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Abstract 
 

 
As of 2018, 55% of the world population resides in urban areas. This 

proportion is projected to increase to 68% by 2050 (United Nations 2018). 

The Stockholm region is no exception to this urbanizing trend: the population 

of Stockholm City has risen by 28% since the year 2000. One of the major 

consequences of urbanization is the transformation of land cover from 

rural/natural environments to impervious surfaces that support diverse forms 

of human activity. These transformations impact local geology, climate, 

hydrology, flora and fauna and human-life supporting ecosystem services in 

the region where they occur. Mapping and analysis of land-cover change in 

urban regions and monitoring their environmental impact is therefore of vital 

importance for evaluating policy options for future growth and promoting 

sustainable urban development. 

 

The overall objective of this research is to investigate the extent of 

urbanization and analyze its environmental impact in and around selected 

major cities in North America, Europe and Asia by evaluating change in 

relevant environmental indicators, from local to regional scales. The urban 

regions examined are the Greater Toronto Area (GTA) in Canada, Stockholm 

City, metropolitan area and County in Sweden and Shanghai in China. The 

analyses are based on classifications of optical satellite imagery at medium to 

high spatial resolutions (i.e. Landsat TM/ETM+, SPOT-1/5, Sentinel-2A MSI 

and QuickBird-2/WorldView-2) between 1985 and 2018. Various 

classification techniques (maximum likelihood under urban/rural masks, 

object-based image analysis with rule-based or support vector machine 

classifiers) were used with combinations of spectral, shape and textural input 

features to obtain high accuracy classifications. Environmental indicators such 

as landscape metrics, urbanization indices, buffer/edge/proximity analysis, 

ecosystem service valuation and provision bundles as well as habitat 

connectivity were calculated based on the classifications and used to estimate 

environmental impact of urbanization.  

 

The results reveal urban growth and environmental impact to varying degrees 

in each of the study sites. Urban areas in the GTA grew by nearly 40% 

between 1985 and 2005. There, change in landscape metrics and urban 

compactness measures indicated that low-density built-up areas increased 

significantly, mainly at the expense of agricultural areas. Urban land cover 

increasingly surrounded the majority of environmentally significant areas 

during the examined time-period, furthering their isolation from other natural 

areas. The study comparing Shanghai and Stockholm County between 1990 

and 2010 revealed that urban areas increased ten times as much in Shanghai 
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as they did in Stockholm, at 120% and 12% respectively. Fragmentation in 

both study regions occurred mainly due to the growth of high-density built-up 

areas in previously more natural environments, while the expansion of low-

density built-up areas was mostly in conjunction with pre-existing patches. 

The growth in urban areas resulted in ecosystem service value losses of 

approximately 445 million USD in Shanghai, largely due to the decrease in 

natural coastal wetlands, while in Stockholm the value of ecosystem services 

changed very little. The remotely sensed data for these studies had the same 

resolution (30 m) at roughly the same study area extent, which allowed cross-

site comparison of regional urbanization and environmental change trends. 

 

Analysis of classifications of SPOT data at 20/10 m resolution indicated urban 

areas in the greater Stockholm metropolitan area increased by 10% between 

1986 and 2006. The landscape metrics indicated that natural areas became 

more isolated or shrank whereas new small urban patches appeared. Large 

forested areas in the northeast dropped the most in terms of environmental 

impact ranking, while the most improved analysis units were close to central 

Stockholm. Land-cover change analysis in Stockholm County between 2005 

and 2015 using Sentinel-2 and SPOT-5 data at 10 m resolution indicated that 

urban areas increased by 15% and non-urban land cover decreased by 4%. 

This data’s higher spatial resolution combined with the county study area 

extent allowed for analysis of regional ecosystem services as well as localized 

impacts on green infrastructure. In terms of ecosystem services, changes in 

proximity of forest and low-density built-up areas were the main cause of 

lowered provision of temperature regulation, air purification and noise 

reduction. Urban areas near nature reserves increased 16%, with examples of 

their construction along reserve boundaries. Urban expansion overlapped the 

deciduous ecological corridor network and green wedge/core areas to a small 

but increasing degree, often in close proximity to weak but important green 

links in the landscape. The results from the urban land-cover change analysis 

based on high-resolution (1 m) data over Stockholm City between 2003 and 

2018 revealed that the most significant change occurred through the expansion 

of the transport network, paved surfaces and construction areas, which 

increased by 12%, mainly at the expense of grass fields and coniferous forest. 

Examination of urban growth within ecologically significant green 

infrastructure indicated that most land area was lost in ecological dispersal 

zones while the highest percent change was within habitat for species of 

conservation concern (14%). The high-resolution data made it possible to 

perform connectivity analysis of the habitat network for the European crested 

tit, representing small coniferous forest-dependent bird species in Stockholm. 

Habitat network analysis in both years revealed that overall probability of 

connectivity decreased slightly through patch fragmentation and shrinkage 

mainly caused by road expansion at the outskirts of the city. 
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This research demonstrates the utility of urban and environmental indicators 

combined with remote sensing data to assess the spatio-temporal dynamics of 

urbanization and its environmental impact in different urban regions. 

Landscape-metric based bundles were effective for monitoring ecosystem 

service provision in a moderately urbanizing region. Habitat network analysis 

based on high-resolution urban land-cover classifications, which has not often 

been undertaken in previous research, provided informative results. A 

complementary dual-level analysis approach worked well in several studies. 

Appropriate indicators at the landscape level yielded an estimation of overall 

impacts on ecosystem value or service provision for the whole region. More 

specific indicator analysis at a local level pertaining to green infrastructure 

highlighted impacted ecological areas as localized manifestations of the 

regional trends. In addition, comparison of classified remotely sensed urban 

land-cover data with administrative boundaries and significant green 

infrastructure can reveal transboundary “hotspots” where environmental 

impact occurs and where further investigation and coordinated conservation 

or restorative management efforts may be needed. The combination of study 

results pertaining to Stockholm allowed comparison of classifications of 

differing spatial resolutions over the same spatial extent, highlighting 

advantages and challenges in satellite-based urban land-cover mapping for 

estimation of environmental impact. 

 

 

 

Keywords: Urbanization, remote sensing, land-cover classification, 

landscape metrics, environmental indicators, environmental impact, 

ecosystem services, green infrastructure, habitat network analysis, Greater 

Toronto Area, Stockholm, Shanghai  
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Sammanfattning 
 

 
År 2050 förväntas 68 % av världens befolkning bo i urbana områden, jämfört 

med dagens 55 % (FN 2018). Stockholmsregionen utgör inget undantag i 

urbaniseringstrenden: befolkningen i Stockholms stad har ökat med 28 % 

sedan år 2000. En av de största följderna av urbanisering är markförvandling 

från lantliga och naturliga miljöer till bebyggda ytor, ämnade för olika former 

av mänskligt aktivitet. Förvandlingen påverkar lokal geologi, klimat, 

hydrologi, flora, fauna och ekosystemtjänster som bidrar till att understödja 

mänskligt liv. Kartläggning och analys av förändringar av marktäcket i urbana 

regioner och att hålla deras miljöpåverkan under uppsikt är därför kritiskt för 

att kunna utvärdera politiskt alternativ för framtida tillväxt och stödja hållbar 

storstadsutveckling. 

 

Det övergripande målet med denna forskning är att undersöka urbaniseringens 

utbredning och dess potentiella miljöpåverkan i regioner i och omkring 

utvalda storstäder i Nordamerika, Europa och Asien, genom 

förändringsanalys av relevanta miljöindikatorer, från lokal till regional nivå. 

De utvalda urbana regionerna är Toronto och dess omgivning i Kanada 

(Greater Toronto Area), Stockholms stad, region och län i Sverige och 

Shanghai i Kina. Analyserna baseras på klassificeringar av optiska 

satellitbilder (Landsat TM/ETM+, SPOT 1/5, Sentinel-2A MSI och 

Quickbird-2/WorldView-2) från mellan 1985 och 2018. Olika 

klassificeringstekniker (”maximum likelihood” klassificering under 

urbana/agrar maskeringar, objektorienterad analys med regelbaserad eller 

stödvektormaskin klassificering) användes med kombinerade spektral-, form- 

och texturdrag som indata för att höja noggrannheten. Miljöindikatorer så som 

landskapsnyckeltal, urbaniseringsindex, buffer-/kant-/närhetsanalys, 

ekosystemtjänstvärdering eller försöjningsgrupperingar och 

habitatnätverkskonnektivitet har beräknats baserad på klassificeringarna och 

har använts för att uppskatta urbaniseringens miljöpåverkan.  

 

Resultaten visar olika grader av urban tillväxt och miljöpåverkan i varje 

studieområde. Urbana områden i den Greater Toronto Area (GTA) växte 

närmare 40 % mellan 1985 och 2005. Förändring i beräknade 

landskapsnyckeltal och urbana täthetsindikatorer visar att glest bebyggda 

områden växte betydligt i GTA mellan 1985 och 2005, på bekostnad av agrara 

områden. Majoriteten av de betydelsefulla ekologiska områdena omringades 

allt mer av urbana områden, vilket bidrog till deras isolering från andra 

naturliga områden. Jämförelsens studie mellan Shanghai och Stockholms län 

visade att urbana områden växte tio gånger mer i Shanghai än i Stockholm, 

med 120 % respektive 12 %. Landskapsfragmentering i båda studieområdena 
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skedde på grund av tätbebyggda områdens tillväxt i tidigare mer naturliga 

miljöer, medan utbredningen av glest bebyggda områden skedde främst i 

direkt anslutning till redan existerande sådana. Tillväxten av urbana områden 

ledde till en värderingsförlust i ekosystemtjänster av ungefär 445 miljoner 

amerikanska dollar i Shanghai, mest på grund av en minskning i naturliga 

kustvåtmarker, medan ekosystemtjänsters värdering i Stockholm förändrades 

väldigt lite. Fjärranalysdatan i dessa studier hade samma upplösning (30 m) 

på ungefär samma rumsliga uträckning, vilket tillät jämförelser av regional 

urbanisering och miljöförändringstrender.  

 

Analys av klassificeringar av SPOT data på 20/10 m upplösning indikerade 

att urbana områden i Stockholms region växte med 10 % mellan 1986 och 

2006. Resultaten från lansskapsnyckeltalen tyder på att naturliga områden 

isolerades mer eller krympte medan däremot nya små urbana områden blev 

till. Större skogsområden i nordöstra delen tappade mest i miljöpåverkans 

rangordning, medan de mest förbättrade befann sig närmare centrala 

Stockholm. Marktäckeförändringsanalys i Stockholms län mellan 2005 och 

2015, baserad på Sentinel-2 och SPOT-5 data med 10 m upplösning, visade 

att urbana områden växte med 15 % och att icke urban mark reducerades med 

4 %.  Denna datas högre upplösning, tillsammans med länstudieområdet, 

möjliggjorde analys av regionala ecosystemtjänster och den lokala påverkan 

på grön infrastruktur. En förändring av närliggande skog och glest bebyggda 

områden hade en påverkan på ekosystemtjänsterna så som 

temperaturreglering, luftrening och ljudreduktion. Urbana områden nära 

naturreservat ökade med 16 %, med exempelvis byggnationer längs 

reservatgränser. Urban utbredning överlappade ädellövnätverkets 

spridningszoner och gröna kilar/kärnor till en liten men växande grad, ofta i 

närheten av de redan svaga men dock så viktiga gröna förbindelserna i 

landskapet. Resultaten från en urban marktäcke förändringsanalys baserad på 

högupplöst data (1 m) över Stockholms stad mellan 2003 och 2018 visar att 

den största förändringen skedde genom en expansion av transportnätverket 

och byggnadsplatser som ökade med 12 %, på bekostnad av öppna gräsfält 

och barrskog. Undersökningen av urbanisering inom ekologiskt betydelsefulla 

grön infrastruktur tydde på den största minskningen av markarea skedde inom 

spridningszonerna, medan största relativa förändringen fanns inom habitat för 

skyddsvärda arter (14 %). Den högupplösta data möjliggjorde 

konnektivitetsanalys av habitatnätverk för tofsmesen, representant för 

barrskogsfåglar i Stockholm. Habitat nätverksanalysen visade att den 

övergripande sannolikheten för konnektiviteten minskade något till följd av 

fragmentering och minskning av habitatarea, som i sin tur orsakades av en 

utbyggnad av vägnätet i utkanten av staden. 

 

Den här forskningsavhandlingen visar på användbarheten av urbaniserings- 

och miljöindikatorer som erhållits från fjärranalysdata för att utvärdera både 
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rumslig och tidsmässig dynamik av urbanisering och dess miljöpåverkan i 

olika storstadsregioner. Landskapsnyckeltal-baserade grupperingar visade sig 

vara effektiva för övervakning av ekosystemtjänstförsörjning i en måttligt 

växande region. Den sparsamt utforskade kombinationen av nätverksanalys 

av habitat och högupplösta urbana marktäckedatasklassificeringar, gav 

informativa resultat. Ett tillvägagångssätt med analys på två nivåer var 

användbart i flera studier. Relevanta indikatorer på landskapsregionalnivå 

uppskattade övergripande påverkan på ekosystemvärde eller tjänstförsörjning 

för hela regionen. Mer specifik indikatoranalys på en lokal nivå rörande grön 

infrastruktur identifierade påverkade ekologiska områden, som representerade 

lokaliserade uttryck för de regionala trenderna. Dessutom kan en metodik, där 

en jämförelse av klassificerade urban marktäckedata med administrativa 

gränser och ekologiskt betydelsefull grön infrastruktur, avslöja 

gränsöverskridande problemområden med negativ miljöpåverkan. Kring 

dessa områden kan det behöva göras vidare studier och koordinerade 

miljöskyddsinsatser. De olika resultaten för Stockholm möjliggör jämförelse 

av klassificeringar med olika rumslig upplösning över samma rumsliga 

utsträckning, och belyser fördelar och utmaningar med satellitbaserad 

kartläggning av urban marktäckedata för uppskattning av miljöpåverkan. 

 

 

 

Nyckelord: urbanisering, fjärranalys, marktäckeklassificering, 

landskapsnyckeltal, miljöindikatorer, miljöpåverkan, ekosystemtjänster, grön 

infrastruktur, habitat nätverksanalys, Greater Toronto Area, Stockholm, 

Shanghai 
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1 Introduction 
 

 

 

“You have to know the past to understand the present.” 

- Carl Sagan 

 

1.1 Rationale 

 
Urbanization poses numerous challenges for those working towards 

sustainable development. While cities may experience internal problems as 

they grow, their impact on the surrounding natural environment upon which 

they depend is of critical importance. Lambin et al. (2001) describe this 

relationship as follows: 

 

In reality, urbanization affects land change elsewhere through the 

transformation of urban-rural linkages. For example, urban inhabitants 

within the Baltic Sea drainage depend on forest, agriculture, wetland, 

lake and marine systems that constitute an area about 1000 times larger 

than that of the urban area proper (Folke et al., 1997). Given that urban 

life-styles tend to raise consumption expectations and that 60% of the 

world’s population will be urban by 2025 (United Nations Population 

Fund, 1991), the rural–urban linkage or the urban ‘‘ecological 

footprint’’ is critical to land change assessments.    

 

Mapping and analysis of land-cover change in urban regions is therefore 

crucial to tracking this “ecological footprint” and deciding policy options 

and/or remedies for future growth and environmental conservation. Wentz et 

al. (2009) also emphasize the importance of this task: “Urbanization 

represents one of the most significant alterations that humankind has made to 

the surface of the Earth… It is essential that we document, to the best of our 

ability, the nature of land transformations and the consequences to the existing 

environment.”  

 

Past and present research demonstrates the utility of remote sensing data and 

geographic information systems to capture and map urban land-cover change 

(e.g. Cihlar 2000;  Barnsley and Barr 2000; Franklin and Wulder 2002; Zhou 

et al. 2008; Yang 2011; Qin et al. 2013; Weng 2014; Ban et al. 2014 and 2015; 

Haas and Ban 2017). In their review of trends and knowledge gaps in urban 
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remote sensing, Wentz et al. (2014) underscore the importance of 

understanding environmental impacts from urbanization in cities in support of 

planning policies, to which studies based on remotely sensed data can 

significantly contribute. They highlight the search for an appropriate scale of 

measurement with regard to pairing sensor resolutions and level of urban 

investigation. Recent improved access to remote sensing data coupled with 

higher spatial resolutions, through the European Space Agency’s Sentinel 

program, for example, is furthering opportunities for environmental 

assessment in urban areas and multi-scale analysis (Pesaresi et al. 2016; 

Gómez et al. 2016).  

 

Tracking the environmental impact of urban land cover changes has often 

been undertaken with the help of environmental indicators such as landscape 

ecology metrics (Forman and Godron 1986; O’Neill et al. 1988; Turner 1990; 

Haines-Young et al. 1993; Hargis et al. 1998; Botequilha Leitao and Ahern 

2002; and e.g. McGarigal and McComb 1995; Narumalani et al. 2004; 

Kamusoko and Aniya 2007; Li et al. 2010; Haas and Ban 2014 and 2018; 

Hernández-Moreno et al. 2018). But the use of environmental indicators 

particularly relating to green infrastructure and ecosystem services based on 

remote sensing data and geographic information techniques for estimation of 

environmental impact in urban regions is a newer and growing research area 

(e.g. Derkzen et al. 2015; Calderón-Contreras and Quiroz-Rosas 2017; 

Banzhaf et al. 2019). Maes et al. (2015) emphasize the importance of green 

infrastructure in maintaining ecosystem services and state that there is an 

expected decrease of 10-15% in ecosystem services across Europe by 2050 

relative to the 2010 baseline. Monitoring of green infrastructure is therefore 

vital and landscape pattern affects ecosystem service provision (Duarte et al. 

2018). Yet changes in the spatial attributes of ecosystem service-providing 

land cover, such as green infrastructure, in urban areas are not often examined 

and there is opportunity for further research in this area (Frank et al. 2012; 

Haas and Ban 2018; Duarte et al. 2018). 

 

Turner et al. (2015) and Pettorelli et al. (2014a) have pointed out that remote 

sensing data is underused in and holds great potential for studies monitoring 

biodiversity. The use of remote sensing at medium resolution to monitor 

biodiversity has seen extensive development in recent years (Pettorelli et al. 

2014b). Mairota et al. (2015) highlight the high-resolution data that remote 

sensing can deliver on habitat quantity and quality but note hindrances that 

have limited its use for this purpose. Boyle et al. (2014) demonstrate the utility 

of high-resolution optical remotely sensed data for monitoring land-cover 

change for conservation but also found that its use was very limited 

(approximately 10% of the land-cover studies used satellite imagery of 5 m or 

less in the research published by three major conservation biology journals). 
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There are to date relatively few high-resolution remote sensing-based land-

cover assessments of impacts on habitat for biodiversity from urbanization. 

This has usually been undertaken based on maps or information derived from 

aerial photos or surveying and with the aid of information from aerial scanners 

(Nagendra et al. 2013 and, e.g., Löfvenhaft et al. 2004; Hartfield et al. 2011). 

 

Newton et al. (2009) have noted the greater potential for use of remote sensing 

within landscape ecology but also draw attention to a traditional divide 

between the remote sensing and ecological science research communities. 

Lopez and Frohn (2017) state that the value of research that involves 

monitoring and assessment of ecosystems at a variety of scales through the 

integration of remote sensing, geographic information systems and landscape 

ecology metrics has yet to be fully realized. This research integrates data and 

techniques from the fields of remote sensing and landscape ecology by 

exploring the utility of environmental indicators for impact assessment 

derived from classified remote sensing data over urban regions in Europe, 

North America and Asia. Studies on several spatial scales at the European site 

are performed to estimate benefit from multi-scale analysis, including local-

level impact analysis on a habitat network based on high-resolution urban land 

cover classifications. The spatial scales examined in the research can be 

termed regional (approximately 6 000 – 7 000 km2), metropolitan 

(approximately 2 000 km2) and municipal (approximately 200 km2). By 

evaluating changes in landscape patterns and environmental impact of urban 

growth in different regions and at different scales, the results highlight data, 

methodological approaches and indicators likely to be useful for urban and 

environmental assessment and planning in many different locations. 

 

1.2 Research objectives 

 
The overall objective of this research is to investigate the extent of 

urbanization and its potential environmental impact in and around selected 

major cities in North America, Europe and Asia using multi-temporal multi-

resolution remote sensing data and environmental indicators to assess 

landscape changes.  

 

Primary scientific questions are: 

 

(1) When and where has urbanization occurred in these cities and regions in 

recent decades and what are the probable impacts on the natural and 

semi-natural environment as a result of this urban expansion?   
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(2) Is there a widely applicable approach to evaluating probable 

environmental impact from urbanization in metropolitan regions based 

on optical remote sensing data and the use of indicators, and which 

indicators are effective in capturing the environmental impact?  

 

(3)  What is the benefit associated with impact analysis at multiple scales?  

 

 

 

The specific research objectives are:  

 

(1) To monitor urban growth in recent decades in Toronto, Canada, 

Stockholm, Sweden and Shanghai, China using optical remote sensing 

imagery; 

 

(2) To analyze landscape change in and around the cities and to evaluate 

probable environmental impact from urban growth using information 

from landscape metrics and other environmental indicators;  

 

(3) To evaluate the methods used in terms of finding a widely applicable 

approach to estimating environmental impact from urbanization at 

multiple scales (metropolitan landscape regions to local levels) based 

on optical remotely sensed data. 

