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Abstract 

This thesis presents the implementation of data fusion techniques for sustainable urban 
development. Recently, increasingly more geospatial data have been made easily available for 
no cost. The immeasurable quantities of geospatial data are mainly from four kinds of sources: 
remote sensing satellites, geographic information systems (GIS) data, citizen science, and 
sensor web. Among them, satellite images have been mostly used, due to the frequent and 
repetitive coverage, as well as the data acquisition over a long time period. 

However, the rather coarse spatial resolution of e.g. 30 m for Landsat 8 multispectral images 
impairs the application of satellite images in urban areas. Even though image fusion techniques 
have been used to improve the spatial resolution, the existing image fusion methods are neither 
suitable for sharpening one band thermal images nor for hyperspectral images with hundreds 
of bands. Therefore, simplified Ehlers fusion was developed. It adds the spatial information of 
a high-resolution image into a low-resolution image in the frequency domain through fast 
Fourier transform (FFT) and filter techniques. The developed algorithm successfully improved 
the spatial resolution of both one band thermal images as well as hyperspectral images. It can 
enhance various images, regardless of the number of bands and the spectral coverage, providing 
more precise measurement and richer information. 

To investigate the performance of simplified Ehlers fusion in practical use, it was applied for 
urban heat island (UHI) analysis. This was done by sharpening daytime and nighttime thermal 
images from Landsat 8, Landsat 7, and the Advanced Spaceborne Thermal Emission and 
Reflection Radiometer (ASTER). The developed algorithm effectively improved the spatial 
details of the original images so that the temperature differences between agricultural, forest, 
industrial, transportation, and residential areas could be distinguished from each other. Based 
on that, it was found that in the study city the causes of UHI are mainly anthropogenic heat 
from industrial areas as well as high temperatures from the road surface and dense urban fabric. 
Based on this analysis, corresponding mitigation strategies were tailored. 

Remote sensing images are useful yet not sufficient to retrieve land use related information, 
despite high spatial resolution. For sustainable urban development research, remote sensing 
images need to be incorporated with data from other sources. Accordingly, image fusion needs 
to be extended to broader data fusion. Extraction of urban vacant land was therefore taken as a 
second application case. Much effort was spent on the definition of vacant land as unclear 
definitions lead to ineffective data fusion and incorrect site extraction results. Through an 
intensive study of the current research and the available open data sources, a vacant land 
typology is proposed. It includes four categories: transportation-associated land, natural sites, 
unattended areas or remnant parcels, and brownfields. Based on this typology, a two-level data 
fusion framework was developed. On the feature level, sites are identified. For each type of 
vacant land, an individual site extraction rule and data fusion procedure is implemented. The 
overall data fusion involves satellite images, GIS data, citizen science, and social media data. 
In the end, four types of vacant land features were extracted from the study area. On the decision 
level, these extracted sites could be conserved or further developed to support sustainable urban 
development. 
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Zusammenfassung (German abstract) 

In der vorliegenden Arbeit werden offene Geodaten durch Datenfusionstechniken für die 
Stadtforschung nutzbar gemacht. Dabei ist zu beobachten, dass immer mehr Geodaten frei zur 
Verfügung gestellt werden – zumeist stammen sie aus vier Quellen: Fernerkundungssatelliten, 
GIS-Daten, Citizen Science (Bürgerwissenschaft) sowie Websensoren. Satellitenbilder werden 
aufgrund der häufigen und wiederholten Abdeckung eines Gebiets sowie der Datenerfassung 
über einen längeren Zeitraum hinweg am häufigsten eingesetzt. 

Die grobe räumliche Auflösung bspw. der multispektralen Bilddaten von Landsat 8 von 30 m 
beeinträchtigt jedoch die Anwendung in städtischen Gebieten. Eine Möglichkeit zur 
Bildschärfung sind Bildfusionstechniken. Die bestehenden Verfahren sind jedoch weder zum 
Schärfen von Wärmebildern mit nur einem Band, noch zum Schärfen von hyperspektralen 
Bildern mit hunderten von Bändern geeignet. Daher wurde im Rahmen des Promotionsprojekts 
die simplified Ehlers fusion entwickelt. Durch diese wird mithilfe einer schnellen Fourier-
Transformation (FFT) und Filtertechniken räumliche Informationen eines höher aufgelösten 
Bildes zu einem Bild mit niedrigerer Auflösung im Frequenzbereich hinzugefügt. Der 
entwickelte Algorithmus verbesserte erfolgreich die räumliche Auflösung von Wärmebildern 
auf der einen und hyperspektralen Bildern auf der anderen Seite. Er ist zur Schärfung für 
unterschiedliche Bildtypen einsetzbar, unabhängig von der Anzahl der Bänder und der 
spektralen Abdeckungm was insgesamt zu präziseren Messungen und reichhaltigeren 
Informationen führt. 

Um die Leistung der simplified Ehlers fusion im praktischen Einsatz zu testen, wurde sie zur 
Untersuchung von städtischen Wärmeinseln (UHI) eingesetzt. Dazu wurden tagsüber und 
nachts Wärmebilder von Landsat 8, Landsat 7 und dem Advanced Spaceborne Thermal 
Emission and Reflection Radiometer (ASTER) geschärft. Der entwickelte Algorithmus 
verbessert effektiv die räumlichen Details der Originalbilder, sodass die 
Temperaturunterschiede zwischen landwirtschaftlichen Flächen, Wald, Industriegebieten, 
Transportwegen und Wohngegenden unterscheidbar werden. Basierend auf dieser Analyse 
können die Ursachen für die UHI in der untersuchten Stadt, die exemplarisch für die 
Anwendungsfälle herangezogen wurde. gefunden werden. Hauptfaktoren sind demnach die 
anthropogene Wärme der Industrieanlagen sowie die hohen Temperaturen asphaltierter Straßen 
und dichter Stadtgefüge. Basierend auf dieser Analyse werden Strategien für die Vermeidung 
von UHI präsentiert. 

Satellitenbilder liefern für zahlreiche Anwendungen hilfreiche Informationen, reichen jedoch 
trotz mitunter hoher räumlicher Auflösung nicht aus, um detaillierte Informationen zur 
Landnutzung und Landbedeckung sicher bestimmen zu können. Für die Unterstützung einer 
nachhaltigen Stadtentwicklung müssen Fernerkundungsbilder daher mit Daten aus anderen 
Quellen kombiniert werden. Folglich müssen Methoden der Bildfusion um Methoden der 
Datenfusion erweitert werden. Die Identifikation städtischer Freiflächen wurde daher als 
zweiter Anwendungsfall ausgewählt. Da eine unklare Definition zu einer ineffektiven 
Datenfusion und falschen Ergebnissen führt, wurde basierend auf einer intensiven Recherche 
aktueller Forschungsarbeiten und der verfügbaren offenen Datenquellen eine Typologie von 
Freiflächen entwickelt. Diese umfasst vier Kategorien: verkehrsbedingte Freiflächen, 
Naturstätten, vernachlässigte Gebiete oder Restflächen sowie Brachflächen. Basierend auf 



Page XVI | Zusammenfassung (German abstract) 

dieser Typologie wird ein zweistufiges Verfahren zur Datenfusion präsentiert. Auf der Feature-
Ebene werden Standorte identifiziert. Für jede Art von Freiflächen wird eine individuelle Regel 
zur Extraktion und Datenfusion implementiert. Die gesamte Datenfusion basiert auf 
Satellitenbildern, GIS-Daten sowie durch Citizen Science und soziale Medien gewonnen Daten. 
Schließlich wurden vier Arten von Freiflächen in dem Untersuchungsgebiet identifiziert. Auf 
der Entscheidungsebene könnten diese abgebauten Standorte konserviert oder städtebaulich 
erschlossen werden, um eine nachhaltige Stadtentwicklung zu unterstützen. 

Schlüsselwörter: Bildschärfung, Brachfläche, Datenfusion, Freifläche, Geodatenanalyse, 
nachhaltige Stadtentwicklung, offene Daten, städtische Wärmeinsel 



Introduction | Page 1 

 

1. Introduction 

This chapter describes the geospatial data development background, which shows that vast data 
has been freely accessible and more open source data will become available. However, it is still 
not clear how to fuse these freely accessible data together to get even more accurate and useful 
information for urban research. Therefore, this thesis takes three steps to present geospatial data 
fusion: firstly, an image fusion algorithm is developed for improving the spatial resolution of 
various remote sensing images; afterward, the developed algorithm is applied to sharpen remote 
sensing thermal images and the sharpened images are then used for urban heat island (UHI) 
analysis which is the first application case; at the end, urban vacant land identification is taken 
as the second practical use case to emphasize the situation that only remote sensing images 
alone are not sufficient to analyze urban issues, where remote sensing images need to be 
integrated with geographical information system (GIS) data and volunteered geographic 
information. 

1.1. Open geospatial data 

In September 2015, the United Nations (UN) officially endorsed all countries’ support for the 
public-private cooperation to contribute to the availability of Earth observation (EO) and 
geospatial information in the 2030 agenda for sustainable development (UN, 2015). In the last 
decades, governments from around the world started to call for cooperation in sharing 
geospatial data as well as to promote open geospatial data initiatives, as they realized that these 
data foster opportunities for economic, social, and environmental developments. Supported by 
a succession of G20 and G7/G8 meetings, the globally recognized Group on Earth Observations 
(GEO) is a community of more than 100 national governments and 100 participating 
organizations that work towards a future where decisions and actions for the betterment of 
humankind are guided by Earth observations (GEO, n.d.). Encouraged by GEO, several 
initiatives have made it possible to open access to geospatial data, namely Global Forest Watch, 
Ocean Climate Change, Global Marine Biodiversity Observational Network, Global 
Agricultural Monitoring, and Water Sustainability. A majority of countries have enacted 
policies to improve access to open geospatial data, typically including topography and data 
regarding land use and land cover—this aims at encouraging more participants and stakeholders 
to use the geospatial information with opportunities for more participation in science, politics, 
and social action (Craglia and Shanley, 2015).  

Directed by the governments, space agencies operate various programs offering vast amounts 
of free data from satellites as well as ground-based, airborne, and seaborne measurements. For 
example, Landsat represents the world’s longest continuously acquired collection of remote 
sensing data. It is a joint initiative between the United States Geological Survey and the 
National Aeronautics and Space Administration (NASA). NASA is responsible for most of the 
worldwide earth observation programs such as the Advanced Spaceborne Thermal Emission 
and Reflection Radiometer (ASTER) and the Moderate Resolution Imaging Spectroradiometer 
(MODIS). Copernicus is the European Union’s EO program, which is operated by the European 
Space Agency (ESA) together with other partners. This program is served by a set of satellites, 
among which Sentinel-1 provides day and night radar imagery, Sentinel-2 offers optical 
imagery, and Sentinel-3 focuses on sea surface and land surface temperature. Other Sentinel 
family members are scheduled to be launched in the future. Also, the Japan Aerospace 
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Exploration Agency (JAXA) contributes a worldwide digital surface model using the Advanced 
Land Observing Satellite (ALOS). Among the open satellite data sources, NASA and ESA are 
the main providers. 

There are also programs that provide regional data only. For example, the China-Brazil Earth 
Resources Satellite (CBERS) was established through the cooperation between the National 
Institute for Space Research and the Chinese Academy of Space Technology. However, only 
the data covering South America and Africa provided by CBERS is freely accessible. India, 
too, has built up a geospatial data platform by its National Remote Sensing Centre, which 
distributes free satellite data products in India and its neighboring countries. 

Not only space agencies from around the world, but also organizations and stakeholders from 
the business sector are contributing to open geospatial data sources. The Esri ArcGIS Hub holds 
more than 220,000 data sets from more than 2,400 organizations worldwide (ArcGIS, 2019). 
The Socioeconomic Data and Applications Center (SEDAC) from NASA hosted by Columbia 
University, New York, provides more than 200 global and national data sets covering themes 
regarding human interactions with the environment, such as the Last of the Wild initiative 
which mapped the last remaining wild areas on Earth, and the Population Exposure Estimates 
in Proximity to Nuclear Power Plants, Locations data set which provides global point locations 
describing nuclear power plants and reactors.  

Besides the above official sources, citizen science is gradually becoming a common way of 
collecting geospatial data. Rapidly developed web mapping technologies have made it 
relatively easy for volunteers to map, enter data, and participate in online activities. Citizen 
science projects allow any interested individual to contribute information through online 
platforms or online tools. This technology can assist geographers to collect information from 
citizen science databases. The citizen science research approach can result in positive overall 
satisfaction for different users and support a wide variety of tasks with reliable data quality. For 
instance, Parr and Scholz (2015) have developed a web mapping and data collection site which 
allows users, regardless of GIS experience, to submit possible low water crossing locations in 
addition to descriptions and photos, for the purpose of identifying potential roadway flooding 
hazards. The most popular and prominent volunteered geographic information product is 
OpenStreetMap (OSM), which is a free and editable digital map of the world 
(http://wiki.openstreetmap.org). 

Sensor web has emerged as an important EO data acquisition source. With the development of 
web technology, various vastly distributed sensors are connected to the World Wide Web 
(WWW). Sensor web services enable online publishing and sharing of the data produced and 
collected by the sensors. It can be used to obtain real-time and in situ observations for 
environmental monitoring (Zheng et al., 2012), as well as to assist disaster management (Wang 
and Yuan, 2010). In recent years, a focus has been on sensor systems which integrate in situ 
devices, remote sensing satellites, stationary sensors, and sensors attached to mobile platforms. 
For instance, EO web is a data acquisition and processing network which comprises the EO 
sensor, the sensor network, and the Internet (Chen et al., 2014). Thus, sensor web is defined as 
an infrastructure which enables an interoperable usage of sensor resources by enabling their 
discovery, access, tasking, as well as eventing and alerting within the WWW in a standardized 
way (Bröring et al., 2011).  

http://wiki.openstreetmap.org/
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While many focus on making data open, the awareness of open source geo-processing tools, 
software, and standards has also been raised. Quantum-GIS (QGIS) and Geographic Resources 
Analysis Support System GIS (GRASS GIS) are open source software which are commonly 
used for geospatial data management and analysis. QGIS is the leading open source desktop 
GIS. It is composed of the core functions and plugins. Users are encouraged to develop their 
own applications for the software. Due to the increasing contribution from users, the capabilities 
of the software are growing continuously. For instance, QGIS has integrated the SentinelHub 
plugin for using the latest Sentinel Satellite data. However, this function has not been included 
in the commercial software ArcGIS. 

GRASS GIS is a sister project of QGIS. Whereas QGIS has an easy user interface similar to 
other common GIS software, GRASS GIS is built upon a location concept to benefit a team to 
simultaneously work in the same project database. They complement each other as well as share 
their toolbox and processing commands. Like QGIS, GRASS GIS has been under continuous 
development because of the user community. 

Open source software is driven by and relies on volunteers. This feature does not impair its 
quality and user experience. Taking the 3D data visualization function from GRASS GIS as an 
example, it runs much faster and presents a better 3D effect than using the 3D Analyst tool 
ArcScene from ArcGIS. 

Compared to QGIS and GRASS GIS, which focus on general geospatial data analysis and map 
making, the Sentinel Application Platform, usually referred to as SNAP (Sentinel Application 
Platform), is another open source software that is tailored for processing Sentinel data and data 
from similar sensors. It is provided by the ESA and integrates the necessary functions to 
download, pre-process, and classify satellite images. 

Open Geospatial Consortium (OGC) Standards “support interoperable solutions that ‘geo-
enable’ the web, wireless and location-based services and mainstream IT” (OGC, 2019). It aims 
to enable spatial search engines to discover and access web-based geospatial data, 
geoprocessing web services, and data from web-connected sensors. In the same way that OGC 
facilitates the sharing of spatial data, Infrastructure for Spatial Information in Europe, usually 
referred to as INSPIRE, aims to provide necessary standards across EU (European Union) 
member states. It established an infrastructure for searching, viewing, and downloading spatial 
data. 

Open geospatial data, software, and standards together have created an “open” movement 
(Bakillah and Liang, 2016), promoting the availability of up-to-date, reliable, and interoperable 
open geospatial data. This movement has produced a significant impact on the sustainable urban 
research based on open geospatial data.  

1.2. The role of open geospatial data in sustainable urban development 

With the emergence of vast open source data, they have been integrated into urban research. 
This subchapter provides an overview of the studies which have used open geospatial data to 
address key environmental issues in the development of sustainable cities. According to the 
different types of data sources, the subchapter is divided into three sections. 
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1.2.1. Remote sensing images  

Due to the increasing number of operational satellites from international space agencies, the 
amount of data produced by satellites is increasing exponentially. Remote sensing satellite 
images have some features, such as global coverage, high revisit frequency, and long term 
acquisition plans, which are particularly beneficial for monitoring urban development. 
Therefore, they are considered as the most important open source data and the focus of this 
thesis. Depending on the sensors equipped on the satellite, various types of data can be 
produced. 

Optical remote sensing data deal with visible and near infrared observations, among which the 
visible part is similar to the human perception of objects. Thermal remote sensing sensors 
measure the emitted radiation of the Earth’s surface as radiant temperature. Synthetic Aperture 
Radar (SAR) provides texture, geometry, and moisture-sensitive information, and cannot be 
directly interpreted by non-professionals (Pohl and van Genderen, 2017). Hyperspectral sensors 
have the advantages of finding objects and identifying materials due to “the acquisition of 
images in hundreds of contiguous registered spectral bands such that for each pixel a radiant 
spectrum can be derived” (Goetz et al., 1985, p. 1147). Thermal images generally have coarser 
spatial resolution than other remote sensing images. Hyperspectral images are rare sources, as 
spaceborne hyperspectral imaging is still in the experimental phase, such as the Hyperion which 
is from a demonstration mission and was ended in 2017 (USGS, 2018a), as well as the Compact 
High Resolution Imaging Spectrometer (CHRIS) which is from the demonstration mission 
Proba-1 (ESA, 2019). Table 1 summarizes the available free optical, SAR, thermal, and 
hyperspectral data sources from different providers. This table shows that NASA is the main 
resource provider and most satellite images have coarse spatial resolution. Based on these open 
data sources, research about urban sustainable development have been conducted in various 
aspects.  

Typically, multi-temporal Landsat images are employed to analyze urban sprawl and monitor 
urban changes. Features indicating urbanization are extracted from a series of multispectral 
images, then changes in these features are used as indicators of urban development. For 
instance, linear features which indicate buildings and roads are extracted to quantify and assess 
the patterns of urbanization, as city growth is typically demonstrated by the expansion of a 
city’s infrastructure (Al-Ruzouq et al., 2017). Similarly, edges indicate regular shape in the 
human-disturbed landscapes rather than natural landscapes; thus edge density can be used to 
quantitatively examine the fragmentation caused by urban sprawl (Tang et al., 2006). Multi-
temporal Landsat images can also be used to assess natural disasters such as flood risk in urban 
sprawl contexts (Franci et al., 2015).  

Often, images from Landsat are combined with images from other satellites to explore the 
spatiotemporal characteristics of urbanization in the long term. For instance, using Landsat 
Multi Spectral Scanner (MSS), Landsat Enhanced Thematic Mapper Plus (ETM+), and ASTER 
images, Liang et al. (2013) revealed urban landscape changes and also evaluated urban fractal 
characteristics of Indianapolis, IN. Mainly based on the data from Landsat and CBERS, Li et al. 
(2016) described the urban sprawl intensity in Chinese coastal zones. With the data from the 
same satellites, Gao et al. (2012) mapped the continuous impervious surface expansion using a 
series of images spanning four decades. 
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Table 1 Available open remote sensing data sources (based on Pohl and van Genderen, 2017, chap. 1). 
 

Method Sensor Sattelite operator Resolution in m 
    

Optical 

AVHRR NOAA 1090 
Landsat 8 OLI NASA 30/15 
Landsat 7 ETM+ NASA 30/15 
Landsat 4/5 TM NASA, NOAA 30 
Landsat 1–3 MSS NASA 60 
Sentinel-2 ESA 10, 20, 60 
MODIS NASA 1000 
ASTER NASA, METI, J-spacesystems 15/30 

SAR 

Sentinel-1 ESA 5 
Envisat ASAR ESA 30 
STRM-C NASA 30 
STRM-X NASA 25 
JERS-1 JAXA 18 
ERS-1/2 ESA 30 
ALOS PALSAR* JAXA 10/3 
Seasat NASA 25 

Thermal 

Landsat TM, ETM+, OLI NASA, NOAA 120/60/100 
Sentinel-6 ESA 1000 
ASTER TIR NASA, METI, J-spacesystems 90 
MODIS TIR NASA 1000 
AVHRR TIR NOAA 1090 

Hyperspectral 
Hyperion (EO-1) NASA 30 
CHRIS ESA 17 
AVIRIS** NASA Unfixed 

 
   

* Selected sites available. ** Airborne sensor (all others space borne). 
ALOS: Advanced Land Observing Satellite. ASAR: Advanced Synthetic Aperture Radar. ASTER:
Advanced Spaceborne Thermal Emission and Reflection Radiometer. AVHRR: Advanced Very High
Resolution Radiometer. AVIRIS: Airborne Visible/Infrared Imaging Spectrometer. CHRIS: Compact 
High Resolution Imaging Spectrometer. EO-1: Earth Observing-1. ERS: European Remote Sensing
Satellite. ESA: European Space Agency. ETM+: Enhanced Thematic Mapper Plus. JAXA: Japan 
Aerospace Exploration Agency. JERS: Japan Earth Resources Satellite. J-spacesystems: Japan Space 
Systems. METI: Japan’s Ministry of Economy, Trade and Industry. MODIS: Moderate Resolution
Imaging Spectroradiometer. MSS: Multi Spectral Scanner. NASA: National Aeronautics and Space
Administration. NOAA: National Oceanic and Atmospheric Administration. OLI: Operational Land 
Imager. PALSAR: Phased Array type L-band Synthetic Aperture Radar. STRM: Shuttle Radar 
Topography Mission. TIR: Thermal infrared. TM: Thematic Mapper. 

Since 2015, Sentinel-2 multispectral images have been freely accessible, with a higher spatial 
resolution and revisit frequency than Landsat. This data provides a viable complementary 
source to the pre-existing satellite images. It has been widely used all over the world for land 
cover mapping, such as in Europe (Abdi, 2020; Rujoiu-Mare et al., 2017), Africa (Forkuor 
et al., 2018), Asia (Xi et al., 2019), and America (Clerici et al., 2017). The added value of 
Sentinel-2 data with respect to Landsat 8 have been investigated: for land use and land cover 
mapping, Sentinel-2 bands produced overall accuracy which is better than Landsat 8 (Topaloğlu 
et al., 2016); for global human settlement mapping, noticeable improvement of the 
classification quality was made (Pesaresi et al., 2016); for extraction of green infrastructure, it 
was more effective at extracting green areas (Labib and Harris, 2018). However, due to the 
Landsat mission’s long history and community maturity, the Landsat mission still benefits 
researchers worldwide (Papadakis and Milosavljevic, 2019). 
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Numerous studies focused on retrieving land surface temperatures from thermal images, aiming 
at UHI monitoring. Several open source platforms collect data continuously over several 
decades and are thus chosen for long-term thermal pattern analysis. Most popular thermal 
sources for UHI research include National Oceanic and Atmospheric Administration Advanced 
Very High Resolution Radiometer (NOAA-AVHRR) (Khorchani et al., 2018; Stathopoulou 
and Cartalis, 2009), Landsat Thematic Mapper (TM), ETM+, Operational Land Imager (OLI) 
(Li et al., 2011; Lo and Quattrochi, 2003; Tan et al., 2017; Zhangyan et al., 2006), and MODIS 
(Hutgens and Vohland, 2014; Mukherjee et al., 2017). Due to the frequent repeated EO of these 
sensors, the retrieved images are beneficial for monitoring seasonal and annual temperature 
changes. Besides UHI mapping itself, the relationship between UHI and land cover and land 
use, built-up areas, vegetation, or impervious surfaces has also been investigated (Heldens 
et al., 2013; Li et al., 2011; Nie et al., 2016; Weng et al., 2004), as the effects of landscape 
pattern on UHI is crucial for understanding the impact of urbanization on urban climate.  

SAR sensors have the advantage of data acquisition during both day and night, regardless of 
atmospheric weather conditions. Performing the same function as optical images, SAR images 
can also be used for urban area distribution mapping (Iino et al., 2018) and urban change 
dynamics analysis (Trianni et al., 2010). Currently, Sentinel-1 images have been used to detect 
buildings (Koppel et al., 2017), as well as to generate the human settlement layer (Corbane 
et al., 2018).  

