dependent on the types of raw
data, as shown in Table 1.
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2.5. Determination of Threshold Using the LQI

As explained in Section 2.4, information from the experts and some similar research was used to
determine the threshold for each factor [9,12]. In the process, the LQ was determined by assigning
five classes from the highest to the lowest life quality, as shown in Table 2. The most suitable living
areas, which consisted of most of the resources for both environmental and socioeconomic aspects,
was designated as the highest LQ zone (Z1). The second zone, which contained resources required for
quality life but not all resources like Z1, was named the high LQ zone (Z2). The moderately habitable
zone, which consisted of fundamental living factors, was denoted the moderate LQ zone (Z3), while
areas with some limitations for livability were classified as the low LQ zone (Z4). The areas with
more limitations and fewer resources were categorized as the lowest LQ zone (Z5). Subsequently, the
reclassification method or buffer zones of multiple radii were used on each factor to make the five
classes listed above (Table 2). This is the most commonly applied technique in spatial multi-attribute
decision making research [4,9,12].

2.6. Pairwise Comparison and Weights Calculation

Logical decisions result from the comprehensive analysis of sets of criteria and alternatives because
many factors may have influenced one decision. Hence, identification of which factors are the most
important and the construction of rank order with priorities is quite a challenging task. The experts
carried out the AHP by pairing two factors according to their relative preferences on a scale of 1–9 [45]
by answering the question, “By how many times is the selected factor more significant/better than the
other one of the pair” [46,47]. In the process, the following steps were carried out:

First: Pairwise comparison questions were prepared by using the criteria and factors presented in
Figure 2 and Table 1.

Second: A group of experts with comprehensive knowledge about factors in different fields was
carefully selected to avoid factor bias due to their interests (the details of the experts are mentioned in
Section 2.4)

Third: Formal interviews were conducted with 52 experts to complete the AHP questions. Then,
fault-free questionnaires were rectified and lined up for the next step.

Fourth: Based on the answers given by the experts, pairwise comparison matrices were prepared
for criteria, sub-criteria, and factors.

Fifth: The consistency ratio was calculated, and the prioritization of factors was then conducted.
Consistency of expert judgment is a vital attribute of an AHP to ensure the reliability of the

results. Hence, in the AHP framework, the consistency ratio (CR) was calculated to ensure the overall
consistency of judgments. According to Thomas L. Saaty (2008) [48], the CR value uses a priority
vector, which could be 0.10 (10%) or less (≤ 0.1) to present a consistency of preferences. If the CR is
higher than 10%, judgments should be revised subjectively. In this study, the CR was computed using
Equation (5) [49,50].

CR =
CI
RI

(5)

where CR is the consistency ratio, RI is a random index introduced by Saaty in 1980 [45], and CI is the
consistency index that represents a value of departure from consistency. The CI index was calculated
using Equation (6) [50].

CI =
λmax − n

n− 1
(6)

where λmax is the largest eigenvalue in matrix A, and n is the dimension of the matrix.
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The row geometric mean method (RGMM), which is one of the most popular methods in AHP and
MCDM research [50], was used to calculate priority weights, as explained by Equation (7). The priority
weights of factors were multiplied by the weights of the criteria and sub-criteria within the same
hierarchical level. Then, all factors were normalized and ranked, as summarized in Table 3 [49,50].

Pg
(
A j

)
=

n∏

i=1

Pi
(
A j

)wi (7)

where Pg(Aj) presents the final comparison of criterion j,Pi(Aj) is individual judgement i of criterion j,
and Wi is the weight of individual judgement I.

∑n
i=1 wi = 1 and n is the number of experts [51].

2.7. Computation of LQI with MCDM

The derived weights were multiplied by their respective factors, and all factors were merged into
a single layer to compute the LQI in Kandy City, as per Equation (8).

LQI =
n=13∑

i=1

xiwi (8)

where LQI is the life quality index, xi is factor i, and wi is the weight of factor i.

2.8. Spatial Analysis with Gradient Zones

The spatial variation in the quality of life from the city midpoint to the peripheral area was
computed by the gradient analysis method. In the process, a sequence of buffers was created around
the city center with a 1 km distance interval. It covered 10 buffer zones. Subsequently, the land fraction
of each buffer zone was calculated by LQI classes. Finally, the spatial distribution of the the life quality
and some statistical analyses were performed.
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3. Results

3.1. Determination of Weight and Weight Prioritization

Weights were calculated for criteria, sub-criteria, and factors using pairwise comparison matrices,
as explained in Section 2.6. Subsequently, the ranks of the factors were computed to determine the
importance of factors. The descriptive statistics of the calculation are summarized in Table 3. As a
result, socioeconomic criteria obtained approximately double the weight of environmental criteria.
From the sub-criteria, the largest weight (0.669) was observed for proximity, while the lowest was
presented for the climate as 0.055. The results of the priority weights show that the highest value is
presented for the transportation system, while the third priority was observed from the main city. One
of the highlighted results is that both factors (main city and transportation) are categorized under
the sub-criteria of proximity. Moreover, these results emphasize that proximity to transportation and
the main city are the key factors in LQ in Kandy City. Transportation, main city, and school were
the socioeconomic criteria represented in the top five factors, while the other two factors (slope and
green 1) were environmental criteria, as shown in Table 3.

Table 3. Weights of criteria, sub-criteria, and factors concerning the priority weights and ranks.

Criteria Sub-Criteria Factors Priority
Weight Rank

Category Weight Category Weight Category Weight

Environmental 0.333

Topography 0.655
Slope 0.833 0.18 2

Geology 0.167 0.04 8

Live with
green 0.29

Green 1 0.750 0.07 5

Green 2 0.250 0.02 9

Climate 0.055
Rainfall 0.667 0.01 11

LST 0.333 0.01 13

Socioeconomic 0.667

Proximity 0.669
Transportation 0.750 0.33 1

Main city 0.250 0.11 3

Public services 0.243
Healthcare 0.258 0.04 7

Education 0.637 0.10 4

Safety 0.105 0.02 10

Cultural and
religious 0.088

Religious places 0.833 0.05 6

Archaeological sites 0.167 0.01 12

3.2. Spatial Distribution Pattern of Factors

The spatial distribution patterns of each factor are illustrated in Figure 3, while the descriptive
statistics are tabulated in Table 4. High slope areas are dispersed in the southern part of the study
area, while a low elevation area is observed in the north of the study area, as shown in Figure 3a. The
Z1 and Z2 slope classes represent 68% (Table 4b) of the slope factor. There are 10 geology categories
scattered over the study area. By considering the suitability for living (residential and commercial),
a geology map was categorized into five classes. Among them, Z1 and Z2 jointly contributed to
172.9 km2 (43.2%).

As illustrated in Figure 3c, more than 90% of the green 1 area comes under Z1 and Z2. Moreover,
both restricted and reserved forest areas dispersed in the middle and northeast sides (Figure 3c) are
considered to be Z5 areas due to the restriction to residences and construction. However, lodging in
surrounding forest areas is associated with long livability due to the power of forests for improving
people’s mental and physical health. Buffer zones for forest areas were made, as shown in Figure 3d.
For the green 1 fraction, 45.5% and 47.3% of the area was classified as Z1 and Z2, respectively. Out of
13 factors, green 2 is the only factor that has a higher portion of land (65.8%/263 km2) classified into Z5,
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as shown in Table 4. Less rainfall can lead to a dry environment, which is not convenient for living,
while more rainfall may cause hazards. Hence, areas with both lower and higher levels of rainfall are
considered to be in Z5, although only 6.6% of the classification was due to the rainfall factor. The rest of
the rainfall area was categorized into four classes (Figure 3e). A high-temperature zone was observed
in the city’s core area and some parts of the periphery, as shown in Figure 3f. A raised temperature in
an urban zone may affect the wellbeing of urban dwellers and can affect human health [23]. Thus,
these areas were considered as not comfortable for living and were rated as lower (Z5) or low livable
(Z4) zones, representing 12.1% (48.3 km2) of LST classes.Sustainability 2019, 11, x FOR PEER REVIEW              14 of 24 

 
Figure 3. Factor thresholds: (a) slope, (b) geology, (c) green 1, (d) green 2, (e) rainfall, (f) LST, (g) 
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The second higher portion (57.3%) of Z1 as influenced by transportation (Figure 3g). However,
access to transportation facilities was much less in the southeast part of the study area because of the
mountainous topography. The classification of the main city factor gradually increased from Z1 to Z2,
as illustrated by Figure 3h. When all thirteen factors were compared, the lowest land portion of Z1 was
attributed to the main city factor 4% of the total area. More than 50% of the total area of healthcare was
represented by Z2 and Z3, and the same scenario was also observed for the education factor, as shown
in Table 4b. The south and southeast parts of the study area were mostly not covered by a safety factor,
while more than 50% of places classified as having this factor belonged to Z4 and Z5, suggested that
safety is currently unsatisfactory. A total of 83.2% (332.8 km2), which is the highest land portion, of
areas belonging to Z1 are represented by religious places, as revealed in Table 4b. Further, it is the only
factor that is absent of any land fraction in Z4 or Z5, as illustrated in Figure 3l.

3.3. LQI in Kandy City

MCDM and the AHP were used to produce a weighted life quality index for Kandy City. Many
researchers have theoretically and practically stated that the range of numerical values generated by
MCDM has no scientific sense other than to explain the research area in relative terms. The values of
LQI range from 1.06 to 4.56 throughout the study area. There are many classification methods powered
by various kinds of software and applications. Among them, we tested six methods powered by Arc
GIS version 10.6, and results were crosschecked with field observations. In addition, we discussed the
results with experts. Finally, as a result of a lot of trial and error, the natural break method, which is the
most frequently applied technique [12,57,58], was adopted in our research to make an LQI zonation
map. Its spatial distribution is shown in Figure 4a, while the summarized results of the area and area
percentage of LQI in Kandy City are presented in Figure 4b.
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The results show that the highest LQ zone covers 103.3 km2, which is 26% of the total study area,
as illustrated in Figure 4b. As one of the highlighted results, the highest LQ zone is somewhat skewed
to the north side of the study area. A scatter distribution pattern presents a high LQ zone which is
covered with the highest land fraction of 138.5 km2 (35%). Moreover, the highest and high LQ zones
jointly make up 61% or 241.8 km2 of the land fraction, as shown in Figure 4b. The moderate, low, and
lowest LQ zones cover 20%, 10%, and 9%, respectively. The lowest LQ zone is mainly found in the
southeast and northeast of the study area, as illustrated by Figure 4a.

3.4. Distribution of Life Quality from the City Center

A gradient zone analysis was carried out to get a deeper understanding of the spatial distribution
of life quality from the city’s midpoint to the border area. LQI zones with gradients are presented in
Figure 5a, while each gradient zone (from GZ1 to GZ10) is shown in the LQI zones in Figure 5b. The
area of the highest LQ zone gradually declines from the city midpoint to the border area, while the
low and lowest LQ zones have the opposite trend, as shown in Figure 5b. The areas of the other two
zones (high and moderate IQ zones) also decline when moving away from the city center, but slight
fluctuations were noticed. More than 80% of the first GZ is represented by the highest LQ zone, and the
rest is covered by high and moderate LQ zones. The other two LQ zones are not represented by GZ1,
as shown in Figure 5b. At least 80% of the total extended area of GZ2 to GZ5 is covered by the highest
and high LQ zones, and the trend gradually declines so that the last zone (GZ10) covers only 33.5%.
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4. Discussion

4.1. Urbanization and Its Effect on Life Quality in Kandy City

Kandy City is a fast-growing city and essential tourist destination [18] located in the central
mountain area, and it is wealthy with well-being attributes (social, economic, and environmental),
which brings high livability. Additionally, it is the main city of the central province and is one of the
important economic hubs in Sri Lanka. Thus, conducting this type of research is a timely vital task to
identify the level of life quality of residents. In the process, we first identified the importance of Kandy
City as a commercial and living place by exploring past research [19,20] and development plans [59].
However, research related to the quality of life or livability of the city was still lacking, and this was the
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motivation factor for selecting this research title. Both primary and secondary data were gathered from
reliable and trustworthy data sources, and methodology including AHP and MCDM was adopted.
A group of experts was selected in order to cover all factors, and factor bias was avoided. Finally, a
weighted LQI with five zones was made. Throughout the whole process, especially in field activities,
our research team took responsibility for minimizing liveware faults as much as possible.

The results of the AHP show that, among the criteria (level 1), socioeconomic factors obtained a
higher weight (0.667) than environmental factors. These results indicate that socioeconomic factors
influence the life quality in Kandy City more strongly than environmental factors. Proximity, which
was categorized as a socioeconomic factor, obtained the highest weight of all sub-criteria (level 2).
Furthermore, the highest weight (0.33) from all 13 factors was transportation (level 3). In 2019,
Dissanayake et al. [5] stated that Kandy City has shown a linear city development pattern in the last
twenty years. Our LULC classification results also proved this linear development pattern. Figure A1
shows that impervious surfaces are mainly distributed around the road network. We also observed
this pattern through our field visits. These results indicate that the factor triggering life quality in
Kandy City is the transportation network. Primarily, new settlements have been constructed in close
proximity to the roads. New apartments and land fragmentation projects for new settlements have
taken place around the main and minor roads. Our results and those from secondary sources reflected
the ground-level scenario in the Kandy City area.

While we conducted field observations, some qualitative information related to the quality of life
was also collected from residents using informal interviews. Most respondents who resided in the
peripheral area stated that they wish to settle close to Kandy City due to the proximity to resources
and infrastructure. The group of experts also gave the same idea. Additionally, the results of the life
quality GZs show that the highest LQ zone is also distributed around the main city (Figure 5). It is
approximately 5 km from the city center. By observing these facts, we can see that highly livable
areas or high life quality areas are grounded by surrounding the central city area. Hence, respective
government and private companies should have a plan to provide more lodging facilities surrounding
the main city area, or they could plan to decentralize the resources to other areas.

4.2. The Implication of Our Results for Enhancing the Life Quality of Urban Life

Except for the green factors (forest and Kandian home garden), physical factors (geology and
rainfall) are governed by nature. We cannot change these factors according to our preferences. Hence,
human activities should be based on physical factors by changing socioeconomic attributes in order
to reach a higher quality of life. On the other hand, we must adapt to nature by making changes to
natural factors to promote a high quality of life. As an example, a green environment can be enhanced
through the green belt and other applications identified by past researchers, even in Kandy City [5].
The green environment brings several benefits, and it is a suitable solution for controlling the negative
effects of LST [18]. Higher LST significantly reduces the quality of life. Thus, enhancing the green
environment is an essential, timely task, and green 1 was ranked in the top five most important factors,
as shown in Table 3.

An area of 158.2 km2 or 39% of the study area was classified into the lowest three LQ zones
(moderate, low, and lowest), and most of these areas were located at least 7 km away from the city
center (Figure 5b), especially in the northeast and southeast, as shown in Figure 4a. Further, these
areas lack public services including healthcare (Figure 3i), education (Figure 3j), and transportation
(Figure 3g). However, these services are fundamentally required for enhancing life quality. Hence,
respective administrative bodies should take responsibility for enhancing these public services in order
to sustain the quality of life in peripheral areas.
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As mentioned above, Kandy City is a fast-growing city. It has a high demand for land for both new
investments and settlements. Mainly, the demand surrounds the main city area. Thus, identification of
the most livable areas is essential for people who are expecting to buy land in Kandy City and respective
administrative bodies (government and private) who provide services for the new settlements. We
believe that the results of our research can be used as proxy indicators to generate policies regarding
life quality planning and future development scenarios. Regarding the implications of the research
results, future city plans should be life quality-oriented, aligning with “goal 11” of the sustainable
development goals (SDGs) [60].

As we have detailed, discussed, and illustrated, quality of life depends on both socioeconomic
and environmental factors. Some of the factors are more important, while some of the factors are less
important. However, we only investigated 13 factors that are applicable for spatial analysis. In this
regard, methods applied by past researchers and experts’ ideas were mainly considered. Due to the
difficulty of collecting data and inapplicability to spatial analysis, human emotion factors or other
preferences influenced by social caste or ethnic groups were not accounted. There may be more than
13 factors that can directly and indirectly influence the quality of life, but available data sources were
limited, and some of the data sources could not be trusted. We omitted these data sources from this
research. Thus, the results may be interpreted by considering these limitations.

5. Conclusions

This study attempted to develop a life quality index for Kandy City, Sri Lanka using a geospatial
approach with AHP and MCDM. The decomposition of factors and construction of a hierarchical
order were carried out using information from experts and past research. The AHP approach was
performed through pairwise comparisons and derivation of the weight of each factor. MCDM was
used to resolve the complex decision environment generated by multiple factors. Socioeconomic
criteria were more found to be more necessary than environmental criteria, while proximity was the
most sensitive among all sub-criteria. The transportation facility was the most significant factor and
presented the highest rank on the LQI in Kandy City. The highest LQ zone was shown to surround
the main city, and this was proven by GZ analysis also. The results imply that urban pressure and
overpopulation can be controlled by improving socioeconomic facilities in the peripheral and rural
areas. Due to the socioeconomic resource availability, people attempt to live in urban areas or close to
urban areas. We conclude that the overall findings of this research can be used as guidance for the
sustainability of Kandy City. Selected factors will not be a one-size-fits-all approach for any city, but
the LQI model is flexible for any calibration. Hence, the constructed model can be applied to other
cities to assess their life quality.
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Abstract: Urbanization intensity (UI) affects habitat quality (HQ) by changing land patterns,
nutrient conditions, management, etc. Therefore, there is a need for studies on the relationship
between UI and HQ and quantification of separate urbanization impacts on HQ. In this study,
the relationship between HQ and UI and the direct and indirect impacts of urbanization on HQ were
analyzed for the Yangtze River Delta Urban Agglomeration (YRDUA) from 1995 to 2010. The results
indicated that the regional relationship between HQ and UI was nonlinear and negative, with inflection
points where urbanization reached 20% and 80%. Furthermore, depending on different urbanization
impacts, the relationship types generally changed from a steady decrease to stable in different cities.
Negative indirect impacts accelerate habitat degradation, while positive impacts partially offset
habitat degradation caused by land conversion. The average offset extent was approximately 28.23%,
17.41%, 22.94%, and 16.18% in 1995, 2000, 2005, and 2010, respectively. Moreover, the dependency
of urbanization impacts on human demand in different urbanization stages was also demonstrated.
The increasing demand for urban land has exacerbated the threat to ecological areas, but awareness
about the need to protect ecological conditions began to strengthen after the antagonistic stage
of urbanization.

Keywords: urbanization; habitat quality; DMSP-OLS; spatiotemporal analysis; Yangtze River Delta
Urban Agglomeration

1. Introduction

Since the 20th century, urbanization, including population shifting, urban expansion,
economic development and so on, has been one of the most significant characteristics of human
civilization [1,2]. The progress of urbanization has led to more human demand that needs to be
provided for by the ecosystem services in natural ecosystems [3]. Grimm at al. found that the
unprecedented rates of urban population growth over the past century have occurred on less than 3%
of the global terrestrial surface, yet the impact has been global, with 78% of carbon emissions, 60% of
residential water use, and 76% of wood used for industrial purposes attributed to urban areas [4].
At the same time, urbanization has brought significant land conversion from ecological spaces to urban
usage, which creates seminatural or completely artificial ecosystems. In contrast to natural ecosystems,
the main driving force of habitat patterns in these ecosystems is anthropogenic activity. Fertilization,
irrigation, unified management, species introduction and other alterations are commonly seen in urban
landscapes and have caused various impacts on habitats in terms of soil composition and nutrients [5],
water, heat and carbon balance [6], species communities [7,8], atmospheric and climatic conditions [9],
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etc. In other words, the impact on natural ecosystems will affect the city itself. Therefore, quantifying
the eco-environmental dynamic variation in the urbanization gradient and identifying the ecological
impacts of urbanization provide an efficacious approach for decoupling human well-being from the
consumption of natural capital [10].

In the context of urbanization, eco-environmental variation is spatially organized and dominates
the composition and structure of habitats from the core urban area to the outskirts [11]. It has been
widely believed that urbanization threatens biodiversity, with areas of high urbanization levels having
impoverished species community composition [12–14] due to environmental stresses (e.g., poor soil
quality, high pollution, and limited habitat) and the artificial conversion of ecological spaces to
impervious surfaces [15]. However, the correlation trends are not completely consistent among different
studies. The relationships between urbanization and the diversity of plants [16], amphibians [17] and
mammals [18] have been separately analyzed, and it was found that there were no negative and even
positive effects in urban-rural gradients. In addition, using non-field survey approaches, the positive
influence of urbanization on environmental variation has been observed at the city, regional and
national scales. For example, Meng et al. found that the overall ecological conditions showed a
fluctuating increasing trend in the process of urbanization, with 20% of the area in the Yangtze River
Delta Urban Agglomeration (YRDUA) being deteriorated and 40% being improved [19]. Michael et al.,
upon reviewing 105 studies on the effects of urbanization on the abundance of non-avian species,
indicated that urbanization increases the species richness of plants, invertebrates and vertebrates by
approximately 65%, 30% and 12%, respectively [20]. Jia et al. observed that approximately 90% of
urban areas showed vegetation growth enhancement in the United States [21], which was also observed
in 32 major cities across China [22].

The main reason for the inconsistency in environmental dynamics can be summarized in two
aspects. First, simplified urbanization gradients, individual-level studies and the selection of study
sites contribute to the significant differences in relationship trends. The extent to which the selected
urban–rural gradient is representative of the pattern determines the sensitivity of variability in
environmental dynamics. As data availability and remote sensing techniques have increased, some finer
gradient approaches have been applied in the study of the abundance and community composition of
species in natural and urban ecosystems [23,24]. The “Habitat Quality (HQ)” module in the “Integrated
Valuation of Environmental Services and Trade-offs” (InVEST-HQ) model suite is a novel tool used for
assessing HQ of habitats under anthropogenic threats. It provides a means for conducting biodiversity
assessments at different scales, applied in study sites where there are multiple habitat types or a
lack of species distribution data [25]. Second, the relationship between environmental variation and
urbanization is also largely dependent on the selection of urbanization indicators. Commonly used
indicators of urbanization intensity (UI) were urban population conversion, finance aggregation,
and residential expansion [26]. However, in different urbanizing areas, the UI of each aspect shows
an inconsistent growth rate. In developed countries such as the United States, finance aggregation
increased without significant landscape pattern changes. In contrast, in some developing countries,
such as China, the residential expansion rate significantly exceeds the speed of urban population
conversion, which leads to the difference in responses to diverse UI indicators in identical study
sites [27]. For instance, Peng et al. found an “inverse U” shape between ecosystem services and UI
characterized by population and economy, while a negative-linear relationship existed when the UI was
measured by the proportion of construction land [26]. Therefore, selecting a spatially high-resolution
data source for multiple human activities is necessary.

The Defense Meteorological Satellite Program’s Operational Linescan System (DMSP-OLS) stable
nighttime light (NTL) data were used to detect urban lights and areas with low brightness, such as
small settlements and traffic distinguished from dark rural backgrounds. This unique dataset provides
a special perspective on the study of urban development and relevant human activities across various
spatiotemporal scales, such as urban extent [28], urban expansion [29], urbanization [30], population
density [31], socioeconomic activities [32–34] and energy consumption [35]. The spatial resolution of
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1 km× 1 km and long-term monitoring periods make it possible to study the details of HQ dynamics
in urban-rural gradients through a spatiotemporal perspective [36–38].

Previous studies have mentioned that there was a non-linear relationship between UI and
biodiversity [20], ecosystem services supply [39], and vegetation growth [21]. The status of HQ is
closely related to the diversity and abundance of species in the ecosystem, and its dynamics also affect
the supply capacity of ecosystem services. Assuming a nonlinear relationship between HQ and UI,
there must exist at least one inflection point, indicating where the ecological impacts of urbanization
will shift from having one influence to another. Predecessors have combined UI with vegetation
surface conversion [40], land use transition [41,42], and the distance from anthropogenic threats [43,44]
to understand the ecological impacts of urbanization, which has been investigated for multiple
HQ aspects, such as biodiversity status [7,45], ecosystem services [39] and landscape patterns [46].
Comparing and summarizing the results of these studies, which are based on field observations
and remote sensing approaches, is challenging. The research scales range from vegetation, species,
and ecological conditions to landscape types. The quantitative relationship between urbanization
indicators is not well understood. Zhao et al. developed a general framework for the quantitative
assessment of separate urbanization impacts in urban environments [22]. This framework has been
used to assess urbanization impacts on vegetation growth [21] and carbon storage [47], but very few
studies have investigated the direct and indirect impacts on urban habitat quality.