 

 

1.3 Thesis structure 

 

The thesis is structured as follows: Chapter 1 gives an overview of the 

research, including the rationale, research objectives and organization of the 

thesis. Chapter 2 reviews related literature and the state-of-the-art of research 

in terms of classification of medium to high-resolution optical satellite 

imagery and the use of landscape metrics and indicators for assessing 

environmental impact in urban areas. Chapter 3 describes the study areas and 

data used for the research and Chapter 4 outlines the methodologies employed. 

Chapter 5 presents and compares the results from the various studies. Chapter 

6 draws conclusions and discusses the potential for future research.  

 

This thesis is based on the following papers, which are referred to in the text 

by their Roman numerals. 
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I. Furberg, D. and Ban, Y., 2012. Satellite Monitoring of Urban Sprawl and 

Assessment of its Potential Environmental Impact in the Greater Toronto Area 

between 1985 and 2005. Environmental management 50(6): 1068-1088. 

 

II. Furberg, D. and Ban, Y., 2013. Satellite Monitoring of Urban Land Cover 

Change in Stockholm Between 1986 and 2006 and Indicator-Based 

Environmental Assessment. In Earth Observation of Global Changes 

(EOGC): 205-222. Springer: Berlin Heidelberg. 

 

III. Haas, J., Furberg, D. and Ban, Y., 2015.  Satellite Monitoring of 

Urbanization and Environmental Impacts: A Comparison of Stockholm and 

Shanghai. International Journal of Applied Earth Observation and 

Geoinformation 38: 138-149. 

 

IV. Furberg, D., Ban, Y. and Nascetti, A., 2019. Monitoring of Urbanization 

and Analysis of Environmental Impact in Stockholm with Sentinel-2A and 

SPOT-5 Multispectral Data. Remote Sensing 11: 2408. 

 

V. Furberg, D., Ban, Y. and Mörtberg, U., 2019 (manuscript). Monitoring 

Urban Green Infrastructure Changes using High-resolution Satellite Data. 

 

 

1.4 Statement of contributions 

 

Paper I  

All analyses and methodologies of paper I were developed and performed by 

the first author under the supervision of Professor Ban, the second author. 

Professor Ban initiated the ideas for this paper and has been involved in the 

development of the paper. 

 

Paper II  

All methodologies and analyses of paper II were developed and performed by 

the first author under the supervision of Professor Ban, the second author, who 

initiated the ideas for this paper and has been involved in its development. 

 

Paper III  

Professor Ban, the third author, proposed the topic for this paper. 

Methodology development was performed by the first author together with the 

second author under the supervision of Professor Ban. Study area description, 

image processing, classifications, post-processing, accuracy assessment, 

landscape metric analysis and the discussion part for Shanghai were 

performed by the first author and for Stockholm by the second author, with 
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the exception of the SVM classification which was performed by a 

departmental colleague, Martin Sjöström. Urbanization indices and ecosystem 

service valuation were calculated by the first author. The abstract, introduction 

and data description parts were mainly written by the first author with editorial 

input from the second author. The selection and interpretation of landscape 

metrics are mainly based on the knowledge and previous research experience 

of the second author. The third author reviewed and edited the paper. 

 

Paper IV 
Professor Ban, the second author, proposed the topic for this paper and its 

conceptualization was developed together with the first author. Methodology 

development and research analysis was performed by the first author under 

the supervision of the second and third authors. The first author drafted the 

paper and the second and third authors reviewed and edited the paper. 

 

Paper V 

Professor Ban, the second author, proposed the topic for this paper and its 

conceptualization was developed together with the first and third authors. The 

habitat connectivity assessment method and tool were proposed by the third 

author. All methodologies were applied and analyses performed by the first 

author under the supervision of the second and third authors. The first author 

drafted the paper and the second and third authors reviewed and edited the 

paper. 

 

2 Background and literature review 
 

 

In recent decades, numerous studies have made use of remote sensing data 

over urban areas for landscape change analysis. Various studies (e.g. Herold 

et al. 2005; Liu et al. 2015; Haas 2016) have demonstrated that the 

combination of remote sensing and landscape metrics data provide more 

detailed and spatially consistent information on urban structure and change 

than either technique can separately.  Researchers have highlighted the need 

for development and use of environmental and ecosystem condition and 

service indicators from remote sensing data for conservation, mitigation and 

planning purposes (e.g. Revenga 2005; Rose et al. 2015; Dawson et al. 2016). 

The combined use of indicators and remote sensing data holds great potential 

to further knowledge on landscape change due to urbanization and the results 

derived can inform and improve urban planning. The following sections 

describe the research context and recent developments in terms of 

classification of optical remote sensing data over urban areas and the use of 

indicators, including landscape metrics, ecosystem service bundles and habitat 
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connectivity indices to monitor landscape changes and assess environmental 

impact. The derivation of reliable metrics and indicators is dependent upon 

the generation of high-accuracy land-cover maps from remotely sensed data; 

classification techniques are therefore the focus of the first section.  

 

2.1 Multispectral remote sensing data for urban land-

cover mapping: classification techniques 

 

Remote sensing data is a valuable source of information for the study of urban 

areas. It can be obtained over large regions with accurate spatial and geometric 

detail at high-temporal frequency (Herold et al. 2005; Gamba and Herold 

2009; Belward and Skøien 2015). Thematic information such as land-cover 

change can be obtained from remote sensing data once it has been classified. 

Land-cover classification of multispectral remote sensing data based on 

statistical pattern recognition techniques is one of the most commonly used 

methods of information extraction and forms the information base for many 

socioeconomic and environmental analyses (Narumalani et al. 2002; Lu and 

Weng 2007; Gómez et al. 2016).  

 

A number of classification methods are available in order to generate land-

cover maps from optical remote sensing data, including algorithms based on 

parametric and non-parametric statistics, supervised or unsupervised 

classifiers, hard or fuzzy set classification logic, semi-supervised or active 

learning techniques, per-pixel or object-oriented classification and hybrid 

approaches (Jensen 2005; Bruzzone and Demir 2014). All classifiers are 

subject to a three-way compromise between the spectral information content 

of the imagery, the method of making class decisions and the information 

classes that are desired (Franklin and Wulder 2002). The choice of 

classification method will depend on physical characteristics and prior 

knowledge of the study area, the spatial and spectral resolution and 

distribution of the remote sensing data and the nature of the classification 

problem itself (Gómez et al. 2016).  

 

The focus of this research is mainly on the regional or metropolitan scale 

(thousands of square kilometers) in order to take into account the whole of an 

urban area and its surrounding natural environment. This is also an important 

extent for assessing environmental impact since detrimental effects of 

fragmentation on biodiversity and ecosystem services are generally found at 

intermediate (regional) spatial scales (Olff and Ritchie 2002). While there 

have been numerous studies conducted on a local, municipal or district level 

(e.g., Löfvenhaft et al. 2004; Lundberg et al. 2008; Li et al. 2010; Haas and 

Ban 2017; Kotharkar and Bagade 2018) and the global, continental or national 



 23 

level (e.g. Petit et al. 2001; Gerard et al. 2005; Halada et al. 2009; Ståhl et al 

2011; Seto et al. 2012; Padilla et al. 2015; Moreno-Martinez et al. 2018), there 

are fewer studies on a regional metropolitan level linking urbanization to its 

region-specific environmental impact, and more that include a landscape 

perspective are needed (Seto et al. 2012; Colding 2013; Haas and Ban 2014 

and 2018; Lopez and Frohn 2017). This research examines study sites at this 

particular scale, with one exception. 

 

The choice of remote sensing data must be well-suited to the spatial extent of 

the study area (Ban et al. 2015). Low-resolution, large extent data such as 

MODIS (Moderate Resolution Imaging Spectroradiometer) or AVHRR 

(Advanced Very High Resolution Radiometer) work well for studies over 

continental or global regions. High-resolution data (or very high-resolution 

data as it is sometimes referred to) such as QuickBird or IKONOS favor more 

detailed, smaller-scale studies, such as at the sub-city level or for examining 

specific habitat types. However, high-resolution data is not as widely utilized 

due to its often commercial nature, limited geographical coverage and demand 

for computational and storage resources (Lu and Weng 2007). For 

intermediate regional spatial scales, medium resolution satellite data such as 

Landsat, SPOT and Sentinel-2 offer the best compromise between spatial 

coverage and level of detail, as well as accessibility and ease of use. 

 

Gómez et al. (2016) reviewed strengths and weaknesses of algorithms for 

large area land-cover classification based on optical remotely sensed time-

series data. The algorithms were Artificial Neural Network (ANN), clustering, 

decision trees (DT), maximum likelihood, support vector machine (SVM), 

random forests (RF), bagging and boosting classifiers. Lu and Weng (2007) 

grouped advanced classification methods such as these into five different 

categories, namely per-pixel, subpixel, per-field, contextual and knowledge-

based approaches. Among them, pixel-based (per-pixel) and object-based 

(per-field) are commonly used and therefore reviewed below. 

 

2.1.1 Pixel-based classification 

 

Pixel-based unsupervised classification techniques are often best suited to 

large-area land-cover classifications if the study area is not well-known, due 

to the tremendous amount of training data otherwise required (Cihlar 2000). 

Supervised classification presents a better alternative when there is a defined 

area to be studied and when medium resolution satellite data and prior 

knowledge of the site are available. Landsat data has historically been 

important for many different types of land-cover assessments including 

monitoring of urban areas, but its usage recently increased significantly since 
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the United States Geological Survey Landsat archive was made freely 

available in 2009 (Wulder et al. 2012; Weng et al. 2014). Herold (2009) notes 

the usefulness of Landsat data for detection of land-cover configuration within 

urban environments.  

 

Many supervised algorithms have been developed to perform pixel-based 

classification. Li et al. (2014) tested and compared 13 of these, including 

MLC, K-Nearest Neighbors (KNN), Classification and Regression Trees 

(CART), Random Forests (RF), Support Vector Machines (SVM) and other 

machine learning algorithms, by classifying Landsat data over an urban area 

in China. They found that most of the algorithms performed well given 

sufficiently representative training samples. MLC proved to be the most 

robust algorithm in that it required the least amount of training data in order 

to achieve one of the highest accuracies. Several studies have demonstrated 

the basic utility of the MLC classifier when used on Landsat TM imagery (e.g. 

Wakelyn 1990; Lo 1998; Weng 2002; Kamusoko and Aniya 2007). However, 

more studies have shown that the results obtained from MLC can be 

significantly improved when combined with other techniques and data inputs 

(e.g. Hansen et al. 2001; Liu et al. 2002). Herold et al. (2007) have noted that 

additional information, such as textural, spatial or contextual, is often required 

to aid in successfully discriminating spectral signals for mapping urban land-

use types. Lu and Weng (2005) found that the addition of higher resolution 

fused data and texture images improved classification of Landsat ETM+ data 

over urban areas. Incorporation of texture features in general have been found 

to improve image classification accuracy, especially through the use of gray-

level co-occurrence matrices (GLCM) to derive them (Haralick et al. 1973), 

for Landsat and SPOT data alike (Franklin and Peddle 1990; Gong et al. 1992; 

Butusov 2003; Rodriguez-Galiano et al. 2012). This also holds true for 

classifications over urban areas (Shaban and Dikshit 2001; De Martinao et al. 

2003; Herold et al. 2003; Su et al. 2008).  

 

A group of supervised learning algorithms that perform classification well 

with Landsat data are support SVM, originally introduced by Vapnik (1995) 

and Cortes and Vapnik (1995). Unlike MLC, SVM are non-parametric 

classifiers which construct a hyperplane in high-dimensional space with the 

largest possible distance to the nearest training data point of any class. Since 

mapping in high-dimensional space can be computationally heavy, a kernel 

function is defined to suit the problem at hand. Mountrakis et al. (2011) 

reviewed remote sensing applications of SVM and highlighted the advantages 

of their ability to generalize well with limited training data and the lack of 

requirement on underlying data distribution. SVM have been employed to 

map land cover (e.g. Huang et al. 2002; Dixon and Candade 2008; Mathur and 

Foody 2008) and have been particularly successful in mapping urban land 

cover (e.g. Huang et al. 2009; Hu and Ban 2012; Niu and Ban 2013). 
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Srivastava et al. (2012) tested various kernel functions and found in all cases 

that SVM yielded consistently higher accuracy classifications of Landsat 

imagery for land-cover change investigation than did MLC. Dixon and 

Candade (2008) compared classification of Landsat TM data using MLC, 

SVM and Artificial Neural Network (ANN) and found that both ANN and 

SVM outperformed MLC. SVM and ANN showed similar results in terms of 

accuracy but the training time required by SVM was much less than for ANN. 

Jin et al. (2005) tested SVM and MLC on textural features including GLCM 

and found that SVM provided higher classification accuracy and better 

generalization than MLC no matter which texture features were used. Yet Li 

et al. (2014) found no advantage to using SVM over MLC in either a pixel-

based or object-based classification of Landsat data over an urban area. They 

concluded that the quality and quantity of the training samples play a bigger 

role in achieving high accuracy than the algorithm itself. Shao and Lunetta 

(2012) found that SVM outperformed both the neural networks and CART 

algorithms based on MODIS times-series data in tests with regard to training 

sample size, sample variability and landscape homogeneity. 

 

2.1.2 Object-based image analysis and classification 

 

A number of studies have demonstrated the advantages of using object-based 

image analysis (OBIA) over traditional pixel-based classification in urban 

environments with medium- to high-resolution satellite imagery (Stefanov et 

al. 2001; Wang et al. 2004; Cleve et al. 2008; Jacquin et al. 2008; Blaschke 

2010; Ban and Jacob 2013; Jebur et al. 2013). Sometimes referred to as image 

segmentation, object-based image analysis can be defined as the division of 

an image into spatially continuous, disjoint and homogeneous regions, also 

known as objects, based on color, shape and scale parameters. A main 

advantage of using spatial information to create objects is that the objects will 

more likely correspond to actual structures or on-site features than individual 

pixels do (Ban et al. 2010). The decision rules used tend to be dominated by 

the knowledge of the human analyst rather than computer algorithms 

(Franklin and Wulder 2002) and there is the possibility of incorporating 

diverse types of data to improve accuracy (Stefanov et al. 2001).  

 

Thus, in comparison to other pixel-based classification methods, OBIA has 

consistently returned superior results in land-cover classification accuracy 

thanks to its use of contextual information such as shape and neighborhood in 

addition to spectral data (Wentz et al. 2009; Li et al. 2014; Phiri and 

Morgenroth 2017). Tehrany et al. 2014 found that both of the object-based 

classification approaches they tested (KNN and SVM) performed better than 

the pixel-based method (decision tree classification) for land-cover mapping. 
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Powers et al. (2012) tested the performance of OBIA classification by 

resampling images to different spatial resolutions (5, 10, 15, 20, 25 and 30m) 

and found that 10 m yielded the highest classification accuracy. Indeed, 10 m 

resolution SPOT satellite imagery has been used successfully to obtain high 

accuracy urban land-cover maps in combination with OBIA techniques (Su et 

al. 2009; Dimitrakopoulos et al. 2010; Jebur et al. 2014; Tehrany et al. 2014). 

Chen et al. (2009) made clear the advantages of employing an object-oriented 

knowledge-based classification method with SPOT 5 imagery in an urban 

environment over a pixel-based approach. The former yielded the highest 

accuracy of several compared methods and could create and distinguish 

between meaningful objects such as roads and buildings, while providing a 

convenient way of incorporating ancillary data such as a digital elevation 

model (DEM) and textural information for the classification. Jacquin et al. 

(2008) revealed OBIA’s improved capacity to delineate urban extent at 

regional scales with SPOT data. Newman et al. (2011) demonstrated the 

advantages of an object-based approach over pixel-based with regard to forest 

fragmentation assessment. Ruiz Hernandez and Shi (2018) combined OBIA, 

spatial metrics and texture analysis with the RF algorithm to generate a high-

accuracy urban land-cover classification. In their review of supervised object-

based land-cover image classification, Ma et al. (2017) found that SPOT data 

provided the highest accuracy of all sensor types tested with the exception of 

unmanned aerial vehicles and that the RF and SVM supervised classifiers 

yielded the highest mean classification accuracies. They note that some 

uncertainties still exist with regard to feature selection in the process of SVM 

classification but that previous research suggests that higher accuracy occurs 

when the number of features is less than 30 (Guan et al. 2013, Ghosh and Joshi 

2014). Non-parametric classifiers like SVM often provide better results in 

complex landscapes and are more suitable when using non-spectral data such 

as contextual information in classification since there is no assumption of 

normal data distribution (Lu and Weng 2007). Statistics Sweden (2008) has 

used rule-based OBIA with SPOT 5 data for classification of urban green areas 

and the Swedish Environmental Protection Agency has employed an object-

based MLC classification approach with SPOT data to classify nature types 

particularly in protected areas (Metria GeoAnalys 2009). The more recent 

CadasterENV Sweden project involves continually updated land-cover 

mapping for all of Sweden originally based on SPOT 5 data, which is now 

being replaced with Sentinel-2 data (Metria AB 2015).  

 

ESA’s Sentinel-2 mission is providing new opportunities for land-cover 

mapping and environmental monitoring thanks to its data’s cost-free 

availability and high temporal and spatial resolutions of up to 10 m (Drusch 

et al. 2012). Recent research highlights the advantages of the use of Sentinel-

2 imagery for urban land-cover classification. The findings of Momeni et al. 

(2016) suggest that, where high-resolution data is not available, the advanced 
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spectral capabilities of recent sensors like Sentinel-2 combined with OBIA 

and an SVM classifier hold potential for high accuracy mapping of complex 

urban land cover. The research of Thanh Noi and Kappas (2018) confirms that 

the SVM classifier performs better (higher accuracy and less sensitivity to 

training sample sizes) than either RF or KNN when applied to Sentinel-2 data. 

Employing KTH-SEG, an edge-aware region growing and merging algorithm, 

Haas and Ban (2018) demonstrated that the object-based SVM classification 

of Sentinel-2 and Landsat data could produce reliable land-cover maps for 

analysis of ecosystem changes. 

 

High-resolution data, such as IKONOS, QuickBird or WorldView, has proven 

useful in the classification of urban land cover types (e.g. Shackelford and 

Davis 2003; Myint et al. 2011; Haas and Ban 2017; Mugiraneza et al. 2019) 

but has also been used to map various kinds of fauna habitat (e.g. Mutuku et 

al. 2009; Recio et al. 2013) and green and blue structures (e.g. Sawaya et al. 

2003; Mathieu et al. 2007; Lang et al. 2018) and ecosystem services (e.g. 

Lakes and Kim 2012; Haas and Ban 2017). Momeni et al. (2016) found that 

the classification of high-resolution data over complex urban environments 

through use of OBIA and the SVM classifier is an optimal combination to 

achieve high land-cover classification accuracy. Other research confirms the 

utility of this combination of tools for effective land-cover classification with 

high-resolution data (Kavzoglu et al. 2015; Qian et al. 2015; Pande-Chhetri et 

al. 2017).  

 

2.2 Indicator-based assessment of environmental impact 

of landscape changes with remote sensing and GIS 

 

Indicators are very useful as measurable criteria that point to the current 

conditions of more complex phenomena. Aspinall and Pearson (2000) define 

them as “simple measures that represent key components of the system and 

have meaning beyond the attributes that are directly measured.” 

Environmental indicators supply information on environmental problems and 

can help identify key factors that cause pressure on the environment (Smeets 

and Weterings 1999). They can thus help raise awareness of the condition of 

ecosystems and assist policy makers in their planning decisions (Revenga 

2005). The DPSIR (Driving forces, Pressure, State, Impact, Response) 

framework for reporting on environmental issues (Smeets and Weterings 

1999) shown in Figure 1 can be helpful in understanding the processes that 

result from human influences on the surrounding natural environment and vice 

versa and in classifying types of indicators as measures of different stages of 

this interaction. 
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Figure 1  The DPSIR framework for Reporting on Environmental Issues (adapted 

from Smeets and Weterings 1999) 

 

This framework shows the relationships between “Driving forces and the 

resulting environmental Pressures on the State of the Environment and 

Impacts resulting from changes in environmental quality and on the societal 

Response to these changes in the environment” (Smeets and Weterings 1999). 

As will be seen, the indicators used in this research primarily measure 

pressures on and the state of the natural and semi-natural environment in and 

around the study area sites. Figure 2 shows environmental issues examined in 

this thesis in terms of the DPSIR framework. Here, we see that population 

growth is a main driver of urbanization which places pressure on green areas, 

resulting in alteration of their state via fragmentation, leading to impacts such 

as loss of biodiversity and/or impaired ecosystem function/services (Alberti 

2005; Haddad et al. 2015). These impacts in turn negatively affect human 

well-being through reduced benefits from ecosystem services (MA 2005). 
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Figure 2  Specific concepts addressed in the thesis and their role within the DPSIR 

framework  

 

There are many kinds of indicators that have been developed to measure 

pressure and state conditions of the environment. Examples within the 

categories of biological, physical and chemical environmental indicators 

include measures of air quality such as pollutant emissions and water pollution 

such as eutrophication, changes in water temperature or incidence of fish 

diseases. Socio-economic environmental indicators could include measures of 

human-generated waste and human health measures such as mortality and 

morbidity in relation to environmental quality (UNEP/RIVM 1994). 

Indicators must be carefully selected to fit the purpose of an investigation or 

program and often a set of indicators is required to assess the state of the 

environment (Niemeijer and de Groot 2008; Van Oudenhoven et al. 2012). 