SAR images have proven to be a powerful tool for natural hazard risk analysis of urban areas. 
For example, Envisat Advanced Synthetic Aperture Radar (ASAR) and Sentinel-1 images have 
been used for flood mapping (Henry et al., 2006; Plank et al., 2017). Due to the high repetition 
rate of Sentinel-1, it is possible to build up a systematic data acquisition system to detect and 
monitor flood risk in near real-time. This system allows for the derivation of time-critical 
disaster information in less than 45 min after a new data set is available on the Sentinel data 
provision platform, and regularly informs users about the current flood conditions (Twele et al., 
2016).  

Due to over-exploitation of ground resources, land subsidence affects many cities in the world. 
Different SAR data sets have been widely used to monitor urban surface deformations. The 
European Remote Sensing Satellites (ERSs) ERS-1 and ERS-2 acquired a combined database 
extending over two decades, and can thus be used for monitoring constant urban subsidence 
over years (Raucoules et al., 2003). The newly launched Sentinel-1 is a reliable SAR source 
with higher resolution. It has been proven that the data is especially effective in identifying the 
subsidence behavior as well as the relationship between the occurrence of the subsidence and 
its main driving factors (Fiaschi et al., 2017; Zhou et al., 2018). Envisat and Sentinel SAR 
images can also be used to monitor ground deformation caused by earthquakes, landslides, and 
volcanic activities, and are therefore crucial data sources for cities vulnerable to such natural 
hazards (Funning et al., 2005; Kyriou and Nikolakopoulos, 2018; Leighton et al., 2013; Solari 
et al., 2018). Combination of ERS and Envisat data is beneficial for the generation of long-term 
surface deformation time-series (Bonano et al., 2012).  

Hyperspectral remote sensing is an innovative development, which remains unfamiliar to many 
potential users due to the need of professional knowledge to process the data. Currently, the 
availability of free hyperspectral data is still limited. The most popular open source is Hyperion 
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from NASA which is a test instrument designed to demonstrate spaceborne hyperspectral 
imaging. CHRIS is a similar sensor from ESA and primarily for in-orbit demonstration and 
evaluation of the new spaceborne hyperspectral technologies. Hyperion has been investigated 
for extracting impervious surface and its effectiveness has been compared with using 
multispectral images from Earth Observing-1 (EO-1) Advanced Land Imager. The comparison 
results show that both data sources produced excellent impervious surface mapping and the 
hyperspectral image was more powerful in discerning low-albedo surface materials, which has 
been a major obstacle with multispectral images (Weng et al., 2008). It has also been tested for 
many other applications such as fractional landscape mapping (Friedel et al., 2018) and 
automated road extraction (Tiwari et al., 2010).  

Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) is a hyperspectral instrument 
operated on aircraft platforms. The mission has flown across the USA, Canada, and Europe. 
Even though at moment, only data from 2006 to the present is available, data from 1992 to 2005 
are planned to be directly downloadable (Jet Propulsion Laboratory, 2017). AVIRIS imagery 
has been tested for discriminating vegetation, impervious and soil surfaces, aiming at mapping 
the composition of urban areas (Golubiewski and Wessman, 2010). AVIRIS can also be used 
for identification of urban tree species based on their spectral character differences in AVIRIS 
imagery (Alonzo et al., 2013; Xiao et al., 2004), for the purpose of urban forest management.  

The Hyperspectral Mapper (HyMap) instrument, which is an advanced aircraft-mounted 
commercial hyperspectral sensor, also supports data simulation efforts for the two future 
hyperspectral satellites from the USA and Australia (Kruse et al., 2000). It is of great interest 
if this sensor can later be used on satellites to deliver (open) data, despite potentially coarser 
spatial resolution than commercial data. Nevertheless, this instrument has unique capabilities 
such as monitoring of mineral generated water pollution (Riaza et al., 2015) and oil 
contaminated soil detection (Hörig et al., 2001). The excellent performance is due to the fact 
that the sensor configuration provides both spatially contiguous spectra and spectrally 
contiguous image of the Earth’s surface unavailable from other sources (Kruse et al., 2000). 

1.2.2. GIS data  

Whereas remote sensing data provides specific measurements of urban areas, GIS data provide 
direct interpretation of urban objects. For instance, NASA SEDAC aims to support the 
integration of socioeconomic and earth science data, providing data that can be directly used 
for social, economic, and environmental analyses. It has a data category specific for the theme 
of urban areas, including data sets like Global Human Built-up And Settlement Extent from 
Landsat, Global Population Density Grid Time Series Estimates, Global Urban Heat Island, and 
Global Grid of Probabilities of Urban Expansion.  

Many GIS user communities, organizations, and business sectors built up their online geospatial 
databases to share their data, information, and knowledge. Usually, the GIS data provision is 
realized through a web map service, a web feature service, and a download service, to ensure 
users can display and view the data on-the-fly as maps, graphs, and tables and/or download the 
data in different formats. Taking ArcGIS Hub Open Data (ArcGIS, 2019) as an example, 
through the category of web map application, projects like Kitchener’s Urban Forest Strategy 
and Sustainability Walk can be found. The Kitchener’s Urban Forest produced several tree 
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canopy coverage maps to help the city to protect, maintain, and plant the future urban forest. 
The Sustainability Walk demonstrates the places equipped with energy and resource saving 
facilities such as green buildings, permeable pavers, solar panels, and green roofs. Even though 
these maps cannot be downloaded, these projects show creative ideas about sustainable urban 
development and their implementation in specific cities. Meanwhile, there are also maps that 
can be downloaded in different formats and further processed with other datasets, such as Urban 
Sustainability Areas.  

In the future, there will be increasingly more open GIS data related to sustainable urban 
development, since, for example, GEO has several urban sustainability development programs 
on their work agenda. The Megacities Observation and Monitoring program will provide the 
datasets for megacities in the world. Global human settlement layers will be generated at 
various international and national levels. In Europe, the GEO initiative is supported through the 
Copernicus program, which has adopted an open data policy facilitating the development of 
downstream services. From its core information services, urban related GIS datasets are listed 
in the following (Copernicus Programme, 2019a).  

 Urban Atlas is a pan-European land use and land cover data for 319 cities with the 
reference year of 2006 and 693 cities with the reference year of 2012; 

 Imperviousness captures the percentage and change of soil sealing for the reference 
years 2006, 2009, 2012, and 2015; 

 European Settlement Map is a spatial raster dataset that maps human settlements in 
Europe; 

 Street Tree Layer includes contiguous rows or a patch of trees covering 500 m2 or more 
and with a minimum width of 10 m, as well as  

 Building Height contains height information generated for core urban areas. 

These datasets are from Copernicus Land Monitoring Service’s local component that focuses 
on areas that are prone to specific environmental challenges and problems. In the future, these 
datasets will be updated to the new reference years. Remarkably, all these datasets are free and 
easy to download as a data source for urban research.  

1.2.3. Citizen science and sensor web 

The geospatially enabled online portals build up the interface between geography and citizen 
science. Volunteered geographic information has great potential for environmental monitoring, 
especially for environmental agencies which have difficulties in data collection. Volunteered 
geographic information can also be mined from social media platforms. For instance, through 
feeding geotagged Flickr and Twitter data into a spatial relational database in the form of 
geographic coordinates, data can be displayed on a map and analyzed spatially (Connors et al., 
2012). 

Without professional knowledge, there is a risk that volunteers will fail to collect the suitable 
data. Short training programs can greatly improve the volunteers’ knowledge and the ability to 
identify research targets, so that volunteer information becomes a sufficient data source. Taking 
the case of Cartwright et al. (2015) as an example, citizen science is used to monitor habitat 
remains, improve urban ecosystem services, and maintain urban biodiversity.  



Introduction | Page 9 

 

However, compared to professional monitoring methods, citizen science environmental 
monitoring often relies on opportunistic, incidental contributions, and could thus suffer from a 
spatial bias, such as the uneven geographical distribution of sample sites. This bias could be 
caused by the location, accessibility, size, and general attractiveness of the sites (Jacobs and 
Zipf, 2017; Millar et al., 2019). However, when the study area is a tourism site, enough data 
can be collected. For example, Buldrini et al. (2015) engaged multiple types of users in 
monitoring the biodiversity of a wetland which has many tourists, where the data collection was 
successfully achieved from volunteer contributions on a local scale and during a considerable 
time span. 

Sensor web contribute to urban sustainability development in terms of real-time and in situ 
observations, and thus may be used for real-time alarming. Zheng et al. (2012) proposed and 
tested a method to integrate the hydrological sensor into Web Feature Service for environmental 
monitoring. Wang and Yuan (2010) explained the challenge of using sensor web for disaster 
management and provided a solution for multi-purpose disaster management. Hillen et al. 
(2014) demonstrated the use of in situ sensors to model people dynamics during major events 
to support avoiding tragedies. Ali and Choi (2019) reviewed the current application of sensor 
web for monitoring underground pipeline leakage and sinkhole monitoring. 

1.3. Research question  

The above review indicates that the application of open geospatial data in sustainable urban 
research is separated into four fields: remote sensing, GIS, citizen science, and sensor web. 
Each field developed preferred data sources and its own methods based on the characteristics 
of these data sources. This results in obvious gaps in the research of urban sustainable 
development. From an urban planner’s point of view, these four fields have no difference in the 
role they play in urban sustainable development, as they are four different tools which can be 
used together depending on the requirements of the application. To achieve this aim, fusion is 
an effective way to integrate all sorts of data aiming at exploiting the full potential of open 
geospatial data to solve urban issues.  

The term “data fusion” has been widely used in many research areas. In the remote sensing 
context, in the early stage, data fusion mainly takes place between images. Thus, image fusion 
is defined as “the combination of two or more different images to form a new image by using 
a certain algorithm” (van Genderen and Pohl, 1994, cited from Pohl and van Genderen, 1998, 
p. 825). Later, remote sensing data was often combined with other information. In this case, 
data fusion is recognized as “a process dealing with data and information from multiple sources 
to achieve refined/improved information for decision making” (Hall and McMullen, 2004, cited 
from Pohl and van Genderen, 2017, p. 41). 

In the GIS community, data fusion is also expressed as data concatenation, meaning the 
“integration of two or more different data sources, such that the contents of each are accessible 
in the product” (Longley et al., 2015, p. 123). One of the simple forms of concatenation is a 
polygon overlay operation. According to geoinformation experts, spatial data fusion usually 
refers to the synthesis of spatial data from multiple sources to extract meaningful information 
with respect to a specific application context (Wiemann and Bernard, 2016).  
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In this thesis, fusion will be conducted between images as well as between multiple data types. 
Thus a broader definition of data fusion is taken as “a formal framework in which are expressed 
the means and tools for the alliance of data originating from different sources. It aims at 
obtaining information of greater quality; the exact definition of ‘greater quality’ will depend 
upon the application” (Wald, 1999). From this point of view, data fusion is a work plan and a 
powerful tool to analyze urban development problems. It could contain, but is not limited to, 
image fusion, data combination, synthesis, overlay, and integration.  

A straightforward benefit of using data fusion is to improve the spatial resolution of images, 
which can also be called image sharpening technique. As indicated earlier, remote sensing 
images are the most important source for sustainable urban development research. They have 
been applied in many topics, including urbanization, urban sprawl, UHI, land cover, and land 
use change analyses, as well as natural hazards monitoring. However, in recent years, 
commercial satellite images have been increasingly used to study the same urban issues, such 
as using IKONOS or QuickBird satellite images for urban feature and urban vegetation 
extraction (Aytekın et al., 2012; Long and Zhao, 2005; Mayunga et al., 2010; Nichol and Lee, 
2005). 

The main reason for using commercial satellite images is their higher spatial resolution, which 
is practically favorable for accurate measurement. Even though some issues can also be solved 
by using commercial data, manual measurement, or drone surveys, this thesis persists on using 
open source geospatial data for sustainable urban research, for the following reasons:  

 Usage of open geospatial data is in line with the principle of sustainable development. 
If usage of commercial data is prevailing, a city with a high budget will be encouraged 
to buy commercial data to build up their spatial information services, whereas a city 
without such a budget will not be able to provide the same services for its citizens. In 
this way, the unbalanced development is related to wealth inequality.  

 Usage of open geospatial data will promote governments to support data sharing 
policies, which will avoid duplication of spatial data produced from central and local 
environmental agencies.  

 Usage of open geospatial data encourages more researchers to be involved in the related 
research topic. In the long term, open data users will increase and push the development 
of open data initiatives. In this way, a virtuous circle of geospatial data development 
will be built up, resulting in increasingly more open data sources. 

 Usage of open geospatial data could help to promote an open research culture, where 
scientists recognize the value of transparency, openness, and reproducibility (Nosek 
et al., 2015). 

Open source satellite images such as Landsat 8 thermal images have an original spatial 
resolution of 100 m, which is not sufficient when analyzing urban areas in detail. Therefore, 
the spatial resolution needs to be improved. Data fusion techniques, in particular image fusion, 
have been used to enhance the spatial resolution of images. However, the existing image fusion 
methods are not suitable for sharpening thermal images. Here, the first main research question 
of this thesis is raised: How can the spatial resolution of multi-type remote sensing images be 
effectively improved? This main question includes three sub-questions.  
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 How to develop a new fusion algorithm which can sharpen all kinds of images, including 
images from different sensors, having the number of bands from one to hundreds, or 
covering different spectral regions? (sub-question 1.1) 

 How does the image sharpen quality of the newly developed algorithm compare to 
existing image fusion methods, and which assessment methods can be used and why? 
(sub-question 1.2) 

Even if image resolution can be effectively improved, it is not clear whether the fused images 
can eventually benefit sustainable urban research. It is worth to know which kind of problems 
can occur during the implementation in practice. Due to the many aspects of sustainable 
development, it is impossible to illustrate image fusion performance in every aspect. Therefore, 
UHI is taken as an application case to present the fusion technique in depth. This leads to the 
second main research question: How do image fusion techniques better serve UHI analysis and 
then sustainable development research? It is then extended by the following sub-questions: 

 What are the factors that influence the fusion effect during the implementation of the 
developed image fusion algorithm? (sub-question 2.1) 

 How does the developed image fusion algorithm improve the performance of open 
source images in UHI analysis? (sub-question 2.2) 

 How can the image fusion result benefit sustainable urban development? 
(sub-question 2.3) 

Even if the improved, higher spatial resolution images are helpful, there are some sustainable 
development aspects where using just remote sensing images is not sufficient. For urban 
sustainability research, other obstacles include the analysis of complex issues, particularly those 
influenced by human activities. Typically, land use related information cannot be directly 
derived from remote sensing images despite very high spatial resolution, as images themselves 
can only show land cover differences. This kind of information cannot be extracted by using 
remote sensing images alone, but needs to be coupled with other existing open source data from 
GIS, citizen science, or sensor web. In this case, it is necessary to use data fusion instead of 
image fusion. Taking vacant land as an example, a vacant site could have trees, grass, bare soil, 
or buildings on the surface. Using remote sensing image classification can group these elements 
into urban green areas or built-up areas. However, these vacant sites are important resources 
for urban development and need to be extracted separately. This leads to the last main research 
question: How to fuse various geospatial data together to detect a complex urban object for 
sustainable urban development? Taking vacant land as the second application case, this 
research question is studied in four steps, which then forms the following sub-questions: 

 How to define vacant land in a way that makes it possible to be extracted by using 
geospatial data? (sub-question 3.1) 

 How to select and use open data sources to include possible vacant land? 
(sub-question 3.2) 

 How to make an effective data fusion procedure to detect vacant land? 
(sub-question 3.3) 

 How does the data fusion result benefit sustainable urban development? 
(sub-question 3.4) 
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Overall, this thesis takes two application cases to illustrate the data fusion technique and its 
contribution to sustainability research, as these applications demonstrate the real-world utility 
of the developed technique. During the data fusion process, use of open source software is 
emphasized, aiming to show the extent to which geospatial data can be processed on open 
source platforms. The main objective of this thesis is to show how sustainable urban research 
can be conducted with free geospatial data, effective data fusion methods, and powerful open 
source software systems. 

1.4. Structure of the thesis  

Table 2 provides an overview of the content of each sub-chapter and the corresponding research 
question. Chapter 2, chapter 3, and chapter 4 respectively refer to the first, second and third 
main research question and the included sub-questions separately. The overall structure of the 
thesis follows an order that goes from method development, to its application in practical use, 
and then to a more complex application case 

Table 2 The content of the sub-chapters and the correspondent research questions. 
 

Sub-chapter Topic Research question 
      

2.1 Problems with existing image fusion algorithms 
1.1 

1 2.2 Development of simplified Ehlers fusion algorithm 
2.3 Fusion quality assessment and discussion 1.2 
3.1 Current research status of the UHI 

2.1 
2 

3.2 Application of simplified Ehlers fusion 
3.3 Image fusion results for UHI analysis 2.2 
3.4 UHI mitigation strategies for sustainable urban development 2.3 
4.1 URBIS vacant land definition 

3.1 

3 

4.2 Revised vacant land definition towards open data fusion 
4.3 Open geospatial data selection 3.2 
4.4 Sites identification using open data fusion 3.3 
4.5 Results of vacant land extraction 

3.4 
4.6 Vacant land for sustainable urban development 
    

UHI: urban heat island. URBIS: URBan land recycling Information services for Sustainable cities. 

Chapter 2 focuses on the first main research question. Much effort has been devoted to develop 
the simplified Ehlers fusion algorithm, since low resolution is a common feature of open source 
remote sensing images (indicated in Table 1) which generally limit their use in urban areas. The 
goal of the algorithm is to achieve flexibility for sharpening various types of images regardless 
of the sensor, platform, and source. Thus, the developed algorithm is tested to sharpen one band 
thermal images as well as hyperspectral images which have hundreds of bands. Also, the input 
high and low resolution images are from different sensors and have different spectral coverage. 
This algorithm paves the way for further open source remote sensing images to be applied to 
urban areas.  

Chapter 3 mainly refers to the second research question. At the beginning of the chapter, it 
explains the reason why UHI is taken as the first case study and illustrates the current research 
state. It also explains why the city of Osnabrück, Germany was chosen as the study area. Then, 
suitable open source thermal images were chosen and the simplified Ehlers fusion was applied. 
The fused images were subsequently used for UHI analysis. It illustrates how the fused images 
improve the UHI study and also describes the factors which influenced the fusion effect. To 
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find the main causes contributing to UHI, thermal images from both day and night were used. 
At the end, mitigation strategies are proposed which are tailored to the sustainable development 
of the city. 

In chapter 4, an EU funded project was taken as an example to find solutions for the third 
research question. The chapter starts with revisiting what caused the inaccurate vacant land 
identification results, and proposes a new definition of vacant land in a way that is possible to 
be extracted by using open geospatial data. Then, it demonstrates the data collection process 
and the roles the data play in site extraction. Afterward, the developed fusion framework and 
fusion procedure based on the properties of the selected data is presented. Finally, the extracted 
vacant land parcels are presented and validated with ground truth images. This chapter closes 
with the role that vacant land plays in social, economic, and environmental sustainability. 

Chapter 5 summarizes the work carried out in this thesis, and answers the posed research 
questions. It draws a conclusion about how to conduct data fusion in the image, feature, and 
decision levels, as well as how data fusion can be further beneficial for sustainable urban 
development. It also points out the potential of open source software, to make geospatial data 
fusion more accessible to open source users. At the end, it lists some future work which could 
lead to wider application of open geospatial data. 
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2. Simplified Ehlers fusion 

Open source remote sensing images are powerful but often have a coarse spatial resolution, 
which makes it difficult to apply these datasets to research urban sustainable development 
issues. This chapter focuses on the data fusion algorithms which aim at image resolution 
improvement.  

2.1. Experiment on classic image fusion methods 

In the usage of optical remote sensing technology, satellite sensors often generate a 
panchromatic band together with multispectral bands which include near-infrared (NIR) and 
visible bands. Visible bands consist of three bands—red, green, and blue (RGB)—which show 
the land in colors that correspond to their appearance to human eyes and can be easily 
interpreted by the human brain. The image fusion technique uses the high-resolution 
panchromatic band to improve the resolution of the multispectral bands, resulting in a color 
image with better spatial resolution. In this way, the panchromatic band is used to sharpen the 
low-resolution multispectral bands. This technique is called pan-sharpening. Nearly every 
optical satellite dataset includes both multispectral bands and a single panchromatic band. 

Pohl and van Genderen (2017, chap. 3) provide a comprehensive picture of pan-sharpen 
algorithms. There are more than twenty possible methods that have been developed. Among 
these algorithms, principal component (PC), Intensity-Hue-Saturation (IHS), Gram-Schmidt, 
High-Pass Filter (HPF), Wavelet, Brovey, and Ehlers fusion have been applied as image 
processing tools in the most commonly used software. Part of them have also been integrated 
into open source geospatial application platforms such as QGIS and GRASS GIS. Commonly, 
open geospatial data users prefer to implement the data application on an open source platform. 
Since this thesis emphasizes open source data, the algorithms which are available in open source 
software are discussed in the following:  

 PC: The algorithm first transforms the multispectral image into several components 
using PC transformation. Then the first component is replaced by the panchromatic 
image. Afterward, the improved first component together with the other components are 
transformed back into color space. This method assumes that the first component 
contains the information that is common to all bands and is an equivalent substitution 
of panchromatic data. 

 IHS: This method applies an IHS color transformation to the three RGB bands. Then 
the intensity is replaced with the panchromatic image. Afterward, the inverse IHS 
transformation returns the fused image. In the beginning, this method was limited to 
pan-sharpening RGB three-band images. Later, it has been adapted to multispectral 
images.  

 Gram-Schmidt: The algorithm is based on the Gram-Schmidt orthogonalization. It 
works in a similar way as PC does. Firstly, a simulated pan-band is created using a 
weighted average of the multispectral bands. Then, each band is taken as a vector and 
de-correlated so that all of them are orthogonal. The first vector, the simulated pan-
band, is eventually replaced by the panchromatic band. In the end, the fused image is 
returned by an inverse transformation. 

 HPF: The HPF here works in the spatial domain, which is different from the high-pass 
filter in the frequency domain. It assumes that pixel averaging in a neighborhood could 
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cause image blurring, while pixel differentiation can induce sharpening. The method 
runs a moving window pixel-by-pixel all over the high-resolution image. At each point, 
the moving window contains an operator whose strength is proportional to the degree 
of intensity discontinuity of the image. By differentiation, the operator enhances the 
edges and noise as well as minimizes slowly varying intensities. In this way, the high-
resolution image is high-pass filtered. The filtered image is used to inject into and thus 
enrich the low-resolution image.  

 Brovey: The algorithm first resamples the multispectral image to the spatial resolution 
of the panchromatic image. Then, each band is multiplied by a ratio of the panchromatic 
data divided by the sum of the RGB bands. This method works based on the assumption 
that the panchromatic band contains the information that is common to multispectral 
bands.  

In conclusion, the above-mentioned pan-sharpening techniques focus on injecting the spatial 
information of the panchromatic image into a multispectral image. This information is taken as 
the first component by PC and first vector by Gram-Schmidt and is then merged into a resultant 
image after fusion. The injected spatial information will not introduce errors but enhance the 
images because the panchromatic band covers the spectral range of the RGB bands, which 
means spatial objects caught up by RGB bands are present in panchromatic bands with more 
details. 

 
Figure 1 Atmospheric window and the wavelength ranges for remote sensing images. RGB: red, 
green, and blue. 

Figure 1 shows the atmospheric window which allows remote sensing images to be captured in 
specific wavelength ranges. The panchromatic images often cover the spectral regions of RGB 
and NIR bands. Obviously, the spectral range of the panchromatic image is wider than the RGB 
image. But the panchromatic band does not cover the spectral range of thermal bands and only 
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has partial spectral overlap with hyperspectral bands. The mentioned algorithm works based on 
the assumption that the information appearing in high-resolution images also exists in low-
resolution images. However, this can only be correct when using panchromatic and RGB band 
bundles but not when thermal images and hyperspectral images are involved. As remote sensing 
technology advances, high-resolution images are not limited to panchromatic images, and 
images with high quality such as aerial photos can be used as source data. The target image is 
also not always a multispectral image, but another type of a lower-resolution image such as a 
thermal or a hyperspectral image. Then, these classic algorithms face difficulties with the fusion 
between any high-resolution image and low-resolution image.  