Urban agglomerations, consisting of densely populated, highly urbanized areas and
underpopulated surrounding townships, have become a dominant form of spatial organization
in urban development [48]. As one of the six world-class urban agglomerations, the Yangtze River
Delta Urban Agglomeration (YRDUA) has witnessed the evolution of humans and the environment
within urban ecosystems in China. The rapid urbanization of YRDUA is accompanied by indigenous
landscape changes and habitat degradation [49]. However, the relationship between the HQ and
UI in urban agglomerations is not clear. A systematic understanding of the ecological impacts of
urbanization in metropolitan areas is necessary. Hence, using the urban–rural gradient of YRDUA as a
case study, this study sought to address the following objectives:

• Identify the spatiotemporal variations in UI and HQ in YRDUA.
• Analyze the relationship between UI and HQ.
• Quantify the direct and indirect impacts of urbanization on HQ.

2. Material and Methods

2.1. Study Area and Data Source

Proposed in the Yangtze River Delta Regional Development Plan (2016–2030) and approved by
the State Council of China, the Yangtze River Delta Urban Agglomeration (29◦20′ W−32◦34′ W, 115◦46′
E−123◦25′ E) is located on the largest alluvial plain in China, which is formed at the point before the
Yangtze River enters the sea. It is situated in the coastal region of East China and borders the Yellow
Sea and the East Sea (Figure 1). The region occupies an area of 211,700 km2. A total of 49.4% of the
region is mountainous (the southwestern region), and the rest is plains (the northern and northeastern
regions). The YRDUA consists of 26 cities from four main basic jurisdictions, including the Shanghai
municipality, 9 cities in southern Jiangsu Province, 8 cities in northern Zhejiang Province and 8 cities in
parts of Anhui Province. This region has a subtropical monsoon climate, with an annual precipitation
of 1371.7 mm and an annual average temperature of 15.5 ◦C. The Yangtze River Delta region is rich in
water resources, with more than 200 lakes and dense river networks.

227



Sustainability 2020, 12, 669
Sustainability 2020, 12, x FOR PEER REVIEW 4 of 19 

 

 
Figure 1. The Yangtze River Delta Urban Agglomeration (YRDUA) study location in China showing 
the topography and expansion of built-up areas during 1995–2010. 

As the driving engine of China’s economic development, the YRDUA has experienced an 
unprecedented rate of drastic and massive urbanization, which increased at an average rate of 1.41%. 
The population has increased from 114.3 million in 1990 to 151.0 million in 2015, with the energy 
consumption increasing from 114.3 million tons of coal equivalent (Mtce) to 630.4 Mtce during the 
same period. The region has 2.2% of the whole country’s territory to support 11.0% of the total 
population, making it one of the most densely populated areas in China. In addition, the regional 
average economic growth rate of 11% is five times that of the national economic growth rate, with 
18.5% ($2.07 trillion USD) of the gross domestic product in 2014 [50]. However, due to this rapid 
socioeconomic development and high population density, the YRDUA has had to face the challenges 
of habitat degradation and the construction of ecological cities. During recent decades, accelerated 
urbanization has exacerbated the negative impacts on local habitats, such as water eutrophication, 
soil erosion and natural ecosystem fragmentation. At the same time, the establishment of national 
parks to protect habitats, application of renewables to replace fossil fuels, disposal of pollutants to 
reduce environmental pollution, and other ecological protection and restoration measures were also 
widely used in China to reduce the adverse impacts of urbanization [51]. 

Considering the availability of data sources, two spatial scales (regional and city scales) and four 
temporal nodes (1995, 2000, 2005, and 2010) were used to investigate the spatiotemporal impact of 
urbanization on HQ. Land cover data for the years 1995, 2000, 2005 and 2010 at a spatial resolution 
of 30 m × 30 m and land cover types were divided into 11 different categories, supplied by the 
Resource and Environment Data Cloud Platform (http://www.resdc.cn/data.aspx?DATAID=99). 
DMSP-OLS nighttime light data for the same period (F121995, F152000, F162005, and F182010) with 
a 1 km spatial resolution were obtained from the National Geophysical Data Center 
(https://www.ngdc.noaa.gov/eog/dmsp/downloadV4composites.html). The digital number (DN) of 
these data ranges from 0 to 63. The study was carried out on each 1 km × 1 km pixel, corresponding 
to 900 land units and one DN value. 
  

Figure 1. The Yangtze River Delta Urban Agglomeration (YRDUA) study location in China showing
the topography and expansion of built-up areas during 1995–2010.

As the driving engine of China’s economic development, the YRDUA has experienced an
unprecedented rate of drastic and massive urbanization, which increased at an average rate of 1.41%.
The population has increased from 114.3 million in 1990 to 151.0 million in 2015, with the energy
consumption increasing from 114.3 million tons of coal equivalent (Mtce) to 630.4 Mtce during the same
period. The region has 2.2% of the whole country’s territory to support 11.0% of the total population,
making it one of the most densely populated areas in China. In addition, the regional average economic
growth rate of 11% is five times that of the national economic growth rate, with 18.5% ($2.07 trillion USD)
of the gross domestic product in 2014 [50]. However, due to this rapid socioeconomic development
and high population density, the YRDUA has had to face the challenges of habitat degradation and the
construction of ecological cities. During recent decades, accelerated urbanization has exacerbated the
negative impacts on local habitats, such as water eutrophication, soil erosion and natural ecosystem
fragmentation. At the same time, the establishment of national parks to protect habitats, application of
renewables to replace fossil fuels, disposal of pollutants to reduce environmental pollution, and other
ecological protection and restoration measures were also widely used in China to reduce the adverse
impacts of urbanization [51].

Considering the availability of data sources, two spatial scales (regional and city scales) and
four temporal nodes (1995, 2000, 2005, and 2010) were used to investigate the spatiotemporal
impact of urbanization on HQ. Land cover data for the years 1995, 2000, 2005 and 2010 at a spatial
resolution of 30 m × 30 m and land cover types were divided into 11 different categories, supplied by
the Resource and Environment Data Cloud Platform (http://www.resdc.cn/data.aspx?DATAID=99).
DMSP-OLS nighttime light data for the same period (F121995, F152000, F162005, and F182010)
with a 1 km spatial resolution were obtained from the National Geophysical Data Center (https:
//www.ngdc.noaa.gov/eog/dmsp/downloadV4composites.html). The digital number (DN) of these
data ranges from 0 to 63. The study was carried out on each 1 km × 1 km pixel, corresponding to 900
land units and one DN value.
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2.2. Mapping Habitat Quality and Urbanization Intensity

2.2.1. Habitat Quality

As a proxy of biodiversity, habitat quality (HQ) refers to the ability of the ecosystem to provide
conditions suitable for survival, reproduction and population persistence [52]. In this study, HQ was
defined as the habitat status of the non-built-up part of a pixel. Due to the spatial heterogeneity in HQ,
we used the InVEST-HQ, which analyzes land use/land cover (LU/LC) in conjunction with suitability
and threats, to evaluate HQ throughout the study site. The model is based on the hypothesis that
higher quality habitat areas can support higher native species abundance and that a reduction in HQ
leads to a loss of biodiversity [44]. A half-saturation function of threats to translate habitat degradation
is estimated based on the habitat quality score in InVEST-HQ:

Qobs = H j




k2

Dz
xj + kz


 (1)

where Qobs is the score of HQ, H j is the habitat suitability of land use type j, Dxj is the degradation
score of pixel x in land cover type j, k is a half saturation coefficient (usually half of the maximum value
of Dxj), and z is a constant to reflect the spatial heterogeneity.

Dxj =
R∑

r = 1

Yr∑

y = 1




wr∑R
r = 1 wr


ryirxyβxS jr (2)

where R is the number of threats (r = 1,2,3 . . . R), Yr is the set of pixels occupied by the threat r,(
wr∑R

r = 1 wr

)
ry evaluates the relative impact of threat r, wr is the impact weight of r, ry is the degradation

score of threat r in pixel y, irxy is the degradation attenuation function through distance, which could
be expressed as a linear or exponential function of distance from threats to habitats, βx is the legal
reachability of pixel x, which defaults to 1 in this study, and S jr is the related sensitivity of each habitat
type j to each threat source r. The values used as input elements for the HQ model are reported in Table
S1, and the maps of habitat types and magnitude of threats in 2010 in YRDUA are shown in Figure S1.
To reduce the occurrence of accidental regional errors, the HQ layer was aggregated and resampled
from 30 m× 30 m to 1 km × 1 km pixels. Each output pixel contained the mean value calculated by
the input pixels around that pixel.

2.2.2. Urbanization Intensity

Urbanization intensity (UI) reflects multiple aspects of urbanization, including population,
industrial structure and regional space. Three recognized indicators were used in the study to calculate
the traditional urbanization level index (ULI), such as the proportion of urban population, the proportion
of secondary and tertiary industries, and the proportion of built-up area, which are representative of
population urbanization, economic urbanization, and spatial urbanization, respectively.

ULI =
∑3

i
(wi ×Ui) (3)

Ui is the three factors of traditional urbanization level evaluation, and wi is the weight of factors.
This study considers that these three factors have equal influence on urbanization level, so they were
given equal weight.

The average intensity of nighttime light in DMSP-OLS embodies the comprehensive responses of
the interaction among these factors [33]. Following Chen et al. and Yang et al., the UI of an urban pixel
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is defined as the night light compositive index (NLCI or β) within a pixel from the DMSP-OLS stable
light data, ranging from 0 to 1 [53,54].

β = NLCI = p1 ×NLII + p2 ×NLAI (4)

NLII =



∑63
i = t(DNi×ni)

Nt×63 × 100% Nt , 0
0 Nt = 0

(5)

NLAI =
Nt

Count
× 100% (6)

The average nighttime light intensity index (NLII) and nighttime light area index (NLAI) were
defined and calculated using the following indicators, which are linearly weighted to calculate NLCI.
p1 and p2 are the weight coefficients, ranging from 0 to 1. t is the DN threshold of illuminated pixels,
ranging from 0 to 63 [54]. DNi is the original DN value of pixel i, ni is the number of pixels with DN
value i, Nt is the number of pixels with a DN value greater than or equal to threshold t, and Count is
the total number of regional pixels.

The value of p1 and p2 has a great influence on the results of the NCLI index. In order to improve
the accuracy of the estimation model, a coefficient matrix with a combination of NLII and NLAI
weights was adopted with a step size of 0.1 (Table 1).

Table 1. Weight combination of nighttime light intensity index (NLII) and nighttime light area
index (NLAI).

Number p1 p2 Weight Combination

1 0 1 NLAI
2 0.1 0.9 0.1 NLII + 0.9 NLAI
3 0.2 0.8 0.2 NLII + 0.8 NLAI
4 0.3 0.7 0.3 NLII + 0.7 NLAI
5 0.4 0.6 0.4 NLII + 0.6 NLAI
6 0.5 0.5 0.5 NLII + 0.5 NLAI
7 0.6 0.4 0.6 NLII + 0.4 NLAI
8 0.7 0.3 0.7 NLII + 0.3 NLAI
9 0.8 0.2 0.8 NLII + 0.2 NLAI
10 0.9 0.1 0.9 NLII + 0.1 NLAI
11 1 0 NLII

To reflect the actual situation as authentically as possible, Pearson correlation coefficients
between the NCLI and the ULI under different weight combinations were calculated, using the
sample data of 26 cities in YRDUA in 1995, 2000, 2005, and 2010, respectively. The optimal
weight combination for each period was selected based on the criterion of “maximum correlation
coefficient”. It is interesting to note that under the selection of the best correlation coefficients
(R1995 = 0.727, R2000 = 0.731, R2005 = 0.714, R2010 = 0.786), the combination of weights for the
four time periods was consistent (p1 = 0.7, p2 = 0.3).

2.3. Analyzing the Relationship between UI and HQ

Due to the extensive amount of raw data, we first calculated the mean value of habitat quality
(Qmean) for all the UI pixels at intervals of 0.015 in YRDUA using R 3.4.2 software. Then, polynomial
regression was applied to clarify the relationship between HQ and UI. This approach ignores the spatial
heterogeneity of pixels and the development direction of the city. Since a lower polynomial order (order
<3) could not faithfully characterize the tendency of the scatters, and using higher orders resulted in a
trivial difference in the fitting effect because of the addition of outliers, cubic polynomial regression
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was used to identify the Qmean ∼ β relationship in each city from 1995 to 2010. The descending rate
(Q′) was calculated to find the threat level of the corresponding UI on HQ in each pixel.

Q′ =
dQmean

dβ
(7)

2.4. Quantifying the Urbanization Impacts on HQ

Urbanization has different impacts on habitats, including vegetation replacement, green
infrastructure development, the occurrence of heat islands, and changes due to agricultural management.
Zhao et al. proposed a framework that can identify the direct and indirect effects of urbanization on
the net primary productivity (NPP) [22]. To quantify the impact of urbanization on HQ, we have
improved the original framework of Zhao et al. (Figure S2).

The total impact of urbanization on HQ was decomposed into direct and indirect impacts.
The direct impacts were defined as the variation in HQ in a pixel due to the replacement of the
ecological land units by urbanized cover, either partially or completely. The indirect impacts were
defined as the variation in HQ in a pixel due to other anthropogenic factors.

Conceptually, the HQ of one surface pixel is the remainder of the local background HQ under the
overall impact of urbanization:

Qobs = (1−ω)Qb (8)

where Qobs is the HQ value of the surface pixel, ω is the overall impact of urbanization on HQ, and Qb
is the value of the background habitat quality before urbanization or in fully vegetated areas. There
are two ways to determine Qb. One method uses the mean or median HQ value of all the fully
vegetated pixels for each city. The other approach uses the intercept of the regression between Qmean

and β. The high correlation coefficient (R = 0.62~0.98) for all the cities and years indicated a significant
correlation between HQ and UI and the suitability of the background HQ measurement.

The direct variation in HQ caused by land conversion was expressed as a zero-impact line,
referring to the condition in which urbanization has no indirect impact on habitats and is determined
by two factors corresponding to local background HQ and the state of UI in a pixel. The indirect
variation in HQ is the difference between the overall impact and the direct impacts.

Qd = Qb −βQb (9)

Qid = Qobs −Qd (10)

The Qd and Qid are the HQ values under direct and indirect urbanization impacts, respectively. β
is the nighttime light composite index NLCI, used to represent the UI value.

In addition, the ratio of the indirect urbanization impact (ωd) to the direct urbanization impact
(ωi) is defined as the relative contribution coefficient τ:

τ =
ωi
ωd
× 100% (11)

The value of the relative contribution coefficient represents the extent to which the effect of other
anthropogenic factors on the remaining ecological patches can offset (if τ is positive) or exacerbate (if τ
is negative) the habitat degradation caused by the direct replacement of the original vegetation cover
with fully urbanized surfaces.

The direct and indirect impacts of urbanization on HQ were calculated as follows:


ωd =

∆Qd
∆Q =

Qb−Qzi
Qb−Qobs

× 100%

ωi = ∆Qi
∆Q =

Qzi−Qobs
Qb−Qobs

× 100%
(12)
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where ωd and ωi are the proportions of direct and indirect impacts, respectively, and ∆Qd, ∆Qi and ∆Q
are the direct HQ change (i.e., Qb −Qzi), indirect HQ change (i.e., Qzi −Qobs) and total HQ change (i.e.,
Qb −Qobs), respectively.

3. Results

3.1. The HQ and UI Spatiotemporal Variations in YRDUA

3.1.1. The Spatial and Temporal Changes in Habitat Quality

Habitat quality and urbanization intensity maps have different spatial patterns across YRDUA
(Figure 2). The HQ varied from 0 to 1 for the four time periods analyzed. With two clearly isolated
high-value areas corresponding to Huangshan Mountain and the Taihu Lake, the HQ values were
generally higher along the southwestern mountains in Zhejiang Province and decreased in the
northeastern plains in Jiangsu Province. Furthermore, the lowest HQ values were concentrated around
the major urban areas of Shanghai, Suzhou, Nanjing and Wuxi, which have the highest population
densities. Among the different land use types, forestland was the main provider of HQ in YRDUA,
followed by cultivated land and water bodies. HQ was lower in urban areas than it was in the other
land cover types. This is mainly due to the small amount of ecological land resulting from the large
quantities of construction land, leading to a decline in the total habitat quality.
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Figure 2. Spatial patterns of habitat quality and urbanization intensity in different years in YRDUA.
(a) 1995, (b) 2000, (c) 2005, and (d) 2010.

With a decreasing rate of 4.95% (Table 2), the average values of regional HQ were 0.586, 0.581,
0.572 and 0.557 in 1995, 2000, 2005 and 2010, respectively. HQ decreased not only on a regional scale,
but also in 23 cities of YRDUA, the largest of which was Shanghai (−18.83%), followed by Suzhou
(−17.19%). HQ increased slightly only for Chuzhou, Xuancheng and Anqing, by 0.98%, 0.31% and
0.12%, respectively (Figure 3). In terms of jurisdictions, the change in HQ in Suzhou was the most
substantial (−0.098), while the lowest amount of change was found in Chuzhou (0.005). The average
HQ was highest in Hangzhou (0.79) and lowest in Shanghai (0.27) in 2010.
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Table 2. Habitat quality (HQ) and urbanization intensity (UI) for cities in YRDUA during 1995–2010.

HQ UI

Max Min Average Max Min Average

1995 0.803 (Hangzhou) 0.337 (Shanghai) 0.586 0.413 (Shanghai) 0.010 (Chizhou) 0.092
2000 0.800 (Hangzhou) 0.335 (Shanghai) 0.581 0.456 (Shanghai) 0.015 (Chizhou) 0.109
2005 0.791 (Hangzhou) 0.301 (Shanghai) 0.572 0.527 (Shanghai) 0.023 (Chizhou) 0.134
2010 0.785 (Hangzhou) 0.274 (Shanghai) 0.557 0.723 (Shanghai) 0.056 (Chizhou) 0.256

Value change 0.005 (Chuzhou) −0.098 (Suzhou) −0.029 0.456 (Suzhou) 0.045 (Anqing) 0.164
Change ratio 0.98% (Chuzhou) −18.83% (Shanghai) −4.95% 439.59% (Chizhou) 74.96% (Shanghai) 177.56%Sustainability 2020, 12, x FOR PEER REVIEW 9 of 19 
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decrease. The minimum negative urbanization impact on HQ, which was mainly distributed in the 
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3.1.2. The Spatial and Temporal Changes in Urbanization Intensity

The spatial distribution pattern of UI in YRDUA was opposite to that of HQ (Figure 2). UI was the
highest along the Yangtze River and Hangzhou Bay, especially in the Yangtze River Estuary (Shanghai,
Suzhou and Wuxi), where urbanization gradually decreased from the center to the outskirts. As an
important ecological barrier and drinking water source for YRDUA, a variety of ecological protection
projects were implemented in the southwestern region; therefore, the UI was relatively low compared
with that in other places. With a rate of increase of 177.56%, the average value of regional UI was
0.092, 0.109, 0.134, and 0.256 in 1995, 2000, 2005 and 2010, respectively. In 2010, the average value of UI
was highest in Shanghai (0.723), followed by Xuancheng (0.062), Anqing (0.063) and Chizhou (0.056)
(Figure 4). Suzhou, which had the largest decrease in HQ, was also the most prominent city for the
increase in urbanization (0.456), while Anqing had the smallest decrease (0.045).
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3.2. The Relationship between HQ and UI

3.2.1. Regional Scale

To identify the threat level of UI to HQ in each pixel, the spatial pattern of the descending rate
(Q′) between UI and HQ was analyzed among all the periods (Figure 5). Overall, HQ was negatively
correlated with UI, i.e., the regression coefficients in all the regional pixels were less than zero. The threat
level from the urban center to the outskirts is a “reverse U” trend, which is enhanced after the decrease.
The minimum negative urbanization impact on HQ, which was mainly distributed in the surrounding
suburban area, covered nearly 50% of the urbanization range (β = 0.2 ∼ 0.7), while Qobs declined
significantly with increasing UI in the urban core districts (Shanghai, Suzhou, Wuxi, Changzhou,
Nanjing, Hangzhou and Hefei) and unfrequented areas. Similar to the mountains surrounding the
urban center, along the sides of the ridge, the impact of urbanization on HQ gradually increased. In the
temporal gradients, each threat level was continuously pushed outward and closer together until they
merged into a larger multicenter band, such as the Hangzhou Bay Belt, the Yangtze River Estuary and
the Yangtze River Belt. This was consistent with the result of the polycentric megaregion evolution
model in previous studies [49].
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Figure 5. Spatial pattern of Q′ (threat level of UI to HQ) and kernel density distribution of Qobs in each
UI gradient in 1995–2010 in YRDUA. The red curve is the cubic polynomial fit of Qmean to UI. (a) 1995,
(b) 2000, (c) 2005, and (d) 2010.

Based on the kernel density distribution of HQ, the Qmean had a distinct nonlinear relationship with
UI (p < 0.001) along the urban-rural gradients of YRDUA (Figure 5). There were two inflection points
in the relationship between HQ and UI. In the position where the urbanization was 20%, the response
of HQ to UI changed from a steady decrease to stable. However, when urbanization reached 80%,
HQ went from stable back to a steady decrease. In the early period, only some pixels with low Qobs
gradually evolved to a higher UI. Over time, the urbanized level of areas with a high value of Qobs
started to increase, and the medium value of Qobs appeared in all the urbanization gradients, even in
extremely highly urbanized areas. The transformation in the relationship indicated that more natural
areas were affected by urbanization and that the habitat quality in urban areas was improved in the
process of urbanization.

3.2.2. City Scale

The relationships between UI and HQ across cities in YRDUA in 2010 are shown in Figure 6,
and the results for other years in Figures S2–S4. Generally, HQ decreased with the enhancement
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of urbanization in each city, because the proportion of vegetation types in the grids was gradually
replaced by built-up areas along the range of urbanization. Comparing the relationship curves of
various cities, 15% of cities, such as Chizhou, Wuxi, Ningbo, and Suzhou, were linearly and negatively
correlated. Seventy percent of cities, such as Tongling, Nanjing, and Hangzhou, have the same
nonlinear relationship as that of the regional scale. Nevertheless, there were some exceptions, such as
Nantong, Shanghai, Yancheng and Jiaxing, where HQ was not significantly negatively correlated with
UI. The HQ maintained a relatively consistent value in areas of moderate urbanization. Different
forms of the relationships were largely related to the local development orientation and urbanization
level. The background value of each city may be associated with the local natural background and
climatic conditions.Sustainability 2020, 12, x FOR PEER REVIEW 11 of 19 
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Figure 6. The relationship between UI and HQ across 26 cities in YRDUA in 2010. The red line represents
the polynomial fitting curve of Qobs in each scatter diagram, and the straight blue line represents the
zero-impact line. The HQ responses to UI for 1995, 2000 and 2005 are shown in Figures S3–S5.

3.3. The Direct and Indirect Impacts of Urbanization on HQ

3.3.1. Regional Urbanization Impacts on HQ

The preliminary findings showed that Qobs and Qd, which showed nonlinear and linear variation,
respectively, declined along the UI gradient across cities (Figure 7a,b). Some UI gradients were empty
(i.e., β = 0.0317 and 0.0476) because the DN values of 2 and 3 were not found in the DMSP-OLS
NTL data for YRDUA. To study the reason for the difference between the nonlinear relationship and
the linear relationship, the part of the HQ variation under indirect impacts was separately extracted
and studied (Figure 7c). The indirect impact of HQ (Qid) (i.e., below zero) was mainly concentrated
in the early stage of urbanization, and the Qid in moderate-high UI was above the zero-impact line,
with a maximum value of β = 0.8. As shown in Figure 7d, the relative contribution coefficient (τ) was
negative at values less than β = 0.4 and tended to stabilize after growth beyond zero, which indicated
that urbanization in the primary stage has a negative indirect impact on local HQ, but at a relatively
high urbanization level, it gradually turned into a positive impact. Conceptually, a negative indirect
impact will accelerate habitat degradation, while a positive indirect impact can partially offset the
habitat degradation caused by land conversion. The average offset extent was approximately 28.23%,
17.41%, 22.94%, and 16.18% in 1995, 2000, 2005, and 2010, respectively. Notably, the variation in τ
was more significant in areas of lower urbanization intensity because the observed HQs were higher
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than the background HQ value in pixels with relatively low urban intensity, especially for highly
ecologically sensitive areas.Sustainability 2020, 12, x FOR PEER REVIEW 12 of 19 
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points are outliers, the medians for each box are marked by the orange points, and the mean of the 
medians is 16.18%, as shown by the red lines). 
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Based on land use [55], urban populations [26] and impervious surfaces [56], the overall 
ecological urbanization impact on HQ was negative. Nighttime light data serve as the composite 
response to the interaction of these factors and were used to characterize the overall urbanization 
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Figure 7. The relationship between UI and HQ for YRDUA in 2010: (a) the observed HQ along the
UI gradients (Qobs); (b) the direct HQ value change (Qd); (c) the indirect HQ change (Qid), in which
the indirect growth of HQ peaked at approximately 0.8, indicated by the red dotted line; and (d) the
relative contribution coefficient (τ). The boxplot for τ in each box shows 25% and 75% (the black points
are outliers, the medians for each box are marked by the orange points, and the mean of the medians is
16.18%, as shown by the red lines).