 

While many environmental indicators and indices have emerged over the past 

several decades, their derivation from remote sensing and GIS data is a more 

recent field of research. Klemas (2001) notes that remote sensors can monitor 

landscape level environmental indicators and that these “become particularly 

important as we shift to larger temporal, spatial and organizational scales in 

order to study and compare the cumulative effects of… ecosystem degradation 

over entire landscapes and regions” (Klemas 2001; Haines-Young et al. 1993). 
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The body of research on environmental indicators and indices derived from 

remote sensing data and GIS techniques has and continues to grow. Klemas 

(2001) showed how remote sensing data can be used to detect landscape-level 

coastal environmental indicators, specifically changes in land cover, riparian 

buffers and wetland condition. Revenga (2005) highlighted useful examples 

of indicators for gauging ecosystem conditions derived from GIS and remote 

sensing data. Nichol and Wong (2007) assessed urban environmental quality 

using six different parameters or indicators derived from a variety of satellite 

data; the parameters were air temperature and quality, vegetation density, 

building density and height, and noise. Krishnaswamy et al. (2009) developed 

a multi-date NDVI (normalized difference vegetation index) distance measure 

as a surrogate for forest type to measure its variability on a single, continuous 

quantitative scale. Imhoff et al. (2010) used impervious surface area from a 

Landsat-based dataset and land surface temperature from MODIS to measure 

the urban heat island effect across a range of biomes in the United States. 

Liang and Weng (2011) extracted physical environmental variables from 

Landsat data and combined these with socio-economic data to construct urban 

environmental quality indices for a decadal comparison. Lakes and Kim 

(2012) evaluated the use of an aggregated urban environmental indicator 

known as “Biotope Area Ratio” together with classified remote sensing data 

for assessing and managing urban ecosystem services. Haas and Ban (2014) 

used urbanization indices and landscape metrics to investigate the magnitude 

and environmental impact of urban growth in three major urban 

agglomerations in China. Michaud et al. (2014) used remotely sensed 

environmental indicators such as the dynamic habitat index and snow cover 

to extrapolate moose habitat in southern and central Ontario. De Sherbinin et 

al. (2014) developed indicators derived from satellite data in three categories: 

ambient air pollution, coastal eutrophication and biomass burning. Behling et 

al. (2015) developed an automated GIS system that can derive urban 

ecological indicators from hyperspectral remote sensing data and height 

information. Lawley et al. (2016) identified vegetation condition indicators 

readily detectable with remote sensing methods and Lopez and Frohn (2017) 

have highlighted research examples that use remote sensing and landscape 

ecology metrics to assess ecosystems in various watersheds and coastal areas. 

Mariano et al. (2018) used remote sensing indicators such as leaf area index 

and evapotranspiration from MODIS data to assess the effects of drought and 

land degradation on ecosystems in Northeastern Brazil. 

 

2.2.1 Landscape ecology metrics as indicators of landscape 

change and environmental impact 
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An important concept established in the field of landscape ecology is that a 

landscape’s pattern strongly influences its ecological processes and 

characteristics (Forman and Godron 1986; Turner 1989; McGarigal and 

Marks 1995). Landscape fragmentation often negatively affects native 

ecosystem function, and habitat fragmentation has been identified as one of 

the greatest threats to biodiversity worldwide (Botequilha Leitão and Ahern 

2002; Leitão et al. 2006; Lindenmayer and Fischer 2006; Haddad et al. 2015) 

Landscape fragmentation is often caused by conversion to human land cover 

such as urban centers and transportation networks. Landscape ecology metrics 

are well-established tools to measure change in landscape pattern and 

landscape fragmentation in particular (O’Neill et al. 1988; Turner 1990; 

Haines-Young et al. 1993; Hargis et al. 1998; Botequilha Leitão and Ahern 

2002; McGarigal 2002; Uuemaa et al. 2009). It is worth noting that landscape 

metrics are also known as spatial metrics when taken out of the landscape 

ecology context according to Herold et al. (2005) who define them as 

“measurements derived from the digital analysis of thematic-categorical maps 

exhibiting spatial heterogeneity at a specific scale and resolution.” When 

applied to multi-temporal datasets, they can be used to describe and analyze 

change in degree of spatial heterogeneity over time (Dunn et al. 1991) and 

constitute an indicator useful for monitoring environmental impact from 

urbanization since changes in spatial heterogeneity affect how a landscape 

functions as an ecological unit (Turner 1989).  
 

A number of different sets of metrics, based on the work of O’Neill et al. 

(1988), have been developed, tested and revised (McGarigal and Marks 1995; 

Riitters et al. 1995; Hargis et al. 1998). However, many researchers have urged 

caution in the use of landscape metrics, because they are often strongly 

correlated and can be confounded (Li and Reynolds 1994; McGarigal and 

Marks 1995; Botequilha Leitao and Ahern 2002; Leitao et al. 2006). Li and 

Wu (2004) point out the variable responses of certain landscape indices to 

changes in classification scheme as well as the difficulty in interpreting them 

since they often represent more than one aspect of spatial pattern. They stress 

that simple metrics such as patch size, edge, inter-patch distance and 

proportion are more likely to generate meaningful inferences. Proportion of 

natural areas is one of the main indicators of the City Biodiversity Index 

(Secretariat of the Convention on Biological Diversity 2013), a self-

assessment tool that allows cities to monitor progress in their biodiversity 

conservation efforts.  

 

Landscape metrics derived from remote sensing data have been used to assess 

the impact of disturbances and land-use changes on the environment (Uuemaa 

et al. 2013; and e.g. Narumalani et al. 2004; Li et al. 2005; Kamusoko and 

Aniya 2007; Long et al. 2010) and to characterize patterns of urban growth 

(Reis et al. 2014; and e.g. Herold et al. 2003; Herold et al. 2005; Wu et al. 
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2011). Lausch et al. (2015) have found that high hemeroby (low naturalness 

and high human pressure on landscapes) reduces heterogeneity in space and 

time within patterns and that the patch matrix model, which constitutes the 

framework for calculation of landscape metrics, is particularly suited for 

analysis of these kinds of, most notably urban, landscapes. A substantial body 

of research continues to explore the dynamics between changes in the 

environment in response to urban expansion with the help of landscape 

metrics. One project that undertook this task is the Urban Environmental 

Monitoring or 100 Cities Project (Wentz et al. 2009). Research efforts in this 

specific area include Zhang et al. (2011) who used landscape metrics to 

analyze and evaluate scenario-based simulation results of urban expansion in 

Shanghai, Gao et al. (2012) who used landscape indices to assess change in 

ecological security in nine cities in the Pearl River Delta and Su et al. (2012 

and 2014) who employed landscape metrics to gauge the impacts of 

urbanization on an eco-regional scale. Gbanie et al. (2018) employed them in 

pre- and post-war periods to examine fragmentation due to urbanization 

driven by internally displaced persons in Sierra Leone. Hernández-Moreno et 

al. (2018) utilized landscape metrics to assess the impact of urban expansion 

on green infrastructure in seven Chilean cities over three decades. Dobbs et 

al. (2018) used them along with other indicators to study the spatio-temporal 

patterns of ecosystem services and changes in their provision due to 

urbanization in two major Latin American cities, also over a 30-year period.  

 

2.2.2 Remote sensing and the use of ecosystem service 

indicators 

 

Anthropogenic influence and impact on the condition and quality of natural 

and semi-natural environments has increasingly been assessed and presented 

in terms of ecosystem services, which can be defined as the benefits that 

humans derive from ecosystems (MA 2005), mainly in order to make them 

more “visible” and more easily integrated into and accounted for in policy 

decision making processes. Studies examining their definition, categorization 

and measurement have been underway since the early 1990s (De Groot 1992; 

Costanza et al. 1997; Daily 1997). Various efforts to map, model and assign 

measurable values to ecosystem services at the landscape level were the 

subject of later research (De Groot et al. 2002; Troy and Wilson 2006; 

Willemen et al. 2008; Burkhard et al. 2009; Nelson et al. 2009; Tallis and 

Polasky 2009). Development of a standardized ecosystem service 

classification system and valuation approach for decision-making became a 

priority. The Millennium Ecosystem Assessment (MA 2005) proposed a 

widely used classification system of ecosystem services under the headings of 

supporting, regulating, provisioning and cultural services. The Economics of 
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Ecosystems and Biodiversity (TEEB) initiative was launched in 2007 to offer 

a structured approach to valuation of ecosystem services and biodiversity for 

policy makers (European Communities 2008). The Common International 

Classification of Ecosystem Services (CICES) system was published in 2013 

and has recently been revised (Haines-Young and Potschin 2018). Using 

CICES for typology, Maes et al. (2016) presented an analytical framework 

and proposed indicators for assessing the state of ecosystem services in the 

European Union.  

 

Urban areas rely heavily on ecosystem services to meet the needs of the 

populations they contain and yet the expansion of urban regions can have 

serious detrimental effects on ecosystem services provided by the surrounding 

natural landscape (Alberti 2005; Seto et al. 2012; Newbold et al. 2015). 

Bolund and Hunhammar (1999) were among the first to apply the concept of 

ecosystem services specifically to urban areas and Haase et al. (2014) and 

Luederitz et al. (2015) have performed quantitative reviews of urban 

ecosystem service assessment research. Urban ecosystem services such as air 

filtration, microclimate regulation, water regulation, waste treatment and 

recreational/cultural values are important because of their direct effects on 

human health and security (Bolund and Hunhammar 1999; Gómez-Baggethun 

et al. 2013).  

 

Remote sensing data has increasingly been used to gauge the extent and 

condition of ecosystem services. Feng et al. (2010) outlined the use of remote 

sensing to monitor land cover, biodiversity and carbon-, water- and soil-

related ecosystem services and noted that monitoring can be done directly, 

indirectly or in combination with ecosystem models. Alcaraz-Segura et al. 

(2013) reviewed the use of remote sensing to quantify and monitor ecosystem 

services, particularly in relation to carbon and water cycles, biodiversity and 

energy balance. De Araujo Barbosa et al. (2015) summarized remote sensing 

variables used in the assessment and valuation of ecosystem services and 

Andrew et al. (2015) reviewed and identified information needs for spatial 

assessments of ecosystem services. Recently, there has been more research 

interest and specific efforts to map and/or monitor urban ecosystem services 

based on or in connection to remote sensing data (e.g. Lakes and Kim 2012; 

Raciti et al. 2014; Haas and Ban 2017; Dobbs et al. 2018). 

 

Land cover figures as one of the most oft used remotely sensed ecosystem 

service indicators (de Araujo Barbosa et al. 2015). The use of land cover as a 

proxy measure of ecosystem services is possible thanks to its multiple linkages 

to a range of services such as watershed protection and carbon storage 

(Konarska et al. 2002). Several approaches for analyzing change in ecosystem 

services from land cover have emerged, including monetary valuation and 

bundling. With the former, the services provided by the ecosystem present in 
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each land-cover type are identified and assigned an areal monetary value 

based on calculations and previous research, and these are summed based on 

the extent of the particular land cover (Ayanu et al. 2012, e.g. Costanza et al. 

1997; Wu et al. 2013). In this way, land-cover change can function as an 

indicator of change in ecosystem value and to some extent condition. But the 

question of how to assign value to ecosystem services is challenging and the 

focus of much research and debate (Costanza and Folke 1997; Ludwig 2000; 

Turner et al. 2003; Chee 2004; De Groot et al. 2010; Turner et al. 2010; 

Davidson 2013; Costanza et al. 2017). Ecosystem service bundling most often 

focuses on the spatial coincidence of delivery of a range of services (Berry et 

al. 2016). Mapping these provides a basis for assessment (e.g. Nelson et al. 

2009), the analysis of which can be enhanced with additional datasets such as 

biophysical properties (Van der Biest et al. 2014) or level of regulation or 

accessibility of areas (Itkonen et al. 2015). A relatively new development in 

remote sensing based assessments of urban ecosystem services in connection 

to land cover is the mapping and importance of urban green spaces and green 

infrastructure (Derkzen et al. 2015; Calderón-Contreras and Quiroz-Rosas 

2017; Kopecká et al. 2017; Banzhaf et al. 2019). Green infrastructure can 

be defined as a network of natural and semi-natural areas managed and 

designed to deliver a wide variety of ecosystem services (European 

Commission 2013). Changes in the spatial attributes of ecosystem service-

providing land cover, such as green infrastructure, in urban areas have not 

often been examined and there is opportunity for further research in this area 

(Frank et al. 2012; Haas and Ban 2018). Multi-temporal remote sensing-based 

urban land-cover classifications provide a basis for assessment of these 

environmental spatial changes and estimation of their influence on ecosystem 

service provision. 

 

2.2.3 Connectivity analysis to assess environmental impact 

 

Certain landscape metrics provide the possibility to evaluate landscape 

connectivity, and connectivity measures comprise a central City Biodiversity 

Index indicator (Secretariat of the Convention on Biological Diversity 2013). 

Habitat connectivity plays a significant role in biodiversity conservation due 

to its effect on meta-population dynamics (Hanski et al. 2008). Network 

analysis of landscape connectivity offers the possibility to examine the 

configuration and interconnections of habitat patches and their relative 

importance for maintenance of biodiversity. Graph-theoretic approaches to 

modeling landscape connectivity, which respresent the landscape as a set of 

nodes (habitat patches) and links (connecting elements), have been developed 

(e.g. Urban and Keitt 2001; Estrada and Bodin 2008; Bodin and Zetterberg 

2011) and increasingly used in conservation planning and ecological 



 35 

assessments (e.g. Zetterberg et al. 2010; Saunders et al. 2016; Huang et al. 

2018). Of the many graph-theoretic indices available, the probability of 

connectivity index (PC) has characteristics that make it well-suited to 

assessment of functional connectivity across a range of scales. PC is based on 

a probabilistic connection model and its value is defined as the probability that 

two randomly selected habitat patches are connected based on the defined 

dispersal behavior and the structure of the landscape in question. Saura and 

Pascual-Hortal (2007) developed the index and compared it to other landscape 

indices and their respective detection capabilities, where it performed well. 

Saura and Rubio (2010) further conceptually developed this index and 

demonstrated its flexibility in analysis by showing how it can be separated 

into three component fractions representing different ways in which a node 

can contribute to habitat availability in the network. The PC index has since 

been increasingly used in landscape ecological assessments (e.g. Perez-

Hernandez et al. 2015; Herrera et al. 2017; Diniz et al. 2018). It is applied in 

Paper V to assess changes in habitat availability and connectivity for a 

representative species dependent on coniferous forest in Stockholm City.  

 

2.3 Stockholm green infrastructure monitoring 

 

Four out of five of the articles in this thesis relate directly to the Stockholm 

area and consultation with local and regional planning authorities in 

Stockholm has influenced research choices in some of the work. This section 

provides context for the Stockholm related research and an overview of 

management approaches for and monitoring of green infrastructure in this 

metropolitan region. 

 

Regional green structure assessments by planning authorities in Stockholm 

began appearing in the 1980s and 90s (e.g., Stockholms Läns Landsting 

Regionplanekontoret 1985, RTK 1992b and 1996). Since then and with the 

advent of more readily available remote sensing data and advances in mapping 

and GIS techniques, several spatial urban environmental and ecological 

studies in Stockholm have been undertaken at the municipal level (e.g. 

Löfvenhaft et al. 2002 and Lundberg et al. 2008) and at the regional 

metropolitan level (e.g. Mörtberg and Wallentinus 2000 and Colding et al. 

2003). Fewer studies have been performed at the county level and beyond 

(e.g., Karlson and Mörtberg 2015; Ekologigruppen 2017).  

 

In 2003, the Stockholm Urban Assessment (SUA) was selected as a sub-global 

assessment example within the global Millennium Ecosystem Assessment. A 

main objective of more recent SUA research is to raise awareness among 

planners and policy makers of the role that Stockholm green structure plays in 
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generating ecosystem services. Both the SUA and its revisitation in 2013 were 

based on a study area that encompasses the urban metropolitan core of 

Stockholm but that represents only 15% of the total land area of Stockholm 

County (Colding 2013). While there is considerable political will to preserve 

green structure in the Stockholm region, both studies state that it continues to 

be steadily reduced and fragmented by urban expansion (Colding et al. 2003; 

Colding 2013). Colding (2013) acknowledges that there is a lack of data on 

how much green structure has been lost in the most recent decades (i.e. since 

the 1990s) and Colding et al. 2003 and Borgström 2003 emphasize the 

importance of shifting the management/research perspective from the local to 

the regional landscape scale. Hence, there is a need for recent and reliable 

information on urban expansion-induced loss of green structure in Stockholm, 

particularly at the county level. 

 

In response to the Swedish government’s recently adopted requirements 

regarding planning for green infrastructure, the Stockholm County 

Administrative Board (SCAB) drafted a green infrastructure action plan. One 

of the key considerations when it comes to evaluating and planning for 

Stockholm’s green infrastructure is change in relation to forests, specifically 

the loss of valuable core areas or important links due to clear cuts or 

exploitation (SCAB 2018). Analysis of core areas and ecological corridors for 

both coniferous/mixed and broadleaved/deciduous forests was performed as a 

basis for the draft action plan’s conclusions and recommendations pertaining 

to forested areas by Ekologigruppen AB (2017). In 2018, the Stockholm 

County Growth and Regional Planning Administration (TRF) produced a new 

regional development plan, known as RUFS 2050; the previous plan being 

valid for 2010. In the regional development plans, a network of 10 green 

wedges, which follow the urban structure from the outskirts of the 

metropolitan area in towards the center of Stockholm, represent the region’s 

green infrastructure. These large green areas provide flora and fauna with 

habitat and the possibility of dispersal as well as many of the region’s 

ecosystem services (TRF 2018). The first regional plan for Stockholm 

appeared in 1958, but the concept of green wedges was not introduced until 

the mid-1980s (Stockholms Läns Landsting Regionplanekontoret 1985) and 

began to receive more planning attention and evaluation in the early 1990s 

(Regionplane- och Trafikkontoret 1992a and 1992b). They continue as a 

central environmental planning and conservation component in each new 

regional plan. 

 

The draft regional green infrastructure action plan, the SUA and other 

Stockholm planning actors via meetings and conferences (e.g., IALE 2017) 

have expressed the need to “see beyond” administrative boundaries which 

most often do not coincide with ecoregion boundaries. Much of the planning 

process in the Stockholm region happens on the municipal level but 
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municipalities often have difficulty in obtaining a clear, wholistic picture of 

factors that cross city boundaries. The regional action plan points out 

specifically that green connections and valuable areas that cross municipal 

boundaries need to receive more planning attention so that the functions and 

value of the green wedges in particular do not disappear (SCAB 2018). 

Comparison of classified remotely sensed urban land-cover data with 

administrative boundaries and significant green infrastructure can reveal these 

transboundary “hotspots.”  

 

On a local level, the City of Stockholm has invested in the development of 

geographic information about the significance of its green infrastructure in 

order to facilitate the integration of landscape ecological aspects of 

biodiversity into planning and environmental assessment. The environmental 

management department of Stockholm City commissioned local researchers 

(Mörtberg et al. 2006 and 2007) to develop landscape ecological assessment 

tools and materials, and the results include habitat network geographic 

datasets for representative focal species in the Stockholm region developed 

based on available environmental geographic data and expert knowledge-

based ecological profiles. Likely impacts on the habitat networks were 

estimated based on a then current city planning scenario. Following creation 

of the habitat network datasets, Stockholms City’s environmental 

management department developed a geographic dataset representing 

ecologically significant areas in the municipality (Miljöförvaltningen 2014). 

This dataset was created based on the different representative habitat networks 

and on the city’s other geographic environmental information sources such as 

the oak database, the city biotope map and the sitings database for red listed 

species (ArtArken). Ecologically significant areas in the dataset are divided 

into three categories, referred to as ecologically significant 1) core areas, 2) 

habitat for species of conservation concern and 3) dispersal zones. The 

ecological qualities of core areas mean that they are often home to a wide 

variety of plant and animal life and play an important role in maintaining 

ecosystem function. Habitat for species worth protecting is based on location 

information from the sitings database for red listed species and their habitat 

requirements. Dispersal zones are areas important for the movement of species 

between habitat patches or core areas. 

 

An important resource in planning for future urban development is 

understanding how regional land cover has changed and how urban areas have 

developed in the past. This presupposes the ability to compare urban areas 

historically in order to identify and understand the trends of urban growth in 

a metropolitan region. However, more often than not, available information 

and historical and current datasets pertaining to urbanization are incomparable 

due to the differing methods and data sources used to produce them. For 

example, Statistics Sweden, the government body responsible for official 
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statistics, cautions that its areal statistics for built-up areas and land use per 

county for the year 2010 “are not comparable with statistics published in 

earlier editions of the statistical yearbook due to changes in methods and data” 

(Statistics Sweden 2014). Consistent methodology and data sources are 

fundamental to long-term studies of urban development but are often in reality 

not feasible due to lack of available data or changes and advances in 

technology which render new and improved results incomparable to earlier 

ones. Change analysis based on remotely sensed urban land-cover 

classifications possesses the advantage of uniform methods and like data 

sources that ensure spatio-temporal comparability. 

 

 

3 Study areas and data description 
 
Environmental impact from urbanization was examined at three different 

spatial scales in this research. A regional extent (roughly 6 000 to 7 000 km2) 

characterized the study areas of the Greater Toronto Area, Canada, Stockholm 

County, Sweden and Shanghai, China. The metropolitan area was also 

examined in Stockholm (roughly 2 000 km2) and the final study involved more 

detailed analysis over the City of Stockholm (municipal, approximately 200 

km2). 

 

Table 1 provides summarized information on the multispectral remote sensing 

data used and Table 2 provides an overview of geographic datasets used for 

each study in the thesis. 
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Table 1   Overview and characteristics of the multispectral data used in each 

study 
Paper 

nr 

Study Area Mission Bands used 

(res.) 