An experiment was carried out with these classic algorithms. A Landsat 8 thermal band was 
taken as the sharpening target and the panchromatic band in the same band bundle was taken 
as high-resolution image input. Firstly, it was found that it was impossible to directly apply the 
above-mentioned pan-sharpen algorithms in the remote sensing software, as RGB bands are 
needed to be specified as input. An indirect way is to stack thermal bands with RGB bands 
together and apply the pan-sharpen method to all bands, and then the thermal bands are 
extracted. However, even in this way, Gram-Schmidt and IHS produce empty images while 
Brovey and PC return poor results. Figure 2 shows part of the fusion results which is a close 
look at a city core. Brovey keeps the information from the panchromatic image but not the 
thermal image. The PC method produces an unsatisfactory pan-sharpen result due to the unclear 
spatial improvement. Only HPF provides a reasonable outcome. But the spatial improvement 
is achieved by a moving window going through the entire image without distinguishing between 
urban and non-urban areas. By the nature of the algorithm, it cannot produce spatial 
enhancement matching particular urban features. 

A multi-sensor oriented data fusion approach could potentially overcome the limits of these 
classic algorithms. Typically, the focus has been on a general image fusion framework. This 
kind of framework can be first used to systematically classify, compare, and evaluate existing 
image fusion methods, then to analyze the cause of imperfect fusion performance on the 
theoretical level. In the end, based on these findings, the goal is to further develop a more 
advanced algorithm for multi-sensor data fusion.  

Wang et al. (2005) started from the acquisition of the pixel values of an image, then further 
examined the change of the values during image processing, finally summarizing the fusion 
procedure with a general image fusion (GIF) framework. Within this framework, fusion 
methods such as IHS, Brovey, PC, and HPF are simply the particular cases of the GIF method. 
In the end, through comparison, the authors claimed that the images produced by a multi-
resolution analysis-based intensity modulation method are closest to the ideal multi-sensor data 
fusion result. However, there is no source code or software available to test this method. Based 
on the equations and descriptions of the method, the author of this thesis assumes that in 
principle, it makes use of the HPF in the spatial domain and the filter is modulated according 
to the ratio of the spatial resolutions of input images. If this is the case, similar to HPF, it will 
enhance the image throughout the entire image regardless of the difference between 
homogenous vegetation area and heterogeneous urban area. 
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Figure 2 Pan-sharpened thermal band using classic image fusion methods: (a) Brovey, (b) HPF, (c) 
PC, and (d) original thermal image. All images were originally in grayscale but shown as a 
temperature color map. HPF: high-pass filter. PC: principal component. 

Palubinskas and Reinartz (2011) took a similar approach but with a signal processing view and 
proposed a general framework for image fusion (GFF). Several known fusion methods can be 
presented using this framework. In the end, the authors proposed their GFF spectral fusion 
method, which was tested in the fusion between optical and optical images, as well as between 
optical and radar images. However, it is not well-documented how GFF was realized. The 
authors claimed that “GFF method performs image fusion in Fourier domain”, but at the same 
time, the method also “avoids time-consuming Fast Fourier Transform computations” 
(Palubinskas, 2013). From the view of the author of this thesis, it shares many similarities with 
the HPF technique in the spatial domain.  

Thomas et al. (2008) categorized the existing fusion methods from the physics perspective on 
remote sensing. The weaknesses of fusion methods are confronted with physical constraints. 
The authors suggested a new concept which offers a reliable framework for further 
development. However, the implementation of the method has not been presented in practice. 

In the context of the application of open geospatial data, it is necessary to make full use of the 
available data sources. Therefore, the algorithm should be flexible with the input and target 
images, in terms of the different spectral cover range, as well as the number of bands for the 
target image. For example, if using a Landsat 8 panchromatic image to sharpen the thermal 
image, the target image has only one band; if using an aerial photo to sharpen the hyperspectral 
image, the high-resolution image and the low-resolution image have only a few overlaps on the 
spectral scale. 
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As the experiment shows, the classic algorithms cannot be directly applied to one band alone. 
Even after adding the target image together with RGB bands, the pan-sharpened results are not 
satisfactory. The above-mentioned general fusion frameworks are also not suitable due to their 
unavailability, uncertainty, or immaturity. Therefore, a new algorithm, simplified Ehlers fusion, 
was developed by the author and presented in this thesis.  

In the above experiment, the used panchromatic image has a 15 m resolution and the thermal 
image has an original 100 m resolution. Due to the coarse resolution, even with a magnified 
view to the city core, the urban features are still difficult to interpret. This brings many 
inconveniences for visual evaluation of the fusion effect. For the efficient development of the 
new algorithm, in the following subchapter images with a very high resolution are used. 
However, in practical use cases, only open geospatial data were applied (see chapter 3 and 
chapter 4). 

2.2. Simplified Ehlers fusion 

Ehlers fusion was taken into consideration for three main reasons: firstly, it has been tested for 
multi-sensor and multi-temporal data fusion. Secondly, it results in outstanding pan-sharpen 
outcomes compared to multispectral images (Ehlers et al., 2010; Jawak and Luis, 2013; 
Yuhendra et al., 2012). Lastly, it is well known as an image processing tool integrated into the 
ERDAS IMAGINE software, which is one of the most commonly used software for the remote 
sensing research community (Gooch et al., 1999; Kovářík, 2011; Long and Srihar, 2004). The 
image enhancement takes place in the image frequency domain after the Fourier transform. The 
transformation between RGB bands and IHS is additionally applied to manipulate images with 
multiple bands. To adjust the algorithm to be suitable for sharpening a more general image 
target, the IHS transformation is avoided. This is why the new algorithm is named simplified 
Ehlers fusion. Instead of IHS transformation, the fusion loop can move band by band for multi-
band images. In this way, the computing time could increase. However, this is no longer an 
obstacle as modern computers capable of parallel computing can process such workloads. In 
the following, necessary information about images in the frequency domain are introduced, 
before explaining the newly developed algorithm.  

2.2.1. Fast Fourier transform 

A fast Fourier transform (FFT) fully converts an image from the spatial to the frequency 
domain. The FFT method preserves all original data (Harris Geospatial Solutions, 2019). In 
contrast to the spatial domain, an image in the frequency domain cannot be perceived directly, 
as illustrated in Figure 3 which is the power spectrum of an optical image in the 3D frequency 
domain. Usually, there are no direct associations between specific components of an image and 
its transform. Only some general statements can be made about the relationship between the 
frequency and spatial features of an image. Low frequencies correspond to the slowly varying 
intensity components of an image. Low frequencies contain the most information because they 
determine the overall shape or pattern in the image. In the same way, high frequencies 
correspond to fast intensity changes in the image, which are the edges of objects and other 
components characterized by abrupt changes in intensity (Gonzalez and Woods, 2007). In 
Figure 3, the large peak in the center represents the lowest frequency of the image, which is the 
average intensity value. As the distance from the center increases, the magnitude of frequency 
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increases. High frequencies are located at the borders and correspond to small scale variations 
in the image. They provide more detail in the image but can contain more noise. 

 
Figure 3 Power spectrum of an image with 512 × 512 pixels in 3D frequency domain (produced with 
MATLAB) 

Commonly, images in the frequency domain are often shown by Fourier spectrum in the 2D 
view (Figure 4), where the high frequency and low frequency is shown in gradual greyscale. 
Low frequencies are near the center while high frequencies are away from the center. The linear 
features or edges (such as the outline of buildings) from the original image are represented as 
high frequencies. After an image is transformed into the frequency domain, various filters can 
be applied. In the pan-sharpening context, the goal of using a filter is to rearrange those high 
and low frequencies, by extracting high frequencies from high-resolution images and low 
frequencies from low-resolution images, in order to integrate them together.  

 
Figure 4 (a) A grayscale optical image and (b) the 2D power spectrum of this image after a Fourier 
transform. 

These can be further illustrated by Figure 5. The spatial information such as edges is extracted 
from a high-resolution image. Meanwhile, the spectral information (color) is taken out from a 
low-resolution image. In the end, the separated spatial information and spectral information are 
added together to get the fused image. In this way, it reaches the ideal goal of pan-sharpening—
the spatial details of the low-resolution image are enriched, and at the same time, its color is 
only minimally changed.  
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Figure 5 Ideal spatial enhancement procedure: (a) source image for spatial information input, (b) 
target image where spectral information should be preserved, and (c) the ideal pan-sharpened result 
(adapted from Xu and Ehlers, 2017). 

2.2.2. Image filtering1 

Image filtering in the frequency domain has been widely used in image processing for the 
purpose of image smoothing, reducing periodic noise, image sharpening etc. (Gonzalez and 
Woods, 2007). The major advantage of using frequency filters is that particular frequencies can 
be removed or preserved according to the spatial features within the images, which is not 
possible to realize with the spatial filters. As an FFT separates an image into its various 
frequency components, low and high frequencies can be manipulated independently. A low-
pass filter passes all frequencies within a circle of radius D0 from the origin and cuts off all 
frequencies outside this circle. The filter is a function whose variable is the distance between a 
point (u, v) and the center of the frequency rectangle. Within this circle, its value is 1 or 
approaching 1 whereas outside is 0. When displaying the filter as a gray scale image, black is 
0 and white is 1. The low-pass filtering is realized by multiplying this function with the image 
frequencies. The cut-off frequency is also named as the size of the filter. 

 
Figure 6 Image filtering procedure with a fast Fourier transform. FFT: fast Fourier transform. 

The filtering procedure is demonstrated in Figure 6. A gray image with 512 × 512 pixels is 
firstly transferred into the frequency domain. Then the frequencies are multiplied by a low-pass 
filter. Afterward, the filtered frequencies are transferred back into the spatial domain. Because 
a low-pass filter is applied, and the features inside the image have lost their edges and spatial 
details. Here, the low-pass filter is taken as an example to illustrate the general filtering 

                                                            
1 For this section, a similar filter test was carried out as presented in Xu and Ehlers (2017). While some of the 
following figures might look similar to the figures in the referred study, they are based on different data from the 
same data source. In the previous study, the high resolution image was the average intensity of RGB bands after 
using IHS transform; for the experiment presented in this section, the high resolution image is the red band 
without any transformation. They look similar because both of them are presented in grayscale. The filter test 
with new input data is still necessary and the testing results are present here. 
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procedure. The type of the filter can be replaced by others, such as high-pass or band-pass filter, 
and the filtering procedure follows the same order. In the following test, the image size was 
always kept as 512 × 512 pixels. 

2.2.2.1. Filter types 

Three different filter types are commonly used: Gaussian, Butterworth and Ideal filter. These 
are non-directional filters in the frequency domain. A directional filter is commonly used for 
edge detection. It is realized in the spatial domain and beyond the scope of this thesis. The three 
non-directional filters are realized by the following equations (Gonzalez and Woods, 2007), 
where equation (1) represents the Ideal low pass filter function, (2) the Butterworth low pass 
filter function, and (3) the Gaussian low pass filter function: 

 
𝐻ሺ𝑢, 𝑣ሻ ൌ ൜

1                𝑖𝑓 𝐷ሺ𝑢, 𝑣ሻ ൑ 𝐷଴
0                𝑖𝑓 𝐷ሺ𝑢, 𝑣ሻ ൐ 𝐷଴

 (1) 
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 where D0 = cut-off frequency 

n = order of the Butterworth filter 
H (u, v) = filter function 
D (u, v) = distance between a point (u, v) in the frequency domain
and the center of the frequency rectangle 

Corresponding to each low-pass filter function, there is a high-pass filter function. A high-pass 
filter is the opposite of the low-pass filter, and therefore its function can be generally expressed 
as: 

 𝐻ு௉ሺ𝑢, 𝑣ሻ ൌ 1 െ 𝐻௅௉ሺ𝑢, 𝑣ሻ (4) 
 
 where HLP = low-pass filter 

HHP = high-pass filter 

High-pass filter can also be realized by Ideal, Butterworth, and Gaussian filter functions. 
Parallel to the three types of high-pass filters, three band-pass filter can also be used to pass 
frequencies. The detailed functions of each type of band-pass filter are listed in the following, 
(5) Ideal, (6) Butterworth, and (7) Gaussian band-pass filter functions: 
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 where D0 = cut-off frequency 

n = order of the Butterworth filter 
W = width of the band filter 
H (u, v) = filter function 
D = simplified notation of D (u, v)  

The different filter types have different filtering effects on the image when high-pass filter or 
band-pass filter is used. The Ideal frequency pass filter has a sharp discontinuity that provides 
a clear cut-off between passed and filtered frequencies with the disadvantage of introducing 
ringing artifacts. In Gaussian and Butterworth filters, there is a smooth transition in blurring as 
the cut-off frequencies increase. The Butterworth function has an additional variable which is 
the order of the function. The higher the value of the order, the more ringing effects it will 
produce on the image. By adjusting the order of n, the Butterworth filter can achieve slightly 
smoother results than the Gaussian filter (Gonzalez and Woods, 2007). 

Figure 7 shows the results of three types of high-pass filters applied to an image. With the same 
filter size, the Ideal filter has obvious ringing artifacts and the other two show much smoother 
filtering results.  

 
Figure 7 High-pass filtering effects with (a) Ideal (b) Butterworth, and (c) Gaussian high-pass filter. 
All three filters have a cut-off frequency of 100 (adapted from Xu and Ehlers, 2017).  

Figure 8 shows the results produced by the three types of band-pass filters. In order to take a 
close look at the filtering effect, a garden area of the image is selected and presented in a 
magnified view (Figure 8a). Figure 8b, Figure 8c, and Figure 8d are the images after Ideal, 
Butterworth, and Gaussian filters were applied respectively. Similar to high-/low-pass filter, 
with the same filter size setting, the Ideal band-pass filter generates ringing artifacts. The 
Butterworth band-pass filter produces some artifacts, and the Gaussian filter produced the 
optimal result. 
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Figure 8 The garden area of the image and the filtered results: (a) original image, (b) result after using 
Ideal, (c) Butterworth, and (d) Gaussian band-pass filter.  

Due to the filtering effect, in the subsection 2.2.2.2, the Ideal filter is discarded and not taken 
into consideration any more. The Butterworth filter is also intentionally ignored because it has 
more variables that need to be adjusted, and it achieves no better fusion effect compared to the 
Gaussian filter. The Gaussian filter is chosen as the test filter in order to further study the 
parameters which could improve the filtering effect.  

In addition to high-pass filter, band-pass filter is emphasized here because a band-pass filter is 
a selective filter, which operates over a specific range of frequencies. While a high-pass filter 
only allows setting a lower limit for cut-off frequency, a band-pass filter can define both a lower 
and an upper limit. This means for the purposes of pan-sharpening, a band-pass filter can 
precisely assign which frequencies from the high-resolution image need to be added to the low-
resolution image. As the lower and upper limit are adjustable, a band-pass filter can be adapted 
to exactly match urban features. Figure 9 shows the comparison between high-pass filter and 
band-pass filter for this purpose. To examine the filtering effects closely, the garden area in 
Figure 8a is presented in a magnified view. The garden area was built up in the way that the 
vegetation is enclosed by nine concrete frames (the nine squares in the middle of Figure 8a). In 
the high-pass filter produced image (Figure 9a), there are some white spots inside the nine 
frames. If using this image as input to sharpen the low-resolution image, these white spots are 
non-zero values and will therefore change the spectral values of the low-resolution image. The 
goal of using a band-pass filter is to extract only the outline of the garden frame while the inside 
vegetation should be left out. Figure 9b shows the perfect filtering result which preserves the 
edges of the garden and keeps the inside completely black (equal to the value of 0). As an ideal 
image sharpening algorithm it should enhance edges without changing the spectral information 
in the homogenous vegetation area (Ehlers et al., 2010). The garden on the image represents 
the homogenous area by the vegetation inside the concrete frame. From this point of view, 
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Figure 9b is a cleaner input image than Figure 9a for spatial resolution enhancement. It extracts 
the outline of the garden area while generating no values for the inside vegetation part, so the 
low-resolution image will be spatially enhanced, and at the same time, the spectral information 
will not be altered despite this input.  

 
Figure 9 Comparison of filtering effect between (a) high-pass filter and (b) band-pass filter. 

Besides computing the band-pass filter by the equations (5), (6), and (7), there is another way 
to realize band-pass filters. These filters directly calculated from the equations are named as 
direct band-pass filters. On the contrary, an indirect band-pass filter can be produced by the 
multiplication of a high-pass filter and a low-pass filter. In this case, the cut-off frequency of 
the high-pass filter must be lower than the cut-off frequency of the low-pass filter, so that there 
is a gap between the two cut-off frequency limits. That is why the size of the high-pass filter 
must be smaller than the size of the low-pass filter, so that there is a gap between the inner circle 
and outer circle. For instance, a high-pass filter with cut-off frequency of 100 (Figure 10a) was 
multiplied by a low-pass filter with cut-off frequency of 150 (Figure 10b). Then, an indirect 
band-pass filter is formed (Figure 10c).  

 
Figure 10 Realization of an ideal band-pass filter : multiplying a (a) high-pass filter with a (b) low-
pass filter results in the (c) ideal band-pass filter. The cut-off size of the low-pass and high-pass filter 
are 150 and 100 respectively. 

To compare the filtering effect between indirect and direct band-pass filters, both types of band-
pass filters were applied to the image. From the filtered results, a building area and the garden 
area were selected and presented in a magnified view (Figure 11). The indirect filter was formed 
in a way of multiplying a high-pass filter with a size of 100 by a low-pass filter with a size of 
150 (Figure 11a). The direct band-pass filter was set with a radius of 100 and a width of 100 
(Figure 11b). Both filters are Gaussian filters. In this case, two filters produce a similar filtering 
effect, even though the width of the direct and indirect band-pass filters are 50 and 100 
respectively. This is because the indirect filter produces a bigger blurring area than the direct 
filter. This bigger blurring area makes the width of the band filter bigger than its actual size. As 
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shown in Figure 11b, the filter is out of the image frame, even though the outer circle is 150 
which is less than half the size of the whole image (512 × 512 pixels). In contrast to an indirect 
band-pass filter, the direct band-pass filter has a more precise bandwidth; the radius and width 
of the band are proportional to the image size. 

 
Figure 11 Comparison between a (a) direct and an (b) indirect band-pass filter, (a_1, a_2) two 
magnified areas from the direct band-pass filtered results and (b_1, b_2) two magnified areas from the 
indirect band-pass filtered results.  

2.2.2.2. Filter size 

The cut-off frequency or filter size of a filter can change the filtering effect completely. For a 
high-pass filter, if the filter size is too small, a high-pass filter will allow even low frequencies 
to pass through. In this way, the function of the high-pass filter fails because the low frequencies 
also appear in the filtered image. Figure 12a shows the results when a high-pass filter with cut-
off frequency of 10 and 50 is applied respectively. Since the low-frequency concentrated area 
is bigger than 10, the low frequencies pass through even though the high-pass filter is applied. 
The passed through low frequencies show up on the filtered image as color information, such 
as the buildings on the bottom left corner presenting a lighter color than the trees 
(Figure 12a_1). Figure 12a_2 shows the filtering effect when increasing the cut-off frequency 
to 50. Obviously, the filtered image presents only the outline of the buildings and no color 
difference.  

The principle works the same on the low-pass filter. If the cut-off frequency is too high, 
meaning the filter size is too big, then the low-pass filter will allow high frequencies to pass 
through. Figure 12b shows the results of filtering using a low-pass filter with a size of 10 and 
50 respectively. When the cut-off frequency is 10, most of the low frequencies pass through. 
When the cut-off frequency is 50, the filter passes a portion of high frequencies through, even 
though it is a low-pass filter. The filtered image shows spatial details. In brief, the size of the 
filter is crucial as it determines whether a filter loses its function.  
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Figure 12 Influence of filter size on filtering effect: when high-pass filter with cut-off frequency of 
(a_1) 10 and (a_2) 50 are applied; when low-pass filter with cut-off frequency of (b_1) 10 and (b_2) 
50 are applied.  

For band-pass filter, the influence of the filter size on the filtering effect depends on two 
parameters. Because the band-pass filter has a “doughnut” shape, its size is determined by the 
inner and outer radius. Figure 13a shows the filtered image when the inner radius and width is 
150 and 50 respectively. The result shows a blocky effect. This means when the inner radius is 
big and the width is small, it tends to produce blocky images. To reduce the blocky effect on 
the filtered image, the inner radius was reduced to 100 and the width increased to 100. The 
filtered result is illustrated by Figure 13b, which shows a much smoother image than before. 
To know if this setting produces the best result, both the inner radius and width are further 
adjusted to 50. Figure 13c shows the filtered result, which is also smooth, and no blocky effect 
appears. Compared to Figure 13b, the linear features in Figure 13c are in bold, which means 
the setting of the filter highlights these linear features.  

In this subsection, all parameters which could influence the filtering effect were investigated. 
The filter selection procedure is summarized by the following statements: 

 The basic filter type first needs to be fixed. The options include Ideal, Butterworth or 
Gaussian, where Gaussian is recommended.  
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 The next step is to choose the cut-off frequency of the low-pass filter. The exact value 
can be decided by trial and error in order to keep the spectral pattern and skip spatial 
details. 

 After the size of the low-pass filter is fixed, it needs to be decided whether a high-pass 
filter or a band-pass filter should be used. For non-professional users, it might be easier 
to apply the high-pass filter. However, using a band-pass filter has the advantage of 
providing more precise spatial information. It is more challenging to use a band-pass 
filter, because there are two variables that need to be adjusted at the same time. 

 Once it is decided to use a band-pass filter, another decision needs to be made between 
using a direct or indirect band-pass filter. A direct band- pass filter is recommended 
because it is more controllable.  

 The last step is to set up the size of the high-pass or band-pass filter. The basic rule is 
that the size of the high-pass or the inner radius of the band-pass filter should not be 
bigger than the size of the low-pass filter. Furthermore, if a band-pass filter has been 
chosen, then the width should not be smaller than the inner radius. Otherwise, artifacts 
may appear. 

It is also worth to mention that the filter size is not proportional to the size of the image. That 
is to say, even if 50 is the best cut-off frequency for the image with a size of 255, it does not 
mean that 100 is a suitable setting for the image with a size of 510. 

 
Figure 13 Band-pass filtered images when inner radius and width are (a) 150 and 50, (b) 100 and 100, 
and (c) 50 and 50, respectively.  

2.2.3. Simplified Ehlers fusion workflow 

The Ehlers fusion procedure includes the following: As a first step, the multispectral image is 
transformed into an IHS space. Afterward, the intensity component is further transformed into 
the frequency domain using an FFT. At the end, the intensity component is low-pass filtered 
while the pan image is high-pass filtered. The filtered frequencies are added together and then 
the reverse FFT is applied to obtain the new intensity. In the end, this enhanced intensity is 
transformed back into RGB space.  

In brief, Ehlers fusion consists of a two-step transformation: IHS and FFT. The IHS 
transformation was built upon the perfect matching between RGB color space and IHS space. 
This perfect matching does not exist anymore when the target image has no RGB bands or 
hundreds of bands. Therefore, the intensity transformation can be omitted. 

Simplified Ehlers fusion skips the IHS transformation and directly processes the image in the 
frequency domain. Therefore, the algorithm is more flexible with the number of bands. The 
fusion objective can be a one band image or a hyperspectral image with hundreds of bands. 
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Moreover, the algorithm further optimizes the procedure so that the image with bands of 
different spatial resolutions can also be fused at once. This will benefit the fusion of satellite 
images such as Landsat 8, which has multispectral bands with a resolution of 30 m and the 
thermal bands with an original resolution of 100 m, and Sentinel-2 with a band bundle of 10 m, 
20 m, and 60 m resolution bands. 

The overall work procedure of the simplified Ehlers fusion is shown in Figure 14. Firstly, no 
matter how many bands the target image has, all of them are grouped according to their 
resolutions. Then, all of them are resampled to the high resolution and transformed into 
frequency domain using an FFT. Later, for each kind of resolution, a low-pass filter is applied. 
Meanwhile, the high-resolution image is filtered by a high-/band-pass filter. Subsequently, the 
filtered low and high frequencies are added together. Finally, an inverse FFT is applied and 
each band is transformed back to the spatial domain. All processed bands together form the 
fused image.  

 
Figure 14 Overall workflow of the simplified Ehlers fusion. 

This procedure can be understood when the image processing result from each step is presented 
with pictures. Taking a one-band image as an example, this procedure is shown in Figure 15. 
The spatial resolution of the source image and the target image is 0.5 m and 3.0 m respectively. 
The target image is firstly resampled to 3.0 m resolution. After an FFT is applied to the target 
and source images, the Fourier spectrum of the images provides a guideline of the spatial 
distribution of frequencies. Then the high-/band-pass filter can be tailored to allow a suitable 
amount of high frequencies to pass through, aiming at obtaining the edges and outlines of the 
image features. Correspondingly, the size of the low-pass filter can be adjusted to preserve the 
average intensity of the image. Lastly, the filtered edges and outlines will be added to the 
filtered intensity to construct a new image.   
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Figure 15 Simplified Ehlers fusion workflow, demonstrated with the simplest case, when both high 
resolution and low resolution are a one-band grayscale image. 