3.3.2. Urbanization Impacts on HQ in Cities

It is worth mentioning that the HQ value of almost all the pixels in the areas with relatively
high urbanization intensity was above the zero-impact line for 26 cities, which indicated the positive
ecological impact of urbanization in the urban environment. The median of the observed habitat
quality (Qmean), the background habitat quality index (Qb) and the mean of the medians of the relative
contribution coefficient (τ) in all the urban pixels for 26 cities in YRDUA for the period of 1995 to 2010
are shown in Tables S2–S5. For example, the median observed HQ among all the pixels of Ningbo was
0.53, and the Qb was 0.80, which offset 22.21% of the loss of habitat quality through vegetation cover
reduction in 2010. The observed HQ in some pixels, which was even larger than the background value,
caused a higher offset of HQ, such as 54.34% in Yancheng and 53.98% in Hefei in 2010.

4. Discussion

4.1. Nonlinear Relationship between Habitat Quality and Urbanization Intensity

Based on land use [55], urban populations [26] and impervious surfaces [56], the overall ecological
urbanization impact on HQ was negative. Nighttime light data serve as the composite response to
the interaction of these factors and were used to characterize the overall urbanization intensity [57].
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We found that the nonlinear negative relationship between HQ and UI changed from a steady decrease
to stable and then back to a steady decrease, with inflection points where urbanization reaches 20%
and 80%. The transformation in the relationship indicated that more natural areas were affected by
urbanization, and the habitat quality in urban areas was improved in the process of urbanization,
which was consistent with the results of previous research. The ecological conditions in 20% of YRDUA
deteriorated, and the ecological conditions in 40% increased from 1995 to 2010 [19]. The improvement
in habitat quality in urban areas has also been testified in accelerating vegetation growth [21,22,58] and
enhancing species richness [18,20] in urban environments compared to those in rural equivalents.

Habitat quality is used as a surrogate to assess the status of extant biodiversity under human
activities [59]. Different dynamics of HQ were largely dominated by local ecological factors and complex
land use patterns (Figure 8). In woodland areas, the ecosystem structures were more complicated to
support the survival and reproduction of relatively diverse species. In contrast, under intensive human
intervention, cultivated land represents poor habitat, hosting relatively few species, which is equivalent
to urban areas [60]. In rural areas of YRDUA (β < 0.2), land use was bifurcated into woodland and
cropland, which established completely different ecological backgrounds. We also found some cities,
such as Changzhou, Nanjing, Nantong, Taizhou, Yancheng, Wuxi, Zhenjiang, Shanghai and Jiaxing,
where the HQ dynamics were relatively consistent in moderate or even higher UI. Cropland (53–85%)
accounted for the majority of the land cover in these cities and had stable relationships, while woodland
accounted for less than 10%, leading to landscape homogenization from the city center to the outskirts
(β = 0.2~0.8), with a relatively consistent habitat quality. At an extremely high urbanization level
(β > 0.8), urban land use was mainly converted from cultivated land to urban land, resulting in a drastic
reduction in habitat quality. The same relationship type has also been proposed in corresponding
studies of plant diversity [61], birds [43] and amphibian abundance [17].
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4.2. The Necessity of Distinguishing Urbanization Impacts on Habitat Quality

Some existing studies focused on overall impact rather than distinguishing the urbanization effect
into direct impact and indirect impacts [22,62,63]. Although the habitat in YRDUA degenerated with
urbanization growth, the HQ of the urban area increased during the urbanization process (Figure 7).
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The reduction in HQ was the result of ecological land being occupied by constructed land, while the
remaining habitats in the urban areas retained relatively good ecological conditions. The impact of
urbanization on HQ is difficult to fully explain with the replacement of ecological land, which was also
related to human demands in different urbanization stages [46]. Therefore, analyzing and quantifying
the direct and indirect impacts of urbanization on HQ dynamics is necessary.

The cities in YRDUA have varying urbanization stages, and the impact of urbanization on HQ
was also different. Based on the variations in HQ, UI and τ, the cities can be divided into four
clusters (Figure 9). (I) A total of 11.5% of the cities, including Jiaxing, Wuhu and Maanshan, were in
the first category, which was characterized by relatively low HQ values and an exacerbated rate of
habitat degradation as a result of urbanization. (II) A total of 42.3% of the cities, including Nantong,
Zhoushan, and Huzhou, were in the second category, which had relatively low HQ values and habitat
degradation. (III) A total of 34.6% of the cities, including Wuxi and Suzhou, were in the third category,
which had a relatively high HQ. In this category, the habitat degradation was offset by urbanization.
(IV) Approximately 11.5% of the cities, including Shanghai, Nanjing and Zhenjiang, were in the fourth
category, which had slightly improved HQ values. Urbanization still exacerbated habitat degradation
in this category.
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The diversity of the demands created by human beings in different urbanization stages impacts
the approach used to manage landscapes [46,64]. Based on this study, the indirect urbanization impact
on habitat quality dynamics was categorized into four stages: the damage stage (I), antagonistic
stage (II), coordination stage (III), and degenerative stage (IV). The indirect urbanization impact was
distinguished as negative impacts and positive impacts (Figure 10). In the damage stage, the negative
impact on habitats increased significantly at low urbanization levels due to patch fragmentation,
a shortage in the food supply, and a weakening of ecosystem resistance and resilience. Resource
exploitation (e.g., deforestation and overkilling) also destroyed the ecological conditions in the available
habitat. In the second stage, rapid urbanization accelerated the occupation of ecological land. At the
same time, some ecological protection and restoration works were applied to match the urgent demand
for blue-green ecological space (e.g., green space and aquatic landscapes) and corresponding ecosystem
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services. In the coordination stage, with awareness about human ecological protection and continuous
investment in ecological restoration and management, some key ecological corridors and functions
had been repaired, and the positive ecological impacts caused by urbanization had gradually offset
the negative impacts [64]. In the degenerative stage, the extremely high proportion of built-up areas
provided very limited space for species to thrive, which increased the hazard exposure of species to
the external environment. The positive ecological utility generated by manual management had a
threshold and could not be increased without limitation. The negative impact from the surrounding
environment increased persistently, resulting in a certain degree of reduction in comprehensive utility.
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4.3. Limitations and Future Directions

Although the application of the InVEST model to regional biodiversity conservation has proven
to be effective, the assessment of HQ has limitations related to two factors: the accuracy of the land
cover data and the impact threshold of the threat factors. In the estimation of HQ in YRDUA, 30 m
resolution land cover data were used and separated into 17 categories, and the variation in habitat
types was not sensitive at some lower scales with small patches. This may obscure the complexity of
the habitat, especially in Zhoushan, a city of multiple islands. Moreover, the isolated habitat fragments
present in urban areas often maintain different plant and insect communities, but they are most likely
only visited by individuals of the same widespread avian and mammal species. In our study, we
used a relatively small impact threshold (irxy) for each threat factor used to calculate HQ, which is
more appropriate for species such as plants, invertebrates, and small mammals, which have a range
of survival activities less than or equal to this value. In reality, the assessment of large-scale HQ
often contains uncertainty in its results due to the lack of corresponding observation data. Moreover,
the quality of the data is related to the issues that need to be addressed in the research. Although
the remote sensing approach to assessing HQ may simplify the understanding of complex ecological
processes, our study aims to analyze the prevalent dynamics of habitats in urbanization gradients to
achieve the vision of broad protection of biodiversity in rapid urbanization. It involves the protection
of not one species or community but multiple positive elements in a habitat (e.g., habitat quality,
ecological carrying capacity, and biodiversity) and the identification and control of threats that may
cause damage to habitats.

The urbanization characterized by NTL data could also create uncertainty. Urbanization can be
represented by economic aggregation and residential expansion, which is also related to the variation
in the NTL data. However, the quantitative relationship between nighttime light data and various
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urbanization indicators is not well understood [27]. The variation in NTL data may reflect the spatial
and aggregation statuses of economies and populations in YRDUA, although it was not consistent
with the actual urbanization at the pixel level [65]. The 1 km spatial resolution DMSP-OLS dataset
spans two decades (1992–2013), which leads to limited timeliness and spatial precision in this study.
The coarse resolution and blooming effect of DMSP-OLS NTL data require future improvements in the
accuracy of extracting urbanization information. The NPP-VIIRS NTL data collected on the Suomi
satellite have relatively high resolution and no pixel oversaturation; therefore, they could be used for a
higher quality evaluation of urbanization.

In general, although there is some uncertainty in the data sources, from a macro perspective,
our study is still valuable for the exploration of the ecological impact of different urbanization stages
on terrestrial ecosystems. Therefore, to achieve a more in-depth picture of the ecological impacts of
various urbanization stages on habitats, multisource, higher-resolution datasets (e.g., Quickbird images
and NPP-VIIRS NTL data) will be used, and field observation experiments will be added to lessen the
uncertainty of assessment results from remote sensing approaches.

5. Conclusions

In this study, the relationship between HQ and UI and the direct and indirect impacts of
urbanization on HQ were delineated and analyzed for YRDUA from 1995 to 2010 through the
application of remote sensing data. The results indicated that urbanization might lead to habitat
degradation, while awareness about protecting ecological conditions began to increase after the
antagonistic stage of urbanization. The main conclusions can be summarized as follows:

• The YRDUA underwent rapid urbanization from 1995 to 2010, intensifying urban expansion and
human activities. The vast majority of urban expansion was concentrated in the Hangzhou Bay
Belt, the Yangtze River Estuary and the Yangtze River Belt, accompanied by a large proportion of
habitat degradation.

• The overall dynamic of HQ was generally nonlinear and negative along the urbanization gradient,
whereas the nonlinear negative relationship between HQ and UI changed from a steady decrease
to stable and then back to a steady decrease, with inflection points where urbanization reached
20% and 80%. The transformation in the relationship indicated that more natural areas were
affected by urbanization and that the habitat quality in urban areas was improved in the process
of urbanization.

• With an improved conceptual framework, the difference between linear and nonlinear relationships
depends on the indirect urbanization impact. Negative indirect impacts will accelerate habitat
degradation, while positive impacts can partially offset habitat degradation caused by land
conversion. The average offset extent was approximately 28.23%, 17.41%, 22.94%, and 16.18%
in 1995, 2000, 2005, and 2010, respectively. Nearly 76.9% of the cities showed positive indirect
impacts, and 55% of them showed improved habitat quality.
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Abstract: Islands face increasingly prominent environmental problems with rapid urbanization.
Hence, timely and objective monitoring and evaluation of island ecology is of great significance.
This study took the Pingtan Comprehensive Experimental Zone (PZ) in the east sea of Fujian Province
of China as the research object. Based on remote sensing technology, four Landsat images from 2007
to 2017 and the remote sensing ecological index (RSEI) were used to explore the ecological status
and space–time change. The results showed that from 2007 to 2011, the average RSEI decreased
from 0.519 to 0.506, indicating that the ecological quality generally showed a slight downward trend,
mainly due to large-scale development brought by the construction; by 2014, although the ecology
of the original area improved, the overall ecology was still declining with 0.502 mean RSEI mainly
because of large-scale reclamation projects; by 2017, the average RSEI rebounded to 0.523, which was
attributed to the fact that ecological construction and protection were emphasized in the construction
of PZ, especially in reclamation areas. In conclusion, the increase of large area bare soil will lead to
the decline of regional ecology, but the implementation of scientific ecological planning is conducive
to ecological restoration and construction.

Keywords: RSEI; remote sensing; ecological status; dynamic motoring; Pingtan Island

1. Introduction

Islands, an important part of the marine system, have the special geographical position and
resource superiority. Recently, with the rapid growth of population size and economy, the rapid
development of islands has triggered a series of ecological and environmental problems, such as
environmental degradation, coastline erosion, biodiversity degradation, etc [1–3]. As an important
ecological function reservoir, the island is the carrier of human habitation and the fulcrum for the
protection and utilization of the ocean. Unlike land, the island ecosystem has its own unique
vulnerability, which is difficult to recover once disturbed or destroyed [4]. Therefore, timely and
accurate monitoring of island ecology is of great significance for regional sustainable development.

Currently, there are many methods for ecological environment monitoring and evaluation. One of
them, remote sensing spatial information technology, has been widely used in the field of ecological
environment due to its advantages of rapid, real-time and large-scale monitoring [5–8], making up
for the deficiency of traditional semi-quantitative ecological monitoring and evaluation methods,
and providing an effective research method for regional ecological evaluation. Many scholars have
made use of various remote sensing indices to study the ecological evaluation of different habitats,
such as cities, rivers and forests, but most of them are limited to the monitoring and evaluation of a
single piece of remote sensing information, such as using the vegetation index to evaluate forestry
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ecology [9], using the building index and surface temperature to evaluate the urban heat island [10] or
using the water body index to extract river information and then evaluate the water environment [11].
However, in the actual ecosystem, the impact of a single ecological factor on the ecosystem is far less
than the comprehensive effect of multiple factors, and the quality of the ecological environment is
controlled by multiple ecological factors [12]. Hence, it is very important to explore the changing rules
of ecological factors and their synergistic relationship and a comprehensive indicator that can couple
these multiple factors is needed to carry out comprehensive evaluations of ecological environments
from the perspective of ecological systems. Mozuderer et al. [13] used the normalised difference water
index (NDWI), the modified normalised difference water index (MNDWI), the normalised difference
pond index (NDPI), the normalised difference vegetation index (NDVI) and field data to classify Ramsar
wetland Deepor Beel and then evaluate the ecosystem. Hazaymeh et al. [14] selected six commonly
used indicators in agricultural drought, and integrated the three least relevant indicators selected by
principal component analysis (PCA) to generate conditions for four agricultural drought categories.
The data validation results showed that the method has certain applicability to monitoring of the
agriculture drought conditions in semi-arid areas with moderately high spatial and time resolution
images. Yanchuang et al. [15] found that the remotely sensed reflectivity is related to multifunctionality
by studying the relationship between six albedo metrics and two VIs (normalized difference vegetation
index (NDVI) and enhanced vegetation index (EVI)), and multifunctionality has been related to the
alternative states in global drylands, indicating that albedo may monitor changes in dryland ecosystem
functioning. In addition, there are also many studies on island ecosystems, most of which were based
on ecological vulnerability research. Rodgers et al. [16] applied the integrated landscape indexes to
assess the ecological health of Hawaiian Islands’ coral reefs and associated waters. Farhan et al. [17]
selected seven indicators to evaluate the ecological vulnerability of the Sabribu Islands in Indonesia.
Mukherjee et al. [18] used the normalized difference water index (NDWI), the normalized difference
vegetation index (NDVI), the visible and shortwave drought index (VSDI), the normalized multiband
drought index (NMDI), the moisture stress index (MSI), land surface temperature (LST), etc., to explore
the impact of climate change on the natural and socio-economic vulnerability of Mousuni Island.

There are still some shortcomings in the above results: Some of them affect promotion and use
due to the cumbersome evaluation factors and the difficulty in obtaining the required evaluation
indicators, while some reduce the credibility of evaluation result mainly because of the subjective
manual setting. The remote sensing-based ecological index (RSEI) proposed by Xu [19] is an ecological
evaluation index based on remote sensing information, which integrates multiple indicators dominated
by natural factors and reflects the most intuitive ecological environment. It can make up for some of
the shortcomings of the existing research methods, achieve objective and quantitative evaluation of
regional ecological environment conditions, analyze and visualize the spatial and temporal evolution
of an ecological environment and has verified its reliability in multiple regions [20–24].

As the fifth largest island in China and the largest island in Fujian, Pingtan Island is the nearest
place to Taiwan in mainland China. In view of its special geographical location, Fujian Province
officially approved the establishment of PZ in 2010 in accordance with the instructions of the state
council on accelerating the construction of the economic zone on the west coast of the straits, and thus
started a large-scale development boom of sea–island cities. As an island, the ecological environment
of Pingtan Island was originally very fragile. Under large-scale construction, whether its ecological
environment will further degrade has become a hot spot of public concern. Therefore, it is necessary
to conduct measurements of the ecological changes triggered by the construction of the PZ, and to
provide a scientific decision-making basis for the next stage of development and construction.

Currently, there are few studies on the construction of sea–island cities and the ecological
environment changes induced by them, while there are few reports on the evaluation of the ecological
status of the construction of PZ, which is extremely unfavorable for the scientific guidance of the
ecological protection in the construction of PZ. In view of this, this paper uses the remote sensing-based
ecological index (RSEI) evaluation method to conduct a rapid and objective evaluation of the ecological
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status of the PZ in the early-middle stage (2007–2017), analyzes the characteristics and causes of
the spatio-temporal changes of the ecological status of Pingtan Island during the period of rapid
development over the last 10 years and provides a scientific decision-making basis for protecting the
ecological environment in the further construction of PZ.

2. Materials and Methods

2.1. Study Area

PZ is located in Pingtan County in the eastern waters of Fujian Province. Pingtan County consists
of 126 islands and nearly a thousand reefs, including the main island Haitan Island (also known
as Pingtan Island, 25◦16′–25◦44′ N 119◦32′–120◦10′ E), which is the largest island in Fujian and the
fifth largest island in China with an area of 267 km2, and this study uses this island as a study area
(Figure 1). The terrain of the island is higher in the north and south, mostly with the rolling hills and
low mountains, and is lower in the middle with the marine plain. The area has short summers and
long winters, is warm and humid and has an average annual temperature of 19.6 ◦C and an annual
precipitation of 1161.4 mm.

Figure 1. Location of the study area.

2.2. Data Resources and Image Pre-Processing

This study selected Landsat TM and OLI/TIRS images on 2007-09-14, 2011-09-09, 2014-09-01 and
2017-09-25, and the four images are close to each other in time, with a maximum difference of about one
month (Table 1). Therefore, the vegetation has a similar growth status, which ensures the comparability
of the ecological research results.

The TM images were co-registered to the OLI/TIRS using second-order polynomial and
nearest-neighbour re-sampling, and the root mean square error (RMSE) of registration was less
than 0.5 pixels. Then radiometric correction was carried out to convert the digital number (DN) values
into planetary TOA reflectance. For TM images, the IACM atmospheric correction model of Chander
et al. [25] and Chavez [26] was used. For OLI images, the algorithms provided in the Landsat 8 Data
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Users Handbook posted by the USGS website were used to reduce the differences in terrain, light and
atmosphere of the images with different phases [27].

Table 1. Landsat images used for analysis.

Satellite Acquisition Date

Landsat TM
2007-09-14
2011-09-09

Landsat OLI/TIRS 2014-09-01
2017-09-25

2.3. Methodology

The remote sensing-based ecological index (RSEI) selects four factors related to human survival,
such as greenness, wetness, heal and dryness, as ecological evaluation factors among many natural
factors reflecting ecological quality, and quickly extracts representative images from remote sensing
images through remote sensing information enhancement technology. The information of the indicators,
namely, the normalized difference vegetation index (NDVI) [28], wetness component of the tasseled
cap transformation (TCT) [29], the normalized difference impervious surface index (NDBSI) [30] and
the land surface temperature (LST) [31] represent greenness, wetness, dryness and heat, respectively.

2.3.1. The Greenness Index

The normalized difference vegetation index (NDVI), one of the most widely used vegetation
indexes, is a vegetation index that has demonstrated its usefulness in many ecological studies [32,33].
Thus, NDVI can be selected as the greenness index in this paper, and its formula is:

NDVI = (NIR − Red)/(NIR+Red) (1)

where NIR and Red are the amounts of near-infrared and red light, respectively.

2.3.2. The Wetness Index

Tasseled cap wetness (TCW) has demonstrated its sensitivity to the moisture conditions of
vegetation, water and soil [34]. Thus, the TCW is used as the wetness index here, and it can be
estimated for Landsat TM and Landsat 8 using Equations (2) [29] and (3) [35], respectively.

TCWTM = 0.0315ρBlue + 0.2012ρGreen + 0.3102ρRed + 0.1594ρNIR − 0.6806ρSWIR1 − 0.6109ρSWIR2 (2)

TCW8 = 0.1511ρBlue + 0.1973ρGreen + 0.3283ρRed + 0.3407ρNIR − 0.7117ρSWIR1 − 0.4559ρSWIR2 (3)

where the ρi is the reflectance of each band in the TM and OLI sensors, respectively.

2.3.3. The Dryness Index

Soil drying, mainly because of construction land and bare soil, will cause serious harm to a
regional ecological environment. Thus, this paper chose the normalized difference impervious surface
index (NDBSI), combined with the index-based built-up index (IBI) and soil index (SI), and they are
calculated as follows [36,37]:

NDBSI = (IBI + SI)/2 (4)

IBI = {2ρSWIR1/(ρSWIR1 + ρNIR) − [ρNIR/(ρNIR + ρRed) + ρGreen/(ρGreen + ρSWIR1)]}/{2ρSWIR1/

(ρSWIR1+ ρNIR) + [ ρNIR/(ρNIR + ρRed) + ρGreen/(ρGreen + ρSWIR1)]}
(5)

SI = [(ρSWIR1+ρRed) − (ρNIR+ρBlue)]/[(ρSWIR1+ρRed)+(ρNIR+ρBlue)] (6)

where the ρi is the reflectance of each band in the TM and OLI sensors, respectively.
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2.3.4. The Heat Index

The heat index is represented by the land surface temperature (LST). While there are two thermal
infrared bands in the Landsat 8 TIRS sensor, this paper only chose band 10 to retrieve the LST because
of the radiation calibration problem of band 11 [38]. For TM, of course, we still got the LST based
on band 6 [39]. First, the digital number (DN) values was converted into the spectral radiance at the
sensors aperture (Lλ), expressed as:

Lλ = Grescale × Qcal + Brescale (7)

where Gscale is the band-specific rescaling gain factor, Qcal is quantized calibrated pixel value (DN),
and Brescale is the band-specific rescaling bias factor. The at-sensor spectral radiance (Lλ) can be
converted into effective at-sensor brightness temperature using the following formula:

Tλ = K2/ln(K1/Lλ + 1) (8)

where Tλ is the effective at-sensor brightness temperature, and K1 (607.76 W/(m2·sr·µm) for TM band 6
and 774.89 W/(m2·sr·µm) for TIR band 10) and K2 (260.56K for TM band 6 and 1321.08K for landsat
8 band 10) are the calibration constant 1 and 2, respectively. Finally, Tλ was used to obtain the LST,
and the formula is expressed as:

LST = Tλ/[1 + (λT/ρ) lnε] (9)

where λ is the wavelength of the emitted radiance (11.435 µm for TM band 6 and 10.9 µm for TIR band
10); ρ is a contant (1.438 × 10−2 mK); ε is the surface emissivity, which can be estimated by NDVI using
Sobrino’s model [40].

2.3.5. Construction of Remote Sensing-Based Ecological Index (RSEI)

The four component indicators obtained above are coupled by principal component analysis
(PCA), and the first principal component (PC1) was used to build the RSEI, the biggest advantage
of which is that the weight of the integrated indexes is not determined artificially, but is determined
automatically and objectively according to the contribution of each indicator to PC1. Thus, the possible
deviation of the result caused by the weight setting that varies from person to person and from method
to method is avoided in the calculation, which greatly improves the objectivity and credibility of the
result. Due to the uneven dimensions of the above four factors, if these factors are directly used to
calculate PCA, the weight of each index will be unbalanced. Therefore, the above factors are supposed
to be normalized to convert each index value into a dimensionless value within the range of 0–1 before
PCA is calculated. The general normalization formula of each index is:

NIi = (Ii − Imin)/(Imax − Imin) (10)

where NIi is a normalized index value; Ii is the value of the index in pixel I; Imax is the maximum
value of this index; Imin is the minimum value of this index.

After the normalization of the four indicators, PC1 was calculated with the help of the principal
component analysis module in ENVI software. In order to make the large value represent the good
ecology, 1 can be used to minus PC1 to get the initial ecological index RESI0

RSEI0 = 1 − PC1 (11)

Moreover, in order to the obtain comparable RSEI values in different time and space, RSEI values
should be normalized as well:

RSEI = (RSEI0 − RSEI0_min)/(RSEI0_max − RSEI0_min) (12)
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2.3.6. Calculation of RSEI

First, four ecological indexes of four year images were obtained, and then they were normalized
and combined into a new image. In addition, in order not to let the water affect the results of principal
component analysis, the modified normalized water index (MNDWI) was used to mask the water.
Finally, principal component transformation was performed on the newly synthesized image to obtain
RSEI images of different years (Figure 2).

Figure 2. Original and corresponding remote sensing-based ecological index (RSEI) images of
Pingtan Island.

3. Results

3.1. Pingtan Island Ecological Status

The PCA was used to obtain the load values of PC1 for the four indicators in the study area in
2007, 2011, 2014 and 2017. Then, the mean values of the four indicators and RSEI in each year and the
magnitude of their changes were calculated, as shown in Table 2.
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Table 2. Statistics of four indicators and RSEI in different years.