Scenes Date/Year 

I Greater Toronto 

Area 

Landsat 5 TM R, NIR, 

SWIR (30m) 

6 1985, 1995, 

2005 

II Stockholm 

metropolitan 

area 

SPOT-1/-5 G, R, NIR 

(20/10m) 

4 1986, 

2006/2008 

III Stockholm 

County and 

Shanghai 

Landsat 5/7 

TM/ETM+ 

R, NIR, 

SWIR (30m) 

12 1989/1990, 

2000/2002, 

2009/2010 

IV Stockholm 

County 

Sentinel-2A 2-8A, 11, 12 

(10m) 

1 August 23, 

2015 

IV Stockholm 

County 

SPOT-5 G, R, NIR, 

SWIR (10m) 

10 2005-2008 

V Stockholm City WorldView-2 B, G, R, NIR 

(0.5m) 

2 July 4, 2018 

V Stockholm City QuikBird-2 B, G, R, NIR 

(0.6m) 

2 2003/2005 

 

 
Table 2   Overview of the geographic datasets used in each study 

Paper 

nr 

Study Area Geographic dataset Source/Provided by 

I Greater Toronto 

Area 

Oak Ridges Moraine 

boundary 

Geological Survey of 

Canada 

I Greater Toronto 

Area 

Regional watershed 

boundaries;  

Environmentally significant 

areas 

Toronto Region and 

Conservation Authority 

II Stockholm 

metropolitan 

area 

Outdoor noise levels in 

Stockholm County 

Stockholm Regional and 

Traffic Planning Authority 

IV Stockholm 

County 

Nature reserves; 

Deciduous ecocorridors 

Stockholm County 

Administrative Board 

(Länsstyrelsen) 

IV Stockholm 

County 

RUFS green wedges, core 

areas and green weak links 

Stockholm Growth and 

Regional Planning 

Administration (TRF) 

V Stockholm City Ecologically significant 

green infrastructure; 

Crested tit habitat 

Stockholm City 

Environmental 

Management Department 

(Miljöförvaltningen) 
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3.1 Greater Toronto Area 

 
The Greater Toronto Area (GTA) is the most populous metropolitan area in 

Canada and is one of the fastest growing urban areas in North America. The 

GTA’s population grew by roughly 1.75 million between 1985 and 2005 to 

reach a total of 5.5 million. Located on the northwest shore of Lake Ontario 

with an area of 7 125 km2, it includes Metropolitan Toronto and four other 

regional municipalities (Durham, Halton, Peel and York) with a combined 

population of about six million. The Oak Ridges Moraine (ORM), an 

environmentally significant and sensitive area that lies north of Toronto, 

covers an area of 1 900 km2, is the largest glacial remnant in Ontario and acts 

as a groundwater recharge/discharge area for approximately 65 watercourses. 

In addition to its importance for water quality in the region, the ORM contains 

most remaining natural areas in the GTA bio-region including forests, 

wetlands, and various plant and animal species, and provides for most of the 

recreational opportunities for the GTA’s significant population (Government 

of Ontario 2019; Richmond Hill 2019). Yet the increase of built-up areas on 

the ORM has raised concern pertaining to water quality and quantity. 

Increased water withdrawal and contamination could impact those living in 

the GTA, fisheries, wildlife and conservation. Future urban growth within the 

surrounding municipalities could have significant impact on the important 

resources that the ORM provides and on the overall environmental quality of 

the region.  

 

Landsat 5 TM imagery with 30 m spatial resolution was acquired from three 

different years for the GTA study: 18 July and 12 August 1985, 30 July and 

24 August 1995, and 2 and 25 July 2005. Two scenes (adjacent orbit paths) 

were necessary for each year in order to obtain coverage of the whole GTA. 

Images from summers acquired on near anniversary dates/months were 

selected to provide the maximum differentiation of major land-cover classes 

and comparable classification results from various years. The major land-

cover classes in the area are: water, forest, golf courses, agriculture, low-

density built-up (residential areas), high-density built-up (including roads and 

industrial areas), construction sites and parks/grassy fields. The study area 

over the GTA is approximately 7 600 km2 and is outlined in yellow in Figure 

3. 
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Figure 3   2005 Landsat TM images and study extent of the Greater Toronto Area 

(Red: TM4, Green: TM5, Blue: TM3) shown with regional municipal boundaries in 

yellow, the Oak Ridges Moraine outlined in white and TRCA watersheds (within 

which environmentally significant areas were designated) outlined in dark gray. 

3.2 Stockholm County, metropolitan area and City 

 

Sweden’s capital, Stockholm, is located on the country’s east coast and 

includes a large archipelago extending into the Baltic Sea. Stockholm 

municipality covers land area of around 188 km², while Stockholm County 

covers 6 519 km² (Stockholms stad, 2018). The Stockholm County landscape 

is characterized by its green wedges, which make up the majority of the 

region’s green infrastructure which in turn plays a crucial role in providing the 

region’s ecosystem services. The first to receive the Green Capital Award 

from the European Union in 2010, Stockholm is often cited as a city that leads 

in sustainable urban development and in preserving the balance between its 
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green and built-up spaces (Metzger and Olsson 2013; Nelson 2006). Over the 

past few decades, there has been substantial urban growth in Stockholm, now 

the largest city in Scandinavia. Growth in the area is due mainly to the 

increasing population, which rose by 22% between 2000 and 2015 in 

Stockholm County. Urbanization due to population increase and the demand 

for new housing is placing pressure on the natural environment such as the 

green wedges in and around Stockholm. The regional planning authorities 

presently have a goal of creating 22 000 new dwellings each year up to 2030 

(TRF 2018).  

 

Four separate investigations of the Stockholm area have been performed. They 

are based on different types of remote sensing imagery and examined different 

study area extents, which will hereafter be referred to as the Stockholm 

metropolitan area (study area in Paper II), Stockholm County (one of two 

study areas in Paper III and the study area in Paper IV) and Stockholm City 

(study area in Paper V). Paper II presents the results from the first SPOT 

image-based Stockholm investigation. Two scenes of SPOT-1 and two scenes 

of SPOT-5 imagery with green, red and near-infrared bands over the 

Stockholm area were acquired for this study: two on 13 June 1986, one on 5 

August 2006 and one on 4 June 2008. The images were selected from the peak 

of the vegetation growth season to maximize the spectral differences between 

built-up areas and vegetation and to avoid detection of unreal changes caused 

by seasonal differences between years. Two scenes from 2006 were sought 

but an appropriate 2006 growing season image over the northern parts of 

Stockholm County was not available. The scene from 2008 is therefore used 

as a substitute. The SPOT imagery from 1986 was from SPOT 1 with a 

resolution of 20 m, while that of 2006 and 2008 was from SPOT 5 with a 

resolution of 10 m.  

 

3.2.1 Stockholm metropolitan area  

 

The study area in Paper II is based on the extent of the satellite images and, 

excluding an edge buffer, includes all or part of the territory of 18 

municipalities in Stockholm County (see left-hand image in Figure 4). The 

total land area covered by the satellite images is approximately 2 220 km2. For 

this study, the major land-cover classes are low-density residential areas 

(LDB), high-density residential built-up areas (HDB), industrial/commercial 

areas, forest, open land, forest and open land mixed, and water. The HDB class 

is unique since much of the high-density built-up areas in the city center of 

Stockholm are composed of buildings that have businesses on the ground floor 

but residences on the upper floors. Therefore the HDB areas classified in the 

center of Stockholm do include some commercial areas, which could at the 
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same time be classified as residential. In contrast, the industrial/commercial 

class includes, for example, industrial park areas as well as shopping centers. 

 

 

Figure 4  Study area extents from Papers II, III, IV and V: To the left, the Stockholm 

County municipalities included in the study in Paper II are outlined in white and 

labeled in yellow with 2006 and 2008 SPOT-5 imagery as backdrop. To the right, the 

boundary of Stockholm County is outlined in yellow with 2009/2010 Landsat ETM+ 

imagery as backdrop. The County line is the extent of the study area in Papers III and 

IV. Stockholm City, the study area in Paper V, is outlined in white in the right-hand 

image. 

 
A number of geographic datasets were collected from several national and 

regional Swedish sources for this study, namely Lantmäteriet (The Swedish 

National Land Survey), Regionplanekontoret Stockholms Läns Landsting 

(RTK) and Storstockholms Lokaltrafik (SL). These included data on land 

cover and transportation networks (Lantmäteriet), public transport 

stops/stations (Lantmäteriet and SL), and large parks and noise-disturbed 

areas (RTK). This data was used in the construction of environmental 

indicators for the greater Stockholm area. 
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3.2.2 Stockholm County  

 

Stockholm County, which covers nearly 7 000 km2 (excluding water), is the 

basis for the study area of the second and third Stockholm investigations 

described in Papers III and IV (see the right-hand image in Figure 4). In Paper 

III, six scenes of Landsat 5 and 7 imagery, two for each decade to cover the 

entire Stockholm County area, were acquired: two on 7 July 1989, and one 

each on 24 September 2000, 4 August 2002, 28 June 2009 and 24 June 2010. 

In some cases, the difference in image dates is not exactly 10 years but can 

deviate up to two years due to the fact that there are no images available at the 

same anniversary or that images that lie closer to the decennial anniversary 

suffer from high cloud cover. The images are acquired in the same vegetation 

period from May to September and are considered the most suitable Landsat 

images for the purpose of the study. The major land-cover classes in the area, 

given the type of imagery and classification technique employed in this study, 

are low-density residential areas (LDB), high density built-up areas (HDB) 

including industrial/commercial areas, forest, agricultural/open land, 

parks/urban green areas, and water. 

 

The study area in Paper IV is Stockholm County, which contains 26 

municipalities including Stockholm city (see Figure 5). The total analysis area 

is roughly 13 790 km2, of which land area is approximately 6 690 km2. The 

major land-cover classes for this study are similar to those of the others but 

expanded thanks to the higher spatial and spectral resolutions of the data used: 

high-density residential/commercial built-up areas (HDB), roads/railway, 

low-density built-up areas (LDB), urban green space, golf courses, forest, 

agriculture, bare rock/clear cut areas, wetlands and water. Some of the above 

land-cover classes can benefit from further explanation. HDB in this study 

over Stockholm County also includes industrial, commercial or construction 

areas such as industrial parks or shopping centers more likely to be found on 

the outskirts of urban areas. The roads/railway class also includes airport 

runways. The LDB land-cover class for Stockholm is characterized by 

suburban residential areas with vegetation around or between buildings. Prime 

examples of urban green space are city parks or sports fields, but the class also 

includes any otherwise undesignated green area in or around urban areas. The 

eastern part of the Stockholm County region is characterized by the 

archipelago with its more than 30 000 islands. Stockholm City itself is 

partially built on a group of islands. Thus, part of the natural geomorphology 

of this region includes frequent occurrence of bare rock outcroppings 

especially along the coast. The bare rock/clear cut class takes into account 

these outcroppings as well as clear cut formerly forested areas which often 

expose a mix of the bare rock/soil land surface underneath. 
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Figure 5  Study area from Paper IV: Stockholm County and municipality boundaries 

are outlined in yellow and white respectively. Municipalities are labeled in yellow. 

Green wedges and nature reserves located within the county are also shown with 

Sentinel-2A imagery from August 23, 2015 as backdrop. 
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The remotely sensed data used in Paper IV comes from the Sentinel and SPOT 

satellite systems. A single Sentinel-2A MSI image at product level 1C 

captured on August 23, 2015 and covering the majority of the geographic area 

of Stockholm County was acquired and used in classification. It was necessary 

to acquire ten scenes of SPOT 5 imagery at product level 1A in order to cover 

the whole of Stockholm County. For some sections of the county over which 

no suitable imagery from 2005 could be found, good quality SPOT imagery 

from the summer months of the closest year possible were used. The dates of 

the ten images are as follows: 16 June 2005 (2 images), 2 July 2005 (1 image), 

11 July 2005 (1 image), 2 September 2005 (1 image), 5 August 2006 (1 

image), 23 May 2007 (1 image), 4 June 2008 (2 images) and 19 September 

2008 (1 image). The 2005 imagery covers approximately 50% of the study 

area, 2006 and 2007 imagery cover about 10% each and the imagery from 

2008 covers roughly 30%. The images were selected from the full vegetation 

growth season to maximize the spectral differences between built-up areas and 

vegetation and to thereby reduce detection of unreal changes caused by 

seasonal differences between years. The G, R, NIR and SWIR bands of the 

SPOT 5 satellite imagery, which have 10m spatial resolution, were used for 

segmentation and classification. The B, G, R and NIR bands of Sentinel-2A 

have 10 meter spatial resolution while the four red edge bands (5, 6, 7 and 8a) 

and the two SWIR bands (11 and 12) have 20 meter spatial resolution.  

 

3.2.3 Stockholm City  

 

Stockholm City, which contains 14 city districts (see Figure 6), is the study 

area in Paper V. The total area included in the analysis of this study is 

approximately 216 km2, of which land area is approximately 189 km2. The 

major land-cover classes in the region are buildings, transport/construction, 

urban green structure, grass/open fields, coniferous forest, deciduous forest, 

rock outcrop, barren land/soil, agricultural land, wetlands and water. The 

transport/construction class includes roads, railway, airport runway and 

pavement in general, as well as construction and industrial extraction sites. 

Prime examples of urban green structure (UGS) are city parks, allotment areas 

or gardens, but the class also includes any otherwise undesignated green area 

composed of a mix of trees, shrubs and grass in or around urban areas. Part of 

the natural geomorphology of the Stockholm region includes frequent 

occurrences of bedrock outcroppings especially along the coastline. The rock 

outcrop class takes into account this geomorphological trait.  
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Figure 6  The Stockholm City study area used in Paper V. District boundaries are 

outlined in white and labeled in yellow. The three types of ecologically significant 

green infrastructure are shown in different shades of blue with WorldView-2 imagery 

from July 4, 2018 as backdrop. (Satellite image courtesy of the DigitalGlobe 

Foundation) 

 

 

Two WorldView-2 (WV-2) images at product level Standard 2A captured on 

July 4, 2018 and covering slightly more than the geographic area of Stockholm 

City were acquired for classification. Two scenes of QuickBird-2 (QB-2) 

images at product level Standard 2A captured on June 14, 2003 (covering 

approx. 90% of Stockholm City) and September 6, 2005 (covering approx. 

10% of Stockholm City) were also acquired. Efforts were made to obtain 

images from the full vegetation growth season to maximize the spectral 

differences between built-up areas and vegetation and in order to avoid 

detection of non-permanent changes caused by seasonal differences. The same 

four multispectral bands from both sets of imagery were used for segmentation 

and classification, namely the blue, green, red and near infrared bands. Only 

four of the eight multispectral bands available in the WV-2 data were used in 
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order to reduce processing time and to not exceed computer memory 

constraints as well as to match the spectral input for the segmentation and 

classification of the 2003 QB-2 imagery. 
 

3.3 Shanghai 

 

Shanghai is located on the eastern seaboard of China and is a major financial 

center for the country. Greater Shanghai is also a productive agricultural area 

(Zhang et al. 2011). Population growth in the region has been tremendous over 

the past few decades, with an increase of 72% between 1990 and 2010. From 

23.03 million in 2010, its total population is expected to reach 28.4 million by 

2025 (United Nations 2012). The rapid urbanization that has accompanied this 

impressive growth has put pressure, specifically in the form of pollution, on 

the surrounding ecosystem (Ren et al. 2003).  

 

One of the two study areas in Paper IV is the total area of Shanghai, which 

measures about 6 340 km2. Land cover types in this region include HDB areas, 

commercial and industrial areas, ports, airports and residential areas. 

Agriculture tends to border the urban areas, with strips of rural areas including 

villages and farms. There are varying forms of water such as sea, lakes, rivers, 

aquacultures and wetlands. Trees and forests tend to be scarce and connected 

stands are found almost exclusively in managed urban parks. 

 

Landsat was chosen as image data for the joint study over Stockholm and 

Shanghai given its standardized high quality and immediate availability. Here 

again six scenes of Landsat 5 and 7 imagery, two for each decade to cover the 

entire Shanghai area, were acquired on the following dates: 18 May 1987, 11 

August 1989, 14 June 2000, 3 July 2001, and two on 17 July 2009.  

 

 

4 Methodology 
 

Each study presented here was composed of several methodological steps 

ranging from pre-processing of satellite imagery to calculation of 

environmental indicators based on classification results. The general approach 

in each research was to process the imagery, classify it, assess classification 

accuracy, calculate environmental indicators and indices and evaluate the 

results. Figure 7 illustrates how the image processing and classification 

methodologies compare for each study area. The flowchart in Figure 8 

compares environmental indicator calculation for each study area. 
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Figure 7  Flowchart comparing image processing and classification methodologies 

for each study area 

 

4.1 Image processing 

4.1.1 Image pre-processing 

 

Satellite images for the Greater Toronto Area and Stockholm metropolitan 

area studies (Papers I and II) were geometrically corrected with the help of 

regional topographic maps based on at least eight GCPs for each image and 

with a root-mean-square error of one third of a pixel or lower. The 

Stockholm/Shanghai Landsat imagery (Paper III) did not require geometric 

correction since it was issued by the Global Land Survey in the most 

appropriate coordinate system for the study. Each pair of scenes was then 

mosaicked using neighborhood color balancing. With regard to imagery used 

in Paper IV, Sentinel-2 Level 1C images are radiometrically and geometrically 

correct when delivered and the only pre-processing step necessary was pan-

sharpening of the 20 m resolution spectral bands (5-7, 8a, 11, 12) to 10 m. 

Since level 1A processing of SPOT imagery includes radiometric but not 

geometric correction, it was necessary to orthorectify each of the 10 SPOT 

images using GSD-Elevation data, grid 50+ nh (Lantmäteriet 2016) and the 

rational polynomial coefficients (RPC) provided within the image metadata. 

We performed RPC bundle adjustment using at least eight manually collected 

tie points for each SPOT image with reference to the Sentinel-2A image. As 
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to the imagery used in Paper V, processing standard 2A provides WV-2 and 

QB-2 images that are radiometrically corrected and orthorectified. Thus only 

two pre-processing steps were necessary. First, the WV-2 and QB-2 

multispectral bands (spatial resolutions: 2 m and 2.4 m respectively) were 

pansharpened to 0.5 m and 0.6 m respectively based on their panchromatic 

bands (Zhang 2002). Secondly, since two scenes of both types of imagery 

were required to cover the geographic area of Stockholm City, both pairs of 

images were mosaicked. Once these steps were completed, however, a slight 

shift (around 5-10 meters) due to a residual geolocation error was discovered 

between the QB-2 and WV-2 images. Given the higher geolocation accuracy 

of the WV-2 sensor (CE90 <3.5m) compared to the QB-2’s (CE90 23m) 

(DigitalGlobe 2014 and 2016), the WV-2 image was used as the reference 

image for co-registration which was completed with sub-pixel residual error 

and corrected the problem. 
 

4.1.2 Texture analysis  

 
Texture, or the spatial distribution of tonal variations in an image, can aid in 

the identification of objects or regions of interest in an image (Haralick et al. 

1973). Gray level co-occurrence matrix (GLCM)-generated texture features 

have been particularly useful in urban areas (Shaban and Dikshit 2001; Herold 

et al. 2003; Ban et al. 2015; Gamba and Aldrighi 2012). Haralick textural 

analysis was performed in all studies to improve classification accuracy. 

Based on trials and findings from past research (Baraldi and Parmiggiani 

1995; Clausi 2002), GLCM mean, standard deviation (variance) and 

correlation textures of the infrared band for the GTA (Paper I) and the red 

band for the Stockholm metropolitan area study (Paper II) were selected. For 

the Stockholm-Shanghai study (Paper III), variance was calculated on Landsat 

bands 4 and 5. For the Stockholm County classifications involving Sentinel-

2A and SPOT-5 data (Paper IV), trials revealed that a gray-level difference 

vector (GLDV) contrast feature calculated across all bands yielded better 

results than use of GLCM mean, contrast or standard deviation features 

calculated based on the red or near-infrared bands. GLDV was used for similar 

reasons as a feature in OBIA classification of the high-resolution data over 

Stockholm City (Paper V). 

 

4.2 Image classification 

 

There were four classification methods used in this research: 1) supervised 

pixel-based classification using the maximum likelihood classifier (MLC) 

algorithm with textural and spectral data inputs (parametric); 2) object- and 
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knowledge-based classification with textural and spectral data inputs (non-

parametric); 3) pixel-based support vector machine (SVM) classification 

(non-parametric) with textural and spectral data inputs; and 4) object-based 

SVM classification with shape, textural and spectral input features. These 

were selected progressively based on appropriateness for the study area, 

degree of prior knowledge and remote sensing data available, as well as the 

experience and degree of success of other authors in using them to conduct 

studies of land-cover change over metropolitan regions, as outlined in the 

literature review above. 

 

4.2.1 Maximum likelihood classification 

 

The maximum likelihood algorithm (MLC) was used to classify Landsat 

imagery based TM bands 3, 4 and 5 and the above-mentioned texture features 

for the GTA (Paper I). Eight land-cover classes were classified: water, forest, 

parks, golf courses, agriculture, HDB, LDB and construction sites. Eight 

different types of agriculture were initially classified and later aggregated to 

form the agriculture class. When issues of separability between certain urban 

vs. natural land-cover types arose, it was decided to create two broad land-

cover masks for rural and for urban areas and to perform two separate MLC 

classifications under these.  