The same workflow can be applied when the target image is not one-band but multi-bands, 
except that not only one but several low-pass filters might be needed to match the different 
resolutions. The number of bands does not play a role in this algorithm when the target image 
has hundreds of bands with the same resolution. The same workflow shown in Figure 15 can 
be conducted and repeated hundreds of times. Unlike the classic image sharpen algorithm, RGB 
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bands are not necessarily needed in this algorithm, because each band is processed individually 
and produces no impact on other bands. The spectral coverage of the image also has no 
influence on the fusion effect, only the edges and outlines of the high-resolution image are 
extracted, and the spectral information is excluded to the maximum extent. The crucial part is 
to test and adjust the type and size of the filters to achieve an ideal fusion effect.  

2.2.4. Image fusion using simplified Ehlers fusion  

To investigate the fusion effect of the newly developed image sharpening algorithm on multi-
type remote sensing images, aerial photos, thermal images, and hyperspectral images are used 
in the following subsections. These images are produced from different sensors with a varying 
number of bands and spectral coverage.  

2.2.4.1. Image fusion between hyperspectral image and aerial photo 

The hyperspectral image is used as an example because its important and unique capabilities 
are not replaceable by other remote sensing techniques. Here, the instrument HyMap was used 
due to its high quality and the data availability for the study area. The first sensor of HyMap 
covers the wavelength range of 0.55 µm to 2.5 µm with 96 channels. Subsequently, it was 
modified to up to 128 channels, including 126 bands covering 0.44 µm to 2.5 µm spectral 
region and two additional thermal bands. The 126 bands in the spectral region are often 
discussed and the two thermal bands are usually neglected in previous research. The 126 bands 
are about 15 nm wide and separated into visible (VIS) and NIR, short-wavelength infrared 
(SWIR) modules, namely SWIR1 and SWIR2. The spectral configuration provides contiguous 
sampling across the spectral region except for the two gaps near 1.4 µm and 1.9 µm, due to the 
strong atmospheric water absorption. To have an orientation of the positions of these bands, it 
was compared with the location of the multispectral bands from Sentinel-2 produced by ESA 
(Figure 16). The HyMap sensor covers the spectral range of the Sentinel-2 sensor except band 9 
which was designed for water vapor detection purpose. 

 
Figure 16 Comparison of the band locations between Sentinel-2 and HyMap bands. NIR: Near 
infrared. SWIR: Short-wavelength infrared. VIS: Visible. 

The test image used in this thesis was obtained during a flight campaign carried out by the 
German Aerospace Center in 2003 over the city of Osnabrück. The data was collected by the 
HyMap airborne hyperspectral scanner and recorded as 3 m pixel size raster images.  

The higher-resolution source image used here is an aerial photo produced by the Local Earth 
Observation system developed at the Bochum University of Applied Sciences (Bäumker and 
Heimes, 2002). It has RGB bands and has been ortho-rectified. The spatial resolution is 0.5 m, 
and the red band is taken as the high-resolution image input to sharpen other images. 
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After geo-referencing of these two datasets, the hyperspectral image is resampled to 0.5 m using 
a cubic convolution resampling method. The selected study area is the same area as in the 
section 2.2.2where the different filtering effects were demonstrated. Then the fusion algorithms 
were applied to all bands of the selected images. In the end, band 15, band 9, and band 4 were 
selected from the fused image to visually check the fusion results because they were located at 
the RGB spectral ranges, respectively. 

To a certain extent, a pan-sharpening of hyperspectral images is an extension of pan-sharpening 
multispectral images. The classic algorithms such as PC, Gram-Schmidt, and Wavelet-PC were 
tested, as these methods were developed for pan-sharpening multispectral images. Figure 17 
provides an impression of these fusion methods working on the dataset. The test was done with 
software packages ERDAS IMAGINE 2014 and ENVI 5.1. From visual inspection, PC and 
Gram-Schmidt methods produce obvious color distortion. Wavelet-PC produces no significant 
spatial improvement, yet produces color mismatches and obvious artifacts.  

 
Figure 17 Pan-sharpened hyperspectral images using (a) Gram-Schmidt, (b) PC, and (c) Wavelet-
PC. PC: principal component. 

In contrast to the classic algorithms, simplified Ehlers fusion produced excellent color 
preservation. Compared to the original image, the color display of the fused image is identical, 
showing red castle, dark green trees, light green lawns, and gray road surfaces (Figure 18). The 
algorithm produces significant spatial enhancement. In general, the outline of the buildings, 
streets, lawns, and even tree canopies are much sharper after fusion. The magnified garden area 
shows that the boundary of the garden area is not visible in the original image yet clearly 
noticeable in the fused image (Figure 18a_1 and Figure 18b_1). The fused image keeps the 
color pattern of vegetation inside the garden area identical with the original image.  

Taking a closer look at a building area (Figure 18a_2 and Figure 18b_2), the edges of the 
buildings together with the roof windows on top are clearly visible in the fused image, though 
they are not distinguishable in the original image. Within this building area, some buildings 
have a red color roof and the others have a dark or light gray color roof. All of these color 
differences were transformed into the fused image. This is in correspondence to the purpose of 
the algorithm, which is to enrich linear features while preserving the original color information.  

Notably, the light-yellow part shows up as an unmistakable feature in the hyperspectral image 
but is not a feature in the aerial photo at all. After fusion, this light-yellow colored part 
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successfully transformed into the fused image (Figure 18a_3 and Figure 18b_3). This proves 
that all the original spectral information was preserved. 

 

 
Figure 18 Using simplified Ehlers fusion to sharpen hyperspectral image: (a) original hyperspectral 
image with the true color display where RGB bands are represented by band 15, band 9, and band 4 
respectively; (b) fused image with the same color display; (a_1, b_1, a_2, b_2, a_3, b_3) magnified 
areas marked in (a) and (b). RGB: red, green, and blue.  
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2.2.4.2. Data fusion between thermal image and aerial photo 

Furthermore, the simplified Ehlers fusion is also applied to sharpen a one band thermal image. 
The source image is the same aerial photo from subsection 2.2.4.1. The thermal image is 
obtained from a thermography imaging flight mission with a Cessna 208B aircraft on 
February 18, 2015. The flight carried the thermal camera FLIR SC6000 HS, which uses the 
spectral windows in the 3.0 µm to 5.0 µm and 8.0 µm to 9.2 µm range. This spectral range does 
not have any overlap with the spectral coverage of the aerial photos.  

As the FLIR products are designed for easy image viewing, the output data are pseudo color 
images instead of thermal radiometric data. However, the color map information which 
describes conversion between color value and radiometric value are not available from the 
camera producer. It is because the camera manufacturers do not want to let the other 
manufacturers know what data they were storing or not storing in their image files, and the 
customers have to use the software from the manufacturers to further process the data, so that 
the manufacturers can lock the customers into their product system (Goodman, n.d.).  

Even though it is uncertain how the thermal radiometric value is converted to color, the basic 
information of the image can be found by reading the image in QGIS software. The produced 
thermal image is a three-band pseudo color image with 0.6 m spatial resolution. Usually, the 
thermal image is a one-band image with thermal radiometric value, such as the open source 
thermal images. Thus the three-band image is first converted into a one-band grayscale image. 
Then, this grayscale image is resampled to 0.5 m because it is the spatial resolution of the aerial 
photo and also the target resolution of the image sharpening. In this way, the 0.5 m thermal 
images can be used as a reference image (Figure 19a) to validate the fusion quality. Afterward, 
the “original” image before fusion is created by resampling the 0.5 m thermal image into 3 m 
(Figure 19b). Then, it was sharpened by the aerial photo, one with a high-pass filter (Figure 19c) 
and the other with a band-pass filter (Figure 19d).  

Compared to the “original” thermal image, the fusion process keeps the original temperature 
distribution. The hottest places appear at the surfaces built up with concrete such as the steps in 
front of the castle, and the buildings with a concrete roof. The coolest places are covered with 
trees. An intermediate temperature can be found on houses with tile roof. Meanwhile, the fusion 
procedure enhanced the image sharpness significantly. All urban structures and details were 
clearly distinguishable.  

The interesting facts come from the comparison between the “original”, reference, and the fused 
images. Some small thermal features from the reference image were lost after resampling to the 
“original” image, such as the six air vents on the roof of the building (Figure 19b_1). However, 
they appear again in the fused images due to the information from the aerial photo 
(Figure 19c_1 and Figure 19d_1). In another case, the opposite situation appears: the roof 
windows on top of the castle are not noticeable in the reference image but show up in the fused 
images (Figure 19c_2 and Figure 19d_2). This could be explained by two possible reasons: 
firstly, the high-resolution input image is the red band of the aerial photo and the roof windows 
also have red color. Thus, the strong spectral information of the windows cannot be completely 
excluded. Secondly, the frames of the windows were considered by the algorithm as sharp edges 
and were transferred into the fused image.  
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Figure 19 Using simplified Ehlers fusion to sharpen a thermal image. (a) Thermal image of 0.5 m 
resolution is used as a reference; (b) “original” image with 3.0 m resolution is resampled from (a); (c) 
fused image where the high-pass filter is applied; (d) fused result where the band-pass filter is applied. 
(a_1, b_1, c_1, and d_1), (a_2, b_2, c_2, and d_2) are the magnified building with air vents and the 
castle with dormer windows respectively.  
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There is a slight difference between the fused results from the high-pass filter and the band-
pass filter. Using the high-pass filter generates sharp results in a way that the character of the 
aerial photo becomes dominant. In the result where the band-pass filter is applied, the 
component of the aerial photo is less dominant, and the elements of the thermal image are more 
pronounced. For example, the tree canopy in the image generated by the high-pass filter is 
clearly visible but might not be necessary for the thermal image, whereas in the band-pass 
filtered image the color of the tree area is blurred but smoother. However, further effort could 
be devoted to adjusting the size of the band-pass filter to achieve perfect fusion effects. By 
limiting the frequencies input from the high-resolution image, its influence on the fused image 
can be reduced. However, too few frequencies input could produce artifacts. For example, as 
shown in Figure 19d, the band-pass filter has an inner ring of 100 and a width of 100. If the size 
and width of the inner ring were changed to 50, the produced result was very blurry and artifacts 
appeared (data not shown). 

In this subsection, the fusion effect was tested by using images without or with very few spectral 
overlaps. From a physics point of view of remote sensing, the fusion process could potentially 
introduce additional information which does not exist in the original image. For example, in 
Figure 19a_2, Figure 19b_2, Figure 19c_2, and Figure 19d_2, the roof windows were hardly 
distinguishable due to the similar temperature with surroundings, but clearly visible in red color 
on the fused thermal image. However, this red color does not necessarily mean high 
temperature. In other words, the fusion process produced an impact on the physical 
interpolation of the image. In this context, it is worth to discuss if image fusion still has physical 
meaning when the input images have separate spectral coverages. This question can be 
answered in three steps.  

 Firstly, local dissimilarities happen not only when the input images have disconnected 
spectral coverage, but also when the spectral coverages overlap. In the study from 
Thomas et al. (2008), a ground object was not visible on the blue band image but clearly 
noticeable on the pan image, even though the pan and blue band share a common 
spectral coverage. This is because pan and the blue band have different bandwidths, 
which make them sensitive to different ground objects.  

 Secondly, it is necessary to receive the added information from the high-resolution 
image. Without this information, there will be no spatial improvement. The enriched 
spatial details on the fused image consist of the added information. More figures in 
section 2.3.1 will further illustrate this point. 

 Lastly, the physical meaning of fused images from separated spectral coverage can also 
be examined in practical use. FLIR, one of the industrial thermal camera companies, 
has developed a Multi-Spectral Dynamic Imaging technology to improve the clarity of 
the thermal images (FLIR, n.d.). This technology extracts the spatial details from the 
onboard RGB camera and inserts them into the thermal images, to produce a sharper 
thermal image or video in real-time. However, this technology is already patented and 
not open. Another example is the current study of UHI, where the thermal images from 
satellites also need to be spatially improved by using the vegetation index. The detailed 
literature review and applications are presented in chapter 3. 

In brief, local dissimilarities generally appear on any images with different bandwidths, whereas 
image fusion is exactly between those images. Therefore, these dissimilarities could always 



Simplified Ehlers fusion | Page 37 

 

reappear after fusion regardless of whether the spectral coverage is connected or separated. It 
is necessary to keep dissimilarities when they represent improved spatial details. Additionally, 
it is very meaningful to have an algorithm that can realize the image fusion between images 
with disconnected spectral coverage due to many applications in practical use. 

2.3. Quantitative fusion quality evaluation and discussion 

The above fusion results have been validated with visual inspection. Quantitative methods are 
frequently used for checking fusion quality (Li et al., 2010). The most commonly used quality 
index includes root-mean-square error (RMSE) which is a standard measurement of the value 
of differences, the relative average spectral error (RASE) which is the average RMSE of all 
bands and is expressed as a percentage, relative dimensionless global error of synthesis 
(ERGAS) which is a further development of RASE with additional consideration of the 
resolution ratio between the two image sets, and the universal image quality index (UIQI) which 
is a combination of its mean, standard deviation and correlation coefficient (CC).  

Table 3 shows the results using these quality indices to evaluate the fusion quality of the fusion 
results in subsection 2.2.4.2. According to these indices, simplified Ehlers fusion shows better 
performance compared to the classic fusion methods, taking HPF and PC as examples. 
However, these statistical indices do not play an important role in fusion quality evaluation in 
this thesis. This is because there are some general problems of taking the commonly used 
statistical indices to evaluate fusion quality, as well as several image processing procedures 
influencing the fusion quality evaluation. 

Table 3 Image fusion quality evaluation. 

Fusion algorithm ERGAS UIQI RASE RMSE
     

Simplified Ehlers fusion 0.062 0.70 0.25 50.98
HPF 25.250 0.26 48.10 30721.00
PC 25.750 0.32 60.00 31323.00
Ideal Value  0.000 1.00 0.00 0.00

ERGAS: relative dimensionless global error of synthesis. HPF: high-pass filter. PC: principal 
component. RASE: relative average spectral error. RMSE: root-mean-square error. UIQI: universal 
image quality index. 

2.3.1. Disadvantage of using statistical methods for fusion quality evaluation 

Pixel-based image fusion aims at spatial resolution improvement while avoiding spectral 
distortion. Thus, the evaluation of image fusion quality emphasizes two aspects: spectral 
preservation and spatial improvement. The most direct assessment method is visual inspection. 
It can examine if the fused image retains the original color distribution and luminance, as well 
as if the fused image becomes blurrier or sharper than before. Through comparison between the 
high-resolution input image and the fused image, it can reveal how much spatial detail from the 
input image has been merged into the fused image and if artifacts exist. The disadvantage of 
this manner is that human observation is subjective and is problematic as a means of 
measurement.  
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Figure 20 Illustration of how spatial improvement will change pixel values. 

Thus, it is necessary to use a quantitative approach for quality evaluation, and statistical 
methods have merged as the frontrunner. Li et al. (2010) conducted a survey and found a total 
of 27 measurements for quality assessment. From the calculation function of the list of 
measurements, 14 of them deal with mean, standard deviation, CC, and variance, which are 
basic statistical parameters. These statistical methods compare the pixel values between the 
original and fused images; the ideal fusion result should show close average and low standard 
deviation. For the original and fused images, identical pixel values mean same color, and same 
color implies good spectral preservation. This is true for images with large patches of 
homogeneous areas; for example, green forests after fusion should also remain green in color, 
but it is doubtful if the image is taken in an urban area. As urban space is a heterogeneous area, 
image fusion will integrate linear structures such as the outline of streets and roads into the 
fused image. These linear structures are distinguishable because of color changes. Many of 
these features will cause a higher percentage of color change than images which contain 
homogeneous land cover. These changes are necessary and desired but will be recognized as 
poor fusion results using statistical methods. Figure 20 shows an example: a lawn in the original 
image is represented as a piece of blurred dark green area. After fusion, the outline of this lawn 
can be clearly seen due to its rather light green color. Here, the original image is resampled into 
the same resolution as the fused image. Taking a close look at pixel values at the border of the 
lawn, in the original image they have the same pixel values, while in the fused image the pixel 
values have been changed, conceptually illustrated by the values presented. If using statistical 
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measurements, the lawn border parts will show a high deviation. Such kind of spatial details 
will also appear on houses, gardens, roads, or any features in urban areas. All of them will 
contribute to the high deviation of pixel values.  

Image fusion methods show a trade-off between color preservation and spatial improvement 
performance. This is because statistical measurements are applied as quality evaluation. The 
more spatial details added into the fused image, the more color change will happen. Zero 
deviation, one hundred percent CC equals to absolute color preservation but leads to no spatial 
improvement. From the author’s point of view, it is not beneficial to pursue perfect statistical 
values as the goal of developing fusion methods, when the fusion method will be applied to 
urban areas. However, in agriculture and forest-dominated areas, a rather high degree of 
similarity measured by statistical values might reflect a good spectral quality of the fused image.  

Though statistical measurement is not a perfect method for spectral quality assessment, it is 
even more difficult to quantitatively assess spatial quality improvement. In general, spatial 
details are built up by a group of pixels—spatial improvement cannot be measured by looking 
at a pixel-by-pixel basis. It is claimed that the fusion quality indices that have been developed 
can reflect both spectral preservation and spatial improvement performance. Among them, the 
most popular ones are UIQI, quality index based on local variance, usually referred to as quality 
index based on local variance (Aja-Fernandez et al., 2006), average value of local variance 
(Beauchemin et al., 2002), and structure similarity index metric (Wang and Bovik, 2002). A 
close comparison of the functions from these indices show that there are small differences in 
expression but are essentially the same. When these indices are implemented, a sliding window 
approach is applied. The measurements are computed locally based on the pixels within the 
window, then this window moves pixel by pixel horizontally and vertically through all the rows 
and columns of the image. In the end, the overall quality index is the average of all the local 
measurements. 
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2𝜇௥𝜇௙
𝜇௥ଶ ൅ 𝜇௙

ଶ (8) 

 
 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 𝑑𝑖𝑠𝑡𝑜𝑟𝑡𝑖𝑜𝑛𝑠 ൌ
2𝜎௥𝜎௙
𝜎௥ଶ ൅ 𝜎௙

ଶ (9) 

 
 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠 ൌ

𝜎௥௙
𝜎௥𝜎௙

 (10) 

 
 

𝑈𝐼𝑄𝐼 ൌ
2𝜇௥𝜇௙
𝜇௥ଶ ൅ 𝜇௙

ଶ ∗
2𝜎௥𝜎௙
𝜎௥ଶ ൅ 𝜎௙

ଶ ∗
𝜎௥௙
𝜎௥𝜎௙

 (11) 

 
 where 𝜇௥ and 𝜇௙ are the local means of the image r and f 

𝜎௥ and 𝜎௙ are the standard deviation of image r and f 
𝜎௥௙ is the local correlation coefficient between the image r and f 

In the following, UIQI is taken as an example to present how this index works with a window 
of 3 × 3 pixels. It was claimed that the function reflects three parts: correlation loss, luminance 
distortions, and contrast distortions, equations (8), (9), (10), and (11). Thus, the calculation 
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results are displayed in three parts. Assume that blue color has a pixel value of 100 and white 
color has a pixel value of 50. In the original image, the blue color forms a geometrical cross 
feature (Figure 21a). After two fusion methods, part of the feature has been lost (Figure 21b 
and Figure 21c). Obviously, fusion result 1 retains more structure information than fusion 
result 2. Through the computed statistical values (Table 4), result 1 is more related to the 
original. Fusion results 1 and 2 have few luminance and contrast distortions. The overall index 
UIQI shows fusion result 1 has better quality than result 2. In this way, the index can reflect the 
fusion quality in a reasonable range.  

 
Figure 21 Loss of structure information caused by fusion, illustrated using a 3 × 3 pixel window; (a) 
original image and its pixel values, (b) fusion result 1 and its pixel values, and (c) fusion result 2 and 
its pixel values. 

Table 4 Quality evaluation in the case of loss of structure information. 

Result UIQI CC Luminance Contrast
     

Fusion result 1 0.7978 0.80 0.9972 1.0000
Fusion result 2 0.6241 0.63 0.9882 0.9986
 

 

CC: Correlation coefficient. UIQI: Universal image quality index. 

However, this is just the case when the fused image has lost the existing structural information 
compared to the original image, while in the image sharpening context, the fused image will 
add extra structure information. Then the index does not work in the same way. Figure 20 shows 
that in the image sharpening context, an original image (Figure 22a) has no visible structures 
inside. After image fusion, a cross structure (Figure 22b) or a linear structure (Figure 22c) can 
be generated. CC shows both fusion results have strong contrast distortion and are also poorly 
related to the original image. Result 1 has better luminance preservation than result 2, but the 
luminance distortion from both are very low. The overall index indicates that both images have 
poor fusion quality. This means by the measurement of UIQI, if image fusion provides new 
structures into the original image, it will result in a poor evaluation of fusion quality. However, 
just due to these new structures, spatial details can be presented in the fused image. The goal of 
image sharpening should be enriching spatial details as much as possible, instead of producing 
good statistical quality results. Therefore, it is not appropriate to use this index to measure 
spatial improvement performance of the image fusion method. This is similar to other indices 
which are like the UIQI.  
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Figure 22 Enrichment of structure information caused by fusion, illustrated within a 3 × 3 pixel 
window; (a) original image and its pixel values; (b) fusion result 1 and its pixel values; and (c) fusion 
result 2 and its pixel values. 

Table 5 Quality evaluation in the case of enrichment of structure information. 

Result UIQI CC Luminance Contrast
     

Fusion result 1 0.000775 0.3162 0.9692 0.0025
Fusion result 2 -0.000615 -0.2500 0.9230 0.0026
 

 

CC: Correlation coefficient. UIQI: Universal image quality index.  

2.3.2. Image processing procedures which influence the fusion quality evaluation 

By checking the function with which the quality evaluation index is calculated, all the functions 
are computed based on pixel values. Therefore, any factor resulting in pixel value change will 
also influence the result of the quality evaluation. However, during image fusion and quality 
evaluation, nearly every image processing procedure modifies pixel values. Before image 
sharpening starts, the input and target images need to be registered to the same coordinate 
system. Then an area of interest can be clipped out. Lastly, the low-resolution image needs to 
be resampled to the same pixel size as the high-resolution image.  

Image co-registration is the first step in image fusion. Images can be retrieved from various 
sources where no or different coordinate systems were used. For image sharpening, it is crucial 
that the input and target image are co-registered correctly so that the data is comparable on a 
pixel-to-pixel basis. There are different ways to co-register two images: in the optimal case, 
both images are registered to one map coordinate system where each pixel is in its geometrically 
correct position and has coordinates. Pohl and van Genderen (2017) provide detailed 
descriptions of image registration. This thesis emphasizes that regardless of the way in which 
the images are registered, the pixel size of the images can be changed to fit the new map grids. 
For example, a square image with a pixel size of 0.5 × 0.5 m will be modified to 
0.511272 × 0.511272 m, or a rectangular image with a pixel size of 15 × 15 m will be adjusted 
to 15.2088 × 14.7993 m. The change of the pixel size necessitates image resampling in geo-
registration, while resampling will modify the pixel values. Table 6 shows the pixel value 
changes of an 8-bit image and Table 7 of a 16-bit image. After geo-registration, the mean and 
the standard deviation of the pixel values have been slightly changed, albeit less than one 
percent. The minimum and maximum have been changed more, particularly for the 16-bit 
image, up to 20%. As these changes are nearly not visible by visual inspection, they are often 
ignored.  
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Table 6 Geo-registration causing the statistical change of pixel values (8-bit-image). 

Results Original Geo-registration Changes in %
    

Maximum 255 255 0
Minimum 1 0 -100
Mean 100 96 -4
Standard deviation 66 68 -2
 

Table 7 Geo-registration causing the statistical change of pixel values (16-bit-image). 

Results Original Geo-registration Changes in %
    

Maximum 32766 26094 -20
Minimum -6280 -1072 -83
Mean 1631 1488 -9
Standard deviation 1144 1104 -3
 

Image clipping is often used in the application of spatial data on urban research, as the urban 
area needs to be clipped out from a raster image. For image sharpening purposes, a subset of 
the high-resolution and low-resolution image will be cut together by the border of an urban 
area. In the case that the border crosses half of the pixel size of the low-resolution image, it is 
impossible to cut half of the pixels, as a pixel is the minimum unit of a raster image. Then, the 
row above or below the border will be taken as the starting line of cutting. At the same time, 
due to the smaller pixel size, the urban border can go through underneath a row of pixels of the 
high-resolution image. Therefore, the row under the border will be taken as the starting line of 
cutting. In the end, the two subsets of the images are not precisely overlaid. Figure 23 illustrates 
this situation. It serves as an example to show that when clipping is applied to the high-
resolution and low-resolution image together, the generated images may not be completely 
aligned. Assuming the low-resolution image has a resolution of 30 m, in the above case, a shift 
of 15 m will be generated. In the urban context, a shift of 15 m could mix up one building with 
another or result in a street deviating from its original direction. If fusion is conducted between 
the two shifted images, the image features will also be shifted within the fused image. In this 
way, the fusion quality is reduced.  