Index
2007 Rate

07–11
(%)

2011 Rate
11–14

(%)

2014 Rate
14–17

(%)

2017

Mean PC1
Load Mean PC1

Load Mean PC1
Load Mean PC1

Load

NDVI 0.628 −0.474 −8.92 0.572 −0.485 6.64 0.610 −0.496 1.97 0.622 −0.497
WET 0.757 −0.509 −5.02 0.719 −0.509 0.83 0.725 −0.504 −6.76 0.676 −0.506

NDBSI 0.536 0.541 1.66 0.550 0.541 −4.18 0.527 0.535 4.93 0.553 0.537
LST 0.448 0.473 23.44 0.553 0.461 −17.72 0.455 0.462 −4.62 0.434 0.457
RSEI 0.519 −2.50 0.506 −0.79 0.502 4.18 0.523

Table 2 demonstrates that, during the study period, the ecological quality of the PZ first decreased
and then increased. The average RSEI decreased from 0.519 in 2007 to 0.506 in 2011, with a decrease of
2.50%; and then continued to decrease to 0.502 in 2014, with a decrease of 0.79%, and finally rose to
0.523 in 2017, with an increase of 4.18%.

At the initial stage of the construction of the PZ, that is, from 2007 to 2011, the average value of
greenness and humidity, which had a positive effect on the ecological status, decreased by 8.92% and
5.02%, respectively. Moreover, the dryness and heat, which had a negative effect on the ecological status,
increased by 1.66% and 23.44%, respectively. Thus, the overall ecological situation had a downward
trend. In the middle period of construction of Pingtan Island, that is, from 2011 to 2014, the average
green value favorable to the ecological situation increased by 6.64%, the humidity increased by 0.83%,
the dryness unfavorable to the ecological situation decreased by 4.18% and the heat decreased by
17.72%, but, as the reclamation area has more bare land, the overall ecology declined. From 2014
to 2017, the ecologically beneficial greenness increased by 1.97%, the humidity decreased by 6.76%,
the ecologically unfavorable dryness increased by 4.93% and the heat decreased by 4.62%. On the
whole, the negative effects of reduced humidity and increased dryness were less than the positive
effects of the increased greenness and decreased heat on the ecology, and the ecological situation
showed an improvement trend.

In order to further explore the changes of local ecological conditions in the study area, the normalized
RSEI ecological index was divided into five grades according to the numerical interval of 0.2. The values
from low to high represent ecologically poor, fair, moderate, good and excellent, respectively [19,20,23],
and the area and proportion of each ecological level in each year was calculated (Table 3).

Table 3. Area and percentage change of each RSEI level in different years.

RSEI Level
2007 2011 2014 2017

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Level 1: Poor (0.0~0.2) 6.24 2.5 9.41 3.7 24.99 9.1 11.63 4.2
Level 2: Fair (0.2~0.4) 62.17 25.3 77.97 30.6 74.99 27.2 81.60 29.4

Level 3: Moderate (0.4~0.6) 101.15 41.2 93.78 36.8 79.12 28.7 82.11 29.5
Level 4: Good (0.6~0.8) 55.42 22.6 53.74 21.1 65.78 23.8 66.14 23.8

Level 5: Excellent (0.8~1.0) 20.33 8.3 19.78 7.8 31.06 11.3 36.47 13.1
Total 245.31 100 254.68 100 275.93 100 277.95 100

Table 3 shows that, in 2007, the overall ecological quality of PZ was mainly at the moderate level
(Level 3), with an area ratio of 41.2%. The total areas of the ecologically good and excellent levels (Levels
4 and 5) were almost equivalent to the total areas of the ecologically poor and fair (Levels 1 and 2),
which were 30.9% and 27.8%, respectively. By 2011, the proportion of the area with excellent, good and
moderate levels decreased by 10.7%, 6.6% and 6.0%, respectively, while the ecologically poor and fair
levels increased by 48.0% and 20.9% respectively, indicating that the overall ecological condition of
the PZ was degraded at the beginning of construction. By 2014, the ecological status of the PZ had
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undergone further changes, mainly with ecologically excellent and good areas beginning to increase
slowly, increasing to 11.3% and 23.8%, respectively, while the ecologically fair and medium areas
decreased to 30.2% and 29.1%, respectively, indicating that the ecological environment problems have
been paid attention to during the construction process, and the ecological status has been improved a
bit. However, it is worth noting that the proportion of ecologically poor areas greatly increased to 9.1%
due to the impact of large-scale reclamation, which was at the time mainly in the form of bare soil
and bare sand; hence, the study area still shows a decline trend of overall ecological quality. By 2017,
with the further advancement of construction, the proportion of ecologically excellent areas continued
to rise, with an increase of 25.0%, ecologically poor areas decreased sharply, with a drop of 51.8%,
and ecologically fair, moderate and good areas increased slightly, rising to 29.4%, 29.5% and 23.8%,
respectively, indicating that the ecological status of the study area greatly improved. Thus, it can be
seen that between 2007 and 2017, the ecological status of the study area was changing, with the overall
ecology of the area showing a trend of first degradation and then improvement.

Figure 3 shows the changes in spatial distribution of the graded RSEI, with green, light green,
yellow, orange and red representing the excellent, good, moderate, fair and poor ecological levels,
respectively. In 2011, the ecologically fair and poor (orange–red) areas significantly increased with
wider distributions, and the area with moderate ecology was significantly reduced mainly due to
degradation of the environment in the central and northern regions compared with 2007, and there were
also large areas in the southwest with fair and poor ecological levels due to land reclamation. By 2014,
the ecology of the southeast, south and south-central areas improved compared with 2011, but there
were many new areas in the north-central and southwest due to reclamation, most of which were in a
state of poor ecology, which lowered the overall ecological level in 2014. By 2017, ecologically excellent
area (green) in the north had further expanded, and the bare soil that appeared in the southwest
and north-central areas due to reclamation was covered by vegetation; thus, the overall ecological
situation improved.

Figure 3. Five-leveled RSEI images of Pingtan Island in different years.

3.2. Dynamic Changes in the Ecological Status of Pingtan Island

In order to reveal the dynamic changes of the ecological status of the PZ and the impact of
reclamation on the ecology in different time periods in detail, we divided the study area into two
parts: The original area and the reclamation area. For the original area, the image difference method
was used to obtain its ecological dynamic change information from 2007 to 2017 (Figure 4), and an
area ratio of the corresponding changes was counted (Table 4). For the reclamation area, according
to the image resolution and the actual land use situation of the study area, four land use types,
namely water, vegetation, build-up land and unused land, were selected to reclassify the reclamation
area by random forest classification, and then their ecological changes through land use changes were
analyzed (Table 5).
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Figure 4. Change images of RSEI between 2007 and 2017.

Table 4. Percentage changes of ecological levels in Pingtan Island during 2007–2017.

Ecological
Change Type

Grade
Differential

2007–2011 2011–2017

Area
Proportion (%)

Increase/Decrease
in Total (%)

Area
Proportion (%)

Increase/Decrease
in Total (%)

Improved

+4 0.001

15.077

0.009

32.190
+3 0.067 0.319
+2 0.615 3.868
+1 14.394 27.994

Unchanged 0 64.940 − 54.355 −

Degraded

–1 17.325

19.983

10.879

13.455
–2 2.413 2.060
–3 0.243 0.457
–4 0.002 0.059

Table 5. Percentage changes of land use type part 1 (a) and part 2 (b) in the land-reclamation area of
Pingtan Island during 2007–2017.

(a)

Land Use Type 2007 2011 2014 2017

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Water 8.95 89.48 2.30 22.63 0.61 6.01 0.23 2.26
Vegetation 0.16 1.64 0.13 1.27 0.31 3.04 1.25 12.50
Build-up land 0 0 0 0 2.62 25.95 4.08 40.67
Unused land 1.05 10.52 7.73 76.10 6.57 65.00 4.47 44.57
Total 10.17 100 10.16 100 10.12 100 10.03 100

(b)

Land Use Type 2007 2011 2014 2017

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Area
(km2)

Pct.
(%)

Water 13.78 89.84 8.83 57.38 1.92 12.50 1.66 10.82
Vegetation 1.12 7.11 0.33 2.12 2.38 15.45 7.88 51.19
Unused land 0.48 3.05 6.23 40.50 11.09 72.04 5.85 37.99
Total 15.39 100 15.39 100 15.39 100 15.39 100

As seen in Table 4 and Figure 2, the ecological changes in the original area of PZ during 2007–2017
were relatively small, and were mostly based on ecological improvement level 1 and decline level
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1. From 2007 to 2011, most of the original areas remained unchanged, which accounted for 64.940%
of the total area, mainly distributed in the central, southern and northeastern corners. In addition,
the degraded ecological area accounted for 19.983%, of which the western and eastern areas were
larger, while the ecological improvement area accounted for only 15.077%, indicating that the degree of
ecological degradation in the research area exceeded the degree of ecological improvement. From 2011
to 2017, the area with improved ecology accounted for 32.190%, and the green tone that characterizes
ecological improvement was mainly distributed in the northwest, the five major outlets (black dotted
oval in Figure 4) and the periphery of the 36-foot lake (purple dotted oval in Figure 4). The area with
declining ecology accounted for 13.455%, and was mainly distributed in the surrounding areas of the
central urban main road. This indicated that the overall ecological change was stable and rising.

Table 5 and Figure 4 show that the land use types in the reclamation area varied greatly during
2007–2017. In 2007, reclamation had not yet begun and was mostly in the form of water. By 2011,
with the progress of reclamation projects, the water area was greatly reduced, and the vegetation was
also reduced slightly. Meanwhile, the area of unused land increased rapidly, with an 11.9 times increase
in the north-central region (Figure 5a) and a 6.3 times increase in the southwest region (Figure 5b).
After that, the changes in the two regions were different. For the north-central region (Figure 5a),
large-scale afforestation was carried out during the continuous blowing of sand so that the area of
vegetation reached 51.19% by 2017. For the southwest corner (Figure 5b), in 2014, the water continued
to decrease, and some unused land began to transform into construction land. In 2017, the reclamation
was basically over, and the unused land was gradually covered by a large number of buildings and
vegetation. Overall, the ecology of the reclamation area dropped sharply first and then rose slowly.

Figure 5. Land use classification of part 1 (a) and part 2 (b) in reclamation areas.

3.3. Ecological Effects of Overall Planning of Pingtan Island

According to the master plan map of PZ [41] (Figure 5b), the development of the comprehensive
experimental zone has been mainly concentrated in the central and western regions, excluding the
southwest, north and northeast regions. The southwest corner and northeast corner of Pingtan Island
are mostly mountainous areas with high vegetation coverage. Moreover, they have been less affected by
human activities so far, so the ecological condition is good and remains basically unchanged. Besides,
the main constructions in the north, south and east are afforestation on sand wasteland, forestland
afforestation, green village construction and restoration of the basic forest belts. From the perspective
of the spatial distribution of RSEI dynamic changes, these areas were the main distribution areas with
the unchanged or improved ecological grade.

The ecologically degraded areas were mainly distributed in newly developed construction areas in
the western, southwest and central new districts that had been greatly affected by human development
activities (Figure 6a). They almost correspond to the locations of several development zones, shown in
Figure 6b (dotted oval), that were affected by ecological damage caused by human activities.
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Figure 6. The contrast of the two images: (a) Change images of RSEI between 2007 and 2017; (b) master
plan map of Pingtan Comprehensive Experimental Zone (PZ) (2010–2030).

Among them, the central area (blue dotted oval in Figure 6a) includes township areas such as
Zhujing, Yucheng, Tancheng, etc. According to the overall planning of the experimental area and the
construction target of the recent plan (2010–2015), the central part will be the main functional area of
the future experimental area, and Zhuji, Yucheng and its adjacent areas have been designed as the
first batch of development zones, which will be built into a multi-functional central business district.
From 2007 to 2017, the area was changed from an agro-ecological landscape to an urban eco-landscape.
Moreover, the land use type has changed greatly. For example, some major road networks have been
newly formed, occuping a large amount of farmland and forest land; and large-scale areas of bare
construction land have replaced the original green land, thus reducing the ecological status of the area.

The dramatic changes in the ecological conditions in the southwest and north-central parts were
mainly due to the ecological impact of large-scale sand-blown land reclamation. According to the
master plan map of PZ, the planned area within the entire experimental area is about 30 km2. The sea
area in the southwest corner of the main island (the black dotted oval in Figure 6a) will make full
use of the advantages of sea and air transportation to build a modern port economic and trade zone
with important influence. Moreover, the north-central sea (red dotted oval in Figure 6a) is planned to
be a scientific and technology district. In 2007, the two parts were still large areas of water. By 2014,
there were large areas of bare land within the two areas (Figure 2), and the area of the reclamation
had reached 30.62 km2. The land use type had been transformed from the good ecological status
of seawater into building bare land, and the newly added bare land in a short period of time will
inevitably have had a certain adverse impact on the local ecological environment. Therefore, it showed
a deep red in the 2007–2017 ecological change map.

4. Discussion

The vulnerability of Pingtan Island’s ecological environment is the result of the dual factors of
natural conditions and human activities. Human development activities are the main reason for the
recent ecological changes on the island. In the initial stage of construction, the overall ecological level
of PZ declined mainly because the tract development of the experimental area brought about the
destruction of the previous vegetation-based natural ecology, which made the originally fragile island
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ecology face greater pressure; in the middle and late stages of construction, the overall ecological
level of PZ began to slowly recover, except for the reclamation area, mainly due to the promotion of
ecological agriculture, urban greening and other measures and the construction of five major vents near
the coastline, green corridors and green corridors around the island after the planning and construction
of the experimental area. According to actual statistics, from 2011 to the end of 2016, more than 33 km2

of afforestation were completed in the experimental area, and the forest coverage increased from 29%
to 35.82% [42]. Therefore, in the later construction of the experimental area, the contents of the PZ
Environmental Master Plan (2011–2020) should be implemented, the coordinated development should
be paid attention to and the green city should be built.

The reclamation area is a new land area in which the PZ uses sand-blown reclamation to protect
farmland and save land resources. However, due to the greater intensity, the land use type has
changed drastically, and the early stage is mostly in the form of bare soil and bare sand. The existence
and destruction of the ecological environment of the land and offshore waters led to a downward
trend in the overall ecology in 2014. By 2017, some areas had completed greening and construction.
Among them, the total area of the newly built shelter forest of the north-central Xingfuyang group
was over 16 km2 [43]. The ecological situation has been improved, and the overall ecological level has
risen, but most of the ecological conditions are still in poor and fair grades. Among them, the main
land use type of the Jinjingwan group in the southwest has been transformed from a water body to
bare land. While nearly half of the north-central Xingfuyang group is covered by vegetation, half of
the area is still bare soil, and most of the vegetation is still in a young state, contributing less to ecology.
As the reclamation areas are all located in coastal areas, and Pingtan Island, one of the strong wind
regions in the country, rages with wind and sand all year round, vegetation plays an important role in
wind and sand fixation. Therefore, in the later construction, the scientific planning of the reclamation
area should be carried out, the proportion of the planned area of construction land and green space
should be coordinated and the ecological quality should be improved.

5. Conclusions

The remote sensing ecological index (RSEI) was used to analyze the ecological status and temporal
and spatial trends and their causes. From 2007 to 2011, the ecological quality of PZ showed a slight
decline mainly due to the large area development in the early stage of construction. From 2011 to 2014,
the overall ecology of PZ was still in a declining state due to the large-scale reclamation project, but the
ecology of the original area was improved. By 2017, the overall ecology had improved, which was
attributed to the emphasis on ecological construction and protection during the construction of PZ and
the active implementation of ecological measures. To sum up, the increase of bare soil in large areas
of buildings will lead to regional ecological decline, but the implementation of scientific ecological
planning is conducive to ecological recovery and construction. Therefore, in the construction process,
in order to improve the overall quality, it is necessary to strengthen greening construction in the
newly-built areas of the county, especially planting trees, which can not only prevent wind and sand,
but also prevent soil erosion; for the old city, local renovation and reconstruction should be carried out;
the original green areas with good ecology are supposed to continue to be repaired and protected to
stabilize and enhance their ecological advantages; the reclaimed area needs a lot of afforestation.
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Abstract: The development of mobile social network has shown the power to change the ways
people gather and communicate in urban public spaces (UPSs). In this study, we utilized a check-in
database collected from Instagram in 2016 and 2017 in two central districts of Ho Chi Minh City
(HCMC) to analyze the city dynamics and activities over the course of the day. By quantifying the
popularity of contemporary UPSs, a comprehensive study was conducted on many attraction features
spreading over the two central districts. Pearson’s correlation was used to explore the proximity and
attractiveness associated with the surrounding environment of three types of UPSs. The results show
that the lifetime of UPSs is very stable during weekdays and weekends. Within that, commercial
UPSs are proved to play a dominant role in urban dynamics. This paper’s finding is at odds with the
urban planning stereotype that public facilities often help people to get around. In the case of HCMC,
it has proved the opposite: people are attracted to urban public spaces even though there are not
many cultural and social specialties there. The results will contribute to enhancing the predictability
of each UPS on socio-economic performance and to understanding of the role of urban facilities in
urban sustainability.

Keywords: urban public space; environment; check-in data; social media platform; point of interest

1. Introduction

A city is a result of modern human civilization, where people live and work in an extensive and
well-developed urban system. However, in the 21st century, cities have undergone a unique period of
rapid economic and technological growth. In a case of Southeast Asia, Dick and Rimmer [1] mentioned
Asian exceptionalism. Their arguments suggest that the motion of Southeast Asia’s new urbanization
would be the avoidance of social discomfort. Urban geography of the region features in the movements
between public and private space, which can take place from diverse dimensions: center to periphery,
periphery to periphery, center to center, or periphery to center [2]. Along with modernization and
globalization, urban public space, which is a traditional connotation in urban planning, now faces
an inevitable transition in the new era. Urban public spaces (UPSs) indeed have acquired a renewed
visibility in urban planning discourse as an essential ingredient of urban sustainability. Therefore,
the major difficulty for authorities is to create and sustain public goods in a manner that distributes
proportionally health, well-being, viability, and economic benefits. Hence, investigating the UPSs use
and its correlation helps us understand how it can bring out different socio-economic benefits.
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In defining public space, it is essential to consider the meaning of the term “public”. Madanipour [3]
suggests that “the word public originates from the Latin and refers to people, indicating a relationship
to both society and the state”. This suggests that “public” may be any entity, regardless of whether
tangible or not, that relates to people and is shared by and open to them in a community as a whole.
The concern here is space as the physical entity that is linked to the term “public”. This provides a
basic understanding of public space as the space that concerns people and may be interpreted “as the
space open to people as a whole” [3]. These ideas are echoed in the various definitions of public space.

Public space plays an important role in sustaining the public realm. There is a renewed interest in
public space with a growing belief that while modern societies no longer depend on the town square
or the piazza for basic needs, good public space is required for the social and psychological health
of modern communities. New public spaces are emerging around the world and old public space
typologies are being retrofitted to contemporary needs. Good public space is responsive, democratic
and meaningful. However, few comprehensive instruments exist to measure the quality of public
space [4–7].

According to Carr, et al. [4], a true urban public space should be responsive, democratic and
meaningful. Responsiveness of a public space requires that it should serve the needs of its users
such as comfort, relaxation, active and passive engagement and discovery. Democratic public space,
which should be accessible to all groups, is that which protects the rights of its users.

Over the last two decades, UPSs have been the subject of considerable debate. There are theories
and beliefs about the knowledge of urban design and, in particular, public places, which have always
focused on the role of space characteristics in the production of urban spaces [8]. Some physical and
social factors of environment can have impact on the selection and utilization of UPS in developed
countries [9]. Many recent reviews have studied relevance between proximity and use of UPS at
an intense volume of physical activity [10], and the vital elements and their intricate interaction
influence the use of UPS such as sociability [8], behavior of individuals and groups in small UPSs [11],
design elements in public spaces [12,13] accessibility [14–16] and the surrounding environmental
factors [17–19]. Specifically, the presence of facilities is thought to become the most essential element
reflecting UPS, in particularly urban green zones [20,21]. Nevertheless, these reports were mostly in
developed countries, which had social and economic constraints according to diverse contexts.

Brown indicated that sustainability should construct the balance between the natural environment
and artificial configurations [22]. The built environment is an essential element of sustainable
society [19]. Focusing on the typical urban spaces in the city, such as: open spaces, commercial space,
etc... This paper aims to study the relationship between the surrounding environment and UPSs
utilization in low- and middle-income countries. Nowadays, due to the restricted space, unsafety, noise
and air contamination of previous public spaces [23], along with an emergence of financially-driven
urban redevelopment processes, commercial-related public spaces (such as restaurants, cinemas,
and shopping malls) have become the new civic centers and social hubs in contemporary cities [24,25]
This new phenomenon is posing crucial questions: how do the people experience these urban public
spaces in the city? Vice versa, how surrounding contexts, have influence on people’s choice of gathering
could also become a good research question. Answering these two issues may lead to a more insightful
understanding of spatial-temporal needs for the daily life of local communities.

Often conventional methods for large scale data-collecting are labor-intensive, hence too costly;
which turns out to be a drawback in the research practice on people’s spatial and temporal activities.
Recently, however, fast-advanced technology has given way to many practical innovations, especially
in the field of the Internet. It is also worth noting a new development of geographic science [26],
which is demonstrated by a huge number of geographic attachments of “geo-tagged” data providing
both the latitude and longitude coordinates [27–29]. In spite of this promising potential for new
studies, there are some specific constraints of the exploration of social media data, namely issues of
sampling, situation-related unreliability, and also deprivation of theoretical firmness [30]. Nevertheless,
after being carefully refined, the check-in database has an advantage to answer different questions over
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traditional data, which is often combined and outdated [29]. Point-of-interest (POIs) and check-in data
in social media, a refined dataset obtaining more information, are becoming new focal subjects in urban
study, which allow us to examine how new communities rise and form sociocultural norms in the
online world [31,32]. Instagram is regarded as a socially visual-locative means, which can contribute as
a participatory sensing system [33,34]. By using Instagram data to record urban dynamics, it is found
that spatiotemporal models are correlated with routine activities of citizens. Consequently, Instagram
has the capability of identifying the places of cultural activities [27,35].

In this paper, with consideration to the spatial-temporal dimensions and activity categories for
analysis, we aim to give the detailed descriptions of citizens’ activities. Relying on the Instagram
platform, the research intends to collect people’s check-in data in Instagram, then keep track of and
analyze relevant information of UPS. UPS is framed to be the organic combination of the place itself,
and a destination for people to stay and carry out activities, which results in a particular geographic
space and other surrounding environmental, infrastructure, and relevant conditions.

We conducted research in Ho Chi Minh City (HCMC) in Vietnam. HCMC is the biggest city
in Vietnam. From a literature review, we found that there are few studies on urban public spaces
in HCMC and no study is present using people’s check-in data in Instagram methods. Therefore,
in this study, with help social media check in data POIs we have three research questions: what are the
social characteristics of urban public spaces? Which are most preferred/visited urban public spaces
throughout the day? Why are hotspots located at different times during weekdays as well as weekends
and are causes of attractiveness in urban public spaces?

This paper follows this order: Section 2 will go through related literature review on this field;
Section 3 will demonstrate the methodology and dataset in detail; Section 4 will present our results;
finally, Section 5 comes to conclusions with suggestions for further studies.

2. Literature Review

2.1. Urban Public Space (UPS)

In the last 20 years, public spaces have adapted to people’s changing behavior, which consequently
needs a renewed observation on urban planning discourse. Conventional wisdom holds that public
spaces, playing a role as a vital element for urban sustainability, are now becoming indispensable keys
to the formation of inclusive communities and more specifically, enhancing public culture and cultural
diversity [36]. The term “public space” here also refers to more commercial-related public sites of
consumption (such as café shops), because these spaces usually perform the same social role as a space
for sociality and recreation. In short, public spaces allow people to “assemble and socialize away
from home and work”, where Oldenburg observed and coined the connotation “Third place” [37].
Nguyen et al. added the book-store café as a “third place”, which emphasized that these are places
where people can gather for casual occasions, yet this important sociality can be without excessive
social or personal obligations [38]. However, public spaces recently have not always purely served the
public. Low [39] pointed out the relation of the privatization and commercialization of public spaces
by corporate or commercial interests, claiming that “during the past 20 years, privatization of UPSs
has been significantly increasing, concerning with the closing, redesign, and regulating of public parks,
the building of malls, departments or plazas, the opening of central business districts that have certain
control over local streets and parks, and the transfer of public air rights for the commercial buildings
ostensibly open to the public”. This trend may simply raise awareness to broaden the definition of
public spaces; specifically, to incorporate some of the new forms of commercial-related public spaces
that have been thriving in urban society. Later, Banerjee [40] suggested that urban planners should
keep close attention to broader notions of public life, instead of merely physical public spaces, given
the new reality that many public activities exist in private spaces, as they are “not just in incorporate
theme parks, but also in small businesses such as coffee shops, bookstores . . . ”. Moreover, there is also
a growing interest in re-establishing the correspondence between public space and urban mobility.
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Empirical studies have shown that a warm welcome for attractive public spaces, which also comprise
mobility hubs (like stations, airports, bus stops), as well as the use of commercial-related public
spaces [19] (for instance, department stores and commercial complexes) add more key challenges for
an innovative design of viable mobility systems and a goal for sustainable and livable cities.