 

4.2.2 Object-based image analysis and rule-based 

classification 

 

For the Stockholm study utilizing only SPOT (Paper II), the images were first 

segmented using eCognition based on several input data: spectral data, GLCM 

texture measures and a preliminary MLC of the SPOT data. The scale 

parameter was 20 and the homogeneity criteria were set at 0.1 for shape and 

0.5 for compactness. These parameters were selected based on trials and 

provided the most appropriate objects for classification in that they most 

closely represented discrete areas of the different land-cover types found in 

the region, namely water, LDB, HDB, industrial/commercial areas, forest, 

forest and open land mixed, and open land. The resulting objects were then 

classified sequentially into the major land cover types through the 

construction of rules based on the object’s mean value of various input data.  
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4.2.3 Support vector machine classification 

 

For the Stockholm-Shanghai study utilizing Landsat data (Paper III), an SVM 

classifier was used on bands 3, 4 and 5 plus the texture features mentioned 

above to identify the following land-cover classes in Stockholm: LDB, HDB 

(including industrial/commercial areas), forest, agricultural/open land, 

parks/urban green areas, and water. Urban and rural masks were subsequently 

used to correct the more consistent misclassifications, most often caused, in 

the case of Stockholm, by confusion between HDB and bare agricultural fields 

and between forest and LDB areas.  

 

4.2.4 OBIA SVM classification 

 

An object-based analysis approach combined with the SVM classifier was 

used to classify the Sentinel-2A and SPOT-5 imagery over Stockholm County 

(Paper IV) and the WV-2 and QB-2 scenes over Stockholm City (Paper V). 

Bands 1-8a, 11 and 12 from Sentinel-2A and all four SPOT 5 bands were used 

in segmentation and classification. For segmentation, scale parameters of 15 

for 2005 and 50 for 2015 were used and homogeneity criteria were set at 0.1 

for shape and 0.5 for compactness for 2005 and 0.7 for both criteria for 2015. 

Training samples were gathered for 19 different classes initially: 4 for HDB, 

1 for LDB, 3 for roads, rail and runway, 3 for UGS, 1 for golf courses, 2 for 

agriculture, 2 for forest, 1 for water, 1 for bare rock/clear cuts and 1 for 

wetlands. The classes were aggregated following classification. Various 

object features and classification algorithms were tested. The best results were 

obtained from the SVM classification algorithm trained with statistics from 

one textural, three shape (asymmetry, roundness and rectangular fit) and two 

spectral data features (mean and standard deviation of the above-mentioned 

spectral bands). Following classification, proximity and length thresholds, 

ancillary data and a set of rural masks were used to correct misclassification 

errors. 

 

Segmentation, feature extraction and classification of the high-resolution 

imagery (Paper V) was performed based on the B, G, R and NIR bands. For 

segmentation, scale parameters of 100 for 2003 and 125 for 2018 were used 

and homogeneity criteria were set at 0.1 for shape and 0.5 for compactness for 

both years. Training samples were gathered for 17 different classes initially: 

6 for buildings, 2 for transport/construction, 1 for UGS, 2 for grass/open fields, 

1 for coniferous forest, 1 for deciduous forest, 1 for bare rock, 1 for barren 

land/soil, 1 for water and 1 for shadow. Given their limited extent, wetlands 

and agricultural areas were masked in after classification. Spatial relationships 

between classes such as relative border thresholding were used to re-assign 
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shadow, and low-density urban and forest masks were used to correct 

misclassifications. 

 

To remove noise such as very small classification artifacts, all classifications 

were filtered using the sieve tool in PCI Geomatica with a filter size of a few 

pixels as a final processing step. 
 

4.3 Accuracy assessment 

 

Once the classifications were completed, accuracy assessments were 

performed using random sample vector points for verification of each land-

cover category. Overall accuracy, the Kappa statistic, and user’s and 

producer’s accuracies were calculated and used as accuracy measures. 

 

 

 
Figure 8 Flowchart comparing environmental indicator calculations for each study 

area 

 

4.4 Landscape metrics 

 

Based on the issues outlined in section 2.2.1 related to the use of landscape 

metrics, a core set of landscape metrics was selected for analyzing changes in 

each of the study locations. Table 2 provides a brief description of each of the 

metrics calculated in this research. Table 3 shows in which study area each 

metric was applied. 
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Table 3 Compiled set of landscape metrics used in the current research 
Landscape Composition 

Metrics 
Description 

Class Area Percentage 

(PLAND) 

The percentage or proportion of each class in the 

landscape. The Class Area (CA) calculated by 

Fragstats is divided by the total landscape area to 

obtain this percentage.  

Patch Density (PD) Number of patches per square kilometer 

Mean Patch Size (MPS) or 

Area-weighted Mean Patch 

Size (AMPS) 

(Area-weighted) average patch size of a class of 

patches 

Largest Patch Index (LPI) 

A simple measure of dominance; quantifies at the 

class level the percent of landscape area 

comprised by the largest patch. 

  

Landscape Configuration 

Metrics 
Description 

Mean Patch Shape Index 

(PSI_MN) or Area-weighted 

Mean Shape Index 

(AWMSI) 

(Area-weighted) average of the ratio of perimeter 

to minimum possible perimeter given the number 

of cells in the patch; measure of shape 

complexity. 

Area-weighted mean 

perimeter to area ratio 

(AWMPAR) 

The sum of the ratios of patch perimeter to area 

multiplied by proportional patch abundance 

Total Edge Contrast Index 

(TECI) 

Quantifies edge contrast (degree of contrast 

between a patch and its neighbors) as a 

percentage of maximum possible 

Contrast-weighted Edge 

Density (CWED) 

Measured in meters per hectare: CWED = 0 when 

there is no class edge in the landscape. CWED 

increases as the amount of class edge in the 

landscape increases and/or as the contrast along 

the class edges increases. 

Total Core Area (TCA) 

Core area represents the area in the patch greater 

than the specified depth-of-edge distance from the 

perimeter. TCA is an aggregation of core areas 

over all patches of the corresponding patch type. 

Area-weighted Mean 

Proximity Index (AMPI)  

Measures relative area-weighted distance between 

patches of the same class – measures degree of 

isolation of corresponding patch type 

Area-weighted Mean 

Similarity Index (AMSI)  

Also measures area-weighted distance but 

considers size, proximity and similarity of all 

patches within a specified search radius of the 

focal patch 

Cohesion  
Measures the physical connectedness of the 

corresponding patch type; cohesion increases as 
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the class becomes more clumped or aggregated in 

its distribution. 

Connectance index 

(CONNECT) 

Measures connectivity of the land-cover type and 

is defined based on the number of functional 

joinings between patches of the corresponding 

patch type, where each pair of patches is either 

connected or not based on a user-specified 

distance criterion. Reported as percentage of the 

maximum possible connectance given the number 

of patches in the land-cover class 

Contagion (CONTAG) 

A measure of the relative aggregation of different 

patch types at the landscape level: Contagion 

approaches 0 when the patch types are maximally 

disaggregated and interspersed. CONTAG = 100 

when all patch types are maximally aggregated; 

i.e., when the landscape consists of a single patch. 

Shannon’s Diversity Index 

(SHDI) 

A measure of diversity over the whole landscape. 

SHDI increases as the proportional distribution of 

area among patch types becomes more equitable. 

 

For the selection rationale for the metrics used with the GTA landscape, please 

refer to the Methodology section of Paper I. 

 

For the Stockholm research utilizing SPOT data, the difference in resolution 

of the images could compromise the comparability of metrics generated from 

them. While the creation of objects helps to reduce this risk, the seven original 

land-cover classes were further aggregated to three larger classes: urban, 

natural and water classes for generation of the metrics. The area-weighted 

shape metrics are used since they give more weight to larger patches. The 

influence of the original difference in resolution of the classifications might 

thereby be further minimized since larger patches are more likely to be 

agglomerations of objects rather than individuals. 

 

In regard to the metrics used in the Stockholm/Shanghai study (Paper III), the 

area-weighted mean metrics are used rather than their basic mean equivalents 

since they provide a landscape-centric perspective of landscape structure (they 

reflect the average conditions of a pixel chosen at random). This landscape-

centric perspective is best suited to this research since two different landscapes 

are being studied and compared. The contrast-weighted edge density index 

(CWED) is used for similar reasons (as opposed to using the total edge 

contrast index): the CWED standardizes edge to a per unit area basis that 

facilitates comparison between landscapes of different size. Edge is quantified 

from the perspective of its functional significance and thus landscapes with 

the same CWED would be presumed to have the same total magnitude of edge 

effects. 



 56 

 

For the selection rationale for the metrics used in construction of urban 

ecosystem service bundles for the Stockholm County landscape, please refer 

to section 4.3.1 of Paper IV. 

 

Table 4   Table indicating in which studies each landscape metric was used 

Landscape Metric Used in 
Class Area (CA) or  

Percentage of Landscape (PLAND) 
All studies 

Patch Density (PD) Papers I-III 

Mean Patch Size (MPS) or 

 Area-weighted Mean Patch Size (AMPS) 
Papers I and III 

Largest Patch Index (LPI) Paper III 

Mean Patch Shape Index (PSI_MN) or Area-

weighted mean shape index (AWMSI) 
Papers I-III 

Area-weighted mean perimeter to area ratio 

(AWMPAR) 
Paper II 

Total Edge Contrast Index (TECI) Paper I 

Contrast-weighted Edge Density (CWED) Papers III and IV 

Total Core Area (TCA) Paper IV 

Area-weighted Mean Proximity Index (AMPI) Paper I 

Area-weighted Mean Similarity Index (AMSI) Paper I 

Cohesion Papers III and IV 

Connectance index (CONNECT) Paper II 

Contagion (CONTAG) Papers I and III 

Shannon’s Diversity Index (SHDI) Paper IV 

 

4.5 Urban and environmental indicators and indices 

4.5.1 Greater Toronto Area 

 
In addition to landscape metrics, other indicators were also explored as a 

measure of spatial patterns of urban growth. In particular, indicators 

measuring urban compactness that are not dependent on patch shapes were 

considered useful. Three of the indicators used were developed by Kasanko et 

al. (2007a; 2007b), namely average weighted distance, co-central ring density 

and degree of settlements dispersion.  All five of the indicators calculated are 

presented in Table 4. For details of how these indicators were selected, used 

and calculated, please refer to the Methodology section of Paper I. 
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Table 5   Urban indicators used in the Greater Toronto Area study (Paper I) 
Urban Indicators Description 

Average Weighted Distance Indicator 

(AWDI) 

Measures the mean weighted distance 

of residential area patches from the 

city center 

Co-central Ring Density Analysis 

(CRDA) 

Proportions of urban versus non-urban 

areas in 5 km rings spreading out from 

the city center are measured 

Degree of Settlements Dispersion 

(DSD) 

Border length of built-up areas in each 

municipality is divided by the 

minimum possible length given the 

surface area 

Urban Overlap with Environmentally 

Significant Areas (ESAs) 

Degree of overlap of expanding urban 

areas with ESAs is calculated 

Urban Perimeter of Environmentally 

Significant Areas 

Increase in urban perimeter of ESAs 

between 1985 and 2005 is calculated 

 

Environmentally significant areas (ESAs) were established by the 

Metropolitan Toronto and Region Conservation Authority. As discussed in the 

Methodology section of Paper I, the change in composition of the surrounding 

land-cover of an ESA determines if it is subjected to either beneficial or 

adverse ecological effects.  

 

4.5.2 Stockholm metropolitan area 

 

Bearing in mind Stockholm’s regional environmental goals, a series of 

environmental indicators were developed and calculated to see how forested 

areas in particular have changed as a result of urban growth. Rankings for each 

indicator were later compiled to construct an environmental impact (EI) index. 

The indicators are described in Table 5 below. For details on the selection 

process for these indicators and further explanations, please see section 3.3.2 

of Paper II. 
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Table 6   Environmental impact indicator specifications used in Paper II (the 

unit for comparison is the large forested area or LFA) 
Environ-

mental 

indicator 

Definition/ 

description Calculation method Unit 

Amount of 

green areas 

important for 

ecosystem 

services  

For larger forested 

areas (min 3 km2), 

minimum width should 

be 500m (RTK 2008). 

All meet the criteria of 

min. 500m width. 

Ranked according to 

their area (larger is 

better).   

Use Zonal Thickness and 

Calculate area in ArcMap.  

Square 

kilo-

meters 

Condition of 

green areas 

important for 

ecosystem 

services 

Degree of intactness of 

forested areas (how 

much have the forests 

been disturbed? Clear 

cut areas, roads, etc.) 

Use perimeter as 

indication of perforation in 

green areas (calculated 

with both external and 

internal boundaries). 

Compare this to min. poss. 

length given area.  P or 

Cmin = 2Pi*sqrt(A/Pi)         

Iperf = Preal/Pmin.poss                                     

(C = circumference, P = 

perimeter, A = area, Pi = 

3.14...) 

No unit 

(index - 

lower is 

better) 

Promixity of 

green areas to 

intense urban 

land use 

Area Weighted 

Distance between 

green areas defined 

above and all HDB and 

industrial/ commerical 

areas, with size of the 

LFA and urban areas 

taken into account. The 

nearness of dense 

urban and industrial 

areas places pressure 

on green areas. This 

index is intended as a 

rough measure of that 

pressure. 

Iprox = ALFA * ∑ (D2/ADU)         

(A = area, D= distance, 

DU = dense urban patch)            

Use centroids of LFAs and 

HDB/IC areas. Use "Point 

distance" in ArcMap.  

No unit 

(index - 

higher is 

better, 

represent

s an LFA 

which is 

not as 

stressed) 

Degree of 

urban 

perimeter 

surrounding 

LFAs 

Urban areas in direct 

proximity to forested 

areas place pressure on 

these, through pollution 

and cutting off LFAs 

from other natural 

areas, for example. 

Create layer of urban, 

water, open and vegetation 

LC categories. Combine 

this layer with LFA line 

file using "Identity" to find 

degree of edge with urban 

areas. 

Percent 

urban 

peri-

meter  
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Noise level 

To what extent are 

LFAs affected by noise 

pollution? 

Use RTKs Stockholm 

county 40-65 dB dataset 

(buffered road/rail 

network) created 2004. 

Use "Identity" on LFA 

layer with noise layer and 

export the over 55 dB 

overlap areas. Area in 

meters of LFA affected by 

highest noise levels (55-

65). 55 dB is WHO's 

outdoor noise limit (WHO 

1999). 

Area of 

LFA 

affected 

by >55 

dB (km) 

 

With the indicator results as input, the compilation of the Environmental 

Impact Index is intended to assess broader change in the natural environment 

and the ecosystem services it provides to the region. The method for compiling 

the index is simple with no weighting system in order to ensure as much 

transparency as possible. Once all indicators were calculated, the analysis 

units were ranked according to each indicator. An average of the indicator 

rankings was taken to provide an overall index score. The major advantage 

with this index and these indicators is that they are comparative (the same 

methods and standards are used to derive them from each classification for 

each analysis unit). They can therefore be used as a measure of the differences 

between 1986 and 2006.  

 

4.5.3 Stockholm and Shanghai comparison 

 

In order to compare the speed and magnitude of urbanization, two indices are 

calculated for all three decades in both locations in the Stockholm/Shanghai 

study. The Urban Land Index is the ratio of urban land to total land and the 

Urban Expansion Index is the difference in urban land over a period of time 

as calculated by Hu et al. (2009). An Urban Green Index was also devised to 

quantify the development of urban green spaces (UGS) in comparison to 

simultaneous urban development. The index is calculated as the ratio of UGS 

increase divided by the sum of increases in HDB and LDB. For details on the 

calculation of these indices, please refer to section 3.5 of Paper III. 

 

4.5.4 Stockholm County 

 
The environmental impact indicators used in the Stockholm County 

investigation between 2005 and 2015 (Paper IV) were selected with the 



 60 

region’s green infrastructure in mind. The urban vs. non-urban composition 

of a 200 m buffer zone around the Swedish EPA’s nature reserves was 

calculated for both decades and the change quantified. Given the importance 

of and pressure on oak forests in the Stockholm region, the deciduous forest 

ecological corridor network is compared with change in urban areas (HDB, 

LDB, roads/railway) and the change in percentage of overlap is calculated. 

The green wedge network is also evaluated in terms of overlap with growing 

urban areas. Transboundary “hotspots” of urban impact where these types of 

green infrastructure converge and span administrative boundaries are also 

identified. For details on the background, selection rationale and calculation 

of these indicators, please refer to section 4.3.2 of Paper IV. 

 

4.5.5 Stockholm City 

 

The environmental impact indicators used for analysis in Stockholm City 

between 2003 and 2018 (Paper V) were selected with regard to the green 

infrastructure geographic information available. Urban land-cover change in 

relation to the three types of ecologically significant green infrastructure 

identified by the city is investigated. The probability of connectivity metric 

(PC) is used to assess changes in habitat availability and connectivity for a 

representative species dependent on coniferous forest, one of the land-cover 

types most affected by urban growth during the study period. The equivalent 

connected area (ECA) index, which can be derived directly from PC, is also 

utilized to compare temporal changes in habitat connectivity since it 

represents the size of one habitat patch that would provide the same 

connectivity probability value as the habitat pattern in the landscape examined 

(Saura et al. 2011). The change in ECA and the change in habitat area can and 

are compared directly to see which was more impacted by urban expansion. 

For more information about the methodological steps and calculation of these 

indicators, please see section 3.3.2 of Paper V. 

 

4.6 Monitoring of ecosystem services 

4.6.1 Stockholm and Shanghai comparison 

 

Ecosystem service value for each decade in the Stockholm County/Shanghai 

study was calculated based on the valuation scheme of Costanza et al. (1997). 

The scheme is reported to account for the following ecosystem services: gas 

regulation, climate regulation, disturbance regulation, water regulation, water 

supply, erosion control, soil formation, nutrient cycling, waste treatment, 

pollination, biological control, habitat/refugia, food production, raw materials, 
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genetic resources and recreational and cultural services. Table 2 under Section 

3.7 of Paper III lists the land-cover classes identified in the study area, their 

corresponding biomes and ecosystem service values per hectare and year 

based on Costanza et al. (1997). 

 

It should be noted that in Costanza’s original valuation there was neither a 

value attributed to urban areas nor for UGS. Since UGS such as parks or golf 

courses are predominately composed of trees, water bodies and lawns, a value 

has been defined in this study by averaging the values of forests, grasslands 

and lakes/rivers and assigned to UGS. 

 

4.6.2 Stockholm County 

 

Haas and Ban (2018) recently incorporated landscape metrics in the 

construction of urban ecosystem service provision bundles and used these to 

measure the impact of urbanization on regional ecosystem service provision 

in Beijing, China. Their methodology is adapted and applied to the Stockholm 

County landscape in Paper IV in order to monitor change in ecosystem service 

provision, as well as to test their methodology at the full resolution provided 

by Sentinel-2 data and its effectiveness in a moderately urbanizing context. 

Relevant land-cover classes are used to calculate the landscape metrics both 

in terms of proportion and spatial configuration, which are then bundled 

according to the land-cover classes’ similar ecosystem service provision 

capacities. In addition, a proximity metric was calculated by generating a 200 

m buffer around HDB and LDB classified areas and identifying areal amounts 

of the different land-cover classes within the buffer zone. Green and blue areas 

within the buffer zone are considered more valuable for provision of 

ecosystem services to nearby inhabitants than green/blue areas farther away. 

A ratio between the areal amount of each class and the amount of urban areas 

(HDB+LDB) was calculated in order to relate the proximity criterion to urban 

growth. The resulting metric values were summed and normalized for each 

ecosystem service bundle. Bundle values from 2015 were compared to those 

from 2005 as baseline and the percent changes in service provision were 

quantified.  

 

In order to more clearly illustrate the gains and losses in urban ecosystem 

service provision, benefit transfer and the valuation scheme published by Liu 

et al. (2010) was adapted and utilized. Since one of the spatial attribute 

principles adopted in the study indicates that green and blue structure in 

proximity to urban areas is more valuable for ecosystem service provision than 

those located farther away, a proximate green/blue structure class is added to 

the scheme. This class is comprised of all green and blue structures within the 
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200 m buffer zone of built-up areas used to calculate the proximity metric. For 

details on the construction of the urban ecosystem service provision bundles 

and method of ecosystem service valuation, please refer to section 4.3.1 of 

Paper IV. 

 

5 Results and discussion 

5.1 Image classifications 

 

The accuracy results for each of the classifications performed in this research 

are reported in Table 6. High overall accuracies (>85%) were obtained in all 

cases. MLC classification under urban and rural masks yielded the highest 

accuracies, followed by OBIA rule-based and OBIA SVM classifications 

which had similar accuracies and finally pixel-based SVM classification. It 

may be surprising that the MLC approach provided the best reported accuracy 

results given that OBIA and SVM are newer approaches and have often been 

cited as better alternatives to MLC in the literature. Quality of the input 

imagery is a factor since noise-free and normally distributed images are easier 

to classify. The quantity and quality of the training data are also important for 

achieving high accuracy classification results, even more so than the choice 

of algorithm (Li et al. 2014). The resolutions of the satellite data differ in some 

instances and this affects the level of classification: high accuracy will be more 

challenging to obtain with a higher number of classes. Therefore the OBIA 

SVM classification in fact provided the best results given its higher resolution 

(<1 m/10 m vs. 30 m) and number of thematic classes (9/10 vs. 8) in 

comparison to the GTA classification. Yet the MLC algorithm applied under 

urban/rural masks returned higher accuracy results with slightly more land-

cover classes than were achieved with the pixel-based SVM classifications. 