 
Figure 23 Pixel mismatch caused by image clipping. 

To avoid this problem, this thesis suggests resizing the low-resolution image to a higher 
resolution before cutting the subsets. This means the image will go through geo-registration, 
resize, and then clipping. It is worth mentioning that during geo-registration, resampling already 
occurred once, so resizing constitutes another resampling. Thus, before image sharpening 
occurs, the image has already been resampled twice, modifying the pixel values (see the 
following paragraph). Strictly speaking, not the original image but a modified image is used for 
the sharpening procedure.  
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Resampling is used for geo-registration and resizing in image sharpening procedures. The 
common resampling algorithms include nearest neighbor, bilinear interpolation, and cubic 
convolution. Different resampling techniques change the pixel values differently. For the case 
of resampling, Figure 24 shows the use of nearest neighbor or cubic convolution to reduce the 
pixel size of an image. After resampling, the resolution of the image has been increased, which 
is also called up-sampling. Cubic convolution produces a smooth color change, and nearest 
neighbor retains the original pixel values but can produce blocky artifacts. Comparing two 
resampled images pixel by pixel, very few pixels have the same color, equal to the same pixel 
values. Certainly, this is an extreme example where the strongest color contrast, black and 
white, is applied. In a real situation, the difference is not likely to be so stark but can exist.  

 
Figure 24 Change of pixel values caused by different resampling methods: (a) original image is 
resampled using (b) nearest neighbor or (c) cubic convolution. The colors used in (b) and (c) aim to 
display differences in resample effects but not precise interpolation results. 

Resampling is not just used before image sharpening but also afterward. As there is no matched 
reference image to validate the pan-sharpened image, the fusion quality evaluation needs to be 
conducted indirectly. Two different strategies have been commonly used. The first one takes 
an up-sampled original image and then compares it with the fused image. In the second method, 
both the original high-resolution image and the low-resolution image are firstly down-sampled 
to even lower resolution, then the down-sampled image is sharpened to original resolution and 
compared with the original image. Figure 25 illustrates the two procedures with a pan image of 
15 m resolution and a multispectral image of 30 m resolution. The quality assessment can be 
conducted on 15 m resolution level, where the fused and up-sampled multispectral images are 
compared to each other. On the down-sampled level, the original pan is resized to 30 m 
resolution and the multispectral image is resized to 60 m resolution. After image fusion, the 
generated multispectral image has a 30 m resolution. Then the original multispectral image with 
30 m resolution is used as a reference for quality assessment. Here, the pan image represents 
the general high-resolution image and the multispectral image represents the general low-
resolution image. No matter which strategy is applied, resampling is required, either up-
sampling or down-sampling. Even though the original image is geo-registered and resized using 
cubic convolution before image sharpening, the quality assessment is performed by using the 
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nearest neighbor up-sampled original image as a reference. In this case, the comparison will be 
conducted in the situation described by Figure 24b and Figure 24c. Then, no matter whether the 
fusion algorithm produces perfect color or poor preservation effects, the statistical evaluations 
will conclude a bad fusion quality. 

 
Figure 25 The strategy of comparison between original and fused image, in the context of fusion 
quality evaluation. MS: multispectral. 

Resampling plays an important role in image sharpening applications, even though very few 
studies report which algorithms were used for image sharpening and quality assessment. To 
avoid misjudgment about the fusion quality, this thesis draws attention to resampling and 
suggests that resampling methods before and after fusion should be kept consistent. 

In summary, in this chapter, various filters in the frequency domain were tested and based on 
that, the simplified Ehlers fusion was developed. Through adjusting the type and size of the 
filters, the exact amount of high frequencies and low frequencies can be extracted and mixed 
together to achieve ideal fusion results. The algorithm was successfully applied in sharpening 
the one-band thermal image and 126-bands hyperspectral image. The source image is an aerial 
photo which has different spectral coverage as the target images. In both cases, the algorithm 
shows strong color preservation and spatial enhancement performance. Quantitative indices 
were used but not considered as effective methods for assessment of fusion quality. It was found 
that these indices are statistically measuring the changes in pixel values: more changes reflect 
lower quality or in other words, changes are considered as errors. However, the author of this 
thesis proposes that the changes in pixel values do not always represent errors. Instead, they 
could indicate increased spatial detail. Additionally, many image processing procedures also 
contribute to the change in pixel values but their influence on fusion quality has not been 
discussed by the research community. The fusion quality check is mainly done by visual 
inspection as quantitative indices do not provide the complete picture of the fusion quality. 

In the next chapter, the developed algorithm is applied to open source remote sensing images. 
Due to the limited source of free hyperspectral images, the only free thermal images are taken 
as the target images for image sharpening purposes. To investigate the function of the developed 
algorithm in practical use, UHI is taken as an application case. The goal is to examine to which 
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extent the simplified Ehlers fusion can improve the performance of open source thermal images 
in UHI analysis and benefit sustainable urban development.



Page 46 | Simplified Ehlers fusion 

  



Data fusion applications on urban heat island analysis | Page 47 

 

3. Data fusion applications on urban heat island analysis 

UHI describes the temperature near the ground in cities as higher than those of nearby non-
urban areas. High temperatures seriously affect the quality of life, particularly those with a high 
proportion of elderly people sensitive to uncomfortable heat (EEA, 2017, p. 26). It occurs in 
winter and in summer, when it is more severe and could be a threat to human health within 
cities. UHI also has a strong impact on energy demands and fossil fuel consumption, required 
for air-conditioning and refrigeration in hot seasons. This in turn results in higher emission of 
air pollutants and greenhouse gases, which make urban areas increasingly vulnerable to climate 
change (Lauriola, 2016).  

UHI is chosen as a case study because firstly, it generally produces discomfort to urban dwellers 
in summer. Secondly, it is one of the most typical phenomena of urban climates that challenge 
living. Thirdly, it is increasingly affecting cities in the central and north-western Europe (EEA, 
2017), as well as in the whole world. 

Causes of UHI include the replacement of soil and vegetation with urban structures, such as 
buildings, pavements, and roads. The urban fabric surface is sealed with concrete, asphalt, 
metal, and other impervious materials. These materials absorb heat during the day and re-emit 
it after sunset, leading to higher temperatures than in rural areas. High-rise buildings and narrow 
streets impede airflow, contributing to a further increase in surface temperature (Ngie et al., 
2014). Additionally, the UHI effect is enhanced by anthropogenic heat produced from artificial 
heating and cooling of buildings, transportation, and industrial processes. Additional causes 
consist of the reduction of evaporation surface, urban “greenhouses”, and surface albedo 
(Priyadarsini, 2009). Priyadarsini (2009) considered building masses as the main reason for 
UHI because on one hand they increase thermal capacity, and on the other hand, reduce wind 
speed.  

UHI measurement can be done with ground-based observations, where air temperature and 
surface temperature are recorded separately. The air temperature is usually read from a thermal 
probe which stands at about 1 m distance from the surface. Infrared radiometer and contact 
thermistors are often used for surface temperature measurement (Nichol, 2005). Other than 
some air temperature data which can be collected from weather stations, ground-based 
observations are mainly generated from fieldwork, which is time and energy consuming. 
Additionally, high human resource costs are incurred, particularly when the study area is a 
megacity. It is also difficult to make ground-based measurements well-distributed over the city, 
especially if the data is taken from weather stations, as it depends on where the instrument is 
set up. The limits of using ground-based measurements to assess a heat island also include 
changes in instrumentation, sampling, and data recording methods (Ngie et al., 2014).  

3.1. Current research regarding urban heat island 

The limitations of ground-based measurements can be overcome by using thermal remote 
sensing data which provides wider spatial and temporal coverage over urban environments. 
Thermal remote sensing is based on the principle that infrared radiation is emitted by all objects 
with a temperature above 0 K. The thermal infrared range of the electromagnetic spectrum 
covers roughly wavelength from 3 μm to 14 μm. But only the 3 μm to 5 μm range and 8 μm to 
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14 μm ranges are commonly used by thermal sensors because of the atmospheric transmittance 
or atmospheric windows (Curran, 1985). Remote sensors in the thermal domain or 
thermographic cameras can detect the thermal infrared radiation within the atmospheric 
windows, thus making it possible to derive thermal radiance images of objects on the Earth’s 
surface. Such images are used to observe the variations in temperature due to the amount of 
radiation emitted by objects with different temperatures. Thermal remote sensing can be 
operated through airborne, unmanned aerial vehicle, usually referred to as UAV, borne, as well 
as spaceborne sensors or cameras. The most commonly used data for UHI analysis are produced 
from satellite-based sensors, including Landsat 7 ETM+, MODIS, and ASTER. The related 
research mainly covers the following four topics: 

Comparison of the temperature difference between the satellite-derived land surface 
temperature (LST) and ground-based measurements show that they are strongly correlated and 
are more similar at nighttime (Nichol, 2005). Coll et al. (2010) proved that ETM+ derived LST 
has a good agreement with the ground-measured LSTs, with differences in the range of ±1 K. 
Tan et al. (2017) showed that the differences between the LST retrieved from Landsat 8 thermal 
bands and ground temperature sensors were less than 1.2 K for water and less than 0.75 K for 
buildings and vegetation. 

The relationship between UHI and land use and land cover illustrates that commercial, 
industrial, and services facilities present a higher temperature at daytime than water, agriculture, 
and vegetation (Lo et al., 1997). As land cover is measured by vegetation coverage, usually by 
the normalized difference vegetation index (NDVI), it is proved that there is a negative linear 
relationship between NDVI and LST (Chen et al., 2006; Li et al., 2011; Lo and Quattrochi, 
2003; Weng et al., 2004). Apparently, the replacement of forest and cropland with concrete and 
asphalt enhanced the development of UHI (Li et al., 2011).  

UHI thermal patterns are the subject of research aimed at finding the main contributor to UHI, 
even though different conclusions have been drawn. Residential areas are considered as the 
biggest contributor to UHI by Li et al. (2011) and Priyadarsini (2009). However, Lo and 
Quattrochi (2003) show that residential areas have intermediate temperature due to partial 
coverage by trees. Nichol (2005) concluded that a high density of tall buildings is not the reason 
causing high temperatures, but the sky view plays a more important role, as the area with a high 
sky view but no tall buildings such as open spaces and car parks are the hottest areas in built-
up area. Li et al. (2011) found that even though industrial areas have the highest LST, they are 
not the main cause of the overall UHI—the biggest contributors are the residential areas.  

Thermal image sharpening-related methods are different from the general image sharpening 
techniques. Kustas et al. (2003) developed a method to increase the resolution of surface 
temperature imagery using vegetation index (VI) techniques. The algorithm relies on the least-
squares relationship between NDVI and radiometric temperature. By taking the VI into surface 
temperature calculations, the minimum computation unit is revised from the pixel size of the 
thermal image to the pixel size of the NDVI image. In this way, the calculated surface 
temperature image will have the spatial resolution of the NDVI image. Agam et al. (2007) 
applied this method to sharpen simulated MODIS and Landsat thermal images; the yielded LST 
has a very low RMSE (about 1 K to 2 K) compared to the field measurement. Jeganathan et al. 
(2011) utilized this method on ASTER and MODIS thermal images, and the sharpened LST 
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images achieved less than 2 K difference using the aggregated ASTER thermal image as a 
reference. Using the same principle, Nichol (2009) took a 10 m SPOT 5 NDVI image into the 
calculation of emissivity, resulting in the generation of a 10 m LST image from a 90 m ASTER 
thermal image. The sharpened image was highly correlated with in situ surface temperature. 
Downscaling of thermal images is another name used for the technique to improve the spatial 
resolution of LST images. Hutgens and Vohland (2014) summarizes the general downscaling 
procedure: the high-resolution image is first aggregated to the coarser resolution of LST data 
fields, then a regression model is built up to relate input variables to LST data. Afterward, the 
regression model is applied to the high-resolution input variables to predict LST at high 
resolution. The difference of various downscaling algorithms depends on which kind of 
regression model is applied. Possible options include random decision forests (Hutgens and 
Vohland, 2014), co-kriging (Mahour et al., 2017; Rodriguez-Galiano et al., 2012), linear 
relationship between LST and impervious percentage (Essa et al., 2013), linear relationship 
between LST and surface types (Yang et al., 2017), semi-empirical regression (Zhan et al., 
2012, 2011), and a pixel block intensity modulation model (Stathopoulou and Cartalis, 2009). 

3.2. Using simplified Ehlers fusion to sharpen open source thermal images 

The existing thermal image sharpening techniques make use of VI images to improve the spatial 
resolution of thermal images. Consequently, the resolution of the thermal image can be 
maximally improved to the resolution of the VI image, which may not be enough for application 
in urban areas. Additionally, most of these algorithms rely on the linear relationship between 
LST and VI. Since the consistent relationship between LST and VI may be limited to 
homogeneous vegetated areas (Hutgens and Vohland, 2014), the methods face difficulties in 
urban areas which have heterogeneous landscape and mixed surface types. 

Simplified Ehlers fusion was developed based on general image sharpening and also works for 
the spatial improvement of thermal images (see subsection 2.2.4.2). With simplified Ehlers 
fusion, the spatial resolution of thermal images can be improved to a much higher level, because 
an image with higher resolution than VI images can be used as input data and the final resolution 
depends on this input data. Furthermore, simplified Ehlers fusion is not limited to fusing images 
of homogeneous vegetated areas, as the filter technique within the algorithm can be used to 
match particular urban features. In the following, this algorithm is applied to sharpen open 
source thermal images.  

The city of Osnabrück, Germany, is taken as the study area of this thesis due to two reasons: 
Firstly, ground truth data is accessible for the author and this is favorable for the validation of 
the research results. Secondly, most studies on UHI phenomena are focused on areas where the 
tropical climate is dominant and with hot summers lasting several months like in Asia (Ngie 
et al., 2014), or specifically relating to megacities such as Beijing (Zhangyan et al., 2006), 
Shanghai (Li et al., 2011), Singapore (Nichol, 1996), or Hong Kong (Nichol, 2009, 2005). 
However, the effect of UHI on cities with other scales and climate is uncertain. In the context 
of global climate change, extreme heat waves are increasing in frequency and intensity in many 
European regions (EEA, 2017) which are located in a temperate climate zone. The city of 
Osnabrück has a population of 169,108 main residents as on December 31, 2018 (Stadt 
Osnabrück, 2018) and is located in north-west Germany. Whether such a small city in Europe 
is also influenced by UHI effects is of particular interest.  
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3.2.1. Thermal images from open geospatial data sources 

Satellite thermal images are the most important open source data to analyze UHI phenomena. 
Table 8 provides an overview of the available thermal data sources for the city of Osnabrück. 
It is remarkable that several sensors collect thermal data during the night, which is particularly 
important for UHI analyses as the UHI effect has been considered more obvious at night 
(Graham, 1993; Nichol, 2009). 

Table 8 Available open source thermal images for the city of Osnabrück. 

Satellite Band number
Spectral range

in µm
Resolution in m

Availability time for the 
city of Osnabrück 

     

Landsat 7 6 10.400–12.500 60, resampled to 30 Day and night 

Landsat 8 
10 10.600–11.190

100, resampled to 30 Day 
11 11.500–12.510

ASTER 

10 8.125– 8.475

90 Day and night 
11 8.475– 8.825
12 8.925– 9.275
13 10.250–10.950
14 10.950–11.650

Sentinel-3 
S7 1.000– 5.000

1000 Day S8 5.800–20.000
S9 6.500–20.000

MODIS 
20–23 3.660– 4.080

1000 Day and night 
31–32 10.780–12.270

  

ASTER: Advanced Spaceborne Thermal Emission and Reflection Radiometer. MODIS: Moderate Resolution
Imaging Spectroradiometer. 

As the above table indicates, MODIS and Sentinel-3 thermal data have a rather coarse spatial 
resolution. Considering the studies focusing on urban areas, the spatial resolution of 1 km will 
not be suitable. Thus, Landsat thermal data were taken into first consideration. Landsat 7 has 
the issues of stripes (USGS, 2019) which appears as non-value data gaps on the images. At the 
same time, Landsat 8 has only day time data. Therefore, ASTER nighttime data was also used 
in this study. Considering the low cloud coverage, low temporal frequency of nighttime data, 
and the close data acquisition date, the final chosen data were Landsat 7 band 6 with the 
acquisition date April 18, 2011, Landsat 8 band 10 with the acquisition date February 26, 2015, 
and ASTER with the acquisition date April 22, 2015. 

3.2.2. Data pre-processing  

Standard satellite thermal products consist of digital numbers (DN) and need to be converted to 
temperature value. Usually, it takes three steps to process the raw data. Taking Landsat 8 
thermal data as an example, Figure 26 illustrates the data processing procedure and 
equations (12), (13), and (14) provide detailed mathematical calculations. Firstly, the DN 
values need to be rescaled to radiances using the rescale factors provided in the respective 
metadata file. The rescale function is linear, see equation (12), defined by two rescale factors 
𝑀௅ and 𝐴௅. Then, the calculated top of the atmosphere (TOA) radiance is converted to TOA 
brightness temperature using equation (13) with the thermal constant distributed with the raw 
data. Equation (12) and equation (13) are provided by the Landsat 8 production description 
(USGS, 2018b, p. 63). Finally, through different atmospheric and emissivity correction 
algorithms, the temperature of a surface in Kelvin or Celsius can be retrieved. Atmospheric and 
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emissivity retrieval algorithms based on NDVI have been used extensively (Li et al., 2013; Tan 
et al., 2017; Weng et al., 2004). The various atmospheric and emissivity correction algorithms 
are not discussed here because the differences between TOA and LST in urban areas are very 
small. As Lo and Quattrochi, (2003) argue that “TOA is just adequate for use in surface 
temperature mapping from thermal infrared images, thus saving an extra computation[al] step”. 
This thesis uses equation (14) (Artis and Carnahan, 1982) as the atmospheric and emissivity 
correction method because it is one of the simplest. 

 𝐿𝛌 ൌ 𝑀௅ ∗ 𝑄௖௔௟ ൅ 𝐴௅ (12) 
 
 where 𝐿𝛌 = TOA spectral radiance (W/ (m2 × srad × μm)) 

𝑀௅ = band-specific multiplicative rescaling factor from the metadata
𝐴௅ = band-specific additive rescaling factor from the metadata 
𝑄௖௔௟ = quantized and calibrated standard product pixel values, DN 

 

 
Figure 26 The Land Surface Temperature retrieve procedure adapted from Humboldt State University 
(2018). DN: digital numbers. TOA: top of the atmosphere.  

 
𝑇஻ ൌ

𝐾ଶ

ln ቀ𝐾ଵ𝐿𝛌
൅ 1ቁ

 (13) 

 
 where 𝑇஻ = top of atmosphere brightness temperature 

𝐾ଵ = band-specific thermal conversion constant from the metadata 
𝐾ଶ = band-specific thermal conversion constant from the metadata 

 
 

𝐿𝑆𝑇 ൌ
𝑇஻

1 ൅ ሺ𝛌𝑇஻ 𝛼ൗ ሻ ln 𝜀
 (14) 

 
 where 𝐿𝑆𝑇 = Land surface temperature 

𝛼 = 1.438 × 10-2 mK 
𝜀 = surface emissivity 

According to the general workflow of image fusion (Pohl and van Genderen, 2017, p. 74), the 
image sharpening should take place after the atmospheric correction process. However, this 
only works when using a panchromatic image to sharpen multispectral images. Because after 
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atmospheric correction, both data sets consist of surface reflectance values (range from 0 to 1) 
which are dimensionless. In case of atmospheric correction of thermal images, the pixel values 
of the corrected image will be in Kelvin or Celsius. If using an atmospheric corrected 
panchromatic image (dimensionless) to sharpen the temperature image, the units of the value 
range of two image sets are different, which can lead to unexpected results.  

Therefore, it needs to be reconsidered when data fusion should be conducted during the 
atmospheric correction procedure. Figure 27 shows the unit changes of the panchromatic and 
thermal image in the process of atmospheric correction. In this process, the images can be 
divided into three levels: DN level, radiance level, and reflectance level. The thermal image 
and pan-image have the same pixel value range only at the first two levels, which means it is 
possible to fuse the two images. However, the thermal image is in Kelvin or Celsius and the 
panchromatic image is dimensionless at the reflectance level, which means it is not suitable for 
pan-sharpening. Within the first two levels, there is no difference when fusion is implemented. 
Because from the first level to second level, only a linear equation is applied to rescale the DN 
values to radiance. In the end, in this thesis, data fusion is carried out on the first level, where 
images still have DN as their pixel values. In this way, the downloaded raw images can be 
directly used for pan-sharpening. It is more convenient and time efficient. 

 
Figure 27 The change of pixel value units during the atmospheric correction procedure and possible 
data match for pan-sharpening. 

3.2.3. Data fusion process using simplified Ehlers fusion 

In this section, simplified Ehlers fusion is applied between Landsat 7, Landsat 8, and ASTER 
images, aiming to improve the spatial resolution of thermal images at daytime and nighttime, 
to be used in UHI analysis.  

3.2.3.1. Sharpening Landsat 8 thermal image using Landsat 8 panchromatic image 

Landsat 8 currently provides the highest resolution of thermal images from both daytime and 
nighttime. However, as mentioned before, there is no Landsat 8 nighttime data available for 
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Osnabrück, thus only the daytime data is used here. The simplified Ehlers fusion was applied 
to Landsat 8 band 8 and band 10.  

The thermal image needs to be resampled to the same resolution as the panchromatic image in 
the first place, to avoid mismatch of pixels caused by image clipping with different resolutions. 
This was done by using the QGIS raster align tool, which generally includes four steps: re-
projecting to the same coordinate system, resampling to the same cell size and offset in the grid, 
clipping to a region of interest, and rescaling the values when required (Documentation QGIS 
Testing, n.d.). Here, cubic convolution was selected as the resampling method. To find a 
suitable low-pass filter, the selected area of interest has 512 × 512 pixels following the 
experiments in section 2.2.2.  

 
Figure 28 The procedure of adjusting low-pass filter for thermal images; (a) original thermal image; 
(b) power spectrum of the thermal image in frequency domain; (c) 2D display of (b); (d, e) filtered 
images when filtered with cut-off frequency of 10 and 50 respectively. 

The selected test area was transformed into the frequency domain using an FFT. The low-pass 
filter selecting procedure is illustrated in Figure 28. The frequency distribution of the thermal 
image was inspected in the 3D power spectrum. Then, a low-pass filter with a cut-off frequency 
of 10 was first applied. The filtered image was very blurry, meaning that too much thermal 
information was lost. Then, the low-pass filter was adjusted to a cut-off frequency of 50. With 
this filter size, the filtered image kept almost all of the information of the original thermal 
image. Thus, a low-pass filter was taken with a cut-off frequency of 50. 

Subsequently, the high-pass filter was also tested. After transforming the pan-image into the 
frequency domain, it showed that the low frequencies were concentrated in a rather small range. 
The high-pass filter was tested with cut-off frequencies of 50, 100, and 200 separately. The 
filtered results showed a cut-off frequency of 50 retained much undesired information; from a 
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cut-off frequency of 100 to 200, fewer linear features were left. Until a cut-off frequency of 
200, enough information was kept as high-resolution input. 

Afterward, a direct band-pass filter was tested. It started with an inner radius of 50 and 
bandwidth of 50, as this filter setting produced the perfect filtering effect on the aerial photo in 
section 2.2.2. However, even with the same image size as the castle image, artifacts appeared 
in the filtered image. A possible explanation is that the pan-image had a spatial resolution of 
15 m which was much coarser than the 0.5 m resolution aerial photo. Here, it can be concluded 
that the spatial resolution will influence the selection of the filter size. In the end, the band-pass 
filter was adjusted to an inner radius of 100 and a bandwidth of 100. The artifact effect was 
reduced, but still occurred on the filtered image. Then, the inner radius was further modified to 
10. The final setting for the band-pass filter was an inner radius of 10 and a bandwidth of 100. 
Clearly, it is more complex to choose a suitable band-pass filter than a suitable high-pass filter. 
Figure 29 shows the original image and the band-pass filtered result. 

 
Figure 29 Results of adjusting band-pass filter for panchromatic images; (a, b) power spectrum of the 
panchromatic image in 2D and 3D respectively; (c) original panchromatic image; (d) filtered image 
when using band-pass filters with an inner radius of 10 and width of 100. 