2.2. Geo-Tagged Social Media-Related Study

A strong rise of social media platforms along with an outburst of smartphones have helped many
generations, especially youth, to share their daily routines and activities on the Internet, also known
as the online community, which means to create their digital footprint in urban areas. Undoubtedly,
this newly emerged community along with its digital data turn out to be precious sources for academic
urban behavior research. Moreover, it has recently been recognized that data collection of social
media can help provide reliable geographic information in replacement of conventional data-collection
methods [41].

Currently, geo-tagged social media and Global Positioning System (GPS) tracking data have been
claimed to further understand human mobility patterns as well as spatiotemporal models [42,43].
Although there are several platforms that have more users globally, Twitter is so far the most popular
platform to extract geographic data [41]. For instance, Tsou [44] demonstrated an academic method
for recording and investigating the spatial content of Twitter which helps enable analysis of social
events from a spatial temporal perspective. Studying social media “check-in” pattern hence contribute
a more profound rationale of urban dynamics [45]. In 2012, Frias-Martinez [46] demonstrated another
framework to identify land use structure by geo-tagged tweets in Manhattan, London, and Madrid,
claiming that these data can provide a compatible statistical input for local governments. Having said
that, researchers trying to rely on the geo-tagged data might be concerned with social media platforms
that do not simply show the citizens’ movement patterns. Different platforms might have different
preferences, such as Twitter for updating news and Instagram for everyday photos and videos [47],
or levels of posting immediacy [48]. Foursquare and Instagram both demonstrate almost identical
urban features (population), and also show distinctions: Foursquare distributes better user routing
data, while Instagram illustrate better cultural behaviors of users [35].

Instagram users are believed to be picky about showcasing their lifestyles and personal images
that they feel suited for acquaintances or followers [49]. This implies that they choose to represent the
city and their places with a highly curated content. By connecting with other users in cyberspace and
tagging the same locations, Instagram users create communities on both online and offline worlds.
Consequently, by demonstrating places where the association takes place, we can explore and examine
how communities really rise and develop at the two interfaces and then create social and cultural
contexts. This provides an impressively innovative approach as before such data could only be
collected and processed by surveys or observation settings, but now we can access social media to
collect much more data at a much shorter time, and to conduct a comprehensive investigation of how
citizens interact and assemble with each other.

3. Methods

3.1. Analysis of Spatial Distribution Patterns

In order to detect where check-in posts are, a grid mapping is virtualized by 100-meter × 100-meter
grid-size squares. The purpose and number of visiting inside each square is also examined. This helps
generate activity spatial distribution maps by pointing out the frequently-hit places as well as their
main functioning. Citizens’ activities are very diversified at different periods of time in one day,
weekdays, and between weekdays and weekends [50]. When check-in mapping shows contrasts for
multiple activity groups, this suggests a high effect of urban areas on people’s visiting choices.
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3.2. Indicators of UPSs’ Visitation Rates

To evaluate how the surrounding built environment influences the UPS, we examined two design
indicators: 1) UPSs’ check-in times 2) the surrounding built environment. For UPSs’ check-in times,
we counted the check-in times which stipulate the attractiveness of the particular space towards the
people. We hypothesized that UPSs themselves have their own surrounding advantages, which include
the inside facilities and its characteristic, such as, area of a place, the environment, the interior decoration,
etc. At the level of neighborhood, we evaluate transportation access and other surrounding attractive
places, and we assumed that one place would attract or accommodate more visitors. The neighborhood
characteristics are computed using a kernel density estimation (KDE) procedure [51].

KDE is a method that produce representations of local density estimates from two-dimensional
point perspective, hence becoming an effective tool for analyzing projected hotspots, estimating intensity
and visualizing the distribution of points by spreading a radius by a kernel function with defined
bandwidth [52,53]. To Schabenberger and Gotway [54], the KDE can be calculated as Equation (1)

f(s) =
n∑

i=1

1
h2 k(

dis
h
) (1)

where f(s) is the KDE function at the location, h is the bandwidth, dis refers to the distance from point i
to s, and k the classic Gaussian kernel function.

3.3. Correlation Coefficient Modelling

To evaluate how the surrounding built environment has influence on UPS visitation, we examined
two design indicators: 1) UPSs’ check-in times Dp and 2) the surrounding built environment Dk
as below:

The UPSs’ check-in times: The UPSs’s check-in times is counted as the check-in times which
stipulates the attractiveness of the UPS towards the people.

The surrounding built environment Dk: Assuming that the attractiveness of each POI is not
only relied on its own endowed advantage, but it is also remarkably influenced by the surrounding
environment, such as locations, traffic conditions, and many other external factors. In this study,
we assumed that the surrounding environment include all neighborhood accessibility variables at the
neighborhood level, such as public transportation (bus stops), public facilities (parks and shopping
malls), and other commercial spaces. The KDE then examines the point distribution of adjacent
domains (with h bandwidth). The choice of h bandwidth strongly affects the resulting surfaces. As the
study was mostly concerned with the fine-scale of the city, we defined the neighborhood of each
UPS as a 400-meter buffer zone. The reason is that previous studies suggested 400 meters would be
a primary maximum walking distance based on 5 to 15-minute maximum walking times in transit
design guides [55]. Thus, we chose 400 meters as the value of h bandwidth in the KDE calculation.

Next, we use a geographic information system (GIS) to collect and sort out data. Assuming that
the Dp and Dk are in different units, the standardization stage was processed to put different variables
on the same scale. This stage allows to compare scores between different types of variables.

In order to indicate whether the choice of people of any space related to the surrounding facilities
or not, Pearson’s correlation (Pearson’s R) was used as a statistical measurement that helped to calculate
the strength of the relationship between the advantages of external factors and the UPSs visitation.
The value range varied from –1.0 to 1.0. A correlation of –1.0 showed a perfect negative correlation,
meanwhile, a correlation of 1.0 showed a perfect positive correlation [56]. The correlation coefficient is
formulated as below:

R =
(
∑n

i=1 DpDk) − (
∑n

i=1 Dp)(
∑n

i=1 Dk)√[∑n
i=1 D2

p − (
∑n

i=1 Dp)
2][∑n

i=1 D2
k − (

∑n
i=1 Dk)

2] (2)
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4. Materials

4.1. Case Study

HCMC is famous as the business and financial center of Vietnam, as well as a popular tourist
destination. With a population over nine million, HCMC nowadays has become a host for a large
number of energetic people in the nation, particularly the young. Especially, with the dynamics of
ongoing urban sprawl, agglomeration has resulted in HCMC being the first megacity in Vietnam [57].
This study was based on Instagram check-in data within two districts (district 1 and district 3) in the
center of HCMC. The analysis unit for studying urban activities is considered different based on the
borders of municipal administration units, for example, neighborhood and traffic zones, because the
latter are too broad to tell apart the features of urban activities and assure sufficient accuracy. Therefore,
the analysis unit was a 100-meter × 100-meter grid. This grid unit serves the calculation of hour-based
check-in numbers and coordinate the output with POI data.

4.2. Data Collection

Points of Interest (POI) are particular location of points, for example, shopping malls, office,
restaurant, open spaces, which provide a tool for location-based services. The POI data was chosen
because: (1) POI data has good adaptability for scaling problems, (2) by people’s interaction, POIs help
show their personal biases and also a place’s social roles (3) statistical gridding of POI data is much
finer, hence providing more comprehensive information [58,59].

Street networks are collected from OpenStreetMap (OSM). OSM is a team-worked web-mapping
project that collects geospatial data in online maps which often offers country downloads [60]. In our
study, we obtained all the locations of public transportations from the Google website.

A check-in database is a set of geo-tagged data which can be used to record people’s movements
at one time and place. Hence, a large-scale set of check-in data can help us extend our perspective on
people’s actual activities in terms of space and time [61]. Launched in 2010, Instagram has been the
worldwide social network platform for photo and video sharing [62]. As a result, Instagram, which can
be regarded as socially visual-locative means, can contribute as a participatory sensing system [33].
This study uses data crawled from the Instagram Application Program Interface (API) platform over
two successive years (from January 2016 to December 2017). Only geo-tagged posts from two central
districts were selected. Besides the crawling coordinates, each Instagram user also carries information
about the user ID, the link of each post, check-in time, and check-in locations. In total, we downloaded
142,620 posts within district 1 and district 3 of HCMC.

Identification of activity categories: Geo-tagged social media platform is valued for the capability
to identify activity sets. When queried in the location-based service provider, this link provides
information about the categories based on the visited venue. After that, we manually verified and,
when needed, merged the place names. This research paper classifies all of the obtained POIs into 7
types based on type of the visited locations as well as according to Mathew Carmona’s classification
of UPSs [63], namely Open Space, Food and Drink, Life Service, Art and Entertainment, Shopping,
Residence and Office; Education (Table 1). Also, Figure 1 demonstrates the POIs in each category.
Then, the mixing POIs, including open space-oriented POIs (OS-POI), commercial-oriented POIs
(C-POI) and other-oriented POIs (O-POIs) were categorized and assessed. A number of each OS-POIs,
C-POIs, O-POIs were calculated in the designed grid. Here, OS-POIs comprise open public spaces
such as park, square, etc. In contrast, C-POI includes food and average, shopping services, life services,
art and entertainment. O-POI consists of residence, office and education.

However, check-in data has several constraints, namely sampling bias or location inconsistencies.
Therefore, some standards were applied to refine the check-in data [64]: (1) POIs not covered in study
area were removed; one or two-time check-in POIs were taken out; (3) user accounts having only one
check-in were considered invalid; and (4) in 30-minute blocks, users who checked in more than once at
the same place were counted as one record. After filtering, 66.055 check-in records are kept, with 344
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POIs (Figure 1, Figure 2). Next, GIS software (ArcGIS 10.4) received all the data, and made a layer of
x-y coordinated points, then each point was illustrated (Figure 3).

Table 1. Activity category classification.

Activity Category Type of Visited Location

Open Space Park, Square, Playground, Streets, etc.
Food & Drink Coffee shop, Tea house, Restaurant, Pizza, Pub, Nightclub, Bar.
Life Service Gym, Spa, Nail, Salon, etc.

Art & Entertainment Entertainment, Theater, Concert Hall, Event Space, etc.
Shopping Supermarket, Plaza, Pharmacy, Mall, Boutique, Bookstore, etc.

Residence and Office Residential building, Office, etc.
Education School, College, University, etc.
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Figure 3. Spatial grid and check-in data in the study area. Source: Authors.

Normalization of data and calculation of the number of check-ins during period time of day.
Figure 4 shows the one-hour time intervals of Instagram posts frequency within the two districts
throughout 24 hours. The frequency of Instagram posts fluctuates considerably as social media is used
the most during the evening time. The peak time occurred at 9pm (6386 posts), whereas this figure fell
to 1530 posts at 8am. Subsequently, the data was aggregated into 5 time slots to facilitate analysis.
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Figure 4. Temporal check-in densities for different activity categories.

5. Data Analysis

5.1. Spatial Distribution of the Most Popular Spaces

Figure 5 shows the spatial distribution of different activities in district 1 and district 3 of HCMC.
For this study, urban activities are divided into specific timeslot with a division of per day, per weekdays,
and between weekdays and weekends [50].
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We counted the total number of check-ins for different activities within 24 hours in the 100-meter
× 100-meter grid during weekdays and weekends. Subsequently, the Instagram activity and land
use were linked and compared. By performing descriptive analysis based on the crawling data
of geo-tagged Instagram posts in accordance with the predominant area in two central districts,
Figures 5 and 6 show that for most activities related to C_POI spaces, the clear radiance becoming
bolder from the morning to the evening, from weekdays to weekends, except for OS_POI areas (which
had a pretty fair radiance) and O_POI areas (which showed more activity during weekdays rather than
weekends). In HCMC, by an outnumber of Instagram check-in posts, commercial spaces take over
a dominant role in citizens’ lifestyle compared to open spaces, regardless of weekdays or weekends
(as shown by Figure 5(a1,a2,b1,b2)). However, there are contrasting trends of two types of spaces:
open spaces have fewer activities during weekends along with the shrinking size (Figure 5(a1,a2));
meanwhile, commercial spaces gain attractiveness in more diverse areas, particularly the periphery of
research scope (Figure 5(b1,b2)). Therefore, in terms of spatial distributions, a visible contradiction can
be detected among public spaces, commercial spaces and other spaces, with a growing tendency of
leisure activities in commercial spaces; and the areas of public activity in open spaces, which were
much more active during the daytime, meanwhile other spaces are not remarkable.
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5.2. Temporal Mobility Patterns

To display the temporal frequency of the two central districts’ mobility, we examined the
distribution of visits for activity purposes throughout different time courses of the day (see Figure 6).
We also investigated the weekly regularity of these visits. Impressively, the number of commercial
spaces have the most regular and highest visiting frequency compared with open spaces and other
spaces (approximately 10 times higher). During the day, each space has two distinctive peaks: 12:00
and 20:00, noted that nightlife’s activities are two times higher. There is also a fairly stable distribution
among three investigated spaces, however, we can observe that weekends fairly host more activities
than weekdays, regardless of space categories.

5.3. Kernel Density Estimation of Temporal–Spatial Distribution of the Popular Spaces

We conducted a kernel density analysis to find the density of each cell for all activities in different
categories in 2-hour intervals. This Kernel Density Estimation (KDE) analysis helps comprehensive
research on the vibrant transformation of activities in terms of both space and time. Figure 6 below
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shows the kernel density estimation results for district 1 and district 3 in HCMC, which point out the
pattern of citizens’ activities.

As for the spatial allocation, the central area at Ben Nghe ward presents obvious high frequencies
and densities, especially the main agglomeration area which is bordered by the most crowded streets:
Le Thanh Ton street, Nam Ky Khoi Nghia street, Ham Nghi street and Le Loi street; besides, there is also
a high agglomeration near Notre-Dame Cathedral Basilica of Saigon. From the temporal perspective
over space, people’s activity frequencies are relatively high at 8:00–10:00; 12:00–14:00 and 18:00–20:00,
which are associated with the eating time (breakfast, lunch and dinner) as well as the leisure nighttime
for hanging out.

As shown in Figure 7, it is noteworthy that the permanently dense hotspots are also the most
bustling and lively locations of HCMC in terms of individual density. Besides, stability both in space
and time is also observed in the city center.
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5.4. Correlation Coefficient

Based on Equation (2) above, we examined a correlation coefficient of check-in numbers and
kernel density estimation as shown in Figure 8. In the same group, the correlation coefficient can help
facilitate the relation of scores among different measures. Accordingly, an intense direct relationship is
considered as a high value (advancing toward +1.00), values around 0.50 are moderate, whereas a
loose relationship are values below 0.30. In contrast, an intense inverted relationship is considered as a
negative value (advancing toward –1.00), and values about 0.00 mean little or no relationship [56].
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Figure 8. Pearson’s corelation coefficient.

As shown in Figure 8, the R = –0.24, POI of Open Spaces revealed a relatively weak negative
relationship between check-in data and the surrounding facilities. Meanwhile, with R = –0.12, both
Other Spaces and Commercial Spaces showed little or negligible relationship. This result, surprisingly,
implies that surrounding built environment has almost no influence on the attractiveness of one
urban space.

6. Discussion and Conclusions

An assistant of big data for urbanization issues is more widely accepted due to the fast development
of technology and the expansion of many social media platforms. Social media data is quite
time-sensitive, a special characteristic, which can reflect status in real time. More importantly, it is a
kind of public participation, which make it cheap and easy to collect. In this research paper, we used
data from Instagram, which is one of the most popular social networks for Vietnamese citizens,
to analyze their spatiotemporal patterns. Instagram provides a great tool and network for users to
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showcase where they are, when they come and what they do. These data can, therefore, illustrate
urban activities and evolution over space and time.

We proposed a framework that integrates the spatial-temporal distribution for different activity
categories, the urban public spaces’ check-in time and UPSs surrounding built environment. This paper
aims to concentrate on the correlation between the distribution of active Instagram posts regarding
UPSs in the different periods of time in a day, days of week, and between weekdays and weekends,
offering an initial understanding of urban dynamics, and pointing out the UPSs which gain or lose
attractiveness in each time slot over the course of the day. Subsequently, we analyzed the spatial
distribution of popular space in 2-hour time slots. The results show that it is noteworthy that the
permanently dense hotspots are also the most bustling and lively locations of HCMC in terms of
individual density. Besides, stability both in space and time is also observed in the central city.

Finally, with what is revealed by new sources of delocalized data, an inevitable direction for
further studies will be to bridge the existing knowledge about the influence of the environment on the
attractiveness of urban space. This Instagram-based approach has enabled us to recognize visually that
commercial-related public spaces play a dominant role in the urban dynamics of HCMC. Commercial
spaces like retail areas are believed to be the most active in the evening and at the weekends, whereas
open spaces host more activities in the morning on weekdays. This paper’s finding is at odds with the
urban planning stereotype that the surrounding environment such as public transportation (bus stop),
public facilities (parks and shopping malls), and other commercial spaces, often help appeal people
to get around. In the case of HCMC, it has proved the opposite: people are attracted to UPSs even
though there are not many cultural and social specialties there.

This paper’s research consolidates one assumption from our urban observation: different categories
of urban spaces have different spatiotemporal patterns. Taking advantage of this newly emerging
source of social network data makes it feasible to measure, analyze, model and predict. Consequently,
this real-time spatiotemporal distribution can be a good estimation for further urban planning as
the outcomes help to seek more insight into urban vibrancy in relation to diverse functional spaces.
This is desirable because by understanding the link between activities and land use, governments
and related organizations can predict future trend patterns of citizens’ activity as well as new urban
sustainable developments.

However, this research has some limitations. The approach in this paper overcomes the purely
descriptive limitation by using KDE analysis in order to examine the attractiveness of different spaces
in the two populous central districts on Instagram activity according to time slot. It is obvious that
there are some limitations with Instagram data because it cannot represent the entire population of the
city; therefore, we can use other social media platforms for future comprehensive research along with
the Instagram data. If possible, researchers should obtain data from many social platforms within
the whole city to create more objective and comprehensive understanding ho w vitality in relation to
urban design. Other indicators for measuring facilities in urban surroundings as proposed by Prem
Chhetri et al. [65] e.g, aesthetic, amenity, and social interaction should also be included in the model to
gain more deeper understanding. Last but not least, in addition to the correlation coefficient applied
in this paper, researchers could also try spatial regression model or ordinary least squares to look at
the comparative relationship between each surrounding urban environment indicator with people’s
choice at any particular place.

7. Data Availability Statement

Some or all data, models, or code generated or used during the study are available from the
corresponding author by request:

List of data generated or used during the study:

1. Point of interest data of Ho Chi Minh City collected from the Google map in 2017.
2. Check-in database collected from Instagram in 2016 and 2017 in Ho Chi Minh City.
3. Street map of Ho Chi Minh City collected in Open Street Map.
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Abstract: “The Dragon and the Elephant” between China and India is an important manifestation
of global multipolarization in the 21st century. As engines of global economic growth, the two
rising powers have followed similar courses of development but possess important differences in
modes of development and urban development, which have attracted the widespread attention of
scholars. From a geospatial perspective, and based on continuous annual night light data (Defense
Meteorological Satellite Program-Operational Linescan System, DMSP-OLS) from 1992 to 2012,
this paper conducts a multi-scale comparative analysis of urban development differences between
China and India by employing various approaches such as the Gini coefficient, Getis–Ord Gi* index,
and the Urban Expansion Intensity Index (UEII). The results show that: (1) The urban land space
of the two countries expand rapidly, with the average annual expansion rate of China and India
being 5.24% and 3.85%, respectively. The urban land expansion rate in China is 1.36 times faster
than that in India. Resource-typed towns in arid northwest China and the resource-typed towns in
central India have developed rapidly in recent years. (2) The unbalanced development in India is
more prominent than in China; and the regional and provincial development imbalances in China are
shrinking, while India’s imbalances are improving slowly and its regional differences are gradually
widening. (3) The spatial pattern of land use in both countries shows significant coastal and inland
differences. The difference between the east, the central regions, and the west is the main spatial
pattern of China’s regional development, while the difference between the north and the south is the
spatial pattern of India’s regional development. (4) There are obvious differences in the expansion
intensity of core cities between the two countries. From 1997 to 2007, the expansion intensity of core
cities in China was relatively higher than that in India, while that in India was relatively higher than
that in China from 2007 to 2012.

Keywords: spatial patterns; spatial differences; DMSP-OLS; China; India

1. Introduction

China and India are two rising world powers and are often referred to as “the driving force of
Asia in global change“ [1]. To promote the rapid development of the economy, economic reforms and
liberalization measures were implemented in China and India in 1978 and 1991, respectively. Since the
implementation of reform and opening-up policy of China, the total GDP of China has increased from
0.15 trillion dollars in 1978 to 12.24 trillion dollars in 2017, with its world ranking having risen nine
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places during that period. Since the implementation of economic reforms in India, the total GDP has
increased from 0.26 trillion dollars in 1991 to 2.6 trillion dollars in 2017, and its world ranking has risen
by 10 places during that period. China and India have quickly developed into the world’s second and
sixth largest economies by virtue of their successive accession to the World Trade Organization (WTO).
However, India currently has a low urbanization rate, which increased from 25.72% in 1991 to 33.60%
in 2017 [2], while China saw its urbanization rate increased from 17.92% in 1978 to 58.52% in 2017 [3].
The urbanization rate of the two countries differs by 24.92% with a population of about 350 million.
Similar developmental histories and different developmental paths and models of China and India
make their competition and development relations widely concerned.

In the 1980s, scholars from the United States, Japan, and the United Kingdom conducted
comparative studies on the economic development of China and India. Later, some scholars
proposed the concept of “The Dragon and the Elephant” to describe their competitive relationship.
The international discussion on “The Dragon and the Elephant” has also become a constant topic [4,5].
Most of the literature compared the sustainability of competition and development of the two countries
from economic and political perspectives. For example, Mukherjee et al. [6] analyzed the differences
in rural industrial development between China and India from the perspective of their inherent
political systems. Hölscher et al. [7] compared developmental differences between China and India in
terms of economic structural characteristics. Nigam studied the evolution of the Chinese and Indian
economies and their impact from an economic perspective [8]. Compared with China’s, India is
regarded as the world’s largest democracy, with a political system that is more in line with the Western
concept of democracy. Therefore, the advantages and disadvantages of the developmental paths
of China and India and the comparison of development models have aroused great interest among
scholars [9,10]. However, in addition to the existing differences between China and India in terms of
economics and politics, both have vast swathes of land with their own developmental characteristics,
and regional spatial development differences are also therefore significant. Due to limitations in
efficient spatial information acquisition and processing, relevant empirical research is difficult to fully
develop. Some scholars have attempted to use statistical data to study the regional differences between
Chinese and Indian urban systems [11]. However, traditional spatial statistics lack sufficient spatial
information, and the spatial and temporal features and differences of regions are not detailed enough.
Moreover, high-resolution remote sensing image data is costly and difficult to handle and adapt to
large-scale and long-term spatial differences [12,13]. Nighttime remote sensing images provide a new
means of gathering data for regional spatial difference research. The object of traditional remote sensing
is the object of surface, while the object of nighttime light remote sensing is human. Research shows
that nighttime light data can reflect the intensity of human activities. The total amount of regional
lighting is positively correlated with GDP and population [14], which can be used to estimate regional
GDP and population [15]. At the same time, nighttime light data can be used to extract urban built-up
areas and study the spatial and temporal evolution of cities and towns [16]. Interestingly, night light
remote sensing satellite imaging began in earnest in 1992, the second year of economic reform in
India. Nighttime lighting data still provides complete and powerful support for the comparative
study of the development of China and India many years after the economic reform. At present,
there are more comparative studies on nighttime lighting data between the world [17], regions [18,19],
China and Russia [20], China and America [21,22], as well as among different regions within China or
India [23–26]. However, there are few comparative studies on the systems of the two countries with
respect to one another.

Considering the special role, status, and similar development histories of China and India in the
world, this paper carries out analysis at the regional, provincial (state), prefecture, and county (district)
multi-level spatial scales. To understand the developmental differences between China and India,
it is necessary to quantify their spatial and temporal evolution accurately. In the past, research has
focused on economic and political differences but lacked a geospatial perspective to study differences
in the spatial development between the two countries. In this paper, long-term sequence Defense
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Meteorological Satellite Program-Operational Linescan System (DMSP/OLS) nighttime remote sensing
images are selected as the basic data, and multiple methods—such as the Gini coefficient, Getis–Ord
Gi* index, and extended intensity index—are used to conduct a multi-scale comparative analysis of
urban development differences between China and India, and reveals the evolution of the law and the
spatial pattern of urban development in the two countries.