This confirms that MLC can still under certain circumstances deliver better 

results with pixel-based classifications than SVM. For details on the 

respective classification accuracy results, see the Classification section under 

Results and Discussion in Paper I, sections 4.2 of Papers II and III, section 3.1 

of Paper IV and section 4.1 of Paper V.  
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Table 7  Comparison of overall classification accuracies and kappa statistics 
Classification 

type, location 

and year 

Number of 

classes 

Number of 

validation 

points/class 

Overall 

accuracy (%) 
Kappa 

Pixel-based MLC with urban/rural masks: 

GTA 1985 8 500 94.9 0.94 

GTA 1995 8 500 92.9 0.92 

GTA 2005 8 500 94.3 0.94 

OBIA rule-based classification: 

Stockholm 

metro 1986 

7 600 92.4 0.91 

Stockholm 

metro 2006 

7 600 92.1 0.91 

Pixel-based SVM: 

Stockholm 

County 1989 

6 600 90.0 0.88 

Stockholm 

County 2000 

6 600 89.0 0.87 

Stockholm 

County 2010 

6 600 88.2 0.86 

Shanghai 1990 8 500 88.1 0.86 

Shanghai 2000 8 500 87.8 0.86 

Shanghai 2010 8 500 89.4 0.88 

OBIA SVM classification: 

Stockholm 

County 2005 

9 1000 90.5 0.89 

Stockholm 

County 2015 

9 1000 92.4 0.91 

Stockholm City 

2003 

9 500 93.0 0.92 

Stockholm City 

2018 

9 500 91.5 0.90 

 
For the GTA classification, the use of the agricultural and urban masks 

significantly improved the classification of agriculture and parks for all three 

decades, as well as construction sites vs. bare soil. Please see the Results and 

Discussion section of Paper I for comparison with the original classifications 

(without urban/agricultural masks). The land-cover classification results for 

the GTA in 1985 and 2005 are shown in Figure 9.    
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Figure 9  Land-cover classification results for the Greater Toronto Area in 1985 and 

2005 



 65 

 

The land-cover classification result for the Stockholm metropolitan area in 

2006 is shown in Figure 10. In regard to the lower resolution of the 1986 SPOT 

imagery over the greater Stockholm area, the objects generated by the 

segmentation for 1986 were for the most part of a similar size as those for 

2006, but the 2006 segmentation did have a greater amount of smaller objects. 

This led to a slightly more detailed classification, especially when it came to 

correctly isolating mixed forest and open land, and to identifying very small 

green areas (trees, grass, parks, etc.) within LDB areas. 

 

 
Figure 10  Land-cover classification result for Stockholm metropolitan area in 2006 
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The land-cover classification results for Stockholm County and Shanghai are 

shown in Figure 11. For Stockholm County, there was a slight over-detection 

of LDB and UGS in the 2000 classification as well as an under-detection of 

HDB areas. This was mainly attributable to noise in the 2000 image, which 

dampened the spectral differences between these areas. Agricultural areas 

were slightly under-detected in 1989 and 2010 and forested areas slightly 

over-detected for these years due to a certain type of bright vegetation that 

was confused with forest. UGS was also consistently difficult to classify 

because of its spectral similarity to agricultural and LDB areas. The use of 

rural and urban masks helped to improve the classification of UGS somewhat. 

 

 
Figure 11  Land-cover classification results for Shanghai (top row) and Stockholm 

County (bottom row) in (from left to right) 1989/90, 2000 and 2010 

 
The land-cover classification results for Stockholm County in 2015 are shown 

in Figure 12. The only significant problem when it came to classification 

comparability between 2005 and 2015 was in relation to the accuracies of the 

road/railway and HDB classes, which were those that were most confused 

with one another. The HDB and road/railway classes were therefore combined 
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for the analysis of landscape change and generation of statistics since they are 

both characterized by impervious surfaces and often have similar 

environmental impact. Overestimation of roads and lower accuracy for that 

class with Sentinel-2 data than with SPOT-5 data could be related to the larger 

segment size used which may have combined small HDB areas with what 

were mainly road segments. The same reason could account for the slightly 

lower accuracy for the urban green area class with Sentinel-2 data than with 

SPOT-5, although the general trend of some urban green area confusion with 

LDB, golf courses, agriculture and forest was the same for both types of data. 

The agriculture, forest and wetland classes, on the other hand, were more 

accurately classified with Sentinel-2 data than with SPOT-5 data mostly likely 

due to the variety of spectral bands included with Sentinel-2, especially red 

edge bands that provide more nuanced spectral information helpful in 

separating vegetation classes. 

 

The land-cover classification result for Stockholm City in 2018 is shown in 

Figure 13. For both the 2003 and 2018 classifications, there was some 

confusion between the building and transport/construction classes and 

between barren land and transport/construction, which can be expected given 

how spectrally similar these classes usually are. The coniferous forest class in 

the 2018 classifications is slightly overestimated at the expense of deciduous 

forest and urban green structure. The overestimation is due in part to longer 

shadows in the 2018 imagery, which were sometimes classified as coniferous 

forest within deciduous forest and urban green structure areas. 
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Figure 12 Land-cover classification result for Stockholm County in 2015 
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Figure 13 Land-cover classification result for Stockholm City in 2018 

 
In all studies, the texture features were instrumental in achieving sufficiently 

high accuracy in the classification results. In the GTA, this was especially true 

in helping the maximum likelihood classifier to distinguish land-cover types 

such as golf courses from parks/pasture and agricultural areas. For Stockholm, 

texture was crucial when it came to isolating built-up areas such as LDB from 

other types of mixed but natural landscape and HDB from industrial areas. 

The shape features incorporated into the OBIA SVM classification over 

Stockholm County and City were particularly useful in distinguishing man-

made structures and areas from more naturally-occurring land cover. 

 

 

5.2 Landscape change and potential environmental 

impact analysis using landscape metrics 

5.2.1 Urban growth and landscape change trends 
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Figure 14 illustrates the growth in urban areas and decrease in natural and 

semi-natural land cover in each of the study areas during the years examined. 

Urban land cover in this instance includes HDB, LDB, the transport network 

and industrial or construction sites. All other land-cover classes are included 

in the non-urban category with the exception of water, which is excluded 

entirely. One may note the difference in values between the Landsat and 

S2/SPOT-5 Stockholm County classifications in the years 2005 and 2010. 

This is attributable in general to the difference in resolution but also 

specifically as regards non-urban land cover to the fact that a significant 

portion of the outer Stockholm archipelago was missing from the Landsat 

images and therefore not accounted for in the land-cover statistics. 

 

The figure indicates relative rates of growth/loss and it becomes clear that 

Shanghai urbanized and lost non-urban areas most rapidly, followed by the 

GTA at a much more moderate rate and finally Stockholm with the lowest 

rate. In addition, the growth and loss rates themselves in Shanghai are 

increasing while those for the GTA and Stockholm are relatively steady. What 

also emerges clearly from this chart is the fact that the GTA and Stockholm 

are landscapes still clearly dominated by more natural land-cover types. For 

Shanghai, however, it appears that a shift in dominance from more natural to 

urban land-cover types is imminent and could perhaps have happened already 

given the trajectory displayed. There is still a large difference in relative 

amounts of urban vs. non-urban land-cover types in the GTA and Stockholm, 

which indicates that a shift in landscape dominance is not imminent. It appears 

that these landscapes will remain dominated by more natural land-cover types 

for some time to come. More specifically, according to the largest patch index 

results at the class level, the GTA is dominated by agricultural land and 

Stockholm County by forest. For Shanghai, a transition occurred from 

dominance by agricultural land before the year 2000 to HDB afterwards. 
 



 71 

 
Figure 14 Growth trends for urban vs. non-urban land cover in the GTA, Shanghai, 

Stockholm County and region during the period 1985-2015 

 

Figure 15 shows the trend of contagion values for the GTA, Stockholm 

County and Shanghai study areas based on their Landsat classification results, 

as well as the contagion trends for the Stockholm County 10 m and Stockholm 

City classifications. All decreased signifying that each landscape was 

becoming more disaggregated and patch types were more interspersed. In 

comparing the 30 m classifications, the different rates at which this was 

occurring are of interest. The GTA landscape shows the fastest, steadiest and 

most dramatic shift towards disaggregation. Shanghai’s trend picks up speed 

after the year 2000 while the rate for Stockholm County slows down following 

that year. The rates for these two landscapes appeared to be very similar to 

begin with but later clearly diverged, with Shanghai’s rate nearing that of the 

GTA in the second decade. While one cannot compare the actual contagion 

values for the different Stockholm classifications given their different 

resolutions or extents which affect calculation of the metric, the contagion 

trends for each of them appear very similar, if slightly steeper for the most 

recent classifications. The information contained in this chart points generally 

to how quickly these landscapes are becoming fragmented. More specific 

information about landscape change results in each of the study areas is 

reported in the following sections. 
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Figure 15  Contagion trends for the GTA, Shanghai, Stockholm County and City 

during the period 1985-2018 

 

5.2.2 Greater Toronto Area 

 

Urban areas in the GTA grew by about 39% between 1985 and 2005. With 

regard to the landscape composition metrics, the most significant proportional 

results in the GTA as a whole are in regard to loss of agricultural lands and 

parks in favor of low-density built-up areas and golf courses. Forested areas 

remained relatively unchanged, comprising around one-fifth of the landscape 

over the twenty year period. Only agricultural areas decreased, while nearly 

all other categories increased over the same time period, most significantly 

LDB areas and golf courses. The most relevant landscape metric results are 

presented graphically in the Landscape Metrics section under Results and 

Discussion in Paper I. 

 

It is positive that the amount and size of forested areas remained fairly 

constant over the two decades since forest constitutes the most natural habitat 

available in this landscape and is crucial to its ecological function. But the 

trend of smaller and fewer patches of agriculture and parks/grassy fields (the 

two semi-natural land-cover types in the landscape) may have a negative 

effect on species diversity and persistence. Moreover the trend of low-density 

built-up areas replacing agricultural areas can directly impact species 

populations in relation to connectivity. So while it is positive that forest areas 

remain relatively unchanged, isolation of this important habitat increased due 

to the replacement of agricultural patches with low-density built-up areas. 
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This occurrence may hinder how natural processes operate across the whole 

landscape.  

 

The landscape configuration metric results confirm increased fragmentation 

of the landscape due to urban development and generally indicated increased 

vulnerability for natural and semi-natural land-cover types and the 

biodiversity that depends on them through, for example, greater edge, contrast 

and lowered connectivity. For more detailed discussion of the landscape 

metrics results and what they mean for the GTA landscape and the ORM in 

particular, please see the Landscape Metrics section under Results and 

Discussion in Paper I. 

 

5.2.3 Stockholm metropolitan area 

 

Looking at the change in class area percentage between 1986 and 2006 in the 

Stockholm metropolitan area, natural land cover dropped and urban areas 

increased by approximately 1.5% of the whole landscape or just over 33 km2. 

Urban areas increased by just under 10% while natural areas decreased by 2%. 

Calculated landscape metric results indicate that both became more 

fragmented: natural areas became more isolated or shrank whereas new small 

urban patches came into being. Sections 4.3.1 and 4.3.2 of Paper II provide 

more information on land-cover changes that occurred during this period in 

the Stockholm metropolitan area. 

 

The landscape metric results reveal that urban growth in the Stockholm 

metropolitan area occurred mainly at the expense of natural land-cover types 

while this was not entirely the case for the city of Stockholm during the same 

period (where there was some conversion of LDB to HDB). This circumstance 

is not necessarily surprising, since the natural areas within the city are limited 

and often protected, while those outside are more plentiful and frequently 

carry fewer restrictions when it comes to development.  

  

Of note is that the difference in resolution in the Stockholm SPOT imagery 

limited the use of landscape metrics for comparison purposes since it gave rise 

to an inconsistent delineation of the forest and open land mixed class between 

classifications. This by extension caused problems for comparability of 

landscape metrics results for the forest, open land, and forest and open land 

mixed land-cover classes. The use of consistent resolutions and definition of 

a separate urban green structure class has helped to avoid this dilemma in the 

more recent research. 
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5.2.4 Stockholm and Shanghai Comparison 

 

Between 1989 and 2010, the speed and magnitude of urban growth in 

Shanghai exceeded that of Stockholm County by far. In total, urban areas in 

Shanghai increased by 120% or 1 768 km2. In Stockholm, a 12% increase in 

urban areas could be observed, which corresponds to an area of 100 km2. This 

increase in both HDB and LDB areas came predominately at the expense of 

agricultural land in both study areas. From the landscape metrics results, we 

can deduce that the growth of HDB areas was mainly responsible for increased 

fragmentation in both of the city regions as new patches were added in 

previously more natural areas, while LDB areas tended to expand through 

consolidation with pre-existing patches. 

 

Based on the statistics generated from the land-cover classifications of 

Stockholm County, urban areas grew by about 7% or 57 km2 between 1989 

and 2000 and by about 5% or 43 km2 between 2000 and 2010 in Stockholm 

County. The percent of urban growth between 1989 and 2010 was over 12% 

or 100 km2. This is relatively similar to the 10% increase found at the regional 

level. Looking at the change in class area percentage between 1989 and 2010, 

natural land cover dropped and urban areas increased by approximately 1.4% 

of the whole landscape (just over 100 km2), which is also very similar to the 

change for regional Stockholm (1.5%). With regard to the landscape 

composition metrics, the most significant proportional changes are in regard 

to loss of agricultural/open land in favor of low-density and high density built-

up areas. Forest remained relatively unchanged during the two decades.  

 

The landscape metric results indicate both positive and negative potential 

impacts for the regional ecosystem in Stockholm. On the one hand, it is 

certainly positive that the amount and size of forested areas has remained 

constant over the two decades and that forest dominates the landscape through 

by far the largest patch; forest constitutes the most natural habitat available in 

this landscape and is crucial to its ecological function - for air filtration, 

rainwater drainage, microclimate regulation and noise reduction (Bolund and 

Hunhammar 1999). On the other hand, the trend of smaller and fewer patches 

of agriculture (a semi-natural land-cover type in the landscape) may have a 

negative effect on species diversity, movement and persistence. Both the 

patches and the species that depend on them become more vulnerable. The 

configuration metrics revealed a greater amount of edge interface between 

forest and urban areas in Stockholm. The increased interface between natural 

land-cover types and urban areas tends to have a negative impact on the flora 

and fauna found in the vicinity as it increases their vulnerability to adverse 

external effects. In addition, the agricultural class lost some physical 
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connectedness and this could mean loss of more natural land-cover conduits 

for fauna moving between forested areas.  

 

In terms of natural land cover important for the regional ecosystem in 

Shanghai, there was some loss of the already relatively small amount of forest 

left in the region as well as wetlands. As seen in Figure 15, the contagion 

metric for Shanghai continuously decreased over the two decades indicating a 

transition towards a more fragmented landscape. From an ecological 

perspective, a higher degree of fragmentation, especially through built-up 

areas and a lower degree of patch connectivity, has negative effects upon flora 

and fauna. The amount of natural habitat is reduced and the ecological quality 

of habitat edges decreases through often human-induced external effects, such 

as carbon dioxide emissions along roads or contaminant loads from industry 

or noise and light pollution. Dispersal capacities of species may be limited due 

to fragmented green spaces and the genetic pool is decreased through the 

inhibition of genetic interchange due to infrastructural boundaries. For more 

detailed discussion and graphic representation of the landscape metric results 

in both Shanghai and Stockholm County, please refer to section 4.4 of Paper 

III. 

 

5.2.5 Stockholm County 

 

The investigation of Stockholm County between 2005 and 2015 revealed that 

non-urban land cover dropped and urban areas increased by just over 2% of 

the County land area or approximately 116 km2. Urban areas increased by 

15% while non-urban areas decreased by just under 4%. Figure 3 in section 

5.2.1 of Paper IV shows graphically the change in land area percentages for 

the different land-cover classes. Looking at the 2005 percentages, it is clear 

that forest dominates the Stockholm County landscape at just over 57%, 

followed by agriculture at 16% and then urban areas (LDB plus HDB/roads) 

at 11.5%. By 2015, urban growth had shifted the percentages such that the gap 

between agriculture and urban areas had narrowed significantly with 

agriculture at 15.2% and urban areas at 13.3%. Given the urban growth 

trajectory, this would suggest that urban areas may soon replace agriculture as 

the second largest land-cover category in the Stockholm County landscape.  

 

In relation to the 2005 class areas, forest decreased by approximately 2% or 

just over 80 km2 but retains its dominant position in the landscape. 

Agricultural areas decreased by nearly 4% or 39 km2. Golf courses and 

wetlands remained relatively stable during this period with no significant 

change detected for wetlands and a 4 km2 or 14% increase for golf courses. 

LDB areas increased by 15% or 79 km2 and HDB/road areas increased by 14% 
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or nearly 37 km2. Section 5.2.1 of Paper IV provides more information on 

land-cover changes that occurred during this period in Stockholm County. 

Most of the landscape metrics calculated for this region were integrated into 

urban ecosystem service provision bundles, the results and analysis of which 

are described in section 5.3.4 below. 

 

5.2.6 Stockholm City 

 

Quantification of land-cover change in Stockholm City between 2003 and 

2018 showed that non-urban land cover dropped and urban areas increased by 

1.7% of the city land area or approximately 327 hectares. Urban areas 

increased by approximately 4% while non-urban areas decreased by 2%. 

Figure 2 in section 4.2 of Paper V displays graphically the change in land area 

percentages for the different land-cover classes.  

 

In relation to their 2003 class areas, buildings increased by 2.3% or 

approximately 125 ha and transport/construction areas increased by 12% or 

roughly 202 ha. The classes most impacted by this expansion were coniferous 

forest, which decreased by approximately 3% or 101 ha, and grass/open fields, 

which were reduced by 10% or 134 ha. Deciduous forest decreased by about 

1% or 34 ha. The largest proportional decrease was for barren land that 

underwent a 19% decrease. This was largely due to conversion of dirt sports 

fields to artificial grass, a type of land cover that was classified as rock outcrop 

in the 2018 classification and accounts for a small percentage increase in the 

rock outcrop class. Wetlands and agricultural fields remained relatively stable 

with a slight increase for wetlands due to the later summer vegetation 

conditions in the 2018 imagery and a slight decrease for agricultural areas. 

Urban green space registered a very slight increase of less than 1%. 

Information on land-cover changes that occurred according to administrative 

boundaries during this period in Stockholm City is provided in section 4.2.1 

of Paper V. 

 

 

5.3 Assessing impact with urban form, ecosystem service 

and green infrastructure indicators 

5.3.1 Greater Toronto Area 

 

Results from the urban form indicators showed how urban areas changed 

geographically in the GTA. The average weighted distance dropped for both 
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decades, revealing that much of the urban growth occurred relatively close to 

the urban center of the region, that additional urban areas were being added 

close to or directly amongst previously existing urban areas. The co-central 

ring density analysis indicated that urban proportions increased in nearly all 

areas outside of the metropolitan center over the two decades, including on 

portions of the ORM. Dispersion of settlements increased on the ORM 

between 1985 and 1995, while for the GTA and on a municipal average the 

more significant increase occurred between 1995 and 2005. The majority of 

ESAs were increasingly surrounded by urban areas between 1985 and 2005, 

furthering their isolation from other natural areas and exposure to negative 

impacts from adjacent development. For more details and graphic 

representations of these results, see the Urban Compactness Indicator and 

ESA sub-sections under Results and Discussion in Paper I. 

 

5.3.2 Stockholm metropolitan area 

 

For the study over the Stockholm metropolitan area, the environmental impact 

indicator results consist of a series of tables that can be found in the Appendix. 

Positive changes in area and perforation signified regrowth of forest in that 

particular LFA. Changes in rank for the proximity to intense urban land-use 

indicator depended mainly on the location of new industrial/commercial or 

HDB areas. Negative changes in the percent of urban perimeter indicator were 

caused by construction of new LDB areas or roads in direct proximity to 

LFAs. Positive changes in the area affected by noise were most often due to 

loss of part of the area in the LFA affected by noise. Each LFA is ranked 

according to each indicator and a subsequent average ranking across the 

indicators provides its overall EI (environmental impact) index score. These 

overall index scores for both years are shown in Table 5 and Figure 3 in section 

4.3.3 of Paper II. 

 

The most noticeable changes in terms of environmental impact and urban 

expansion were in the east and north of the study area. Although a good deal 

of the urban expansion between 1986 and 2006 occurred in the northwest, the 

LFAs in that area were relatively small. There are larger and more far-reaching 

LFAs in the northeast and these registered more of the effects of the urban 

development. 

 

The results from the environmental impact index showed that the best average 

ranking scores occur in the northern and eastern portions of the study area. 

The worst tended to be closer to the center of the Stockholm metropolitan area 

with a few exceptions. When it came to negative changes in rankings, areas in 

the northeast dropped the most. This shift in the northeast was mainly due to 
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construction of new LDB areas. Generally, in terms of changes in rankings 

between 1986 and 2006, the most improved analysis units are those that are 

closest to the central Stockholm area, while the least improved or worsened 

units tend to be on the outskirts of the study area due to the fact that the urban 

expansion occurred mostly in the suburban areas. For graphic depictions of 

the index, more specific information about the changes and discussion of their 

causes, see section 4.3.3 of Paper II. 

 

5.3.3 Stockholm and Shanghai comparison  

 

Table 5 under section 4.3 of Paper III shows the urban land, urban expansion 

and urban green index results for Shanghai and Stockholm County between 

1989 and 2010. Urban green spaces in Stockholm grew by about 11% and in 

Shanghai by 425% over two decades. The total increase in built-up areas in 

Shanghai was about 120% from 1989 to 2009. Urban expansion proceeded 

slightly faster in the second decade than in the first. Urban growth in 

Stockholm is also apparent but at a much slower pace, especially from 2000 

to 2009. Urban expansion both in terms of speed and spatial extent occurred 

predominately from 1989 to 2000. A modest increase of urban areas of 1.5% 

can be observed over two decades in Stockholm, which corresponds to an 

expansion of about 12% of their original extent.  