Subsequently, the indirect band-pass filters were also tested. As it was described in 
section 2.2.2, the same filtering effect can be reached through both indirect and direct band-
pass filters. Therefore, the similar filter size adjusting procedure and filtering results are not 
repeated here. In the filter test, the focus area has 512 × 512 pixels. When applying the filter to 
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the complete study city which has 1140 × 901 pixels, the size of the filters needs to be adapted 
again correspondingly. In the case of the indirect band-pass filter, it was adapted to the cut-off 
frequency of 420 and 450.  

To pursue the best fusion results, a histogram matching technique was also tested here. 
Histogram matching has been used widely in image sharpening algorithms, such as Wavelet-
IHS fusion and Wavelet-PC fusion (indicated by the workflow of the fusion algorithms 
described by Pohl and van Genderen (2017, subchap. 4.7). Commonly, the histogram matching 
technique transforms the high-resolution image so that the histogram of the output image 
approximately matches the histogram of the low-resolution image. Then, the histogram-
matched image is taken as the actual input to perform image sharpening. MATLAB provides a 
tool imhist to approximately match the histogram of target images (MathWorks, 2019). 
Figure 30 shows the histograms of resulted images where imhist was applied. With histogram 
matching, the fused image was closer to the original than without histogram matching.  

 
Figure 30 The comparison of histograms between the original and fused images with and without 
histogram matching. 

However, histogram matching only works perfectly when all input images are band bundles. 
The images were obtained at the same time under the same atmospheric conditions in the case 
shown in Figure 30: the panchromatic image and thermal image used were band bundles from 
Landsat 8. On the opposite side, when the input images were from different sensors with 
different acquisition times, the histogram matching produced unexpected results.  

For example, a Landsat 8 panchromatic image and a Landsat 7 thermal image were taken as 
input and histogram match was applied in the fusion procedure. Figure 31 shows the 
comparison between input data and the fused result. In the panchromatic image, there are parts 
covered by the shadow of clouds as well as the shadow of forests, which do not appear in the 
thermal image. After fusion, these shadows were highlighted in the fused image. These are the 
undesirable fusion effects generated by histogram matching.  
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Figure 31 Histogram matching highlighted shadows in the fusion result: (a) original panchromatic 
image; (b) original thermal image, and (c) fused image with histogram matching.  

Therefore, to make it more flexible for the various open data sources, histogram matching was 
not applied in the simplified Ehlers fusion algorithm. This aspect was not discussed in chapter 2 
because the test images were not influenced by the atmospheric condition.  

The final fused image is shown in Figure 32a. The color legend displays from blue to red, 
indicating temperature from low to high. Taking a close look at the city core, obvious spatial 
improvement and color preservation has been reached compared to the original image 
(Figure 32b and Figure 32c). Spatial details such as railways, road infrastructure, and urban 
blocks, which could not be seen before fusion, can be easily recognized in the fused image. 
Meanwhile, the thermal distribution was retained as in the original, as shown in both Figure 32b 
and Figure 32c there are two blue dots indicating the lowest temperature, and a large red area 
indicating the highest temperature. All the temperature information has been successfully 
transformed into the fused image.  

The fusion effects on spatial reinforcement are even more obvious when the original and fused 
images are further clipped with a building footprint layer (Figure 32d and Figure 32e). The 
spatial resolution of the original thermal image is too coarse for the clipped results to fit the 
outline of many buildings, whereas the clipped result from the fused image can illustrate the 
temperature difference between the buildings.   
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Figure 32 Comparison between the fused thermal and the original image: (a) overall fused image; (b, 
c) magnified city core from the original image and the fused image respectively; (d, e) clipped results 
from the original image and the fused image respectively.   
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The fusion effect was also investigated in a magnified vegetated area, shown in Figure 33a. The 
data fusion process has enhanced the lines and edges in this area, which are mostly borders of 
the forest and agricultural fields. Through data fusion, the temperature difference between forest 
and farmland could be distinguished. 

In chapter 2, it was mentioned that the goal of image sharpening is to introduce the spatial 
details into the fused image, while at the same time keeping the original color information. 
Figure 33 shows an example where this goal was achieved. There are two different agricultural 
fields but with the same temperature. In the original image, this area is displayed as one piece 
of homogeneous land due to a similar temperature. After fusion, the two agricultural fields can 
be distinguished. The fusion process introduced the border between these two fields while 
keeping the original color pattern.  

 

 
Figure 33 Fusion effect investigation in a vegetation area: (a) fused image, (b) original image, and (c) 
area shown in Google Maps. 

3.2.3.2. Sharpening ASTER thermal image using Landsat 8 panchromatic image 

The ASTER nighttime thermal band 13 was used for the study area. Since there were no 
panchromatic images available during the night, the panchromatic image used in the 
subsection 3.2.3.1 was applied. The fused results showed that the clouds from the panchromatic 
image were also transformed into the thermal image, even though there were no clouds before. 
The clouds had no impact on the fused Landsat 8 thermal image in subsection 3.2.3.1 because 
the clouds appeared at the same location in all the input images. It resulted in a strong impact 
due to the following reasons: Firstly, regardless of clouds, vegetation fields, or built-up areas, 
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the fusion algorithm considers them as identical important features. Through image sharpening, 
the spatial details of these features could be enhanced to a certain extent depending on the 
selected filters. Secondly, in the fused Landsat 8 thermal image, the clouds could have been 
enhanced but did not become a problem because they were features in both original and fused 
thermal images. Finally, in the fused ASTER thermal image, the clouds influenced the overall 
appearance of the fused image to a large extent, because compared to the original ASTER 
thermal image the clouds added unnecessary features.  

To reduce the influence of the clouds, the size of the high-pass filter was adjusted from 500 to 
700, then to 800, where the complete image has 1141 × 902 pixels. From the fused image 
(Figure 34b, Figure 34c, and Figure 34d), it can be seen that the impact of clouds is gradually 
reduced but are not completely erased. To point out the locations where clouds exist, the 
grayscale panchromatic image is shown with pseudo-color where clouds are highlighted in red. 

 
Figure 34 Adjustment of filter size to reduce the influence of clouds: (a) pseudo color panchromatic 
image which was covered by clouds which affected the fused image; (b, c, d) fused images by 
adjusting the size of the high-pass filter to 500, 700, and 800 respectively.  

Even when obscured by the clouds, the fused images still kept the original temperature 
distribution of the ASTER thermal image. When taking a closer look at places where a water 
body is located (Figure 35) in the original thermal image, the water body stands out from the 
surroundings due to their highest temperature. After fusion, the water body remains the warmest 
feature in this area. Similarly, the other parts in blue and orange were maintained in their 
original color pattern in the fused image. In the pan-image, the borders of several features, such 
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as the agricultural fields, streets, roads can be seen). These linear features do not exist in the 
thermal image but are recognizable in the fused image.  

Comparing Figure 35c and Figure 35d, the impact of the panchromatic image on the fused 
image was reduced by the increase of the size of the high-pass filter from 500 to 800. Comparing 
the results produced from these two filters, in the first one, the influence of the pan-image is 
more dominant, thus resulting in stronger linear features. In the second image, the ASTER 
thermal image color pattern is more obvious and thus closer to the goal of image sharpening.  

 
Figure 35 A close inspection of the fusion effect: (a) original ASTER thermal image; (b) pseudo color 
Landsat 8 panchromatic image; (c, d) fused images using a high-pass filter with a size of 500 and 800 
respectively.  

As the fused image Figure 34 was heavily influenced by clouds, another Landsat 8 
panchromatic image without clouds was taken into the test. This time, the fused image (Figure 
36a) shows that at the northeast corner of the image, some strong lines and edges appear. But 
there were no similar features that could be distinguished in the original ASTER image (Figure 
36b). With closer inspection of this area in the panchromatic image, it was found that this area 
consisted of farm fields covered by snow. Like clouds, the features representing snow were also 
introduced into the fused image. Figure 36c uses pseudo color to present a panchromatic image 
where snow is highlighted in red.  

It is possible to find a panchromatic image which is not covered by snow or cloud, particularly 
during summer time. However, the ASTER thermal image was taken in the cold season. Land 
use and land cover will be different during cold and warm seasons. The literature review from 
subchapter 3.1 reveals that LST is strongly related to land use and land cover. Since during cold 
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seasons, the city is often covered by clouds or snow, the test was not further continued with 
another panchromatic image.  

 

 
Figure 36 Fusion effect influenced by snow: (a) fused ASTER thermal image: (b) original ASTER 
image; (c) pseudo color panchromatic image where snow is highlighted in red. 

3.2.3.3. Fusion between a Landsat 8 panchromatic image and a Landsat 7 thermal image  

Since May 31, 2003, the Landsat 7 scan line corrector failed. Thus, the produced data have data 
gaps which are represented as stripes in the image (Figure 37). Using the FFT, the stripes appear 
as energy bursts occurring in 135° of the vertical axis in the Fourier spectrum (Figure 37b). If 
a low-pass filter was applied to the image, the filtered image kept or even widened the stripes 
(Figure 37c). Without destriping, the fused results were heavily influenced (Figure 37e). For 
destriping, another image was needed with close acquisition time to fill in the data gaps. 
However, as Landsat 7 does not often take global nighttime data, it is hard to find another 
thermal image suitable for the study area. It might be possible to remove the stripes using notch 
reject filters, which is beyond the research scope of this work and was therefore not applied.  

Even the fused image was strongly influenced by the stripes, where the color pattern of the 
original image was preserved. The city center had a higher temperature than the surrounding 
vegetation area. The urban spatial features such as railways and roads were also enhanced in 
the fused image. However, Figure 37e shows that these line features are so strong that in 
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contrast, the thermal pattern becomes less dominant. This could be changed by adjusting the 
size of the filters. When the cut-off frequency was set as 800 for both high-pass filter and low-
pass filter, the result was what Figure 37e shows. If the cut-off frequencies for both filters were 
altered to 50, in the fused image the thermal pattern got stronger, but the stripes were stronger 
as well. The overall result was even worse than Figure 37e shows and thus is not presented 
here. 

 

 
Figure 37 Data fusion between a Landsat 7 thermal and a Landsat 8 panchromatic image: (a) original 
thermal image in grayscale; (b) Fourier spectrum of the original image; (c) filtered thermal image 
using low-pass filter; (d, e) original and fused thermal images respectively.  

3.3. Fused thermal image used for urban heat island analysis  

The above fused images from the Landsat 8 panchromatic and thermal bands were used for 
daytime UHI analysis while the fused images from Landsat 8 and ASTER were used for 
nighttime analysis. 

3.3.1. Urban heat island effect during daytime 

The city of Osnabrück is situated in a valley between two forested hills, namely Wiehen Hills 
and Teutoburg Forest. Figure 38 shows a transect running across the land surface temperature 
image taken in a hot season (June 14, 2017), specifically from the north forested hills to the 
south forested hills which passes through the city center. The profile suggests a significant UHI 
effect in the hot seasons. Temperatures were higher throughout the urban areas and 
temperatures were lower in the surrounding areas. The temperature difference between urban 
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and rural areas or suburban areas was about 5 K on average. Compared to the forested hills, the 
urban areas were nearly 10 K warmer (see Figure 38). 

 
Figure 38 Land surface temperature transect at daytime in the hot season across the city of Osnabrück. 

Figure 32a shows the overall surface temperature of the city of Osnabrück during daytime in 
the cold season (February 26, 2015). In such cold background, industrial sites stand out as the 
hottest sites in the city. It can be expected that in summer, these sites will have an even higher 
temperature with additional energy absorbed from the sun. Built-up areas including the city 
center, residential areas, and the transportation system show a higher temperature than 
vegetation areas. The coolest areas are found in water bodies.  

In agricultural and forested mixed areas, forest always appeared cooler than agricultural fields. 
Larger agricultural fields showed a slightly higher temperature than those of smaller size. The 
size has the opposite influence on forests; the larger ones present slightly lower temperatures 
than those of smaller size. 

Woodland within urban areas showed similar temperature as the forest in adjacent rural areas 
and much lower temperature than the built-up area. This makes the wooded land in the urban 
area appear as a cool island and a heat sink. 

Overall, the built-up surface showed the widest distribution of high temperature. For a closer 
investigation of the thermal patterns in the built-up environment, the fused image was further 
clipped by a building footprint layer which represents most of the built-up area. The overall 
temperature map of buildings is shown in Figure 39. Without vegetated surface, the temperature 
difference within the built-up area could be easily distinguished.  

Industrial areas show even more outstanding high temperature on the building temperature 
map. Taking the three hottest sites (marked as , , and ) into closer consideration, it was 
found that all three were industrial or industry-related areas. The first hotspot was where the 
company KME Germany GmbH & Co. KG is located. It is a large enclosed factory campus 
where copper and brass is produced. Within the factory campus, factory workshops are densely 
distributed. The high temperature was mainly caused by industrial waste heat, and further 
enhanced by the dense building structure which trapped heat (Figure 40). 

Figure 41 shows the second location. It is near to the main train station, where many factories, 
as well as service and commercial companies are located, due to the convenient access to the 
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transportation system. The biggest building in the image has the highest temperature in this 
area. It is a car storage building without a roof from the car manufacturer Volkswagen 
Osnabrück GmbH. The lack of roof protection together with the building material both 
contributed to the high temperature. The overall high temperature of this entire area was partly 
caused by industrial production, and partly because of low green coverage. The whole surface 
is sealed within this area and almost no vegetation is visible.  

The third location is an isolated factory surrounded by a vegetated field. It is the Felix Schoeller 
Holding GmbH & Co. KG which produces photographic and digital printing papers. It produced 
a hot spot in the nearby residential area. The east side of the factory was slightly cooler than the 
west side (Figure 42a), which resulted in cooler buildings on the right side and hotter ones on 
the left side (Figure 42b). This might be the case because the forest and empty farm field are 
located on the right side and left side respectively, which means that the forest could cool down 
the hot temperature produced from the industrial building. 

Other industrial areas with a smaller size also showed high temperatures. There were also 
industrial companies located at low-density built-up areas. Even in such areas, if an industrial 
factory was present, the detected temperature was higher.  

 
Figure 39 Building temperature during daytime in the cold season in the city of Osnabrück. 
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Figure 40 The high building temperature of a metal producing company and its appearance in Google 
Maps.  

 
Figure 41 The building temperature of a dense industrial and commercial area near a train station and 
its appearance in Google Maps. 

 
Figure 42 An industrial factory where high temperature was cooled down by the forest on the right 
side: (a) thermal distribution of all land cover in the industrial area; (b) building temperature of this 
area; (c) appearance of this area in Google Maps.  

Non-industrial buildings show temperature dropping from the city center towards suburban 
areas, along the direction of the urban fabric extension (Figure 43). This is decided by the urban 
spatial structure of the city, which spreads outward from a central city ring. Within or near the 
city ring, businesses, commercial entities, public services, and university buildings are densely 
built-up, leading to high temperatures. In Figure 32a, two sites within the ring present 
comparatively lower temperatures; one is a public park named Schlossgarten, and the other is 
a vegetated river bank area beside the river “Hase”.  

The residential buildings close to the city ring are also influenced by the high temperature. 
Further away from the city ring, the temperature decreases. Exceptions include a hospital, a 
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shopping center, the furniture shop “IKEA”, and vehicle marketplaces which are far from the 
city centre but exhibit high temperatures.  

 
Figure 43 Temperature distribution of non-industrial buildings in the city of Osnabrück. 

3.3.2. Urban heat island effect during nighttime 

Figure 44 shows the thermal transect across the city and surrounding areas at night during the 
cold season (April 18, 2011). The average difference between urban and surrounding areas was 
about 2 K, which is much less than in summer time. Despite this, the UHI effect was still visible 
by the average warmer local climate of the urban blocks indicated by the fused ASTER image. 
The higher temperature distribution followed the urban fabric extension. At night, the water 
bodies showed the highest temperature in opposite to daytime. The open agricultural land 
presented the lowest temperature. Other than the city center, the contrast between built-up areas 
and woodland was not as strong as it was at daytime. A remarkable fact shown in the night 
thermal image is that the main streets, roads, and highways could be clearly seen due to their 
significantly higher temperature. This was because of the properties of the road surface 
material, which has high heat storage capacity. During the daytime, this phenomenon was not 
obvious because of the same high temperature from the surrounding urban blocks. However, 
the heat contribution from the streets should not be overlooked as a source of UHI. 

 
Figure 44 Land surface temperature transect at nighttime in the cold season across the city of 
Osnabrück. 

Figure 45 shows that within the built-up areas, the extremely high temperature from industrial 
areas was absent at night. They presented the same or even lower temperature than the city 
center. Considering that the nighttime data was taken at about 9 pm, and industrial activities 
usually stop at 6 pm, the generated heat had been dissipating for 3 h by that time. However, 
industrial areas still remained slightly warmer than residential areas. The temperature difference 
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between buildings illustrates that built-up areas close to the city border were much cooler and 
the city center remained the warmest site. In general, in the cold season the correspondence 
between temperature and land use was less distinguishable than by day. 

 
Figure 45 Building temperature map at nighttime in the cold season in the city of Osnabrück. 

3.4. Urban heat island mitigation strategy based on data fusion results 

Based on the fused images and the above analysis, the main factors contributing to the UHI 
effect in the city of Osnabrück are identified.  

Anthropogenic heat introduced by industrial processes had the highest temperature and large 
distribution in the urban area. Even after operation ceased, it took time to cool down and 
continued to influence the evening temperature. Therefore, it is considered as the dominant heat 
source for the UHI effect of the city. The heat generated from industrial factories come mainly 
from the machines used for production. Most of the heat is released into the air and becomes 
waste heat because it is often considered as low-grade and difficult to harness for utility. In the 
last decade, many investigations into using industrial waste heat have been carried out. In Qatar 
for example, industrial waste heat has been used for fresh water production (Khraisheh et al., 
2013). Wagner (2004) presented two energy saving systems which can be used for industrial 
waste heat and described the operational experience. Depending on the industrial process, 
various options can be considered for waste heat conservation, such as waste heat recovery 
from steam boilers, coffee roasters, and chemical reactor exhaust (Bhattacharjee, 2010). Waste 
heat can also be stored and reused in the same way as the thermal energy storage of solar energy 
systems (Demirbas, 2006).  
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Road surfaces highly contribute to the development of UHI, indicated by the nighttime thermal 
image. The high temperature of paved surfaces can be reduced through pavement cooling 
techniques, including the following methods (Santamouris, 2013): (a) Increasing the albedo of 
the paving surfaces by using conventional cement concrete pavement, concrete additives like 
slag cement and fly ash, white topping, roller compacted concrete pavement, and light 
aggregates in asphalt concrete surface. (b) Increasing the permeability of the surfaces in order 
to decrease their surface temperature through evaporation processes. (c) Increasing the thermal 
storage capacity of the surfaces by adding ingredients or materials of high thermal capacity. (d) 
Using external mechanical systems to cool down the pavement materials. (e) Providing efficient 
shading of the paved areas, which can also make the outdoor pedestrian or driving environment 
more comfortable.  

Dense urban fabric strongly influences the formation of UHI both during day and night. The 
heat distribution starts from downtown, then extends following the urban fabric in all directions. 
There have been many attempts to reduce the heat from urban blocks in order to mitigate the 
UHI effect. Akbari et al. (2015) provide an overview of the main technologies. Development 
of reflective materials has been intensively discussed. The material used in built-up areas absorb 
incident solar and infrared radiation and release the heat into the atmosphere, increasing 
temperature. The so-called “cool roof” can reflect some of the solar radiation, thus preventing 
overheating of the urban areas. Typically, the “cool roof” surfaces are clean, smooth, solar-
opaque, and in light colors. The high solar reflectance value of silver-colored aluminum flakes 
makes them suitable for such applications. Figure 46 shows four examples of buildings with 
this kind of roof. They appear as “cold” spots in thermal images from Landsat 7, Landsat 8, and 
ASTER due to their reflective roofs. The polished shiny surface has extremely low emissivity 
in the wavelengths between 8 μm to 14 μm that is difficult to be detected by the thermal sensors. 
Therefore, these kinds of buildings will show up as “cold” spots despite their high temperature. 

 
Figure 46 Four buildings with reflective roofs appear as cold spots in thermal images. 

The normal solar reflectance material works in the same way in winter and summer. This is not 
suitable for low-latitude cities with cold weather in winter such as the city of Osnabrück since 
heat islands can be an asset in reducing heating loads. Therefore, some directionally reflective 
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roofs should be considered as a UHI mitigation strategy. In winter, they absorb sunlight with 
an absorptive side and in summer they reflect sunlight. This can be realized by the multifaceted 
surface, which changes its color and reflectance depending on the surface orientation (Akbari 
et al., 2015).  

The increase of green spaces also benefits the mitigation of urban high temperature. As 
mentioned in section 3.3.1, in the city center the park and wooded land appear as cool islands 
compared to the adjacent urban areas. Other UHI mitigation technologies include green roofs 
and shading of outdoor spaces (Akbari et al., 2015) as well as creating air flow corridors 
(Baranka et al., 2016).  

To summarize, in this chapter the simplified Ehlers fusion was successfully used to improve 
the spatial resolution of open source thermal images. The experiment of filter settings that was 
presented in chapter 2 have been applied to Landsat 7, Landsat 8, and ASTER images. For 
daytime data, Landsat 8 panchromatic bands were used to sharpen the thermal band in the same 
band bundle. For nighttime data, Landsat 8 panchromatic images were used to sharpen 
Landsat 7 and ASTER thermal images. Compared to the experiment presented in chapter 2, this 
chapter shows that in application some practical issues need to be taken into consideration. 
Satellite images often face the challenge of atmospheric conditions such as clouds and snow. 
These atmospheric conditions make image fusion more complex when fusion is not between 
bands in a bundle, but from data of different sensors or different acquisition times.  

Despite these difficulties, the simplified Ehlers fusion has successfully enriched the spatial 
details of satellite thermal images, as well as preserved the original thermal pattern. From the 
fused images, much more thermal distribution information could be gleaned compared to the 
original images. Based on the fused images, the main factors contributing to UHI impact on the 
city of Osnabrück during daytime and nighttime were identified. In the end, UHI mitigation 
strategies tailored for the study area are proposed, aiming at more efficient energy usage, more 
comfortable living, and an environmentally friendly urban development. 

For UHI analysis, mainly remote sensing thermal images were used, only the building layer 
was additionally taken for further analysis of the thermal pattern in the built-up area. In the next 
chapter, another application case shows that using only remote sensing images could be 
insufficient for urban analysis. Therefore, a more complex fusion framework and more types 
of data are needed to be taken into consideration.
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4. Data fusion application for urban vacant land extraction 

The thermal images from chapter 3 show that in the northeast direction of the city of Osnabrück 
a group of buildings show a much lower temperature than the other built-up areas, both during 
day and night. On this site, barracks were built by the British army after the Second World War 
and abandoned after their withdrawal in 2006 (Stadt Osnabrück, 2019a). From then on, it has 
been a vacant site, with no heating system running in winter which contributes to the rather low 
temperature. The city of Osnabrück planned to reuse this site through a conversion project while 
the sale started in 2011. There are more similar vacant sites from former military barracks in 
the city. The low temperature in winter is only one sign indicating a site’s vacancy. More data 
is needed to be fused together in order to automatically detect these vacant sites. In this chapter, 
the URBan land recycling Information services for Sustainable cities (URBIS) project is used 
to present how open geospatial data fusion can be applied in order to identify urban vacant sites. 
This project was completed in 2017 and reflects the current research status of vacant land 
extraction.  

One of the main project tasks is to automatically detect vacant land. However, this task was not 
successfully completed. In subchapter 4.1, the main problems and the inaccurate project results 
were briefly introduced. To succeed in the identification of vacant land, the author of this thesis 
proposed a new definition of vacant land (subchapter 4.2) after reviewing the literature about 
vacant land. Afterward, the available data sources were investigated and selected 
(subchapter 4.3). Finally, the data fusion technique was applied to detect each type of vacant 
land (subchapter 4.4 and subchapter 4.5). 

4.1. Confusing results caused by ineffective data fusion—reflection on the 
URBIS project 

URBIS was an EU-funded research project aimed at building up an open source urban land use 
information system for vacant land. The project addressed a serious Europe-wide problem: on 
the one hand, increasingly more agricultural and natural areas have been converted into artificial 
surfaces; on the other hand, a number of built-up areas have been abandoned. URBIS proposed 
a sustainable urban development approach by recycling abandoned land and integrating 
fragmented land. Two main features are highlighted in this project: using various sources of 
open geospatial data and developing a site identification methodology applicable across 
Europe. Besides the city and county of Osnabrück, two more pilot areas were selected to 
represent European urban zones, namely Greater Amiens, France, and the Moravian-Silesian 
Region, Czech Republic. The main work content included developing best practices for vacant 
site inventory, automatic site detection, as well as building up the interoperable web services. 
In this chapter, automatic vacant site detection is emphasized from a data fusion perspective.  