2. Materials and Methods

2.1. Study Area

This article takes China and India as the research areas. China is situated in the Asia-Pacific core
region combining eastern Asia to the west coast of the Pacific Ocean, which ranks third in the world of
a land area about 9.6 million km2 and is also the most populous country in the world. India is the largest
country in the South Asian subcontinent, which ranks seventh in the world in land area, with an area
of 2.98 million km2 about one-third of China’s land area and is the second most populous country after
China. On a regional scale, China is divided into seven regions, and India is divided into six regions
(Figure 1). At present, there are 35 administrative divisions in India, of which the state of Telangana
was separated from Andhra Pradesh in 2014. In 2012, there were 34 first-level administrative divisions
in India, including 27 states (Pradesh) and 7 union territories; 640 second-level administrative divisions,
namely district units; and 3894 third-level administrative divisions, namely tehsil units, also known as
towns in India. At the end of 2010, there were 34 first-level administrative divisions in China, including
23 provinces (including Taiwan), 4 municipalities, 5 autonomous regions, and 2 special administrative
regions (Hong Kong and Macao). The number of second-level administrative division was 333,
including prefecture-level cities, districts, and autonomous prefectures. The third-level administrative
divisions include 2856 county-level units (including municipal districts and county-level cities).
Different levels of administrative divisions are taken as research units in this paper (excluding
Hong Kong, Macao, and Taiwan of China) to conduct an in-depth analysis of differences in regional
development between China and India on a spatial scale.

Figure 1. The location of the study area.
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2.2. Data Sourcing and Preprocessing

At present, nighttime light (NTL) remote sensing data, obtained by the US Air Force DMSP-OLS
sensor in the 1970s, have the longest time series and are the most widely used [27]. The data
were released by the National Environmental Satellite Data and Information Service (NESDIS)
(http://ngdc.noaa.gov/eog/index.html), part of the National Oceanic and Atmospheric Administration
(NOAA). DMSP-OLS was originally used to monitor nighttime cloud volume and was later found to be
able to detect light emitted by towns at night [28], which led to extensive research and the application
of nighttime light remote sensing. At the same time, NTL brightness index reflects the activity intensity
of the urban spatial economy, which is very suitable for large-scale urban spatial expansion research.
The DMSP/OLS used in this study is the fourth edition of global nighttime lighting data. Six satellites
were used to collect NTL data, among which two satellites were in service at the same year (1994,
1997–2007), and a total of 34 images were collected. DMSP/OLS non-radiation-calibrated nighttime light
image includes three image types: global cloudless observation frequency image data, global average
light image data, and global stable light image data. Globally stable light images include long-lasting
light sources in cities, towns, and other places, and have eliminated the effects of accidental noise such
as moonlit clouds and oil and gas combustion from them, which is useful for analyzing light in cities
and towns. The night light image has a latitude ranging from 65◦ S to 75◦ N and a longitude ranging
from 180◦ E to 180◦ W, with a spatial resolution of about 1 km and a digital number (DN) ranging
from 0–63. The area where the DN value is 0 is an unlit area. The larger the DN value of the cell in the
image, the larger the light intensity value of the area.

Since OLS sensors mounted on different DMSP satellites do not perform on-board calibration
and mutual correction of image data, the data with a long time series between different sensors in
different years is not continuous and comparable. In order to minimize the inter-annual error caused
by different sensors and environmental factors, it is necessary to preprocess the original night light
data. In this paper, the quadratic regression model proposed by Elvidge et al. [29] is used to conduct
mutual calibration of the NTL image data from 1992 to 2012. The regression model is

DNC = C0 + C1 ×DN + C2 ×DN2 (1)

where C0, C1, C2 are regression coefficients provided in Elvidge et al. [29], DN is the original pixel value
of DMSP-OLS, and DNC is the corrected pixel value. Elvidge et al. determine that F121999 has the
brightest average values, so all other nighttime light image is intercalibrated to match its range. For our
choice of an invariant area for the regression, since both China and India have a wide land area as the
constant target area, we followed the method of Elvidge et al. global-scale regression in using Sicily.

The mutually calibrated images are cropped to the spatial extent of China and India, re-projected
onto an Albert’s equal-area projection, and resampled to 1 km. Since there are two satellites in service in
some years, the stable light data of the same year were averaged as the pixel values of that year. For ease
of study, the cells of DN < 3 were reclassified as 0, and the cells of the DN > 63 after intercalibration
were reclassified to 63. Next, lights were summed for each region and province in China and India,
generating total lights per region and province for every year from 1992 to 2012.

2.3. Methodology

2.3.1. Gini Coefficient

The Gini coefficient is a relative indicator that can generally reflect the degree of difference in the
overall or partial distribution [30]. Its value ranges from 0 to 1, the value below 0.2 means ‘absolute
average’, and above 0.5 means ‘disparity’. This paper uses the Gini coefficient to study the balance
of light at the regional and provincial levels in China and India. An increase of the Gini coefficient
corresponds to an increase in inequality, indicating the spatial imbalance of national development.
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Conversely, a decrease corresponds to an increase in the degree of equality, indicating that the country’s
development is spatially balanced.

2.3.2. Coefficient of Variation

The coefficient of variation is used to measure the difference in regional development at different
scales and described the temporal and spatial dynamics of regional development at different scales in
China and India. This coefficient has been widely used in geospatial difference research [31].

Cv =
1
x

√√ n∑

i=1

(xi − x)2/(n− 1) (2)

where Cv is the coefficient of variation, n is the total number of cells corresponding to a certain scale,
xi is the average DN value of the ith unit, and x is the average of xi.

2.3.3. Hot Spot Analysis

The Getis–Ord Gi* index is mainly used to determine the hot spots and cold spots of geographical
phenomena [32]. This paper uses the Getis–Ord Gi* index to analyze the cold spots and hot spots at
different scales in China and India, revealing the heterogeneity of the spatial pattern of development in
China and India. The formula is

G∗i (d) =
n∑

j=1

Wi jX j −X
n∑

j=1

Wi j/S

√√√
(n

n∑

j=1

Wi j2 − (
n∑

j=1

Wi j)2)/(n− 1) (3)

where Xj is the attribute value of element j; Wij is the space weight matrix; space is adjacent to 1,
space is not adjacent to 0; n is the total number of elements; X is the mean; and S is the standard
deviation. From the obtained P value and Z score, it can be found that the high value or low value
element spatially generates a clustering position. If the P value is significant, the Z score is positive
and the value is large, indicating that the high value clustering of the region is tight. If the Z score
is negative and the value is small, the low values of the region are clustered. The tighter the class,
the more prominent the cold spot. If the Z score is close to zero, there is no obvious spatial clustering.

2.3.4. Urban Expansion Intensity Index

In order to compare the strength of national core city expansion in different research periods,
this paper uses the urban expansion intensity index to represent the spatial distribution of urban
expansion for those periods [33]. The formula is

UEII =

[
[UDNt+i −UDNt] × 100

i

]

SDN
(4)

UEII represents the expansion strength of the urban built-up area in the spatial range between t and
t + i years; UDNt+i and UDNt represent the area of the urban built-up area in t + i and t, respectively;
and SDN represents the spatial extent of the total area inside.

2.3.5. Extraction of Urban Built-Up Areas

Identifying the threshold of light which can represent the urban spatial range is very important for
analyzing urban spatial expansion. Based on the urban spatial boundary extracted from high-resolution
remote sensing image data, Henderson [34] selected core cities, such as San Francisco and Beijing,
to determine the threshold of urban spatial boundary, extracted from night light data, and found that
the overall precision rate of the Beijing urban area reaches 92.80% when DN exceeds 30. Ma et al. [35]
divided the area of human activity into five categories using the division method of a local scale
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quadratic curve, and the area with a DN greater than 32 represented the suburb connected with the
edge of the central city. Therefore, in order to make the urban area extracted by nighttime light data
more realistic, this paper synthetically considers the best experiential segmentation threshold selected
by predecessors, and on this basis, sets a dynamic threshold for each city’s light data in different
years. Then the threshold is constantly changed to match the data of a reference urban built-up area,
and finally, the local optimal threshold is determined for each city in different years. After determining
the area of urban built-up area by the local optimal threshold, the urban expansion of the city in i years
was calculated as the area of urban built-up area in t + i year minus the area of urban built-up area in
t year.

3. Results

3.1. Spatial and Temporal Evolution Characteristics of National Scale Differences

3.1.1. Temporal Evolution Characteristics

As emerging powers, China and India have similar development processes, whose total lights
have a similar evolutionary trend over time. In 1992, total lights in China were slightly higher than
those in India. Under the continuous influence of economic reform and globalization strategies,
India began to inflow a large amount of foreign capital, and its total lights briefly surpassed China’s
for the first time in 1996. In the following years, total lights in India closely followed China. However,
after the accession to the WTO in 2001, China has rapidly integrated with the international community
and the global economy, and the total lights in China changed greatly. As a result, the gap between the
two countries is extending. India was affected by the third India-Pakistan war in 1999, during which
heavy military expenditure seriously hindered India’s economic development, and India’s total lights
gradually decreased from 2000 but began to develop rapidly in 2007 (Figure 2). It is worth noting
that the average annual growth rates of China and India in 1992–2012 were about 5.24% and 3.85%,
respectively, with China’s growth being 1.36-times that of India.

Figure 2. Annual total lights from 1992 to 2012 for China and India after intercalibration.

Descriptive statistics are used to calculate and analyze the changes in various types of light intensity
on a national scale from 1992 to 2012. The DN values are classified according to the classification
rules established by Henderson [34] combined with the light brightness values (Table 1), where DN
= 0 represents “no illumination area”, DN = 4–5 and DN = 6–10 represent “dim area”, DN = 11–20
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and DN = 21–62 represent “bright illumination area”, and DN = 63 represents “light saturation area”.
Studies have shown that from 1992 to 2012, light in China and India both showed a trend of range
extension and brightness increasing across the country. The light percentage of DN = 0 in China
decreased from 92% in 1992 to 82% in 2012, while that in India decreased from 71% in 1992 to 50%
in 2012, which further confirms the extensive diffusion of human beings over the earth since the
early 1990s [36]. In particular, the sum of the proportions of three categories of pixel (DN = 4–5,
DN = 6–10, and DN = 11–20) in India increased from 27 to 47%, along with the percentage of DN
= 0 dropped from 71 to 50%, making the light distribution of India more uniform at low brightness
levels. The categories of pixel values with the largest growth rate in China were DN = 21–62 and
light saturation value. However, because of the dense population in southeastern China and the
sparse population in northwestern China, the percentage of DN = 0 only decreased from 92 to 82%.
As a result, the overall coverage of lights in India was wider than that in China, but the range of high
brightness values in India was lower than in China (Figure 3).

Table 1. Descriptive statistics for lights in China and India

Attribute
India China

1992 2012 1992 2012

DN = 0 (%) 70.82 49.59 91.95 82.31
DN = 4–5 (%) 19.15 26.12 3.89 5.86

DN = 6–10 (%) 5.97 15.91 2.05 6.80
DN = 11–20 (%) 2.50 5.41 1.14 2.24

DN = 21–61a/60b (%) 1.48 2.66 0.94 2.67
DN = 62a/61b (%) 0.08 0.31 0.02 0.12

Sum of all lights (DN) 6819899 13987576 8056700 21246952
a Top-code for intercalibrated composite in 1992. b Top-code for intercalibrated composite in 2012.

Figure 3. (a) Intercalibrated DMSP-OLS 1992 image over China and India. (b) Intercalibrated
DMSP-OLS 2012 image over China and India.

3.1.2. Spatial Evolution Characteristics

In order to reflect the geographical significance of the spatial light variation between China and
India over the past 20 years. we visualize the differences in lights between the first, middle, and final
years of the 1992–2012 time period, the F101992, F152002, and F182012 composites were combined
into a single three-band raster in ArcGIS 10.5. This resulted in the tritemporal map of lights for China
and India. In Figure 4, 1992 values were input into the blue channel, 2002 into the green channel,
and 2012 into the red channel, with the raster displayed using a standard deviation stretch (n = 2.5).
In the result of composite, white indicates a stable area having a relatively constant brightness every

281



Sustainability 2019, 11, 4509

year. Blue–purple represents a degraded area, that is, an area where the brightness is decreasing.
Red represents the areas was brightest in 2012, suggesting recent growth. Green indicates the area
is slow-growing in light, indicating that the lights in this region grew at the beginning of the 21st
century, but that the growth rate was slow. As shown in Figure 4, the most obvious white areas
in China are concentrated in the Beijing-Tianjin-Hebei, Yangtze River Delta, and Pearl River Delta
urban agglomerations. The Yangtze River Delta urban agglomeration, with Shanghai as the core,
is surrounded by red pixels, indicating that the cities near the Yangtze River Delta have grown more
recently. The Beijing-Tianjin-Hebei urban agglomeration with Beijing as the core is surrounded by red
and green pixels, indicating that the cities around Beijing-Tianjin-Hebei began to grow rapidly in the
early 21st century. Although the Pearl River Delta urban agglomeration is one of the fastest growing
regions in the world, it appears to be relatively white, possibly due to the limitations of DMSP-OLS
sensors that cannot detect further light enhancement beyond the saturation level. In addition, the most
obvious red areas in China were Hohhot and Ordos in Inner Mongolia and Urumqi in Xinjiang.
Although located in the arid northwest, these newly growing cities have been able to grow rapidly
because of their rich resources [37]. China’s blue–purple regions, namely recession-type regions,
are concentrated in cities such as Shenyang City in Liaoning Province and Changchun City in Jilin
Province, which belong to the core cities of the old industrial bases in Northeast China, but due to
China’s reform and opening up policy and the southward shift of the economic center, a “Rust Belt”,
similar to that of Detroit in the United States, has appeared in northeast China.

Figure 4. Tritemporal map composite showing F10 1992, F15 2002, and F18 2012 images over China
and India.

The stable development zone of light in India is concentrated in big cities such as New Delhi,
Mumbai, and Bangalore. The developments on both sides of New Delhi show an obvious difference,
and the west side is red–green and the east side is blue–purple, indicating that the towns on the
west side grow faster while the growth of towns on the east side is gradually declining. In addition,
the difference in development between northern and southern India is obvious. The southern areas
are mainly green, while red and purple predominate in northern areas. In the early 21st century,
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the southern area began to develop rapidly while development in the northern area lagged behind.
There are more green areas in Himachal Pradesh and Punjab, due to the influence of the National
Rural Employment Guarantee Act (NREGA) implemented by the Indian government in the early 21st
century to address unemployment and poverty [38]. It is worth noting that India’s newly growing
cities are clustered in cities such as Ragar, in the north of Chhattisgarh and are growing rapidly on
the basis of regional resources, while recession regions are located in cities such as Varanasi in Uttar
Pradesh. Due to the large populations of these cities and the influence of traditional religions, a “Rust
Belt” similar to that of Detroit in the United States has appeared.

3.2. Evolution Analyses of Regional and Provincial Scale Differences

3.2.1. Regional Differential Evolution Analysis

The “World Inequality Report”, written by Thomas Piketty et al. [39], analyzed the global state of
income inequality and highlighted that the degree of inequality was reduced to some extent because
of the rise of China and India. Developing economies, led by China and India, have succeeded in
closing the gap between poorer and more highly developed economies. The analysis of regional
scale shows that the development levels of different regions of China and India shows increase tends
(Figure 5). The northeastern areas in both China and India show different developing trends from other
regions. Northeastern India maintains a flattening growth rate while Northeastern China shows high
overall volatility. Forming an overall evolutionary trend of different regions in China and India, the
development curve is divided into different stages, and it of China is divided into three stages, and India
is divided into four stages. China experienced a period of rapid growth from 1992 to 1996, because
China launched economic reforms under the leadership of Deng Xiaoping in 1992, and its economy
maintained a sustained high growth rate. Between 1997 and 2001, China experienced a slowdown
in development rate affected by the Asian financial turmoil in 1997–1998, though its economy was
not directly affected due to the implementation of more cautious financial policies. The “Western
Development” strategy was implemented to reduce regional inequality in 1999, and the “Rise of Central
China” and “Northeast Revitalization” strategies were proposed in the following years. 2002–2012
was a sustained growth period for the development of China, and China’s accession to the WTO
in 2001 and the acceleration of opening-up have brought China’s economic take-off to the forefront.
China has rapidly integrated with the international community and the global economy and has
gradually become the developing country that attracts the most foreign investment. Due to the impact
of the subprime mortgage crisis in 2008, however, its growth rate declined. China adopted a series of
protective measures to stimulate economic growth and took the lead in obviating the economic crisis,
and in 2010, China became the second largest economy in the world. The development of India from
1992–2012 is divided into four stages: 1992–1996 was a period of rapid growth which witnessed the
substantial positive effects of major economic reforms implemented in 1991 and have put the economy
on a fast track of rapid growth during 1992 to 1996. The period from 1997 to 2004 was a stable stage
because, due to the exchange crisis and the Asian financial turmoil in 1997, economic development did
not improve significantly. The period between 2004 and 2008 was a stage of volatile decline. The impact
of the subprime mortgage crisis in 2008 and the country’s fragile economic base forced the economic
growth rate to decline rapidly. In contrast, 2009–2012 was a period of rapid growth, and India entered
the top 10 economies in the world in 2010.
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Figure 5. Time series of total lights plotted for each region in India and China.

3.2.2. Provincial Differential Evolution Analysis

In order to compare the development of the lights of the provinces (states) of China and India
from 1992 to 2012, the natural logarithm of the lights was used to compare the provinces with large
differences (Figure 6), and the curves in the figure were smoothed to highlight the overall varying
trend. The overall lights in China and India show a growing trend, the difference between them was
the variation rate of light. The change of lights in most provinces in China show a high rate, while the
variation rate in most states in India tends to be flat and lower than that in various provinces in China.
In 1992, the provinces with lower lights in China caught up with those with higher light, and some
provinces in western and northern China, such as Tibet and Qinghai, experienced the fastest rate of
variation in lights. These underdeveloped northwestern provinces have grown faster than developed
regions such as Beijing and Shanghai. What is noteworthy is that Hainan Province, the southernmost
island-province in China, has a slower rate of variation in light compared with that of the northwestern
region of China, but it also shows a rapid growth trend, which can be attributed to slow development
in the past and the recent strong government support for tourism [40]. In addition, western China is
also rich in energy resources, such as oil and gas. At the beginning of the 21st century, the Chinese
government applied energy development as part of the regional development strategy in northwest
China [41]. In India, the fastest light variation rate occurs in the states of the northeast and west
such as Sikkim, Goa, and Dadra-Nagar Haveli, which are growing faster than developed states such
as Chandigarh, Kerala, and Maharashtra. It is worth noting that Himachal Pradesh, a state in the
northwestern part of the Himalayas, has about 90% of its population living in rural areas, and its light
variation rate shows a high growth trend. Its rapid growth of lights may be attributed to many plans
formulated by the Indian government to combat poverty, unemployment, and inequality. A slower
increase rate of light occurred in Uttar Pradesh in northern India, where the ‘Rust Belt’ is located,
and similar with conditions in Jilin and Liaoning provinces in China.
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Figure 6. Time series of total lights plotted for each province in (a) India and (b) China.

3.2.3. Regional and Provincial Difference Measures

In order to analyze the developmental differences between China and India at the regional and
provincial scales, and to explore the differences in evolution law, the Gini coefficient and coefficient of
variation were used. The Gini coefficient is one of the indicators in the United Nations Commission
on Sustainable Development (CSD) sustainable development evaluation index system. The Gini
coefficient of lights is mostly used for comparison at the national level [42,43]. Here we combine the
coefficient of variation to study development status at the regional and provincial levels in China
and India. (1) Regional scale: The coefficient of variation among regions in China is larger than that
in India, but the Gini coefficient of China is smaller than that in India (Figure 7a). The difference
in development among different regions in China shows a slight decreasing trend. Both the Gini
coefficient and the Cv rise at first and then decline. The Gini coefficient increases from 0.29 in 1992
to 0.32 in 1994 and then decreases to 0.24 in 2012. The Cv increases from 0.74 in 1992 to 0.84 in 2006
and then decreases to 0.76 in 2012. The differences between the six regions in India are still relatively
obvious, and the regional development differences generally increase. The Gini coefficient and Cv rise
first and then decline, showing an overall increasing pattern, increasing from 0.28 and 0.44 in 1992
to 0.32 and 0.49 in 2012, respectively, reaching a maximum of 0.37 and 0.62 in 2003. (2) Provincial
scale: The Gini coefficient and coefficient of variation of China are smaller than those of India, and the
regional difference in India is more obvious than that in China. The evolution of differences between
provinces in China shows a decreasing trend on the whole (Figure 7b). The Gini coefficient rises first
and then declines, increasing from 0.44 in 1992 to 0.46 in 1994 and then decreasing to 0.38 in 2012,
while Cv shows a continuous decline, decreasing from 1.71 in 1992 to 1.23 in 2012. The evolutionary
trend of the differences among the state in India is similar to that in China; that is, variations in the Gini
coefficient and in Cv are similar, showing a slow and general decreasing trend. India’s Gini coefficient
increases from 0.64 in 1992 to 0.66 in 1999 and then falls to 0.63 in 2012, while Cv decreases from 2.16 in
1992 to 1.56 in 2012. In summary, the Gini coefficient and coefficient of variation of China and India
differ in the evolution curves at different scales, and the years with the highest value are also different.
The development difference between China and India is more obvious at the provincial scale than at
the regional scale. This indicates that the scales have an important impact on development differences.
Within the same research time series, even if the same indicators and measurement methods are
adopted, the statistical results will greatly depend on the specific scale.
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Figure 7. Gini coefficient and Cv at (a) regional level and at (b) province level in China and India.

3.3. Spatial Pattern Analyses of Multi-Scale Regional Differences

Here, we further analyze spatial correlation characteristics of regional development and spatial
heterogeneity characteristics at different scales and reveal the mechanisms of regional development of
China and India. The Getis–Ord Gi* index is used to analyze at the provincial, prefecture, and county
level scales and to express them as hierarchical symbols. First, on the provincial scale, the pattern
of hot spots in China has changed little, and cold spots have clustered further, while the hot and
cold spots in India are relatively stable (Figure 8a,b). India’s hot spots are always located in Punjab,
Haryana, Himachal Pradesh, and New Delhi in northern India, while its cold spots are concentrated
in the northeastern states of Meghalaya and Assam. The hot spots in China have evolved from
Beijing-Tianjin-Hebei and Jiangsu to Beijing-Tianjin-Hebei, and Zhejiang and Jiangsu. The cold spots
are further concentrated in the northwest and southwest of China. The results at the prefecture
level scale show that China’s hot spots are converging, while its cold spots are shrinking from east
to west (Figure 8c,d). Cold-spot distribution in India is distinct and the number of cold spots in
the north is increasing. In 1992, China’s hot spots were mainly distributed in the core cities of the
Beijing-Tianjin, Dalian, Jinan, Nanjing, Shanghai, and Guangzhou in southern China. In 2012, the hot
spots were further distributed in the Beijing-Tianjin-Hebei, Yangtze River Delta urban agglomerations.
The number of hot spots in the Yangtze River Delta region increased, and the hot spots of Jinan and
Dalian evolved into sub-hot spots, while Zhengzhou City in Henan Province evolved into a new
hot spot. The pattern of cold spot areas in China was relatively stable, mostly distributed in the
central and western parts of the country, and the number of cold spots also gradually decreased from
east to west. In 1992, India’s prefecture-level hot spots were mainly distributed in Chennai in Tamil
Nadu, Pune in Maharashtra, Mumbai, Punjab, and cities near New Delhi. In 2012, hot spots further
expanded on the basis of 1992, especially those near southern Tamil Nadu [44]. The distribution of
cold spots in India was relatively stable, mostly distributed in central and northeastern India, and the
quantitative change shows an increasing trend in the north. The results of the county level Getis–Ord
Gi* values indicate that the spatial patterns and evolutionary characteristics of hot and cold spots are
more detailed (Figure 8e,f). The differences between coastal and inland areas in China have become
increasingly diverse, and hot spots have spread widely in the eastern coastal areas, while the number
of cold spots has increased inland. India’s north–south gap have gradually widened, cold spots have
been concentrated in northern India, and hot spots are widely distributed in the south and near the
capital New Delhi. In 1992, China’s hot spots were distributed in most parts of the Northern China,
Eastern China, and Southern China. In 2012, the hot spots spread further and were widely distributed
in the eastern coastal areas, and some parts of Xinjiang evolved into sub-hot spots. The number of
cold spot areas increased, spreading from southwestern China to parts of southwestern, northwestern,
and northeastern China. The transition zone between cold and hot spots is also more obvious. India’s
hot spots expanded further in areas such as Maharashtra, Kerala, Tamil Nadu, Punjab, and New Delhi,
in which the number of hot spots near the southern state of Tamil Nadu increased most significantly,
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while the number of sub-hot spots was more concentrated in southern India. The cold spot area
gradually shifts from the original north–south distribution to the north of India, and the distribution
pattern change is obvious.