 

Tables 7-9 under section 4.5 of Paper III provide information on how 

ecosystem service values changed over the two decades in both Shanghai and 

Stockholm. While ecosystem service values remained rather steady and 

increased slightly in Stockholm, land-cover changes in Shanghai’s 

metropolitan area resulted in drastic ES value losses. The modest expansion 

in urban areas that occurred in Stockholm was accompanied by an increase in 

urban green spaces (mainly golf courses) that may enhance quality of life for 

Stockholm residents and the region’s attractiveness to visitors. The growth in 

urban green spaces led to an increase in ecosystem services due to the higher 

ecosystem service values attributed to urban green spaces (compared to those 

assigned the agricultural land that was replaced). In 1989, ecosystem service 

values were almost equally high in both study areas. While the value in 

Stockholm slightly increased, a substantial loss in Shanghai was observed, 

reducing the value of ecosystem services to 63% of their initial value.  

 

The ecosystem service valuation results showed a large loss of ecosystem 

service clearly for Shanghai, but the results for Stockholm were less clear. 

This tool may work relatively well for cities like Shanghai where urban growth 

and landscape changes are dramatic. It is more problematic, however, when 

applied to regions like Stockholm whose urbanization and landscape changes 
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over decades are more subtle and when ecologically important urban features 

for the city such as allotment gardens (Barthel and Elmqvist 2007) are not 

accounted for in the valuation approach. The valuation approach used here is 

thus not refined enough to capture smaller yet important and perhaps 

cumulative losses in terms of ecosystem service function in more moderately 

urbanizing areas. 

 

5.3.4 Stockholm County  

 

Table 5 and Figure 4 in section 5.2.1 of Paper IV report and show graphically 

the changes in urban ecosystem service provision in Stockholm County 

between 2005 and 2015. Loss of forested areas led to a notable decrease in 

global climate regulation, but decrease in the proximity of forest and increase 

in proximity of low-density built-up areas were the main causes of decreases 

in the provision of temperature regulation, air purification, noise reduction. 

These proximity changes also slightly negatively affected recreation, place 

values and social cohesion. Overall, there was a decadal ecosystem service 

loss of 4.6 million USD (2015 exchange rate). 

 

Municipal land area percentage changes of urban areas and of green structure 

are reported and shown under section 5.2.2 of Paper IV. Seven municipalities 

experienced more than 5% urban growth and four municipalities lost more 

than 5% of their green structure, all of which are located to the north of 

Stockholm City. 

 

Urban areas within a 200 m buffer zone around the Swedish EPA’s nature 

reserves in Stockholm County increased by 16% over the decade, with several 

examples of new urban areas constructed along the boundary of nature 

reserves. Urban expansion also overlapped the deciduous ecological corridor 

network and green wedge and core areas to a relatively small but increasing 

degree, often in close proximity to weak green links in the landscape. Section 

5.2.2 of Paper IV provides more detailed information regarding these changes 

and includes a number of specific urban proximity and overlap examples with 

the various kinds of Stockholm’s green infrastructure. 

 

5.3.5 Stockholm City  

 

Overall, there was a 9% increase in urban areas within the green infrastructure 

of Stockholm City. Expansion of the transport network negatively affected 

ecologically significant core areas, while construction of buildings had a 

greater impact on habitat for species of conservation concern. Dispersal zones 
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were affected by both types of urban growth and had the largest area converted 

(28 ha). Investigation of change in habitat connectivity for a species dependent 

on coniferous forest revealed a slight decrease in probable connectivity due to 

shrinkage and fragmentation of habitat patches mainly as a result of expansion 

of the transport network near the outskirts of the city. More detailed 

information on and graphic representations of these changes can be found in 

sections 4.2.1 and 4.2.2 of Paper V. 

 

5.4 Comparison of the GTA, Stockholm and Shanghai 

investigations 

 

Each study in the thesis has certain advantages and drawbacks. Observation 

at three different points in time, instead of only two, is valuable since this third 

point helps to establish and evaluate a trend. It is also better to use the same 

data resolution for the points in time being compared; it makes use of 

landscape metrics more reliable, simplifies the classification process and 

makes the classifications within a given study more directly comparable. The 

Stockholm metropolitan area classifications were not as robust in light of these 

factors.  

 

Is it possible to compare the urban growth rates and patterns in these three 

very different urbanizing regions given the large difference in their population 

sizes (see Figure 14)? The land areas of each of the study extents are relatively 

close in size. The number of people living in the GTA is about three times the 

population of Stockholm, while Shanghai’s population is two and a half times 

the population of Sweden. Given this context, it seems that urban growth rates 

reflected to some extent the relative population sizes. Shanghai’s urban 

growth of 120% was tremendous, the GTA’s between 1985 and 2005 was 

impressive at nearly 40%, while the various rates for Stockholm, at just under 

10% (Stockholm metropolitan area), 12% (Stockholm County, 30 m) and 15% 

(Stockholm County, 10 m), could be termed modest in comparison. It seems 

population sizes could to some extent act as predictors of urban area increase 

at this landscape scale: just over 100 km2 in Stockholm County (30 m), nearly 

600 km2 in the GTA and over 1700 km2 in Shanghai. 

 

The layout and geography of the landscapes themselves may play a significant 

role in shaping urban growth in these areas. For example, Stockholm’s 

geomorphology is unique and the growth of urban areas is constrained by the 

many surrounding bodies of water. The city center itself is essentially a group 

of islands and the possibility for urban expansion there, with its protected 

green spaces, is very limited. Growth is thereby often diverted to the rural-

urban fringe, either to the north or south of the city center, given the inlet from 
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the Baltic Sea to the east of Stockholm which opens up into Mälaren on its 

west side. This configuration may be pushing urban growth in the Stockholm 

area towards more suburbanization, which is dominated by single-family 

residential development (Seto et al. 2010), than otherwise might have 

occurred. This is also why the urban compactness indicators applied to the 

GTA would not have produced as meaningful results if applied to the 

Stockholm metropolitan or County landscapes. 

 

The GTA has its own constraints. Toronto is built on the northern shore of 

Lake Ontario and, probably given the desirability of living/working in 

proximity to water, the city has spread east-west along the shoreline and then 

north. This geographical layout also allowed the GTA to have developed a 

more compact urban area at its core. The rural-urban fringe in the GTA is most 

often characterized by an interface between urban and agricultural areas, while 

in Stockholm this interface is between urban areas and forested or 

open/agricultural land. Shanghai shares several of the GTA’s geographical 

and physical characteristics, such as proximity to water, a compact urban core 

and an urban-agricultural interface at its rural/urban fringe. Given these 

conditions, the GTA and Shanghai may be more prone to peri-urbanization 

(Seto et al. 2010). The danger and possible solution for this condition are noted 

by Lambin et al. (2001): “In the developed world, large-scale urban 

agglomerations and extended peri-urban settlements fragment the landscapes 

of such large areas that various ecosystem processes are threatened. 

Ecosystem fragmentation, however, in peri-urban areas may be offset by 

urban-led demands for conservation and recreational land uses.” The TRCA 

itself appears to be evidence of such an attempt to offset fragmentation in the 

GTA. Urban planning authorities in Shanghai have adopted “greening” 

policies in recent years, which have resulted in more green areas in the city 

center (Haas and Ban 2017; Wu et al. 2019).   

 

The nature of the environmental impact varied in the different study areas. 

There was similarity in the location of new urban areas along the outskirts of 

existing urban areas, since the center of each city did not leave much room for 

urban expansion. Urban expansion in the GTA tended to repossess solely 

agricultural land, while open/agricultural land and forest was converted in 

Stockholm. Far more land was converted to urban use in the GTA and 

Shanghai, which also have much larger urban areas and populations to begin 

with. The environmental impact that occurred in the GTA was characterized 

by urban expansion onto the ORM and by increased urban surroundings for 

nearly all ecologically significant areas, in essence furthering their isolation 

from the larger ecosystem. Loss of wetlands and already sparse forest 

comprised the bulk of negative environmental impact in Shanghai whose 

ecosystem service values dropped dramatically. Environmental impact in 

Stockholm included relatively small negative changes in ecosystem service 
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value and provision, increased urban area within and around important green 

infrastructure and was characterized by fragmentation and loss of forested and 

agricultural areas due to construction of roads and expansion of LDB areas 

and industrial sites. The choice of environmental indicators for impact 

assessment was tailored to the very different characteristics of these urban 

landscapes. Their selection was heavily influenced by what local planning 

authorities regarded as important in terms of environmental quality. The 

environmental impact indicators for the Stockholm region were designed 

based on local environmental information and planning priorities, which 

render their results site-specific and ideally more useful for urban planning. 

To complement these place-specific analyses, landscape metrics were used to 

gain an overview of the spatial-temporal changes in all three areas and are 

slightly more comparable, although there were limitations for the Stockholm 

metropolitan area study.  

 

Landscape metrics were most successfully used to evaluate potential 

environmental impact in the GTA study due to the establishment of their 

connection with regional environmental conditions and ecological principles 

as laid out by the TRCA (see the Methodology and Results sections of Paper 

I). Estimation of probable environmental impact in the Stockholm/Shanghai 

study was weaker due to the lack of specific regional ecological information 

and principles to which the landscape metrics results could be tied. Landscape 

metrics can be applied to any landscape with a high quality classification but 

credible inferences about potential environmental impact are more difficult to 

make from their results unless relevant information about region-specific 

environmental conditions and ecosystem function has been obtained. A 

widely applicable remote sensing-based environmental impact analysis 

approach appears to be possible up to a point - selection of the indicators used 

within it must be adapted to the site in question in order to obtain meaningful 

and useful results. Spatio-temporal remote sensing data-based studies often 

involve a top-down approach but bottom-up complementary environmental 

data is necessary for estimation and interpretation of change results when 

assessing regional environmental impact. 

 

Obtaining information about local ecosystem functions and services at work 

in the specific regions is crucial to selecting appropriate indicators and making 

relevant connections between indicator results and potential environmental 

impact. But this can also be challenging as reliable information is not always 

available – ecological information appeared to be much more difficult to 

obtain for Shanghai than for Stockholm, for example. There is also the 

question of the type and usefulness of information that is available. The TRCA 

provides general environmental information for the portion of the GTA under 

its jurisdiction but investigation has been undertaken more recently and is 

ongoing into specific ecosystem services that the ORM provides, most notably 
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tied to groundwater (NRC 2013). In Stockholm, there is a plethora of 

environmental information available on the municipal level (for example, 

biotope maps, habitat maps and species citings and monitoring databases), but 

there is relatively little information available about green structure and 

ecosystem function at the county level, although newer datasets are emerging 

(e.g. Ekologigruppen 2017). Such conditions can limit an investigation by 

changing its focus or extent. 

 

Papers I, II, IV and V have a dual-level analysis approach for assessing 

environmental impact. The various methods used on each level are listed per 

study area in Table 7. Paper III is of interest because of its comparison of two 

completely different urbanizing regions but would have been strengthened by 

looking at specific and more detailed examples of environmental impact from 

each region. A dual level of analysis carries the advantage of identifying 

environmental impact trends for the landscape while at the same time 

highlighting possible areas for mitigation/conservation efforts and may 

thereby be more directly useful in urban planning and decision-making.  

 

Table 8  Outline of dual levels of analysis in each study (LC: land cover) 

 Landscape level Regional/local level  

Greater 

Toronto Area 

LC change/ 

fragmentation statistics 

regional LC change statistics, urban 

growth impact on the ORM and 

around environmentally significant 

areas 

Stockholm 

metropolitan 

area 

LC change/ 

fragmentation statistics 
spatially-explicit urban growth  

impacts on large forested areas 

Stockholm 

County (30 m) 

LC change/ 

fragmentation statistics 

and ESV change 

-- 

Stockholm 

County (10 m) 

LC change/  

ESV and ES bundle 

provision changes 

municipal LC change statistics, urban 

growth/overlap in ecologically 

significant green infrastructure 

Stockholm 

City 
LC change statistics 

district LC change statistics, urban 

growth within ecologically significant 

green infrastructure and impact on 

habitat network 

 

5.5 Comparison of the Stockholm investigations 

 

One advantage with performing multiple Stockholm studies is the information 

that emerges from the use of different spatial scales. Many researchers have 

emphasized the importance of scale when it comes to assessing landscape 

pattern and environmental change (Bissonette 1997; Gibson et al. 2000; Wu 
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2004). In this research, there are at least two sets of scale comparisons that 

could be made: 1) comparison of the county level classifications which have 

(nearly) the same spatial extent but different resolutions and 2) the 10 m 

resolution Stockholm County classification and the roughly 1 m Stockholm 

City classification which have nearly the same temporal scale. 

 

With regard to the Stockholm County classifications, the higher resolution 

provided by the Sentinel-2 and SPOT-5 data enabled the classification of a 

more detailed land-cover class scheme and the possibility to more consistently 

detect wetlands. The location of where most environmental impact registered 

was the on the whole the same in the Stockholm metropolitan area and both 

County studies, that is, to the north of Stockholm City over the whole time 

period examined. Environmental impact in the Stockholm metropolitan area 

study was mainly characterized by fragmentation and loss of portions of large 

forested areas due to construction of roads and expansion of LDB areas. The 

study on the county level examining changes between 2005 and 2015 (10 m 

resolution) also found that forests were more impacted than agricultural areas 

by expansion of LDB areas and industrial sites. In the 30 m resolution county 

classifications, forests appeared to remain more or less intact while mainly 

open land was converted (as was the case in the GTA) between 1990 and 2010. 

The difference in resolution between the county classifications may have 

impeded detection of the reduction of forest edges in particular. 

 

The change in pace of urbanization, which was slightly faster from 2005-2015 

(15% urban growth) than from 1990-2010 (12%), could partially be due to 

higher resolution providing more accurate distinction of urban and non-urban 

classes. But an increase in the pace of urban expansion in Stockholm in recent 

years is likely, if one compares past and current regional development plans. 

Urban vs. non-urban land-cover percentages for the Stockholm County 

classifications between the years 2000 and 2015 are shown in Table 8. These 

percentages correspond remarkably well given that the 2000 and 2010 

classifications are based on lower resolution data. The closeness of the 

percentages in 2005 and 2010 can also be partially explained by the fact that 

about half the SPOT-5 images used were from years later than 2005, including 

two 2008 images over more central parts of the Stockholm region. 

 

Table 9  Comparison of urban vs. non-urban land-cover percentages for the 

Stockholm County classifications between 2000 and 2015 based on 30 m and 

10 m resolution data 

 2000 (30 m) 2005 (10 m) 2010 (30 m) 2015 (10 m) 

Urban land 

cover 9% 11% 11% 13% 

Non-urban land 

cover 91% 89% 89% 87% 
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To facilitate comparison of the 10 m Stockholm County and Stockholm City 

classifications, the green structure land area percentages in Stockholm city 

districts from each classification between 2003 and 2018 are listed in Table 9. 

While the classifications are not from exactly the same years, the percentage 

differences between the years compared are strikingly similar, as are the 

averages of these cross-year comparisons. Let us take districts with less than 

50% green structure in the high-resolution classifications as representative of 

HDB (three fall into this category: Norrmalm, Södermalm and Kungsholmen) 

and those with greater than 50% green structure as representative of LDB. The 

average percentage differences then indicate that HDB areas in the 10 m 

classifications include roughly 20% green structure while the LDB class 

contains approximately 33%. Thus there is a significant difference in the green 

structure that is taken into account between the county and city level 

investigations. The increased representativeness of green structure in the high-

resolution classifications enables more detailed analyses of environmental 

impact, such as assessment of habitat connectivity, albeit at a smaller spatial 

scale. The larger the spatial scale and the lower the resolution of the data, the 

more necessary broader estimations become in order to be able to carry out 

analysis – this is the classic trade-off between extent and resolution. The level 

of detail in a classification scheme is dependent on these and the scheme 

adopted plays a significant role in how a landscape is represented and how it 

can be analyzed. Ideally, analyses at multiple spatial scales over the same 

landscape could be performed in order to provide the most detailed 

information possible over the widest relevant area possible. The more 

information available, the more well-informed and environmentally 

appropriate urban planning decisions can be made. 
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Table 10  Comparison of Stockholm City green structure land area 

percentages per district as estimated from the 2005-2015 county 

classifications and 2003-2018 city classifications 

 

County 

classifications 

(SPOT-5/S2) 

City classifications 

(QB-2/WV-2) 

Difference in 

green structure 

estimation  

City district 2005 2015  2003 2018  

2003-

2005 

2018-

2015 

Bromma 33 29  68 66  35 37 

Enskede-Årsta-

Väntör 30 27  62 61  31 34 

Farsta 42 37  71 70  29 32 

Hägersten-

Liljeholmen 14 12  55 53  41 41 

Hässelby-

Vällingby 29 27  64 63  35 37 

Kista-Rinkeby 56 49  71 67  16 18 

Kungsholmen 9 8  41 38  31 30 

Norrmalm 7 6  19 18  12 12 

Skarpnäck 54 51  79 77  24 27 

Skärholmen 34 32  70 69  35 37 

Spånga-Tensta 34 31  64 61  30 30 

Södermalm 13 12  34 33  21 22 

Älvsjö 21 19  64 62  43 42 

Östermalm 40 37  65 64  26 26 

     Average: 29 30 

 

 

6 Conclusions and future research 

6.1 Conclusions 

 

This research demonstrates the utility of indicators derived from remote 

sensing in assessing both the spatio-temporal dynamics of urban growth and 

its environmental impact in several different metropolitan regions and at 

different scales. Differing classification techniques were employed for the 

unique study areas given their individual characteristics and the remote 

sensing data and tools available for analysis. Landscape metrics calculated 

based on the classifications were useful in quantifying the urban growth trends 

for each study area, facilitating their comparison, and drawing conclusions 
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about potential environmental impact when linked to region-specific 

environmental information. Environmental indicators were selected based on 

the specific environmental characteristics and issues emphasized by local 

planning authorities in each region when possible. The indicator results 

highlighted spatio-temporal challenges in terms of sustainable urban growth 

unique to each landscape.  

 

The research concerning the GTA demonstrates that MLC classification of 

multitemporal Landsat TM imagery and their texture measures can be used to 

map spatio-temporal patterns of urban expansion with high accuracy with the 

help of urban/rural masks. The results show that urban areas in the GTA grew 

by about 20% between 1985 and 1995 and by about 15% between 1995 and 

2005. Results from the landscape metrics and urban compactness indicators 

show that low-density built-up areas increased significantly in the GTA 

between 1985 and 2005, mainly at the expense of agricultural areas. The 

contagion index values for both the GTA and the ORM decreased over this 

period of time, indicating increased fragmentation of these two landscapes. 

Yet the AWDI also dropped for both decades, revealing that much of the urban 

growth occurred relatively close to the urban center of the region, that 

additional urban areas were being added close to or directly amongst 

previously existing urban areas. Nevertheless, as shown by the CRDA, urban 

proportions increased in nearly all areas outside of the metropolitan center 

over the two decades, including on portions of the ORM. Dispersion of 

settlements increased on the ORM between 1985 and 1995, while for the GTA 

and on a municipal average the more significant increase occurred between 

1995 and 2005. The majority of ESAs were increasingly surrounded by urban 

areas between 1985 and 2005, furthering their isolation from other natural 

areas. These findings may encourage concerned organizations and authorities 

in Ontario to review policy regarding the ORM and watershed protection in 

the GTA. 

 

The research involving the Stockholm metropolitan area reveals the 

effectiveness of a knowledge- and rule-based OBIA approach to classifying 

multitemporal SPOT imagery and texture features to map spatio-temporal 

patterns of urban growth with high accuracy. Urban areas in the Stockholm 

metropolitan area increased and rural/natural land-cover types decreased by 

about 1.5% of the study area or 33 km2. The landscape change metrics 

indicated that both became more fragmented: natural areas became more 

isolated or shrank whereas new small urban patches came into being. The most 

noticeable changes in terms of environmental impact and urban expansion 

were in the east and north of the study area. Although a good deal of the urban 

expansion between 1986 and 2006 occurred in the northwest, larger and more 

far reaching LFAs in the northeast registered more of the effects of the urban 

development. The results from the EI index showed that the best average 
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ranking scores occur in the northern and eastern portions of the study area, 

while the worst tended to be closer to the center of the Stockholm metropolitan 

area with a few exceptions. However, areas in the northeast decreased most in 

EI ranking between 1986 and 2006, while the most improved analysis units 

were close to the central Stockholm area. The shift in the northeast was mainly 

due to construction of new LDB areas. While these changes are subtler than 

those in the GTA, information about them may help inform future policy 

choices by Stockholm’s regional planning authorities. 

 

The Stockholm County/Shanghai comparative study demonstrated that SVM 

classified multi-temporal Landsat imagery can be used to map spatio-temporal 

patterns of urban expansion with high accuracy with the aid of texture 

measures and urban/rural mask refinements. Urban areas increased ten times 

as much in Shanghai as they did in Stockholm, at 120% and 12% respectively. 

Between 1989 and 2010, both HDB and LDB areas in Stockholm County grew 

mainly at the expense of agricultural areas. The landscape metrics results show 

that fragmentation in both study regions occurred mainly due to the growth of 

high-density built-up areas in previously more natural environments, while the 

expansion of low-density built-up areas was for the most part in conjunction 

with pre-existing patches. The growth in urban areas resulted in ecosystem 

service value losses of approximately 445 million USD in Shanghai, mostly 

due to the decrease in natural coastal wetlands, while in Stockholm the value 

of ecosystem services changed very little. The Shanghai landscape has 

undergone swifter urban growth and a resulting heavier environmental impact 

on the regional ecosystem than has Stockholm. Evaluation of change in 

ecosystem service value as applied in this study seems to work well for 

dramatically urbanizing landscapes but is not specific enough for application 

to areas undergoing modest urban expansion. 