4.1.1. URBIS vacant land typology—unfavorable open data fusion conditions 

Through a review of the recent EU projects which share the same topic, URBIS defined the 
following vacant land typology based on the outcomes of the Circular Flow Land Use 
Management project (Preuß and Verbücheln, 2013):  
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 Greenfields with development perspective have not been developed and connected to 
the city infrastructure but are located within the scope of the preparatory land use area. 
Typically, there is no sealing or building activity on site. 

 Vacant or underused land was previously used and is now unused or used in a 
suboptimal way. The connection to the city infrastructure remains on site. Such sites are 
often covered by vegetation, but former activities are obvious, such as fragments of the 
sealed surface. 

 Gaps in built-up areas are underused or unused areas that usually have a small size and 
are located within the existing urban fabric. They are suitable for construction due to 
the nearby infrastructure. 

 Brownfields typically have construction on site and could have contamination problems. 
Previous types of use include for example industry, military, agriculture, or commerce. 
Due to these heterogeneous former land uses, the appearance and morphology of 
brownfields varies strongly. 

The above classification is only feasible after the vacant sites have already been well-
documented, together with their land use, size, contamination, and existing building 
information. However, in URBIS’s case, it was the main objective to detect unknown urban 
vacant sites. Then the above typology challenges the identification of the vacant sites with a 
certain degree of automation. The main reasons are listed in the following. 

 The classification approach was not built upon an explicit standard. For instance, the 
main feature of gaps in built-up areas is the rather small size, but other types of vacant 
land can also have a small size. This makes it impossible to follow a logic to separate 
them step by step.  

 The contamination information is a crucial element that can be used to distinguish 
brownfields. It is possible to remotely detect oil-contaminated soil using hyperspectral 
data. However, the very limited free hyperspectral data makes it difficult to realize site 
detection based on open source data. 

 The development perspective was involved in the definition. This produces an 
unfavorable condition for automatic site extraction because this perspective cannot be 
automatically detected. 

In practice, it was proven that it is impossible to identify these sites according to the description 
of the typology, based only on one open data source. Therefore, the URBIS project team 
decided to take a broader scope to include all possible vacant land sites. However, that decision 
meant that besides brownfields, gaps, vacant land, and greenfields, also other green urban areas 
which are in use such as private gardens and public parks were incorporated. URBIS considers 
all of these sites as having the potential to be further developed and are therefore called potential 
development areas (PDAs). Additionally, URBIS provides PDAs with plentiful attributes such 
as the degree of sealing, the shortest path to highway, and vegetation coverage, for end-users to 
evaluate the use of the sites.  

The URBIS project claimed to make use of open source data. During the implementation, 
various data sources, such as Copernicus Urban Atlas (UA), OSM, and social media data, were 
applied. UA was used to improve satellite land cover classification results; OSM was used to 
calculate transportation-related site attributes; social media data was used to create an additional 
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human activity map layer. These datasets were used separately for different purposes but not 
fused together. URBIS vacant land identification was done mainly by classification of satellite 
images, without the integration of these open data sources. However, using image classification 
alone cannot provide any information about land vacancy.  

Through a deep investigation during the project, it was found that the problem was caused by 
the definition of vacant land. It could not provide a data fusion framework based on which the 
individual types of vacant land could be separated. The definition, specifically the vacant land 
typology, neither considered the properties of the available open data sources nor indicated an 
ineffective data fusion procedure to separate different types of vacant land step by step. The 
most unfavorable condition produced by this definition is that it mixed two data fusion levels 
(Pohl and van Genderen, 1998): the feature level for site detection and the decision level for the 
development perspective. In fact, vacant land identification should firstly be accomplished on 
the feature level and afterward, with additional criteria a few decision rules can be applied to 
determine the development potential.  

Due to the above reasons, even though the project produced valuable results, such as sufficient 
maps and an interactive online tool for end-users, inaccuracy appears on some of the produced 
maps, which are demonstrated in the following section. 

4.1.2. Inaccurate project results caused by ineffective data fusion  

UA features were integrated into a SPOT-5 image land cover classification, to directly retrieve 
all the types of PDAs based on vegetation coverage and sealing degree. The major problems of 
the detection results are summarized as follows.  

 Greenfield with development perspective was replaced by urban green area including 
any vegetated areas within the city such as street trees (see Figure 47, colored in green). 
This is not aligned with the original intention of site detection because these sites are 
not vacant and cannot be further developed.  

 Vacant land was mostly mistaken for sports areas (see Figure 47, colored in brown). 

 Gaps in built-up areas were very often confused with private gardens that are attached 
to the neighborhood (see Figure 47, colored in yellow). 

 Brownfields were not automatically detected as originally planned but taken from the 
local government database.  

Although the commercial satellite image SPOT-5 used has a high spatial resolution of 5 m, it 
produced incorrect classification results. The confusion of site identification and evaluation of 
land recycling property were the main reasons for imprecise project results. Vacant land re-
development was one of the most important project goals, but it involved redefining vacant land 
(typology), data processing (classification), and site potential assessment. On the conceptual 
level, vacant land is the object and land recycling is the objective. Therefore, the definition of 
the vacant land typology needs a revision. The revised typology should take the available open 
source data and their properties into account, and be rooted in a clear data fusion framework so 
that each type of vacant land can be extracted separately.  
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Figure 47 Part of vacant land identification results from the URBIS project compared with Google 
Maps. PDA: potential development area. 

4.2. Revised vacant land typology towards open geospatial data fusion 

This subchapter first reviews the vacant land related definitions, among which one vacant land 
typology is taken as a base so that a new vacant land typology can be proposed. The advantages 
and reasons for using this typology are also provided.  

4.2.1. Current research state of vacant land  

The term “vacant land” is broad and diverse; every country, or even city, defines it according 
to their own land use situations. The land for development in the city of Philadelphia, PA, USA 
is also rare and expensive. Thus, the city ran a project to map garden use, as vacant lots could 
contain many gardens and farms going back generations which are no longer legally valid 
(Crowe and Foley, 2017). The Czech Republic had its transition from planned to market 
economy in the 1990s, which resulted in a rising number of abandoned industrial and 
agricultural complexes, production facilities, and warehouses. The country then built up a 
national brownfield database to register all these vacant sites (CzechInvest, 2018). As seen from 
the above examples, vacant land is usually associated with features such as derelict land, 
brownfields, abandoned buildings and structures, and greenfields. In practice, brownfields are 
very often confused with vacant land. By the definition of the United States Environmental 
Protection Agency (EPA), a brownfield is a property, the expansion, redevelopment, or reuse 
of which may be complicated by the presence or potential presence of a hazardous substance, 
pollutant, or contaminant (EPA, n.d.). In European countries, brownfield refers to any land or 
premises which has previously been used or developed and is not currently fully in use, although 
it may be partially occupied or utilized. It may also be vacant, derelict, or contaminated (Alker 
et al., 2000). In summary, a brownfield describes the land or premises that has previously been 
used and is currently underused. Reusing brownfields may be complicated by the demolition of 
existing structures or the necessary treatment of contaminations.  

Vacant land contains some green and open spaces (GOS) within the urban area such as “urban 
green areas” and “open spaces with little or no vegetation” classes from UA. This leads to a 
mix-up between vacant land and GOS, as it was done in the URBIS project. It started with 
vacant land identification but resulted in a “green and open space layer”. This is necessary to 
make a clear distinction between vacant land and GOS to avoid excessively broad and imprecise 
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site extraction. The relationship between brownfields, vacant land, and GOS is shown in 
Figure 48. The “green and open spaces within an urban area” overlap between vacant land and 
GOS. In non-urban areas, there are more and larger GOS such as farming land and forests which 
are not vacant. On the other hand, vacant land also contains some features that do not belong to 
GOS, such as an industrial brownfield without vegetation coverage.  

From a conceptual perspective, GOS and vacant land target different objectives. GOS focuses 
on the problem of urban sprawl. As a city spreads into its surrounding landscapes, it takes 
resources from the natural environment, such as conversion of agricultural land and urban green 
areas into built-up areas. Therefore, increasing imperviousness and decreasing GOS must be 
documented (Rashed and Jürgens, 2010). Thus, GOS includes all vegetated areas in both urban 
and non-urban areas. In contrast, vacant land addresses urban land use recycling and 
optimization. Brownfields are part of vacant land and they are a waste of land resources that 
could be recycled. Vacant land also takes into account the free spaces within the low-density 
built-up area; if urban land needs to be increased, these low-density areas could be further 
developed into a built-up area instead of taking land from outside the urban area. Even on the 
conceptual level, vacant land and GOS still partially overlap, as there is a strong relationship 
between land use recycling and urban sprawl. The more brownfields can be recycled, the more 
land resources will be available for urban land use.  

 
Figure 48 The overlap between brownfields, vacant land, and green and open spaces. 

4.2.2. Proposed vacant land typology  

Kim et al. (2018) define a comprehensive typology of vacant land which includes five 
categories: post-industrial sites, derelict sites, unattended with vegetation sites, natural sites, 
and transportation-related sites. From all five categories, post-industrial sites and derelict sites 
belong to the scope of brownfields but cover only part of them. Transportation-related sites are 
straightforward: they are the vegetated areas adjacent to the road infrastructure. The original 
definition of unattended with vegetation sites and natural sites are very similar in the sense that 
they can be further developed for enhancing the ecological and social benefits. This thesis 
further considers the arguments from Northam (1971) who points out that some vacant land are 
corporate reserved parcels for future expansion, transitional land for speculation, and land in 
institutional reserve for future development. These kinds of land can be integrated into 
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unattended with vegetation sites. This category should also include the gaps in dense built-up 
areas which are the leftover areas within the urban fabric. Along these lines, unattended with 
vegetation sites are revised as unattended areas or remnant parcels. Sites in this category are 
suitable for developing into built-up areas, as they are land without current use but already 
marked for use. In contrast, the natural sites are suitable for strengthening the ecosystem and 
use as an environmental protection zone. In this way, it enlarged the differences between 
unattended areas or remnant parcels and natural sites, which is beneficial for an effective site 
extraction. 

In the phase of defining vacant land, the available data sources and their properties for site 
identification were also taken into account. The UA produced from the EU Copernicus Land 
Monitoring Service is freely accessible, reliable, and provides high-resolution land use maps 
for urban areas and their surroundings. The land use classification results have been validated 
as having high accuracy and quality (Gallaun et al., 2017). Most importantly, UA contains 
several classes directly or indirectly related to vacant land.  

Figure 49 provides an overview of the UA classes related to vacant land. UA classes fast transit 
roads and associated land, other roads and associated land, and railways and associated land 
include the railways, roads, and connected greenfields. The greenfields are the vacant parcels 
that need to be extracted. UA classes herbaceous vegetation associations, open spaces with 
little or no vegetation, wetland, and forest fit into the natural sites category. Certainly, not all 
of these natural areas are vacant land, only those located within dense built-up areas are focused 
on. Therefore, further selection is necessary to exclude the non-vacant part. Land without 
current use can be directly taken as vacant land. It is very often a small piece of forest or grass 
appearing within sport and leisure facilities. These grass surfaces and forests have no clear 
ownership and thus could be vacant land. Green urban areas are mainly places such as public 
parks, orchards, and allotments. But it also includes some attended vacant parcels without any 
usage which belong to vacant land. Brownfields are the most difficult category in terms of 
detection using UA classes. As only mineral extraction and dump sites fall into this category, 
detection of brownfields on other conditions need additional sources.  

 
Figure 49 The relationship between Urban Atlas classes and vacant land categories. 
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Based on the above revised vacant land categories, together with the UA classes, the following 
vacant land typology is proposed.  

 Transportation-associated land: land and spaces that are related to transportation 
systems including railways, highways, and other roads.  

 Natural sites: these sites are located within built-up areas, yet have not been used due 
to their physical constrains by environmental conditions such as drainage areas, 
wetlands, hillsides, steep slope, river bands, and river floodplains.  

 Unattended areas or remnant parcels: these sites are empty and inactive, look like gaps 
within a built-up area, or leftover spaces within the urban fabric. They very often appear 
as unimproved woods and unimproved vacant parcels but not parks or gardens. Part of 
these sites are already reserved for future expansion and future development.  

 Brownfields: the land or premises has previously been used and is currently underused. 
Reusing such a brownfield may be complicated by treatment of existing structures or 
contaminations. Typically, there are derelict buildings or structures onsite and the 
previous land use include for example industry, military, agriculture, or commerce.  

The biggest advantage of this typology is that the categories match with the vacant land related 
UA classes, thus benefiting vacant site identification using UA. This typology also follows the 
basic classification structure of UA which divides the land into artificial surfaces and natural 
areas. The defined vacant land typology puts natural sites into the natural area and all the other 
categories into the artificial surface.  

According to the above-described relationship between vacant land and GOS, the 
transportation-associated land, natural sites, as well as unattended areas and remnant parcels 
belong to both vacant land and GOS. Brownfields certainly do not overlap with GOS. It only 
belongs to vacant land.  

4.2.3. The data fusion framework indicated by the vacant land typology 

Although the definition of vacant land strongly indicates utilization of UA data, UA only 
provides a starting point; and additional data need to be integrated to complete vacant site 
selection. The definition of the vacant land typology implies two levels of data fusion processes 
(Figure 50). 

 
Figure 50 The data fusion framework indicated by the vacant land typology.  
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Firstly, vacant land related UA classes are vector features. Further extraction of vacant sites 
will select or clip these features depending on the information from the other data sources. The 
extracted sites will also be recorded as vector features. Thus, the fusion takes place at the feature 
level.  

Secondly, the typology describes the reasons causing vacancy which serves as a primary 
orientation of land development potential. Transportation-associated land is limited by the 
odd-shape and unfit location. Natural sites probably include steep slopes, drainage areas, 
hillsides, riverbanks, river flooding zones, wetlands, as well as environmentally protected 
zones. These two types of vacant land are not suitable to be developed. Instead, they should be 
preserved to enhance the ecological system and environmental protection. The vacancy of 
brownfields and unattended areas and remnant parcels is human-related: for brownfields, it is 
due to the high cost of the treatment of contamination, demolition of existing buildings, or land 
leveling; for unattended areas and remnant parcels, it is due to unintended retention or 
reservation for future use. These two types of vacant land are awaiting utilization, and therefore 
have priority for further development including recycling and reuse. However, this is just a first 
orientation of land use implied by the definition. The final decision on the land use of all the 
vacant sites depends on additional criteria, such as the connection to transportation and energy 
infrastructure. To calculate these criteria, additional data sources need to be integrated together, 
leading to a fusion on the decision level.  

The two levels of data fusion can only be implemented one after the other. The data fusion on 
the feature level needs to be done first so that the location of vacant site is already identified. 
Then, the land development of each site can be decided based on the data fusion on the decision 
level.  

Since the definition takes UA classes into account, the site extraction has a dependence on UA 
data. This dependence varies according to the type of the vacant land. The lower the dependence 
on UA, the more additional data need to be integrated. For the transportation-associated land 
category, all possible sites are included in UA transportation-related classes; thus, the site 
extraction depends on UA data. The natural sites as well as unattended areas and remnant 
parcels are mixed with used land in UA classes. Therefore, site identification of this type of 
vacant land partly depends on UA data, and partly depends on additional land use information 
which can be useful for the separation of used and unused land. For brownfields, UA classes 
cover only a few parts so that the additional data sources are more important than UA data for 
site identification.  

The typology indicates that each type of vacant land needs an individual data fusion procedure. 
More precisely speaking, individual site selection rules are applied in the data fusion process. 
Rule-based or knowledge-based approaches have been widely used in data fusion procedures 
(Ban et al., 2010; Lucas et al., 2007; Zhang and Wang, 2003), mainly for image classification 
purposes. These methods are applied here for vacant land extraction. Due to the different input 
data, the rules for site identification vary according to the type of the vacant land. The detailed 
data fusion procedure is demonstrated in subchapter 4.4.   
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4.3. Available open geospatial data for vacant land extraction  

UA is the most important dataset but only UA is insufficient to extract all types of vacant land. 
This subchapter firstly illustrates how UA classes can be directly or indirectly used for vacant 
land extraction. Then, other ancillary data and their role in vacant land extraction are also 
introduced.  

4.3.1. The role Urban Atlas plays in vacant land extraction 

UA provides Europe-wide land use and land cover maps, which can be viewed and downloaded 
through the services supported by the European Copernicus program. For the reference year 
2006, UA 2006 covers 305 functional urban areas, including cities with more than 
100,000 inhabitants. Later, UA 2012 was extended to nearly 700 larger cities.  

The UA is mainly based on the combination of (statistical) image classification and visual 
interpretation of very high-resolution satellite imagery. The input data are multispectral  
SPOT-5, SPOT-6, and Formosat-2 pan-sharpened images with a 2 m to 2.5 m spatial resolution 
(European Commission, 2016). The final product is vector data in Esri shapefile format with 
minimum mapping unit 0.25 ha in urban areas and 1 ha in rural areas. Focusing on urban areas, 
UA 2006 contains 21 classes of which just four classes represent the agricultural and natural 
classes. UA 2012 extended this to 27 classes with more detailed classification in rural areas. 

4.3.1.1. Urban atlas classes that can be directly taken as vacant land 

Land without current use: “Areas in the vicinity of artificial surfaces still waiting to be used or 
re-used. The area is obviously in a transitional position, ‘waiting to be used’. Waste land, 
removed former industry areas (‘brown fields’), gaps in between new construction areas or 
leftover land in the urban context (‘green fields’). No actual agricultural or recreational use. No 
construction is visible, without maintenance, but no undisturbed fully natural or semi-natural 
vegetation (secondary ruderal vegetation). Also areas where the street network is already 
finished, but actual erection of buildings is still not visible.” (European Commission, 2016, 
p. 21)  

The description of this class indicates that all the sites included in these classes are certainly 
vacant land. According to the defined typology, this class contains more than one type of vacant 
land: “waiting to be used” and “gaps or leftover land” fits to the class unattended areas and 
remnant parcels; “waste land” and “removed former industry” belong to the class brownfields. 
Through ground truth check of this class in the study area, it was found that these features 
mainly refer to the class unattended areas and remnant parcels, only few involve brownfields. 
Thus all of them are directly taken into the class unattended areas and remnant parcels. 

Open spaces with little or no vegetation: This class includes “a) beaches, dunes, sand:< 10% 
vegetation cover; beaches, dunes and sand plains, (coastal or inland location), gravel along 
rivers; seasonal rivers, if water is characteristic for a shorter part of the year (< 2 months). b) 
Bare rocks :> 90% of the land surface of bare rocks, (i.e. < 10% vegetation); rocks, gravel fields, 
landslides; scree (fragments resulting from mechanical and chemical erosion. Weathering rocks 
forming heaps of coarse debris at the foot of steep slopes), cliffs, rocks. c) Sparsely vegetated 
areas: steppes, tundra, badlands, scattered high altitude vegetation. Bare soils inside military 



Page 80 | Data fusion application for urban vacant land extraction 

training areas. Vegetation cover 10 - 50%. d) Burnt areas: Recently burnt forest or shrubs (but 
not natural grassland), still mainly black on EO data. e) Snow and ice: glacier and perpetual 
snow.” (European Commission, 2016, p. 24). 

The description of this class presents various environmental conditions that keep the sites under 
constraints from development, such as gravel along rivers, landslides, and glaciers. Only one 
exception is the bare soil inside military training area, which does not fit to the definition of 
vacant land. However, this kind of sites do not commonly appear. Considering most of the 
cases, the features from this class can be grouped into the natural sites whose vacancy is caused 
by unfit physical conditions. 

4.3.1.2. Urban Atlas classes containing vacant land 

Green urban areas: “Public green areas for predominantly recreational use such as gardens, 
zoos, parks, castle parks and cemeteries. Suburban natural areas that have become and are 
managed as urban parks. Forests or green areas extending from the surroundings into urban 
areas are mapped as green urban areas when at least two sides are bordered by urban areas and 
structures, and traces of recreational use are visible.” (European Commission, 2016, p. 21) 

As the definition indicates, greenest urban areas serve as recreational ground. However, by 
ground truth check it was discovered that this class also includes some vegetated areas without 
obvious traces of any usage on site. These green patches are leftover land that should be focused 
on.  

Sport and leisure facilities: “All sports and leisure facilities including associated land, whether 
public or commercially managed: e.g. Theresienwiese (Munich), public arenas for any kind of 
sports including associated green areas, parking places, etc.: golf courses; sports fields (also 
outside the settlement area); camp grounds; leisure parks; riding grounds; racecourses; 
amusement parks; swimming resorts etc.; holiday villages (‘Club Med’); allotment gardens; 
glider or sports airports, aerodromes without sealed runway; marinas.” (European Commission, 
2016, p. 22) 

Most of the sites from this class have a certain function, except that some large recreational 
ground such as an allotment area partially contains underused/unimproved woods. In the future, 
these patches of woods could be developed for the same or other purposes. At the current 
moment, they have not been used. To precisely measure all possible vacant land sites, these 
kinds of patches also need to be taken into consideration.  

Fast transit roads and associated land, other roads and associated land and railways and 
associated land. As the name indicates, these classes not only include the road surface or 
railways, but also the areas surrounded by highway or railway junctions. The enclosed areas 
are mostly greenfields and cannot be used for any purpose.  

Herbaceous vegetation association, forest and wetland classes are mostly large in scale and 
under supervision and are thus not vacant. Only some small patches extend into dense built-up 
areas, bordered by urban structures. In other words, these pieces are leftover areas from 
urbanization or landscape fragmentation from urban sprawl. They are probably no longer under 
regular supervision and thus can be considered as vacant land in the category of natural sites.  
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4.3.2. The role of other ancillary data in vacant land extraction 

Imperviousness is a series of soil sealing maps which is also provided by the Copernicus Land 
Monitoring Service. It “captures the spatial distribution of artificially sealed areas, including 
the level of sealing of the soil per area unit” (Copernicus Programme, 2019a). The sealing level, 
which is also referred to as imperviousness degree 1% to 100%, is produced by semi-automated 
classification based on calibrated NDVI. The imperviousness data consists of two products: 
status layers for any of the 4 reference years 2006, 2009, 2012, and 2015, and change layers for 
each of the 3-year periods between the four reference years, as well as for the period 2006 to 
2012. The products are raster layers with 20 m spatial resolution and an aggregated resolution 
of 100 m. Imperviousness is taken into consideration because it can be used to separate vacant 
green patches from used land which is indicated by the sealed surfaces. Moreover, 
imperviousness layers of different years can be used to identify abandoned areas, because a 
reduced degree of sealing probably indicates lack of routine maintenance.  

CORINE Land Cover (CLC) data is also provided by the Copernicus Land Monitoring Service. 
It is a pan-European land cover map, initiated in the reference year 1990 and updated in 2000, 
2006, 2012, and 2018. It has a minimum mapping unit of 25 ha. CLC is produced by most 
countries using visual interpretation of high-resolution satellite imagery. In a few countries, 
semi-automatic solutions are applied, using national in situ data, satellite images, and GIS 
information. (Copernicus Programme, 2019b) 

OSM is a project aimed at building a free geographic database of the world. For this purpose, it 
created and distributed a dedicated, freely editable map of the world. Any registered contributor 
can edit the data, for example based on manual survey and fieldwork with global positioning 
system, usually referred to as GPS, devices (Bennet, 2010). OSM data provision is under the 
Open Database License and access is thus free of charge. The data is stored in a 
PostgreSQL/PostGIS database where spatial objects are represented as vector-based geometric 
features. OSM mapping elements consist of nodes which are geographic positions stored as 
coordinates in the World Geodetic System, usually referred to as WGS, number 84 reference, 
ways that may be interpreted either as a polyline or a polygon, and relations to build up the 
relationship between nodes and ways. A tag is used to describe the specific features of map 
elements and consists of two items, a key and a value. For vacant land detection, tags can be 
used as a searching tool. For example, setting “landuse” as the key, the values list for this key 
contains terms such as “brownfield”, “proposed”, “abandoned”, “disused”, 
“abandoned:farmyard”, “vacant”, and “reserve” (OSM, n.d.). If taking railway as the key, the 
possible values consist of terms such as “abandoned” and “disused”. These tags indicate 
possible vacant land including brownfields and are therefore of interest. The complete OSM 
dataset covers the whole planet and is available in different file formats. Users can import a 
subset of OSM data into their own database or download the preprocessed subset data in the 
Esri shapefile format from the Geofabrik website (http://download.geofabrik.de/). 