Figure 8. Distribution of Getis–Ord Gi* values in different levels in China and India: (a,b) at the
province level; (c,d) at the prefecture level; (e,f) at the county level.

In general, China’s hot and sub-hot spots at the provincial scale are distributed in the eastern
coastal areas, and the cold spots are concentrated in the inland areas [45]. The hot spots in India are
concentrated in the north and the cold spots in the northeast. At the prefecture-level scale, China’s hot
and sub-hot spots are concentrated in the eastern coastal areas dominated by the Beijing-Tianjin-Hebei,
Yangtze River Delta, and Pearl River Delta urban agglomerations. Cold and sub-cold areas are
concentrated in inland areas and gradually decrease from coastal areas to inland. The north–south
distribution of India’s cold hot spots is obvious, and the hot and sub-hot spots are mostly concentrated
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in the south and near the capital, New Delhi. The number of cold spots in the north is increasing.
At the county level, China’s hot and sub-hot spots are widely distributed in the eastern coastal areas,
and the cold spots are concentrated in the inland areas and are increasing. India’s hot and sub-hot spots
are concentrated in the south and in the capital New Delhi, while the cold spots are more concentrated
in Northern India.

3.4. Comparative Analyses of National Core Cities

Cities are areas with a high population density and have gathered a large number of innovative
resources such as capital, technology, and manpower. Core cities with different functions have important
influences throughout the country in the fields of politics, economy, and science and technology, and
their development level is not only related to the consolidation and promotion of the their own status
but also to the overall economic and social development of the country, as well as the international
competitiveness and status of the country, thus core cities are also the hot areas in geography
research [46]. Urban expansion is a process of spatial outward expansion of cities, especially municipal
districts and built-up areas [47]. This paper selects cities that can represent the country’s international
division of labor, cooperation, and competition from the political, economic, scientific, and technological
fields—such as Beijing-Delhi, Shanghai-Mumbai, and Shenzhen-Bangalore—to compare the spatial
development differences between China and India. Nighttime lights data are used to simulate urban
space expansion and compare urban expansion intensity.

After processing nighttime light data, a time-space expansion map of the core cities of China and
India was obtained (Figure 9). Based on a comparative analysis of the core cities of the two countries in
terms of an expansion mode and expansion intensity (Table 2), it can be found that China’s core cities
are all in the multi-core expansion mode, while India is dominated by the single-core expansion mode.
The expansion model of Beijing and New Delhi are quite different. Beijing has a multi-core expansion
model and developed in a coordinated way with the main city as the core and a multi-sub-core in the
periphery, with the expansion strength, maintained at around 0.20 and at its maximum in 1997–2002,
reaching 0.27. New Delhi has a single-core expansion model. The light area based on the main city
area was gradually expanded, with the expansion strength reached a maximum of 0.45 in 2007–2012,
while the expansion intensity was small in 1997–2007, all below 0.05. The expansion model of Shanghai
and Mumbai are similar to those of Beijing and New Delhi, respectively. Shanghai has a multi-core
expansion model and its expansion intensity has remained at a high level. The expansion intensity
of Shanghai reached 0.75 in 2002–2007, higher than that of the core cities of China and India in the
same period. Mumbai is not only the financial capital of India, but also the world’s largest slum.
From the perspective of the expansion mode of the light, Mumbai has less external expansion, and
the expansion mainly based on the original foundation and the expansion strength is low, with the
maximum expansion intensity being 0.24, which is at the lower level of the expansion intensity of
the two countries. As the national science and technology innovation centers, the expansion modes
of Shenzhen and Bangalore are dominated by the filling mode. Shenzhen centers on internal and
external filling modes and is developing to the east. During 1992–1997, the expansion intensity
reached the maximum value of 0.52. Bangalore was dominated by external filling modes, following
an ‘urban sprawl’ model, whose expansion intensity has remained at a high level and reached 0.58
during 2007–2012, the maximum value in the core cities of China and India during the same period.
In summary, the core cities of China and India have different expansion models. China’s core cities
all have multi-core expansion models, while India is characterized by a single-core expansion model.
During 1997–2007, China’s core urban expansion intensity remained at a relatively high level and was
at a relatively low level in 2007–2012. India, however, had a lower level of expansion intensity in its
core cities in 1997–2007 and had a high level in 2007–2012.
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Figure 9. Changes in the lighting of core cities of China and India.

Table 2. Core cities’ expansion intensity index of China and India in 1992–2012.

City 1992–1997 1997–2002 2002–2007 2007–2012

Beijingp 0.2589 0.2704 0.1929 0.2561
Delhip 0.2365 0.0292 0.0053 0.4465

Shanghaie 0.5494 0.4164 0.7453 0.0882
Mumbaie 0.2433 0.0777 0.0259 0.2489
Shenzhens 0.5159 0.1720 0.2337 0.0816
Bangalores 0.3062 0.2694 0.3468 0.5756

p, e, and s represent the political, economic, and scientific centers of China and India, respectively.

4. Discussion

Nighttime light data can more closely reflect spatial information than traditional statistical data.
Therefore, the use of light data instead of statistical data to analyze the temporal and spatial dynamics
of Chinese and Indian towns is more objective, simple, and has a high inter-annual comparability.
However, DMSP-OLS lighting satellites still have low resolution and supersaturation problems,
which affect the identification of urban growth boundaries and, hence, research accuracy to some
extent. In this study, we combined the empirical thresholds and the local-optimized threshold methods
to detect the core cities’ urban expansion of China and India during 1992–2012. This combined method
not only identified the urban extents from both the large urban areas and small urban patches, but also
effectively prevented some fragments of the suburban areas from being included in the extracted urban
area for small- and medium-sized cities. In order to assess NTL-derived urban areas by this method,
we compared the maps with the extracted urban areas from finer-resolution using The Atlas of Urban
Expansion (TAUE) data which have been widely used to extract urban area in previous studies [48,49].
Because TAUE data has a higher resolution than NTL images (30 m vs. 1 km), it has been extensively
used for assessing NTL-derived urban extents. Compared with the extracted urban areas from TAUE
data, urban areas extracted using corrected NTL data well represented the spatial patterns in the study
area. The average overall accuracy (OA) of urban expansion of Chinese and Indian cities in 2012 was
85.79%, and the average Kappa was 0.61. Our results are promising at the city level (Figure 10).
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Figure 10. Accuracy assessment of extracted urban areas from nighttime light (NTL) data through
comparison with the classified maps of The Atlas of Urban Expansion in 2012.

The urban areas extracted from TAUE data or NTL data still have many uncertainties, the main
reasons for these can be categorized as: (1) the difference between impervious surfaces and NTL-based
urban definitions, and (2) the oversaturation effects and coarser spatial resolution of DMSP-OLS NTL
data, as well as radiation correction problems. In addition, although TAUE data are an urban area
data extracted from Landsat Thematic Mapper (TM) data and proven to be feasible and acceptable,
the available images still contain uncertainties due to weather effects. Meanwhile, data preprocessing
inevitably leads to a loss in image fidelity. Therefore, in the future, DMSP-OLS data can be combined
with a new generation of the Suomi National Polar Partnership-Visible Infrared Imaging Radiometer
Suite (NPP-VIIRS) data [50] with a higher radiation resolution to improve the accuracy of town
simulations. However, since nighttime lighting data from different satellites cannot be directly
compared, research on strengthening data combinations should be explored in future work.

5. Conclusions

As the reform and opening-up policy enters its fourth decade, cities in China and India have
developed rapidly. Based on the spatial study of night light data, it is found that the fastest growing
areas in both countries are concentrated in the core cities: the Beijing-Tianjin-Hebei, Yangtze River Delta,
and Pearl River Delta urban agglomerations in China; and New Delhi, Mumbai, and Bangalore in India.
Cities in the resource-based regions of the two countries have developed rapidly recently, represented
by Hohhot, Inner Mongolia and Urumqi, Xinjiang, in China; and Raigarh, Chhattisgarh in India.

The differences of urban development between China and India are manifested in the spatial
differences in inland and coastal areas. The spatial pattern of regional development in China is mainly
an east–central–west difference, while the spatial pattern of regional development in India is dominated
by the north–south differences. The imbalance at the regional and provincial levels is more prominent
both in China and India, and the developments imbalance among states in India is even more marked.
Imbalanced development is one of the predicaments of SDGs. The Chinese government has made great
achievements in reducing regional inequality. Although India has formulated a series of anti-poverty
measures, the effect is not as significant as China.
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Abstract: The deadly COVID-19 virus has caused a global pandemic health emergency. This COVID-19
has spread its arms to 200 countries globally and the megacities of the world were particularly affected
with a large number of infections and deaths, which is still increasing day by day. On the other hand,
the outbreak of COVID-19 has greatly impacted the global environment to regain its health. This study
takes four megacities (Mumbai, Delhi, Kolkata, and Chennai) of India for a comprehensive assessment
of the dynamicity of environmental quality resulting from the COVID-19 induced lockdown situation.
An environmental quality index was formulated using remotely sensed biophysical parameters like
Particulate Matters PM10 concentration, Land Surface Temperature (LST), Normalized Different
Moisture Index (NDMI), Normalized Difference Vegetation Index (NDVI), and Normalized Difference
Water Index (NDWI). Fuzzy-AHP, which is a Multi-Criteria Decision-Making process, has been
utilized to derive the weight of the indicators and aggregation. The results showing that COVID-19
induced lockdown in the form of restrictions on human and vehicular movements and decreasing
economic activities has improved the overall quality of the environment in the selected Indian cities
for a short time span. Overall, the results indicate that lockdown is not only capable of controlling
COVID-19 spread, but also helpful in minimizing environmental degradation. The findings of
this study can be utilized for assessing and analyzing the impacts of COVID-19 induced lockdown
situation on the overall environmental quality of other megacities of the world.

Keywords: COVID-19 pandemic; spatiotemporal analysis; environmental quality; PM10 concentration;
GIS; remote sensing

1. Introduction

Environmental deterioration has emerged as a rising alarm in urban centres around the globe,
exclusively in developing nations. The unrestrained urban expansion and subsequent industrialization,
along with atypical population-boost, have magnetized environmental degradation as a burning
concern for city planning [1]. After the liberalization in the 1990s, India has been incessantly
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experiencing economic advancement, the rapid growth of the urban centres, uncontrolled infrastructural
improvement, and industrial expansion [2]. According to the Central Pollution Control Board of
India (CPCB), the major five constituents of air pollution are particulate matters (PM), nitrogen oxide,
sulpher dioxide (SO2), carbon monoxide (CO), and ozone (O3) and, among them, the most prevalent
threats for human health are PM10 and PM2.5. Since the ongoing decade, Indian metro cities have
placed within the top 20 utmost polluted cities in the world exceeding the standard of specified air
quality index (AQI) by the CPCB India and the World Health Organization (WHO) [3,4]. During 2015,
in India, nearly one million lives were lost due to the high concentration of ambient PM [5].

Simultaneously, the environmental degradation vulnerability in the four megacities of India
(Delhi, Kolkata, Mumbai, and Chennai) has increased, causing human health-related problems.
According to the report (2016) of the World Health Organization (WHO) on the environmental
performance index, Delhi is one of the most polluted cities of the world [6]. The revised environmental
monitoring databases (from the year 2011 to 2016) among the largest megacities of 100 countries have
listed Delhi on high rank in terms of PM10 concentration [7]. A typical death due to the heat wave in
Delhi reveals the importance of Land Surface Temperature (LST) as articulated by Mohan and Kandya [8].
The concentration of PM10 in the city of Kolkata has exceeded the National Ambient Air Quality
Standards (NAAQS) [9]. Changing patterns of the thermal environment, along with uncontrolled
urbanization, are transforming vegetative lands into dry environments [10]. The satellite-based
estimation of LST reveals a warming trend, i.e., average LST values range from 27.36 ◦C to 30.025 ◦C
(from the year 1989–2006) and in 2010, it was 33.023 ◦C. Besides this, urban expansion has also reflected
the impression on the alterations of other biophysical factors [10]. A similar trend in the ecological
setup of the cities of Mumbai and Chennai can be found in studies of Kumar et al. (2016), Sundaram
(2011), Partheeban et al. (2020), and Sathyakumar et al. (2020) [11–14].

Updated temporal and spatial information regarding environmental quality in the megacities of India
could be the prerequisite to formulate new strategies to endorse further development. Urban Environmental
Quality (UEQ) assessment depends on multidimensional aspects (spatial, physical, social, and economic
traits of the city milieu) of the environment, which makes it more complex; this complex nature
demands a comprehensive understanding of the environmental degradation process and its driving
forces [15]. In this regard, one concerning issue is to determine the effective indicators of UEQ which
may not only facilitate better mapping than can assist in city planning and sustainable growth as
proficient management techniques. The remote-sensing-data-based Urban Environmental Quality
(UEQ) assessment mainly provides information about land surface temperature, atmospheric elements
such as air moisture and suspended particulate matters, vegetation status and biomass quantity,
land use/land cover, and water [15]. Vegetation in the urban areas is a key variable to determine
UEQ in several ways, i.e., freshening air through consuming CO2, filtering sunlight and water,
sieving pollutants, cooling heat influx, modifying local climatic setting, providing protection to animals
and amusement field to society [16–20]. Land surface temperature (LST) is another foremost indicator
of urban climate—controlling directly the comfortability and healthiness of urban environment, which
is connected to the concept of urban heat island [15,21–23]. Various studies have regarded LST as an
aspect of UEQ [24,25]. An exceeded standard amount of suspended particulate matters (PM10 and
PM2.5) in the air is a high threat for public respiratory systems produced from industries, vehicles, dust,
and residential energy [5,26]. Keeping in mind the importance of all these parameters for assessing
Urban Environmental Quality Index (UEQI), this study considered five main elements which are
mentioned in the literature, namely, PM10 concentration, LST, NDVI, NDWI and NDMI. Although
NDVI, NDWI, and NDMI are more or less stable in nature, aside from the undisturbed condition
of the natural environment due to imposition of the lockdown phenomenon, these parameters may
also change slightly, and, above all, these parameters are very important for assessing environmental
quality [15,16,24,25].

COVID-19 is an extremely transmittable virus and was firstly originated in the Wuhan city
of Central China during December 2019. Further, there have been outbreaks all over the world,
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especially in various nations of Asia, Europe, and the United States of America. Up to 9 May 2020,
globally 3,822,382 COVID-19 positive cases have been confirmed and 263,658 people have died
according to WHO. In India, to date, 59,881 people have been infected and 1990 deaths by COVID-19
have been recorded (https://www.covid19india.org/). To break the infection chain in India, a nationwide
lockdown was enforced from 24 March 2020 till 14 April 2020, and later it was extended a 2nd time
till 17 May 2020. This lockdown was also imposed on all industrial sectors (excluding emergency
service sectors) and on the mass transportation systems. Hence, the consequence of the biophysical
environment has shown a drastic change. Sharma et al. (2020) reported that pollution status has been
radically reduced across the 88 cities in India due to lockdown upshot as per the data provided by
CPCB [27]. Following this, Mahato et al. (2020) suggested that short-term lockdown can be assumed
to be an operative substitute scheme to be executed to control air pollution to preserve standard
environmental quality [1].

Although some research has been done on the effect of the COVID-19 pandemic on ecology in
various cities of India, very little or no studies could be found regarding the impact of the COVID-19
induced lockdown situation on the overall bio-physical Environmental Quality (EQ) of Indian cities.
Researches have shown a more specific interest in air quality index (AQI) assessment based on
station-wise monitored secondary nonspatial data. The present research is an effort to trace the effect
of the COVID-19 pandemic on the alteration of the physical environment using satellite-image-derived
PM10 concentration, LST, NDVI, NDWI, and NDMI of the pre-lockdown period and during the
lockdown period in four main big cities of India.

2. Study Area: Four Megacities of India

Four big cities of India, i.e., Mumbai, Delhi, Kolkata, and Chennai, were considered for assessing
the impact of the COVID-19 induced lockdown situation on environmental quality. These four cities
are strategically located in four different parts of India, playing a big role in the Indian economy
(Figure 1). National Capital Territory (NCT) Delhi is the biggest Urban Agglomeration (UA) of India
and the second most populated megacity of the world, with a population of 30.29 million [1] and
with a population density of 11,297 people/sq. km. On the other hand, Mumbai is the ninth most
populous megacity of the world, with a total population of 20.41 million. Mumbai is also ranked as
one of the most polluted urban areas, having a 2.33 million vehicle count [11]. Kolkata has a total
population of 14.85 million, which makes it the 16th largest megacity of the world, located in the eastern
part of India. Chennai obtained the position of 30th most populated megacity of the world, with a
population of 10.97 million. Due to intense emissions from vehicles, garbage, and biomass scorching,
building construction, and natural space annihilation, the cities’ ecological setups are under severe
threat, and the environmental condition is gradually deteriorating for all four big cities, which are
currently under investigation [8,28,29]. This increasing threat to the natural environment warrants an
urgent assessment of the environmental quality during this dark time of the COVID-19 epidemic.
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Figure 1. Location of the study areas.

3. Materials

Satellite Data

This research was performed using the satellite imageries which were downloaded from https:
//landsat.usgs.gov/ (Table 1). Landsat 8 OLI (Operational Land Imager) and TIRS (Thermal Infrared
Sensor) images covering the selected megacities for both pre-lockdown and during the lockdown period
were collected for further exploration. Landsat 8 satellites with two sensors, i.e., OLI (Operational Land
Imager) and TIRS (Thermal Infrared Sensor), are comprised of nine spectral and two thermal bands.
Spectral bands have a spatial resolution of 30 m, except the band 8 (panchromatic band of 15 m spatial
resolution) and TIRS bands are attained at 100 m spatial resolution, though resampled into 30 m for
the end user (Table 2).

298



Su
st

ai
na

bi
lit

y
20

20
,1

2,
54

64

Ta
bl

e
1.

C
or

re
sp

on
di

ng
da

te
s,

im
ag

e
ID

,a
nd

ot
he

r
pr

op
er

ti
es

of
sa

te
lli

te
im

ag
es

fo
r

ea
ch

of
th

e
m

eg
ac

it
ie

s.

St
ud

y
A

re
a

D
at

e
Se

ns
or

Im
ag

e
ID

%
of

C
lo

ud
R

em
ar

ks

M
um

ba
i

Sa
m

e
ti

m
e

of
pr

e-
lo

ck
do

w
n,

20
19

10
\0

4\
20

19

LA
N

D
SA

T
8

O
LI

LC
08

_L
1T

P_
14

80
47

_2
01

90
41

0_
20

19
04

22
_0

1_
T1

0.
72

N
o

cl
ou

d
co

ve
r

on
th

e
st

ud
y

ar
ea

Pr
e-

lo
ck

do
w

n,
20

20
11
\0

3\
20

20
LC

08
_L

1T
P_

14
80

47
_2

02
00

31
1_

20
20

03
25

_0
1_

T1
5.

77
7.

29
%

on
la

nd
bu

tv
er

y
le

ss
on

th
e

st
ud

y
ar

ea
D

ur
in

g
lo

ck
do

w
n,

20
20

12
\0

4\
20

20
LC

08
_L

1T
P_

14
80

47
_2

02
00

41
2_

20
20

04
22

_0
1_

T1
1.

62
N

o
cl

ou
d

co
ve

r
on

th
e

st
ud

y
ar

ea

D
el

hi
Sa

m
e

ti
m

e
of

pr
e-

lo
ck

do
w

n,
20

19
28
\0

4\
20

19
LC

08
_L

1T
P_

14
60

40
_2

01
90

42
8_

20
19

05
08

_0
1_

T1
0

N
o

cl
ou

d
co

ve
r

on
th

e
st

ud
y

ar
ea

Pr
e-

lo
ck

do
w

n,
20

20
13
\0

3\
20

20
LC

08
_L

1T
P_

14
60

40
_2

02
00

31
3_

20
20

03
25

_0
1_

T1
34

.4
N

o
cl

ou
d

co
ve

r
on

th
e

st
ud

y
ar

ea
D

ur
in

g
lo

ck
do

w
n,

20
20

29
\0

3\
20

20
LC

08
_L

1T
P_

14
60

40
_2

02
00

32
9_

20
20

04
09

_0
1_

T1
0.

03
N

o
cl

ou
d

co
ve

r
on

th
e

st
ud

y
ar

ea

K
ol

ka
ta

Sa
m

e
ti

m
e

of
pr

e-
lo

ck
do

w
n,

20
19

20
\0

4\
20

19
LC

08
_L

1T
P_

13
80

44
_2

01
90

42
0_

20
19

05
07

_0
1_

T1
18

.6
4

N
o

cl
ou

d
co

ve
r

on
th

e
st

ud
y

ar
ea

Pr
e-

lo
ck

do
w

n,
20

20
21
\0

3\
20

20
LC

08
_L

1T
P_

13
80

44
_2

02
00

32
1_

20
20

03
26

_0
1_

T1
32

.5
7

N
o

cl
ou

d
co

ve
r

on
th

e
st

ud
y

ar
ea

D
ur

in
g

lo
ck

do
w

n,
20

20
06
\0

4\
20

20
LC

08
_L

1T
P_

13
80

44
_2

02
00

40
6_

20
20

04
10

_0
1_

T1
0.

58
N

o
cl

ou
d

co
ve

r
on

th
e

st
ud

y
ar

ea

C
he

nn
ai

Sa
m

e
ti

m
e

of
pr

e-
lo

ck
do

w
n,

20
19

31
\0

3\
20

19
LC

08
_L

1T
P_

14
20

51
_2

01
90

33
1_

20
19

04
04

_0
1_

T1
2.

46
N

o
cl

ou
d

co
ve

r
on

th
e

st
ud

y
ar

ea
Pr

e-
lo

ck
do

w
n,

20
20

17
\0

3\
20

20
LC

08
_L

1T
P_

14
20

51
_2

02
00

31
7_

20
20

03
26

_0
1_

T1
3.

54
N

o
cl

ou
d

co
ve

r
on

th
e

st
ud

y
ar

ea
D

ur
in

g
lo

ck
do

w
n,

20
20

02
\0

4\
20

20
LC

08
_L

1T
P_

14
20

51
_2

02
00

40
2_

20
20

04
10

_0
1_

T1
0.

28
N

o
cl

ou
d

co
ve

r
on

th
e

st
ud

y
ar

ea

299



Sustainability 2020, 12, 5464

Table 2. Band details of the satellite imagery used in this study.

Band Description

Band Spectral Resolution (µm) Spatial Resolution (m)

Band 1-Coastal/Aerosol 0.433 to 0.453 30
Band 2-Visible blue (BLUE) 0.450 to 0.515 30

Band 3-Visible green (GREEN) 0.525 to 0.600 30
Band 4-Visible red (RED) 0.630 to 0.680 30

Band 5-Near-infrared (NIR) 0.845 to 0.885 30
Band 6-Short wavelength

infrared1 (SWIR1) 1.56 to 1.66 30

Band 7-Short wavelength
infrared2 (SWIR2) 2.10 to 2.30 30

Band 8-Panchromatic 0.50 to 0.68 15
Band 9-Cirrus 1.36 to 1.39 30

Band 10-Thermal Infrared (TIRS) 1 10.3 to 11.3 100 * (30)
Band 11-Thermal Infrared (TIRS) 2 11.5 to 12.5 100 * (30)

* represents the original spatial resolution of the bands 10 and 11 of TIRS 1 and 2.

4. Methodology

The present research was completed using the steps mentioned in Figure 2.
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4.1. PM10 Concentration

The concentration of PM10 is an important element for air quality, but these important air quality
parameter data are not available sufficiently for Indian cities. Lesser number of observation points are
available which can be used for interpolation to get a spatial variation of PM10 concentration with
a smaller spatial unit. This problem of PM10 concentration assessment can be minimized through
the integration of satellite-derived images and ground observation data. The entire process of PM10

concentration extraction is discussed below.

4.1.1. Conversion from DN Value to Top of the Atmosphere (TOA) Reflectance

The digital number (DN) value of a satellite band is the converted representation of actual
reflectance from the surface. This converted reflectance value should be transformed into actual
reflectance value for measuring the actual amount of reflectance from the land surface. The DN value
for band 1 to 4 of Landsat 8 is converted into Top of Atmosphere value using Equation (1).

pλ′ = Mρ Qcal + Aρ (1)

where

300



Sustainability 2020, 12, 5464

pλ′ = Top of Atmosphere planetary reflectance, without solar angle correction,
Mρ = Multiplicative rescaling factor for a specific band (REFLECTANCE_MULT_BAND_x, where

x indicates band number),
Aρ = Additive rescaling factor for a specific band (REFLECTANCE_ADD_BAND_x, where x

indicates band number),
Qcal = Converted pixel values (DN value).