 

The Stockholm County research at 10 m resolution revealed the advantage of 

OBIA SVM classification through an increased number of land-cover classes 

and improved accuracy. This in turn widened the analysis alternatives. Urban 

areas increased by 15%, while non-urban land cover decreased by 4% between 

2005 and 2015. In terms of ecosystem services, changes in proximity of forest 

and low-density built-up areas were the main cause of lowered provision of 

temperature regulation, air purification and noise reduction. There was a 

decadal ecosystem service loss of 4.6 million USD (2015 exchange rate). 

Urban areas within a 200 m buffer zone around the Swedish environmental 

protection agency’s nature reserves increased 16%, with examples of urban 

areas constructed along nature reserve boundaries. Urban expansion 

overlapped the deciduous ecological corridor network and green wedge/core 

areas to a small but increasing degree, often in close proximity to weak but 

important green links in the landscape. 
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Finally, the Stockholm City research based on high-resolution data 

demonstrated the utility of an OBIA SVM classification approach at this 

smaller but more detailed scale. Between 2003 and 2018, non-urban land 

cover dropped and urban areas increased by 1.7% of the city land area or 

approximately 327 hectares. Urban areas increased by approximately 4% 

while non-urban areas decreased by 2%. The most significant urban expansion 

occurred through the expansion of the transport network, paved surfaces and 

construction areas, which increased by 12%, mainly at the expense of grass 

fields and coniferous forest. Examination of urban growth within ecologically 

significant areas indicated that the most land area was lost in ecological 

dispersal zones (28 ha) while the highest percent change was within habitat 

for species in need of protection (14%). Connectivity analysis of the habitat 

network for the European crested tit, a sensitive representative of small 

coniferous forest-dependent bird species in Stockholm, in both years revealed 

that overall connectivity decreased slightly through patch fragmentation and 

areal loss mainly caused by road expansion at the outskirts of the city.   

 

Although the study areas, data and techniques differed substantially, some 

conclusions can be drawn from analysis of the results. Pixel-based 

classification algorithms such as MLC and SVM can work well at a regional 

landscape scale (thousands of kilometers) and are applicable to different 

landscapes when used in conjunction with texture measures and urban/rural 

masks. These methods work well with 30 m resolution data such as Landsat 

TM/ETM+. However, object-based image analysis combined with the SVM 

algorithm provides better results at this scale with the use of higher resolution 

data (10 m such as SPOT/Sentinel-2) by yielding high accuracy with an 

increased number of classes. High-resolution data, such as WorldView-2 or 

QuickBird, of around 1 m combined with object-based image analysis is 

necessary for detailed studies of urban structures, green areas and/or habitat 

analysis. 

  

Landscape metrics work well for regional environmental impact and 

ecosystem service analysis in different locations and at different scales as long 

as they can be tied to region-specific environmental information and 

principles. Proximity/buffer and habitat network analysis can effectively 

represent localized environmental impacts from urban development. A dual 

level (landscape and local) in environmental impact analysis from urban 

growth is recommended in order to increase utility of the results in planning 

for sustainable urban development. While it is important to be aware of the 

regional environmental trends, information about localized impacts provides 

policy makers with proposed areas for specific restorative/conservation 

intervention. In some cases, collaboration of several planning authorities may 

be necessary if the impact crosses administrative boundaries. In terms of 

temporal interval for analysis, this would depend on how rapidly the study site 
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is urbanizing. For fast-growing cites, an interval of 1-2 years may be suitable 

while for more moderately paced urbanization 5-10 years would likely be 

sufficient.  

 

Uncertainty is an intrinsic part of remote sensing of the environment in that 

the data is collected from a distance. Given the study area sizes and 

geophysical variation, the resolutions of the satellite imagery, and high-

performing although imperfect classifier algorithms, the classification results 

from each of the studies are limited by a certain amount of error, and this error 

has a tendency to propagate as indicators are calculated. Evaluating the 

accuracy allows one to decide if the classification results are accurate enough 

for analysis and indicator calculation. Accuracy was evaluated at the 

landscape levels and thus conclusions about general trends in the landscape 

were most reliable, while results on more localized levels were less certain. 

This motivated the choice in several studies to aggregate the urban vs. green 

structure classes prior to calculating indicators on local levels, in order to 

increase their reliability and lower the effects of error propagation. In addition, 

the employed methods of evaluation of ecosystem service change have relied 

on the composition and spatial configuration of land cover. They do not 

measure specific biophysical changes in ecosystem function or service 

provision. Therefore, the results from process model studies based on 

empirical data in the relevant region could be useful as a validation source and 

complement in monitoring ecosystem function or service change. Finally, the 

land-cover classes used here are often specific to the landscape under 

examination and this makes their comparability or integration with other land-

cover change studies and datasets difficult. 

 

 

6.2 Future research 
 

It could therefore be important to look into the possibility of a more 

standardized, flexible, transferable and comparable classification scheme to 

enable/facilitate the comparison of different land-cover assessments between 

methods and years. The EAGLE concept, for example, an object-oriented data 

model for land monitoring (Arnold et al. 2018), may offer this possibility. It 

might also important to explore options for more standardized, transferable 

and comparable indicators for environmental impact assessment so as to be 

able to contribute to the monitoring of UN Urban SDG indicators such as 

11.7.1, publicly accessible open and green space as a proportion of urban area. 

 

A means of expanding the high-resolution research for Stockholm County 

may be possible through introducing change detection into the classification 
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process. This would highlight changed areas relevant for closer examination 

often found in the urban-rural fringe. Classification of these only would allow 

for more detailed environmental impact analysis and cross-comparison of the 

dual-level analysis while avoiding the computational burden and errors 

associated with a county-wide classification. Connectivity analysis of the 

green infrastructure at the county level might also be of interest if relevant 

ecosystem properties of the landscape can be established. 

 

The habitat connectivity analysis undertaken in Paper V was in a sense a first 

trial of the method in connection with the classifications. The next phase of 

the high-resolution data research would therefore be to assess the other two 

representative species habitats available for Stockholm City: that of oak-

dependent invertebrates and amphibians. The planned amphibian connectivity 

assessment is of particular interest because it will be based on connection 

probabilities rather than distances. The probabilities will be extracted 

inversely from a cost-surface model of land cover in Stockholm City and 

thereby more directly incorporate the influence of the matrix into the habitat 

connectivity assessment. In addition, the City of Stockholm has expressed an 

interest in assessment of urban growth impact within water catchment areas 

in the city. It may also be possible to look into impact at the watershed level 

with use of the 10 m Stockholm County classifications.  
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Appendix: Environmental Impact Indicator Results (Paper II) 
 

Table 1. Environmental Impact Index Results in 1986 (Note that LFA 1 and 6 have greater areas than those given here. They extend 

beyond the classification boundary and thus their full areas are not calculable. Due to this circumstance, they are given the same highest rank for area.) 

ID 
ID parish/ 
municipality 

Area - 
km2 

Thickness 
(m - radius) 

500m width 
(250m radius)? 

Perforation 
Indicator 

Prox. to Intense 
Urban land use 
Indicator 

% Urban 
Perimeter 

Noise (area 
affected - 
km2) 

1 
Huddinge_ 
Botkyrka >189.4 883 yes 20.45 615.6 0.069 20.34 

2 Haninge 128.4 1269 yes 15.53 425.6 0.20 1.55 

3 Boo 11.5 390 yes 7.97 19.5 0.185 1.18 

4 West Österåker 17.0 976 yes 5.38 33.6 0.053 0.68 

5 
West 
Norrsunda 6.2 444 yes 3.76 24.1 0.070 3.92 

6 
North 
Österåker >146.0 1159 yes 15.40 703.8 0.074 4.28 

7 Trångsund 10.5 467 yes 5.29 22.0 0.138 0.65 

8 Skarpnäck 3.2 371 yes 4.76 5.3 0.12 0.24 

9 East Nacka 14.7 793 yes 5.97 24.0 0.1801 1.55 

10 Lovö 4.4 420 yes 4.46 6.3 0.012 0.00 

11 Vaxholm 20.8 615 yes 9.43 31.1 0.016 0.26 

12 
Sollentuna_ 
Järfälla 12.9 529 yes 6.92 19.6 0.008 2.81 

13 
Danderyd_ 
Täby 9.0 382 yes 7.07 11.2 0.19 0.43 

14 
Central 
Österåker 10.3 603 yes 5.29 30.0 0.063 0.002 

15 Ed_Kallhäll 9.6 745 yes 4.55 21.3 0.03 3.56 
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16 Ed 6.5 515 yes 4.06 17.1 0.011 0.75 

17 
Norrsunda_ 
Vallentuna 3.9 364 yes 4.76 13.0 0.00 2.55 

18 
Central 
Vallentuna 10.6 497 yes  6.38 33.3 0.056 0.05 

19 Sankt Mikael 10.2 720 yes 4.15 15.6 0.39 0.80 

20 East Österåker 12.2 607 yes 4.40 44.8 0.10 1.80 

21 Flemingsberg 4.0 357 yes 4.47 7.2 0.15 0.07 

22 Huddinge 3.7 445 yes 4.61 6.8 0.04 0.09 

23 West Nacka 7.0 534 yes 4.72 9.3 0.36 0.16 

24 
Sollentuna_ 
Fresta 6.0 504 yes 4.44 9.4 0.11 1.06 

25 
North 
Norrsunda 18.0 598 yes 7.81 76.1 0.023 15.14 

26 
North 
Vallentuna 14.3 657 yes 6.97 64.6 0.00 0.53 

27 Viksjö 4.4 447 yes 3.88 7.8 0.142 0.18 

28 
Jakobsberg_ 
Kallhäll 3.2 668 yes 2.24 5.8 0.1796 0.52 

29 
Täby_ 
Vallentuna 20.5 707 yes 7.48 42.7 0.13 1.54 

30 East Vallentuna 24.8 717 yes 8.68 81.0 0.050 0.34 
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Table 2. Environmental Impact Ranking per Indicator and Average Rank for 1986 

ID ID parish/municipality Area 
Perforation 
Indicator 

Prox. to Intense 
Urban land use 
Indicator 

Urban 
Perimeter 

Noise (area 
affected) Average Rank 

1 Huddinge_Botkyrka 1 30 2 14 30 15.4 

2 Haninge 3 29 3 28 22 17.0 

3 Boo 13 25 18 26 19 20.2 

4 West Österåker 8 17 9 11 15 12.0 

5 West Norrsunda 22 2 13 15 27 15.8 

6 North Österåker 1 28 1 16 28 14.8 

7 Trångsund 15 16 15 21 14 16.2 

8 Skarpnäck 30 14 30 19 8 20.2 

9 East Nacka 9 18 14 25 21 17.4 

10 Lovö 24 8 28 5 1 13.2 

11 Vaxholm 5 27 11 6 9 11.6 

12 Sollentuna_Järfälla 11 20 17 3 25 15.2 

13 Danderyd_Täby 19 22 22 27 11 20.2 

14 Central Österåker 16 15 12 13 2 11.6 

15 Ed_Kallhäll 18 10 16 8 26 15.6 

16 Ed 21 4 19 4 16 12.8 

17 Norrsunda_Vallentuna 27 13 21 1 24 17.2 

18 Central Vallentuna 14 19 10 12 3 11.6 

19 Sankt Mikael 17 5 20 30 17 17.8 

20 East Österåker 12 6 7 17 23 13.0 

21 Flemingsberg 26 9 26 23 4 17.6 
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22 Huddinge 28 11 27 9 5 16.0 

23 West Nacka 20 12 24 29 6 18.2 

24 Sollentuna_Fresta 23 7 23 18 18 17.8 

25 North Norrsunda 7 24 5 7 29 14.4 

26 North Vallentuna 10 21 6 1 13 10.2 

27 Viksjö 25 3 25 22 7 16.4 

28 Jakobsberg_Kallhäll 29 1 29 24 12 19.0 

29 Täby_Vallentuna 6 23 8 20 20 15.4 

30 East Vallentuna 4 26 4 10 10 10.8 
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Table 3. Environmental Impact Index Results in 2006 (Note that LFA 1.1 and 6 have greater areas than those given here. They extend 

beyond the classification boundary and thus their full areas are not calculable. Due to this circumstance, they are given the same highest rank for area.) 

ID 
ID parish/ 
municipality 

Area - 
km2 

Thickness 
(m - radius) 

500m width 
(250m radius)? 

Perforation 
Indicator 

Prox. to Intense 
Urban land use 
Indicator 

% Urban 
Perimeter 

Noise (area 
affected - 
km2) 

1.1 
Huddinde_ 
Botkyrka >178.4 922 yes 22.41 3087 0.130 16.11 

1.2 West Haninge 6.1 552 yes 6.51 105 0.303 0.31 

2 Haninge 126.9 996 yes 18.38 1081 0.298 1.62 

3 Boo 9.9 372 yes 10.80 76 0.475 0.87 

4 West Österåker 16.9 676 yes 6.16 131 0.248 0.61 

5 West Norrsunda 7.6 551 yes 3.89 79 0.084 4.98 

6 North Österåker >135.6 1127 yes 20.10 1807 0.127 3.97 

7 Trångsund 12.2 1044 yes 5.28 160 0.125 0.53 

8 Skarpnäck 3.7 412 yes 5.06 52 0.118 0.45 

9 East Nacka 15.2 656 yes 7.27 232 0.282 1.64 

10 Lovö 5.7 624 yes 5.60 96 0.056 0.00 

11 Vaxholm 24.7 760 yes 8.22 350 0.058 0.49 

12 
Sollentuna_ 
Järfälla 13.1 542 yes 6.81 156 0.052 2.97 

13 Danderyd_Täby 10.5 417 yes 7.67 113 0.232 0.53 

14 Central Österåker 6.7 593 yes 4.69 61 0.410 0.00 

15.1 Ed_Kallhäll 7.1 602 yes 4.15 69 0.207 3.63 

15.2 South Ed 3.3 364 yes 4.804 30 0.032 0.30 

16 Ed 7.4 609 yes 4.468 56 0.018 0.67 

17 
Norrsunda_ 
Vallentuna 3.6 371 yes 4.801 28 0.016 2.67 
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18 Central Vallentuna 9.2 534 yes 6.492 68 0.029 0.05 

19 Sankt Mikael 9.1 794 yes 4.373 62 0.437 0.65 

20 East Österåker 11.4 504 yes 7.376 73 0.239 2.06 

21 Flemingsberg 3.5 420 yes 4.633 19 0.182 0.13 

22 Huddinge 4.3 442 yes 4.630 36 0.038 0.10 

23 West Nacka 6.9 496 yes 6.37 58 0.306 0.22 

24 Sollentuna_Fresta 6.7 650 yes 3.96 93 0.075 1.21 

25 North Norrsunda 15.5 602 yes 7.54 148 0.068 12.67 

26 North Vallentuna 17.8 784 yes 8.13 188 0.001 0.22 

27 Viksjö 3.5 447 yes 5.04 40 0.107 0.11 

28 
Jakobsberg_ 
Kallhäll 3.1 607 yes 3.00 36 0.208 0.47 

29 Täby_Vallentuna 10.2 535 yes 5.69 107 0.059 0.25 

30.1 East Vallentuna 12.4 467 yes 9.04 98 0.119 0.02 

30.2 NE Vallentuna 7.7 462 yes 6.65 48 0.012 0.30 

 
 
For comparability with 1986: (these values are used when comparing rankings between 1986 and 2006, instead of the true values for 

LFA 1.1, 1.2, 15.1, 15.2, 30.1 and 30.2. These LFAs are penalized for becoming divided or fragmented by dropping one ranking spot in 
the overall ranking, see below.) 

ID 
ID 
parish/municipality 

(sum) 
Area - km2 

(avr) 
Perforation 
Indicator 

(avr) Prox. to 
Intense Urban 
land use Indicator 

(avr) % Urban 
Perimeter 

(sum) Noise (area 
affected by >55dB) 
km2 

1 Huddinge_Botkyrka 184.5 14.46 1595.8 0.22 16.43 

15 Ed_Kallhäll 10.4 4.48 49.5 0.12 3.93 

30 East Vallentuna 20.1 7.85 73.0 0.07 0.33 
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Table 4.  Environmental Impact Ranking per Indicator and Average Rank for 2006 

ID ID parish/municipality Area  
Perforation 
Indicator 

Prox. to Intense 
Urban land use 
Indicator 

Urban 
Perimeter 

Noise (area 
affected) Average Rank 

1.1 Huddinde_Botkyrka 1 33 1 20 33 17.60 

1.2 West Haninge 25 20 13 29 13 20.00 

2 Haninge 3 31 3 28 24 17.80 

3 Boo 15 30 18 33 22 23.60 

4 West Österåker 6 17 10 26 19 15.60 

5 West Norrsunda 19 2 17 14 31 16.60 

6 North Österåker 1 32 2 19 30 16.80 

7 Trångsund 11 14 7 18 17 13.40 

8 Skarpnäck 28 13 26 16 14 19.40 

9 East Nacka 8 23 5 27 25 17.60 

10 Lovö 26 15 15 9 1 13.20 

11 Vaxholm 4 28 4 10 16 12.40 

12 Sollentuna_Järfälla 9 22 8 8 28 15.00 

13 Danderyd_Täby 13 26 11 24 18 18.40 

14 Central Österåker 23 9 23 31 2 17.60 

15.1 Ed_Kallhäll 21 4 20 22 29 19.20 

15.2 South Ed 32 11 31 6 11 18.20 

16 Ed 20 6 25 4 21 15.20 

17 Norrsunda_Vallentuna 29 10 32 3 27 20.20 

18 Central Vallentuna 16 19 21 5 4 13.00 

19 Sankt Mikael 17 5 22 32 20 19.20 

20 East Österåker 12 24 19 25 26 21.20 
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21 Flemingsberg 30 8 33 21 7 19.80 

22 Huddinge 27 7 29 7 5 15.00 

23 West Nacka 22 18 24 30 9 20.60 

24 Sollentuna_Fresta 24 3 16 13 23 15.80 

25 North Norrsunda 7 25 9 12 32 17.00 

26 North Vallentuna 5 27 6 1 8 9.40 

27 Viksjö 31 12 28 15 6 18.40 

28 Jakobsberg_Kallhäll 33 1 30 23 15 20.40 

29 Täby_Vallentuna 14 16 12 11 10 12.60 

30.1 East Vallentuna 10 29 14 17 3 14.60 

30.2 NE Vallentuna 18 21 27 2 12 16.00 

 

For comparability with 1986:  

ID 
ID parish/ 
municipality Area Perforation  

Prox. to 
Intense Urban 
land use  

Urban 
Perimeter 

Noise (area 
affected) 

Average 
Rank 

Adjusted Average 
Rank (division 
penalty) 

1 
Huddinge_ 
Botkyrka 1 28 2 21 30 16.4 17.4 

15 Ed_Kallhäll 14 6 25 16 26 17.4 18.4 

30 East Vallentuna 5 24 18 10 10 13.4 14.4 
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Table 5. Change in indicator rankings and average ranking for Environmental Impact between 1986 and 2006 

ID 
ID parish/ 
municipality 

Area - 
km2 

Perforation 
Indicator 

Prox. to Intense 
Urban land use 
Indicator 

% Urban 
Perimeter 

Noise (area 
affected - km2) 

Average 
ranking 
change 

Average ranking 
change with 
deduction for division 

1 Huddinge_Botkyrka 0 2 0 -7 0 -1 -2 

2 Haninge 0 0 0 2 1 1 1 

3 Boo -3 -2 2 -4 0 -1 -1 

4 West Österåker 1 1 -1 -13 -1 -3 -3 

5 West Norrsunda 3 0 -2 2 -1 0 0 

6 North Österåker 0 -2 0 -2 1 -1 -1 

7 Trångsund 4 3 8 4 0 4 4 

8 Skarpnäck 4 2 6 4 -3 3 3 

9 East Nacka 0 -2 9 0 -1 1 1 

10 Lovö 0 -6 15 -2 0 1 1 

11 Vaxholm 1 1 7 -2 -4 1 1 

12 Sollentuna_Järfälla 1 1 9 -3 0 2 2 

13 Danderyd_Täby 6 -1 11 5 -4 3 3 

14 Central Österåker -6 6 -9 -15 0 -5 -5 

15 Ed_Kallhäll 4 4 -9 -8 0 -2 -3 

16 Ed 1 -1 -4 1 -2 -1 -1 

17 
Norrsunda 
Vallentuna 0 3 -8 -1 0 -1 -1 

18 Central Vallentuna -3 1 -9 8 0 -1 -1 

19 Sankt Mikael -1 1 0 1 0 0 0 

20 East Österåker 0 -15 -10 -6 0 -6 -6 

21 Flemingsberg -2 1 -4 4 -2 -1 -1 

22 Huddinge 3 4 0 4 1 2 2 
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23 West Nacka -1 -5 2 2 -2 -1 -1 

24 Sollentuna_Fresta 0 4 9 6 -2 3 3 

25 North Norrsunda -1 2 -4 -4 0 -1 -1 

26 North Vallentuna 4 -4 0 0 6 1 1 

27 Viksjö -4 -8 -1 8 2 -1 -1 

28 
Jakobsberg_ 
Kallhäll -1 0 1 4 0 1 1 

29 Täby_Vallentuna -9 8 -4 11 11 3 3 

30 East Vallentuna -1 2 -14 0 0 -3 -4 
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