4.1.2. Sun Angle Correction

TOA reflectance is a solar angle uncorrected product which may have some deviated value due to
changes in solar angle; that is why solar angle correction is important. This solar angle correction of
TOA data is performed using Equation (2).

pλ =
pλ′

cos(ΘSZ)
=

pλ′

sin(ΘSE)
(2)

ρλ = Solar angle corrected Top of Atmosphere planetary reflectance.
pλ′ = Without solar angle corrected Top of Atmosphere planetary reflectance.
ΘSE = Sun elevation angle (Local) (SUN_ELEVATION data found in the metadata section).
ΘSZ = Solar zenith angle (Local); [ΘSZ = 90◦ − ΘSE].
More accurate reflection calculation depends on per-pixel solar angle data, which are not correctly

available with Landsat 8 image metadata, which is substantiated with the scene centre solar angle
value [30].

4.1.3. Regression Analysis and PM10 Concentration Calculation

Correlation among ground-measured PM10 concentration and difference between TOA reflectance
and sun angle corrected TOA reflection represents the amount of PM10 concentration for a pixel.
Least-root-mean-square error (RMSE) value and higher R2 value among all possible combinations of
the band between band 1 to band 4 of Landsat 8 satellite image were selected to obtain multiplicative
and additive coefficient value, which is used to calculate actual PM10 concentration value for each
pixel with the help of sparsely distributed PM10 concentration observation points located within the
studied four megacity areas.

4.2. LST Retrieval

The steps to extract the LST from the thermal band of the satellite images are as follows:

4.2.1. Digital Number to Spectral Radiance Conversion

Following the law of electromagnetic radiation of the objects (each object radiates Electromagnetic
Radiation (EMR), as each has temperature more than absolute zero (K)), at-sensor radiance can be
achieved through the conversion of recognized signals by the Thermal Infrared Sensor (TIRS) and
Enhanced Thematic Mapper (ETM+). Spectral radiance (Lλ) was computed by the formula given
below [31]:

Lλ = “gain” ∗QCAL + “offset” (3)

where gain = radiance slope/DN transformation function; DN signifies digital number of a specific
pixel; bias is the radiance intercept/DN transformation function. It may also express as:

Lλ = LMINλ+ [(LMAXλ− LMINλ)/(QCALMAX −QCALMIN) ∗QCAL] (4)

where QCAL = DN of pixels; QCALMAX = 255; QCALMIN = 0; LMINλ = spectral radiance for thermal
band at DN = 0, and LMAXλ = spectral radiance for thermal band at DN = 255. Replacement of the
corresponding values in Equation (3) provides a simpler Equation (4):
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Lλ = (0.037059×DN) + 3.2 (5)

4.2.2. Spectral Radiance to At-Satellite Brightness Temperatures

Based on the category of land cover, rectifications for emissivity (e) were done for the radiant
temperatures. Generally, vegetation areas have assigned with 0.95 and non-vegetation areas have
assigned with a value of 0.92, following Nichol [32]. Emissivity-corrected LST was figured ensuing
Artis and Carnahan [33].

TB =
K2

ln
( k1

Lλ
+ 1

) (6)

where Lλ is Spectral Radiance in W·m−2·sr−1·µm−1 and K1 and K2 are two constants of two
pre-launch calibrations.

4.2.3. LST Estimation

The values of temperature attained from the above computations are denoted to a black body.
Hence, it requires rectification of spectral emissivity (ε). It can be performed rendering to the type of
land cover or by accomplishing corresponding emissivity values from the NDVI values for respective
pixels [34]. The method of emissivity-rectified LST formulation can be stated as the equation below [33]:

LST = TB/[1 +
{
(λ× TB/ρ) × lnε

}
] (7)

Here, LST = Land Surface Temperature in Kelvin, TB = At-sensor brightness temperature,
λ = TOA reflectance, Inε = Emissivity.

Land surface emissivity (ε) = 0.004× Pv + 0.986 (8)

where Pv is the proportion of vegetation which can be set up as:

Pv =

( NDVIjr −NDVImin

NDVImax −NDVImin

)2

(9)

4.2.4. Kelvin to Degree Celsius Conversion

To simplify the conception, the measuring unit of these derived LSTs was transformed from a
Kelvin scale to degree Celsius scale, applying the formula 0 ◦C equal to 273.15 K.

4.3. Biophysical Indices Extraction

To assess the instant changes of Environmental Quality Index (EQI) in the present framework
of research, the three most relevant biophysical parameters have been included, such as Normalised
Difference Moisture Index (NDMI), Normalised Difference Vegetation Index (NDVI) and Normalised
Difference Water Index (NDWI) [15]. NDWI designates the vegetation water content and the status of
vegetation can appositely represent by combining it with NDVI [35]. This indicator is the combination
of reflectance of green plants, dry and plant absent areas, and soil parts through two near-infrared
(NIR) bands [36]. It is computed using Equation (10).

NDWI = (NIR− SWIR)/(NIR + SWIR) (10)

where index values near to the 1 signify water bodies, to −1 signify dry land and close to 0 denotes
moderately humid lands [37].
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NDVI is the most widely considered variable to extract vegetation information, i.e., health status
and spatial distribution, etc., in a region that was derived following Equation (11) [38].

NDVI = (NIR−RED)/(NIR + RED) (11)

where NIR and RED are the near-infrared band and red band respectively. The value ranges from +1
to −1, signifying vegetated zone to bare lands, and value near to 0 epitomizes grasslands [39].

NDMI was used to estimate the humidity contents of various landscape features such as soils,
rocks, and plants. Eco-environmental exposure could be estimated using NDMI [39]. This was
computed following Jin and Sader [40].

NDMI = (NIR− IR)/(NIR + IR) (12)

where IR is the infrared. A high amount of humidity designated by NDMI values > 0.1 and values
near to −1 signifies a low humidity level.

4.4. Fuzzy Inference System (FIS)

FIS is a proficient methodical approach to draw inferences using a set of input variables [41].
Fuzzy logic has great acceptance as a multi-criterion-based decision-making process has been adopted
in various fields [42,43]. A precise result can be obtained using this method, because it assigns different
membership grades for definite pixels and maximizes the membership degrees to attain destiny [43,44].

The fuzzy Mamdani system involves human’s empirical knowledge to make an inference according
to the input variable [45]. This approach is operated through fuzzification of the input variable layers,
rule assessment, fuzzy end inference, and defuzzification [46,47]. To achieve the goal, FIS need the
following setup:

Fuzzy Model Setup

The framework of this model for this research was built upon the following two heads:

(a) Fuzzy membership function was applied to five Environmental Quality Variables (EQV)
considering their influence on urban environment.

(b) Positioning Control Point (CP) in order to find out the most influential range of the five EQVs to
produce Environmental Quality Index (EQI).

Membership function to each EQV was dispensed to produce a normalized fuzzy layer of each
raw variable, and CP for each was also specified according to the distributional characteristics of them.
This two-phase operation ensured the conversion of each EQV layer into a 0–1 value range of pixels
to make the data unidimensional, which is the most acceptable approach to overlay different layers
with dissimilar units [41]. Fuzzy membership with monotonically decreasing function allotted to those
EQVs which influence level gradually decreases following sigmoidal curve from CP ‘a’ to ‘b’ or CP ‘c’
to ‘d’ concerning Environmental Quality Index (EQI) determination (Table 3). Whereas, monotonically
increasing membership function signifies the vice versa aiming the same goal (Table 3). Membership
function and shape of EQVs and corresponding CP has been enlisted in Table 3.

µ =
1{

1 +
( x−c1

c2−c1

)2
} (13)

where µ is the standardized score of an EQV, x signifies raw score, and c1 and c2 are base and end value
of control point, respectively. To optimize the decision space, c1 and c2 were used.

303



Sustainability 2020, 12, 5464

µd(xn) = exp
(
(xn − vn)

2/2S2
n

)
(14)

Table 3. Control point, fuzzy membership function and shape determination for fuzzy transformation
of the Environmental Quality Value (EQVs).

EQFs
Control Points

Fuzzy Membership Function Fuzzy Membership Shape
a b c d

PM10 concentration 1 281 Monotonically increasing Sigmoidal
LST 7 50 Monotonically increasing Sigmoidal

NDVI −0.13 0.65 Monotonically Decreasing Sigmoidal
NDWI −0.57 0.56 Monotonically Decreasing Sigmoidal
NDMI −0.65 0.55 Monotonically Decreasing Sigmoidal

Equation (14) is used to set fuzzy rules, i.e., for a fuzzy set, resultant of all the inputs of S rules,
fuzzy set µe(S), where s fit in ‘S’ with different decisions of agent X, which can be inscribed as the
equation below:

µE(X) = ⊕s
1µe(s) (15)

In the present research, monotonically increasing fuzzy membership function with sigmoid
pattern distribution curve was assigned for the parameters PM10 concentration in the air and land
surface temperature as the degradation risk of EQI increases with the increasing value of these two
parameters within the specified CP range (Table 3). Similarly, for the NDVI, NDWI, and NDMI,
the fuzzy membership shape was assigned following the same, but membership function type was
followed as monotonically decreasing which means that, as the value of these indices increases,
the probability of environmental degradation decreases.

4.5. Fuzzy-Analytical Hierarchical Process (AHP)

For modeling, computation of the weights of each parameter is essential to produce the goal.
AHP, in this regard, is an efficient method to obtain weights of the inducing parameters to make
decisions in complex problems [48]. The method involves making a comparison among the input
parameters based on their relative importance to target decision through forming a pairwise comparison
matrix [48,49], which enable to compute the parameter weights [47,50]. The stepwise process of the
AHP method includes a breakdown of the complex structure of the problem into different alternatives
and criteria, i.e., EQVs in here, assignment of preference values to the alternatives or criteria according
to the scale of importance considering their association with the goal, i.e., EQI in this research [48,51],
and computation of the weights following Satty [48]. The corresponding parameter weights are
computed by dividing the cell values by values of the column sum of the pairwise comparison matrix.
The importance scale for the parameter in respect of EQI was determined and assigned following the
earlier studies, the appearance of the study area, and experts’ opinions involved in this field [52,53].
Further progression was enabled through calibration of the pairwise comparison matrix and validated
by the rule of Consistency Ratio (CR), which reflects the trustworthiness and applicability of the
analysis performed. A value of <0.1 of CR suggests the reliability of the analysis. The pairwise
comparison matrix, consistency ratio, and relative weights of the parameters in the present analysis are
enlisted in Table 4. Pairwise comparison matrix and CR can be expressed using the equations below.

A =

a11 a12 a13 a1n
a21 a22 a23 a2n

.... .... ai j ........
an1 an2 an3 ann

(16)
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where

aij =
Wi
Wj

=
weight for attribute i
weight for attribute j

(17)

Table 4. Pairwise comparison matrix for considered EQVs to derive relative weight using the
Fuzzy-Analytical Hierarchical Process (AHP) method.

PM10 LST NDVI NDWI NDMI

PM10 1
LST 0.33 1

NDVI 0.20 0.20 1
NDWI 0.14 0.14 0.33 1
NDMI 0.11 0.11 0.20 0.33 1

Consistency Ratio is 0.07

The computation of CR can be expressed as

CR = CI/RI (18)

where CI and RI are the consistency index and random index, respectively, and CI can be expressed as
the equation below:

CI = λMax− n/n− 1 (19)

where λMax = largest eigenvalue, and n = order of the matrix.
In this research, fuzzy-AHP was the process of a fuzzy behavioural structure where the

fuzzy-transformed layer of the EQVs was weighted (Table 5) by the AHP method with respect
to their influence to estimate dynamics status of environmental quality status in three different phases.

Table 5. Relative weight for each EQV generated through the AHP method for using in the weighted
linear combination overlay method to generate the final vulnerable area map.

EQVs Weightage

PM10 concentration 0.492
Land Surface Temperature 0.3136

NDVI 0.1093
NDWI 0.0553
NDMI 0.0298

4.6. EQI Generation

After assigning the weights to the fuzzy-converted layers of EQVs, to produce the EQI maps
of four megacities of India, the layers were integrated using the Linear Combination (LCM) overlay
technique as each parameter was unidirectional and unit-less. The LCM was performed following
Equation (20).

LCM =
1
n
×

n∑

i=1

Di ×wi (20)

where n is the number of parameters considered, wi is the weight of i parameter, and D is the
decisive EQV.

5. Results

5.1. Changing Patterns of PM10 Concentration

PM10 concentration is one of the determinants of air quality as well as environmental quality.
Mainly, industrial activities, motor vehicles, and construction works are the sources of PM10

concentration in the air which may destroy human comforts and creates lots of respiratory diseases.
This is not only the direct human problem, but it also harms environmental conditions indirectly in the
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form of increasing air and land surface temperature. The lockdown situation has successfully restricted
the spread of the COVID-19 virus in the study areas. These restrictions play a positive role in recovering
the past situation of PM10 concentration by reducing PM10 supply into the atmosphere. Figure 3
indicates a clear declination of PM10 concentration from 2019—the same month for which lockdown
data are collected to 2020 lockdown, representing the same period, although the pre-lockdown phase
shows an increasing amount of PM10 concentration compared to 2019, which is a natural trend of
increasing this air quality parameter. This situation is applicable for Mumbai and Chennai, whereas a
different situation is observed for Delhi and Kolkata. The PM10 concentration map of Delhi shows
that the pre-lockdown phase indicated a decreased amount of PM10 concentration, but lockdown
time indicated a higher decrease in PM10 concentration than in 2019 and the pre-lockdown situation.
This different result has taken place as a result of the early shutdown of the industrial sector and
restriction on human movement before imposing lockdown in India. Kolkata is showing an exceptional
pattern of PM10 concentration compared to the rest of the study sites, because the pre-lockdown phase
showing minimum PM10 concentration than 2019 and lockdown phase, although the lockdown phase
representing lower PM10 concentration than 2019 same month. This is maybe the same reason as in
Delhi, which is discussed earlier.Sustainability 2020, 12, x FOR PEER REVIEW 12 of 25 
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5.2. Changing Patterns of LST

LST is also an important parameter for environmental health, which depends on a large number
of atmospheric and physical factors. The month of the study, cloudy condition, Land Use/Land
Cover (LULC) patterns, and many more factors govern the patterns of LST for an area. To avoid the
problems of different seasons and months, a similar month satellite image was collected with less
than 10% cloud coverage. On the other hand, LULC pattern has become constant from pre-lockdown
to lockdown time, although LULC patterns from 2019 to 2020 lockdown time have changed as a
natural process. For this reason, LULC is not considered for assessing environmental quality.

Land Surface Temperature indicates an increasing trend over time due to LULC change and other
global phenomena. LST maps indicate that 2019 and lockdown time is higher than pre-lockdown,
which is a natural phenomenon due to the changes in study months; 2019 and lockdown time data
were collected for the last week of March and the first two weeks of April, which generally represents
higher temperature months than pre-lockdown data collected during the period of February last week
to March second week. Here in India, February and March represent the transition period between the
winter and summer season, whereas March last to April represents the summer season, which indicates
a general trend of temperature increase. Mumbai, Delhi, and Kolkata are showing a higher temperature
of 48 ◦C to 50 ◦C for 2019, pre-lockdown, and lockdown time, whereas Chennai is showing a lower
high temperature of 42 ◦C (Figure 4). On the other hand, both of these four study areas are showing a
similar trend of LST patterns; same time of lockdown in 2019 and lockdown time showing a higher
temperature than pre-lockdown time.
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5.3. Changing Patterns of Biophysical Indices

Bio-physical indices are calculated from remotely sensed satellite images to quantify the changing
nature of some environmental parameters which may determine the quality of the environment for
an area. Previous studies have used various bio-physical indices to assess the nature of environmental
conditions and their changing nature such as NDVI, NDWI, NDBI, and NDMI. For this study,
three biophysical indices were calculated from satellite images for each phase for all the study areas to
assess the changing patterns of bio-physical environmental quality for the study time. Normalized
Difference Vegetation Index (NDVI) represents the greenness of an area and positive greenness
indicates a healthy environmental condition. The greenness of the study areas has increased from
2019 and pre-lockdown condition to lockdown condition due to the restriction of human movement
and undisturbed condition of the existing natural vegetation. On the other hand, the emergence of
newly vegetated areas in previously open spaces results in a high level of greenness during this time.
This situation is also applicable to all megacities, which is a positive indication from the perspective of
positive environmental health. Normalized Difference Water Index (NDWI) is also a positive indication
of environmental health. Patterns of NDWI in the study areas are ranging between −0.55 and 0.32
for Mumbai, −0.55 and 0.54 in Delhi, −0.56 and 0.31 in Kolkata and −0.53 and 0.32 in Chennai, all of
these ranges indicating that amounts of wetness in the study areas are not so high for any time period of
this study (Figure 5). The presence of the water body or volume of wetness is important for maintaining
a healthy environment. The overall analysis found that, for Mumbai, Delhi, and Chennai, NDWI value
has increased during pre-lockdown time than in 2019 and lockdown time, but exceptionally Kolkata is
showing a different condition with higher NDWI value during lockdown time (Figure 6).
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Normalized Difference Moisture Index (NDMI) represents the amount of moisture content in
the surface, which also determines the environmental condition of an area. Less human intervention
results in an increase in NDMI value as human intervention alters the nature of moisture availability.
NDMI index values for the study areas are indicating that NDMI value has increased during lockdown
time than in 2019 and pre-lockdown time for Mumbai, Kolkata, and Chennai, where Delhi has to gain
more moisture condition in pre-lockdown time than in 2019 and lockdown time (Figure 7). This may
be due to the atmospheric condition of the Delhi area during the internment of satellite data.
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5.4. Impact of COVID-19 Lockdown on Environmental Quality

Published articles on COVID-19 impact the environment, indicating that different environmental
parameters, especially air quality parameters, have changed positively due to the lockdown situation
in the whole world. India is not an exception, because India also started lockdown from 24 March 2020
for the whole country. A positive effect on air quality and some aspects of the physical environment
is already notified by some researchers, but none of the studies assessed overall environmental
quality for any part of the country. Indian megacities are the worst COVID-19 affected areas that
were strictly following the lockdown conditions from the beginning, which resulted in the improved
environmental quality of the studied megacities. It is found from this study that environmental quality
has improved from the same month of 2019 to the same lockdown month. The general trend of
environmental quality of the studied cities is degraded from its previous years due to the increase of
human intervention [10]. According to this trend, the lockdown time of 2020 should have a higher
environmental degradation than the same month of 2019, but this study shows that environmental
quality has improved in 2020 compared with the same month of 2019, which has shown a positive
indication from the perspective of environmental quality. This positive indication is a hope of light in
the darkness of the COVID-19 situation. Figure 8 indicates that environmental quality has improved
from 2019 to 2020 for Mumbai, Delhi, and Chennai, although pre-lockdown time shows a better
environmental quality for all three study areas except Chennai, due to the change in the month, which
represents low-temperature months compared with lockdown month. This stated result is also visible
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from Figure 9, which shows the changing patterns of physical environmental quality in five classes,
divided using Jenkin’s Natural Break classification system with similar class range values to make
it comparable between time and study sites. Areal change of different environmental quality index
classes show that very low degraded environmental quality area is increased from 10.22% in 2019
to 38.45% in 2020 for Mumbai with the same month data for both years. This fact is also true for
the other three study sites of Delhi, and Chennai with a changing value from 2019 to 2020, as 1.50%
to 71.03% and 58.38% to 59.95%, respectively (Table 6). On the other hand, Kolkata is indicating
an increasing low environmental degraded area from 52.16% in 2019 to 35.75% in lockdown time
(Figure 10). Similarly, low environmental degradation areas have also increased in the lockdown
period (percentage) in Mumbai, Delhi, Kolkata, and Chennai, respectively, from 2019 to 2020 (Table 6).
The very high environmental quality degradation area has decreased for three studied megacities,
except for Kolkata, which is also the same for high environmental quality degradation areas for three
megacities, except for Chennai and Kolkata. The overall environmental quality degradation index has
improved from 2019 to lockdown time, which is a positive indication for the whole world in the era of
urbanization and environmental change.

Table 6. Pattern of environmental quality degradation in four megacities of India.

Study Area Date Very Low Low Medium High Very High

Mumbai
2019 10.22759 19.97495 35.34755 21.62421 12.8257

Pre-lockdown 46.19468 32.35018 18.56851 2.787521 0.099114
Lockdown 38.44749 31.63997 22.3983 5.484552 2.029686

Delhi
2019 1.502448 1.08621 8.639542 30.67348 58.09832

Pre-lockdown 94.39192 5.593551 0.0135 0.0004 0.000629
Lockdown 71.02876 27.36464 1.565073 0.040099 0.00143

Kolkata
2019 52.16253 25.94085 16.33086 4.490782 1.074978

Pre-lockdown 55.86787 37.05701 7.02363 0.019139 0.032355
Lockdown 35.74941 31.45045 20.39915 8.486124 3.914865

Chennai
2019 58.38214 28.33292 12.44535 0.463332 0.376257

Pre-lockdown 44.20491 37.07574 16.24046 1.987608 0.491288
Lockdown 59.94629 31.48092 7.667207 0.740598 0.164985
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6. Discussion

Environmental quality for the world has changed negatively for the last few decades due to rapid
population growth and increased human intervention in the natural environment; more specifically,
physical environmental parameters have changed rapidly such as air quality, water quality, land surface
temperature, and many more. The COVID-19 pandemic imposes a positive indication of the recovery of
environmental degradation through improving the physical environmental parameters [1]. Restriction
on human movement, industrial production, and vehicle movement results in the reduction of PM10

concentration in the atmosphere; on the other hand, less anthropogenic heat flux in the near-surface
atmosphere resulting from human movement has also reduced LST, which helps to minimize the
natural increase of LST from its previous year [54]. Not only these two parameters, but some biophysical
parameters such as NDVI, NDWI, and NDMI have also changed due to uninterrupted or untouched
condition of the natural environment.

The result indicates that overall environmental quality of all the study sites has improved during
lockdown time, although the better environmental quality is found during the pre-lockdown time,
which is the combination of two factors: (1) imposition of restriction rules in megacities of India
before declaring formal lockdown for the whole country, (2) seasonal variation due to changes in data
collection months. Most of the satellite images for pre-lockdown time were collected from February and
the first half of March, which is the transition time between winter and summer season, but lockdown
satellite images were collected mostly from April, except for Kolkata, which was collected for 29 March,
which represents hotter days than pre-lockdown time.

National Capital Region (NCR) Delhi has repeatedly come into headlines of a reputed Indian
newspaper for degraded air quality during the last 3 to 4 months [2], and other studied megacities are
also in the same direction of degraded air quality, but COVID-19 lockdown on these megacities has
shown a drastic change in the air quality, especially in PM10 concentration. LST has also been showing
a similar increasing trend for the last few years, which is also reduced in this time for a lesser amount of
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vehicle and human exposure to the environment. Inter-megacity comparison of environmental quality
indicates that Chennai has better environmental quality than the other three megacities under this
study because of its locational advantage of being a coastal city, which generally reduces the amount of
LST for the whole year compared to landlocked megacities.

In NCR, Delhi PM10 concentration was less in pre-lockdown time. It could be due to several
reasons such as: (i) imposition of different regulation, i.e., allowing odd- and even-number vehicles on
the road on alternative days, (ii) continuous water spray on roads for reducing the supply of particulate
matters, etc., for minimizing air pollution through reducing particulate matter concentration in the air.
These regulations play a positive role in minimizing air pollution and overall environmental quality of
the studied cities. In the case of Kolkata, the less temperate condition may play an important role in
minimizing PM10 concentration in the air.

Overall, this study found that the environmental quality of the studied megacities has improved
from its previous years; in some instances, it is also improved from pre-lockdown time. This positive
indication is generating some hope for people to get a better and recovered environmental condition,
irrespective of this deadliest pandemic situation.

7. Conclusions

Changing environmental quality of the world has gained a positive move toward
sustainable environment-friendly conditions due to the imposition of the lockdown owing to the
COVID-19 pandemic. Environmental parameters such as PM10 concentration, NDWI, and NDMI have
changed positively during this lockdown time, which is already assessed by some conducted and
published studies. To the best of our knowledge, this is the first study that tries to present the changes in
the environmental conditions due to the imposition of lockdown comprehensively owing to COVID-19
by devising an environmental quality index. The study found that overall environmental quality has
improved from its previous year (same months) for all four studied megacities, although according
to the general trend of environmental quality degradation, 2020 must have the worst environmental
condition than the environmental condition of 2019. The environmental quality index map indicates
an improved environmental condition, which is a sign of anticipation for the environmentalist in this
crisis moment. This study has tried to obtain an overall view of the environmental condition, but more
detailed investigation is still needed for a better understanding of the environmental response to the
COVID-19 pandemic imposed lockdown situation and assessment of UQI after the lockdown situation
is also important for understanding the environmental impact of COVID-19 specifically. However, the
lockdown situation is still existing in India; hence, after the lockdown, a more detailed investigation on
these aspects will help to maintain the better quality of environment.
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