Wikidata is a free knowledge base driven by a community and initiated by the Wikimedia 
Foundation, as well as providing a repository for linked, open data, it aims to support Wikipedia 
and its sibling projects by providing a centralized database. In OpenStreetMap Wikidata entities 
can be linked on every kind of OSM object using the wikidata key. With wikidata tag, data can 

http://download.geofabrik.de/
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be easily checked with the Wikidata+OSM SPARQL query services 
(www.wikidata.org/wiki/Wikidata:SPARQL_query_service/queries). 

Figure 51 shows an example of using Wikidata and OSM SPARQL query services to search 
“abandoned village” in the Czech Republic. More than 1,000 sites were found and are presented 
in OSM. The coordinates of each abandoned site can be read from the results table.  

 
Figure 51 An example showing vacant land search results from Wikidata (https://query.wikidata.org/). 

Social media data is created by social media such as Facebook, Twitter, Instagram, or Flickr. 
It consists of user-generated content such as text messages, photos, or videos, which in general 
are referred to as posts. Some of the posts are tagged with a location, and through analyzing the 
spatial distributions of these geotagged posts, the appearance of human activity can be 
discovered. Several social media applications provide a data anonymization service in order to 
remove personally identifiable information. However, the metadata contains spatial references 
that can be collected through a publicly accessible application programming interface (API). It 
is assumed that on the brownfields or abandoned sites, buildings or houses remain empty or 
unused, and very low human activity will appear. Therefore, posts from social media will 
seldom be generated on these sites. The number of posts can be used as an indicator of the state 
of site usage.  

4.4. Data fusion procedures for vacant land extraction 

As already mentioned in subchapter 4.3, from transportation-associated land, natural sites, 
unattended areas and remnant parcels to brownfield, the dependence on UA is gradually 
reduced, and this means that the difficulty of site extraction increases. In the following, site 
extraction follows an easy-to-difficult order and starts with transportation-associated land. 

4.4.1. Extraction of transportation-associated land 

The features from UA transportation-related classes contain both the roadways and the land 
nearby. Extraction of the land is equal to excluding the roadways and railways. It is an 

http://www.wikidata.org/wiki/Wikidata:SPARQL_query_service/queries
https://query.wikidata.org/
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innovative way to use a circle inside each feature to exclude these long and narrow features 
representing paved roadways. For each polygon, the centroid is first calculated. The center of 
the circle is located at the centroid of the polygon, and the radius of the circle is the minimum 
distance from the polygon centroid to the border of the polygon. The widths of the streets are 
assumed to be mostly less than 20 m. Therefore, for polygons that can contain an inner circle 
with a radius of more than 20 m, it contains the associated land and needs to be selected. The 
next step is to check whether the associated land has already been used or is in vacant status. 
This is done by investigating the sealing conditions using the imperviousness layer. For each 
polygon, the average degree of sealing is calculated. Then, from the last selected polygons, 
those with an average degree of sealing less than 50% are further selected. This means that the 
final selected polygons contain at least half of its area that is unsealed. From the finally selected 
polygons, the vegetation patches which have an imperviousness value of zero were clipped. 
The complete workflow of the site selection is illustrated in Figure 52.  

In this data fusion workflow, three parts are marked as grey color. These are the rules to 
determine site selection. The first rule was used to exclude the rails or paved roadways, the 
second rule was set to recognize the site that possibly contains vacant land and the last rule was 
used to extract the vacant patch. The data fusion behind this site selection process is between 
UA vector data and imperviousness raster data. These two datasets play different roles during 
the data processing procedure: UA data is taken as the starting point. Then, through the 
complete site selection workflow. The raster layer is integrated into the workflow in the in the 
second step. Finally, the results are derived from both data sets.  

 
Figure 52 The data fusion procedure to extract transportation-associated vacant land. 

4.4.2. Extraction of natural sites 

The UA classes standing for natural areas including Forest, Herbaceous vegetation 
associations, Open spaces with little or no vegetation, and Wetlands are firstly combined to 
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form a natural area layer. In this layer, those in the non-built-up areas are mostly under 
supervision or protection and cannot be identified as urban vacant land. Therefore, in the next 
step, a mask of built-up areas needs to be created. This mask of built-up areas is different from 
the administrative boundary of the city. The administrative urban area consists of not only built-
up areas but also non-built-up areas. The mask of built-up areas is created using CLC data and 
named urban fabric envelope.  

CLC consists of 44 land cover classes, from which the classes representing artificial surfaces 
are selected, including airports, construction sites, continuous urban fabric, discontinuous 
urban fabric, dump sites, green urban areas, sport and facilities, road and rail networks and 
associated land, industrial or commercial units. Then, these features are merged into one layer, 
and the convex hull of these features forms the urban fabric envelope. The envelope encloses 
the built-up areas, but not the natural areas represented by other CLC classes such as mixed 
forest, broad-leaved forest, and natural grassland. The CLC uses a minimum mapping unit of 
25 ha, which means it ignores differences under this size. In contrast, UA has a minimum 
mapping unit of 0.25 ha. A natural area with size between 0.25 ha and 25 ha will be recorded 
by UA, but not by CLC. Additionally, if this natural area appears within the urban envelope, it 
is of interest, because it is a small patch of natural area but appears within the dense built-up 
area which could be a vacant natural site. The site selection workflow is illustrated in Figure 53. 

 
Figure 53 The data fusion procedure to extract vacant natural sites. 

The challenge of extracting this type of vacant land is in distinguishing the natural area in the 
built-up area from the non-built-up area. After the urban fabric envelope is completed, the 
extraction of the natural site is rather straightforward. Only one selection rule is applied: those 
natural areas outside of the urban fabric envelope are disregarded and those within the urban 
fabric envelopes are classified as vacant land. The data fusion in the background of the site 
selection is between UA and CLC. Here, CLC plays a slightly more crucial role than UA, 
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because the data fusion rule is built up upon CLC. CLC precision will directly decide the quality 
of the output results.  

4.4.3. Extraction of unattended areas and remnant parcels  

For this type of vacant land, UA classes green urban area, sport and leisure facilities, and land 
without current use are focused on. These classes contain partly used land and partly vacant 
land. The main goal of the site selection is to exclude the used part. Therefore, OSM land use 
information is applied. The data processing contains three parts: 

 Selection of the UA class green urban areas and at the same time, selection of OSM 
land use classes: park, allotments, cemetery, farm, orchard, park, recreation ground, 
vineyard. If the features from green urban areas contain the selected features in OSM, 
they are filtered out. The remaining features are green patches without certain usage. 

 Selection of the UA class sport and leisure facilities, and at the same time select OSM 
land use class forest. If a sport and leisure facilities feature contains forest feature from 
OSM, then clipping is applied. The cut-off areas are sport ground related land without 
usage. Here, only forest is taken into the selection while the other vegetated type 
meadow is not included, because sport areas often contain places vegetated by grass 
which looks similar to a meadow, like football fields. These places are used land and do 
not belong to vacant land. 

 All UA land without current use features. 

 
Figure 54 The data fusion workflow to extract unattended areas and remnant parcels. 

Figure 54 illustrates the overall site selection process, which is also a rule-based data fusion 
procedure. The data fusion is between UA vector features and OSM land use information. The 
rule setting is based on whether UA and OSM features are overlapping. In this fusion procedure, 
UA and OSM are used in parallel. Both of the datasets work as the main data sources and are 
of equal importance.  

4.4.4. Extraction of brownfields 

In the four types of vacant land, brownfields are the most challenging ones in terms of automatic 
site detection. UA contains only one class mineral extraction and dump sites which could 
include brownfield sites. Thus, it cannot be used as the main data source. It is also difficult to 
use other remote sensing data for direct site identification, because brownfields have a varied 
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morphology, and the surface could be vegetated or completely sealed. Even if contamination is 
one distinct character, it does not necessarily appear on all brownfields. Other than this, no 
specific factors can be used for site extraction. There is no difference between normal buildings 
and derelict buildings from the view of the remote optical sensor. Therefore, additional open 
data sources must be included.  

 
Figure 55 Screenshots of two open brownfield databases from governments: (a) brownfield published 
by an agency from the Czech Republic; (b) brownfield published by the London Planning Authorities. 

For a country that faces serious brownfield issues, such as the Czech Republic, there is often a 
nation-wide brownfield database open to the public. The Ministry of the Economy of the 
Czechoslovak Republic established the Investment and Business Development Agency, 
CzechInvest, on October 1, 1990 (CzechInvest, n.d.). This agency published a national 
brownfields database online (www.brownfieldy.eu). It provides an overview of the number, 

http://www.brownfieldy.eu/
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characteristics, and development status of brownfields in the whole country. Detailed 
information about the brownfields are published such as location, original usage, current usage, 
and pictures (see Figure 55a). The UK has taken similar action concerning brownfields. In 
2017, the Ministry of Housing, Communities & Local Government of the UK started the 
Brownfield Land Registers Action, aimed at providing up-to-date and consistent information 
about brownfields. The local planning authorities are required to prepare, maintain, and publish 
information about brownfields covering their area. They should also provide transparent 
information about sites that are available and suitable for residential development (UK 
Government, 2017). Figure 55b shows the brownfield published on the register by London’s 
city planning authority (Greater London Authority, 2019), where brownfield sites are marked 
with polygons, and the detailed information such as location, size, and ownership status are 
described.  

In some countries, brownfield databases are only available for certain cities or states. This is 
the case for Bavaria and the city of Leipzig in Germany. The Bavarian State Office for the 
Environment provides a site management database including brownfields (Bayerisches 
Landesamt für Umwelt, 2018). In the city of Leipzig, the office for Urban Renewal and Housing 
Development also published a list of brownfields (Bürger für Leipzig Stiftung, n.d.).  

Certainly, there are some cities where brownfields exist, but no related databases are open to 
the public. In this case, the OSM database and Wikidata queries can be taken into consideration. 
In the OSM database, the focus should be on objects which are tagged with words indicating a 
brownfield, such as abandoned, disused, and demolished. The same principle also works for 
Wikidata queries, where labels such as abandoned village, former train station, and former 
building or structure should be tested during the search. Wikidata offers a user manual which 
provides assistance to people using this query, and the results can be presented in table form or 
on a map (www.mediawiki.org/wiki/Wikidata_Query_Service/User_Manual).  

The searched brownfield sites from OSM or Wikidata are crowdsourced, and it is thus necessary 
to further validate the reliability of the information. Building temperature in winter time can be 
used as an indicator of derelict sites, as low temperature implies no usage of a heating system. 
The data process to retrieve building temperature is already illustrated in chapter 3. Moreover, 
considering that an abandoned site will lack maintenance, the degree of sealing should be 
reduced over time. Therefore, imperviousness status can be investigated. The imperviousness 
change layers from 2006 to 2009, 2009 to 2012, 2012 to 2015, and 2006 to 2012 are of special 
interest. These layers contain already processed data that can be directly taken into use.  

Social media data can also be useful. The basic idea of using social media data is that on 
brownfields or abandoned sites, very few human activities appear. Therefore, very few posts 
on social media at these sites will be generated. However, not all social media platforms provide 
a service that allows posts to be searched through a publicly accessible API, or even be searched 
by coordinates or area of interest. For example, Facebook as one of the most popular social 
media applications does not offer an API function for spatial search. In contrast, Twitter, 
Instagram, and Flickr offer access to their data using spatial-related search queries. Therefore, 
the user can define a bounding box and collect the posts within. 

http://www.mediawiki.org/wiki/Wikidata_Query_Service/User_Manual
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Figure 56 Retrieval of a human activity map using Twitter (adapted from URBIS deliverable 3.3, not 
published) 

For most social media platforms, users can only collect real-time posts through public access. 
For reflecting human activity, the posts within an accumulated time are more relevant. 
Therefore, the request for searching public posts must be regularly sent to the server and the 
retrieved data need to be stored into a database. After a period, the number of collected posts 
reflects the level of human activity, as more posts indicates more frequent activity. Taking 
Twitter as an example, Figure 56 shows the data processing workflow. Firstly, a bounding box 
and a time period are set up. Then, Python scripts start to run on a server, triggering Twitter 
API functions to search posts within the bounding box, and the filtered data is received through 
a data stream. Within a set time period, this will run iteratively. The retrieved posts are recorded 
in point geometry format together with the metadata of the posts. Afterward, the received data 
are imported into a database and can be further processed into an activity density (posts per 
unit) map.  

The overall workflow for brownfield sites identification is illustrated in Figure 57. The first 
step is to search available brownfield information. It starts with a published database from a 
national or local authority where information is rather reliable. If no such kind of database is 
available or the information from official authorities is not up to date, crowdsourced 
information can be taken. Then, the vacancy of brownfields can be validated with certain 
criteria, such as low building temperature in winter, no or low human activity, and decreased 
sealing conditions. Up to this point, the site vacancy could still be uncertain. There are more 
indicators worth investigation based on additional data sources, such as contamination on the 
condition that free hyperspectral images are available. The more data sources, the better the 
validation of vacancy can be realized. It is an open question which open data sources can be 
further used to examine the site vacancy. 

From the data fusion point of view, a continuous data fusion procedure takes place and a set of 
rules have been established. The first rule is to include possible brownfields by integrating 
information from a published database, OSM, and Wikidata. Then, thermal, social media, and 
sealing degree data are incorporated to validate the vacancy of the selected brownfields. For 
each data set, a specific rule is tailored according to the character of the vacant site. Later, the 
upcoming free data sources can also be added to the fusion procedure. Along with additional 
fused data, more brownfields will be identified as well as a more precise description of 
brownfields will be received. 
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Figure 57 Incomplete data fusion procedure for brownfield identification. 

The vacancy status of a brownfield is dynamic, which means it could change over time. 
Therefore, attention needs to be paid to the acquisition time of the used data in the data fusion 
procedure. It needs several rounds to validate the site vacancy. For each round, the used datasets 
should be collected in the same time period.  

4.5. Vacant land identification results based on data fusion 

Based on the mentioned data fusion procedures, all four types of vacant land were automatically 
extracted. In the following, the vacant land extraction results are presented. For each type of 
vacant land, at least one or two sites are illustrated with their appearance in Google Maps.  

4.5.1. Transportation-associated land  

 
Figure 58 Two transportation-associated vacant sites: (a) highway related and (b) railway related. 

The extracted transportation-associated vacant sites are sparsely distributed. Most of them are 
located at the highway junction and enclosed by the roadways, while a few of them are near the 
railways. Figure 58 shows two typical extract sites from the resulting layer. One is highway 
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related land and the other is railway related. The outline of the features is not smooth because 
it keeps the block pattern of the raster layer from which it was converted. Part of the outline of 
the features does not align with the green patch perfectly due to the low resolution of the 
imperviousness layer.  

4.5.2. Natural sites 

The natural sites are present in slightly higher quantity than the transportation-associated sites. 
These natural sites are distributed irregularly within the urban and suburban area. Within the 
city core, two extracted sites are beside rivers (Figure 59). Even though the land within the city 
core is prohibitively expensive, these two sites are still vacant. It is because the river bank has 
physical constraints and is not suitable for further development. These two sites fit the definition 
of this type of vacant land, which emphasizes that the vacancy is due to the unsuitable 
environment condition. A few more similar sites were also discovered near other rivers. 

 
Figure 59 Two vacant natural sites at a riverbank. 

Most of the extracted sites are located at urban outskirts which is the rural-urban fringe or the 
zone from built-up areas to non-built-up areas. Taking the four sites on Figure 60a as an 
example, which are located at the administrative border of the city of Osnabrück. Another 
500 m away towards the north or west, there are already forest, agricultural, or suburban areas. 
These sites are enclosed by the urban fabric envelope and work as a bridge connecting built-up 
and agricultural areas. They are the leftover pieces from the process of urbanization. They can 
be gradually developed in the future. The vacancy of these sites is due to fragmentation caused 
by urbanization. 

A few of the extracted sites have a similar situation as the sites in Figure 60a, but they are 
located at the border of suburban areas or small towns belonging to the county of Osnabrück. 
Figure 60b shows that in the town of Georgsmarienhütte, four natural sites were identified. 
These four sites appear as wooded areas within the town. Not far away from these sites, there 
are larger forest areas. Probably, the small patches were connected to the forests before and are 
now enclosed by built-up areas, which separated them from the larger forest. 
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Figure 60 Vacant natural sites located (a) in the city area or (b) suburban area. 

4.5.3. Unattended areas and remnant parcels 

According to the appearance of the extracted sites, this type of vacant sites can be divided into 
four subgroups: 

 sites beside the recreational ground, 

 gaps in the built-up area, 

 sites at a street corner or road section, and 

 sites where transmission towers are located. 

The first subgroup refers to the UA class sport and facilities. Thus, the extracted sites are 
located just beside recreational ground such as allotments (Figure 61a) or football fields 
(Figure 61b). These sites appear as tiny underwood areas and are the leftovers from recreational 
usage. 

 
Figure 61 Two unattended areas and remnant parcels beside the recreational ground. 

The second subgroup refers to the UA class green urban area. The identified sites generally 
have a very small size, often located in residential areas, and the reason for being vacant is not 
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clear, while the trace of usage is also not visible. These sites are equally distributed in the city 
of Osnabrück (Figure 62a and Figure 62b) as well as in the suburban areas or small towns in 
the county of Osnabrück (Figure 62c). They appear as vegetated gaps in the dense built-up area, 
with (Figure 62b) or without trees on site (Figure 62a and Figure 62c).  

 
Figure 62 Vacant sites as gaps within built-up areas. 

A part of the detected vacant sites appears at street or road corners (Figure 63) or is surrounded 
by streets or roads. These sites are fragments cut off by transportation systems. They are similar 
to transportation-associated land in nature, but could not be identified in section 4.5.1 because 
they were not included by the UA transportation-related classes.  

 
Figure 63 Vacant land appears at street or road corners. 

Another special situation is that an electric power transmission tower occurs on the extracted 
sites (Figure 64, red arrow). The site vacancy was caused by doubts about building-up an area 
beside a transmission tower.   
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Figure 64 Vacant land caused by power transmission towers. 

4.5.4. Brownfield 

UA mineral extraction and dump sites are directly taken as potential brownfields. Beside this, 
no database for brownfields is published by the city of Osnabrück. Also, Wikidata and OSM 
do not have information about brownfields of Osnabrück. This is likely because brownfields 
are not a serious problem for the city. Only several abandoned barracks from the British Army 
were taken as brownfields. In 2006, the withdrawal of the British Army was announced, and 
about 160 ha of land was left to the city (Stadt Osnabrück, 2019a). The local authority has been 
working on converting these sites into proper use and named them as conversion sites. The map 
of these sites is published through the website of the city as Figure 65 shows (Stadt Osnabrück, 
2019a). Some of these places were quickly reused due to their good condition. For example, 
the residential quarters for former highly-ranked officers were well-maintained, close to the city 
center, and offering various recreational facilities. They were thus sold out in 2011. Here, the 
focus is on the sites “Am Limberg” and “Landwehrviertel”, because the re-development plans 
were finished rather late in 2015/2016 (Stadt Osnabrück, 2019b). From 2007 to 2015, these 
sites were supposed to be empty. From then until now, the usage status has not been clarified.  
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Figure 65 Open brownfield information of the city of Osnabrück published by local authorities. 

The activity map was created from the posts collected from Instagram and Twitter in 2016. 
Posts generated by humans were mostly distributed in the built-up areas. Within the built-up 
areas, the site “Am Limberg” has rather less human activity compared to the other places 
nearby. The human activity indicates that this site has neither been intensively used nor empty.  

 
Figure 66 A human activity map created with social media data and its appearance in a brownfield in 
the city of Osnabrück. 

As the data in the past was not collected, social media data only reflects the current status. 
Thermal data from 2007 to 2013 is available from Landsat 7, and from 2013 onwards available 
from Landsat 8. To gain information about the usage situation from 2007 onwards, the land 
surface temperature was examined.  
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Firstly, the nighttime data was investigated. Landsat 7 thermal images with the acquisition time 
2011 were used. At nighttime, built-up areas have a higher temperature than the vegetation 
areas (concluded in chapter 3). But on the brownfield, the building area had a lower temperature 
than the vegetation area. Meanwhile, outside the brownfield, the buildings nearby showed a 
higher temperature than buildings inside (Figure 67a). This could mean that by that time this 
site was completely empty; the low temperature was caused by the lack of a heating in the 
abandoned houses. 

After 2013, there were no nighttime thermal images available. Thus Landsat 8 thermal images 
captured during the daytime in 2015 were inspected. Figure 67b shows that in general, the 
temperature of the buildings within the brownfield is still lower compared to the nearby 
residential areas. However, within the brownfield some buildings show a higher temperature 
than others (Figure 67b, highlighted in red). Considering that at this location posts from social 
media have occurred, it could mean that this site has been partly used since 2015.  

Nonetheless, it is still too early to draw a conclusion about the usage status of this brownfield. 
It is necessary to take a close look at the building area with the higher temperature. By 
comparison of the appearance of the site on the aerial photo (Figure 67c) and Google Maps 
(Figure 67d), it was found that the vegetation coverage increased. As a side note, the aerial 
photo was taken in 2014 and the image from Google Maps is up to date. This means that the 
roof of these buildings has been gradually covered by trees. Depending on the presence of shade 
provided by trees, the temperature of the buildings will change. In this case, the different 
building temperature could be caused by the different vegetation coverage, and therefore cannot 
be used as a criterion to indicate that the site has been used. 

 
Figure 67 Surface temperature of a brownfield in (a) 2011 at nighttime; (b) 2015 during daytime; (c) 
aerial photo of the magnified building area in 2014; (d) its appearance on Google Maps. 
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Additionally, the increased vegetation coverage could be caused by lack of regular 
maintenance. This can be further validated by the sealing degree changes. If sealing degree has 
been decreased on a built-up site, it was abandoned. Thus, the imperviousness layers provided 
by Copernicus were investigated. However, the sealing change maps both from 2006 to 2012 
as well as from 2012 to 2015 show no decrease in sealing. Other data is needed to further 
confirm if this site is still a brownfield. However, this is out of the scope of this thesis, because 
as mentioned in section 4.4.4, it is a continuous data fusion procedure along with new upcoming 
data. 

In brief, all four types of vacant land have been extracted. All site selection was done with the 
software QGIS, which is a free and open source GIS platform. The operations mentioned in the 
site selection procedure, such as selection, overlapping, and clipping were realized by the data 
processing tools or the spatial quarry tool. The software is fully equipped with common data 
analysis and processing tools. Additionally, it provides sufficient plugins for special 
applications. For instance, the group stats plugin was used to calculate the basic statistics of the 
features on a layer. All these plugins are also free to download. Table 9 shows the basic statistics 
of the extracted sites which were calculated by using the group stats plugin.  

As the statistical information indicates, the unattended areas and remnant parcels have the 
largest total number and total area. A related point to consider is that this kind of vacant site is 
extracted from three separated parts: urban green areas, sport facilities, and land without 
current use. Subsequently, brownfields account for the second largest total area of vacant land. 
They have a bigger average area than each of the other three types. The listed 83 brownfields 
are mineral extraction and dump sites, whose vacancy has not been validated individually. 
Strictly speaking, they are just possible brownfields but still list here to provide a complete 
overview of the vacant site property. The other two brownfields “Am Limberg” and 
“Landwehrviertel”, with a size of 70 ha and 37 ha respectively, are not included in Table 9, 
because the validation procedure indicated that they could have been recycled. Transportation-
associated sites have the smallest average size and total area.  

Table 9 The statistics of extracted vacant sites in the city and county of Osnabrück. 

Vacant land Count Sum in ha Mean in ha Median in ha
 

Transportation-associated land 52 66.74 1.28 1.01
Natural sites 61 230.26 3.77 2.53
Unattended areas and remnant parcels 473 1169.46 2.47 0.92
Brownfields 83 659.78 7.95 3.73

Through ground truth validation, it was found that one golf field, two allotments, and a part of 
the zoo of Osnabrück were also identified as vacant sites. This is due to the incomplete land use 
information on OSM. The golf field and the zoo are identified as sport and facilities by UA, 
and identified as forest by OSM. Therefore, they could not be filtered out by the data processing 
procedure. This means that the imperfections of the source data is causing inaccurate results. 
Additionally, it was found that within a few identified vacant land sites, houses appear. This 
could be because the UA data is from 2012, while the background Google Maps image is up-
to-date, suggesting that the houses have been built up after 2012. Overall, inspection of the 
selected sites on Google Maps reveals that a high accuracy of site identification has been 
achieved.  
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4.6. Development potential of vacant land for sustainable urban development 

Vacant land indicates a low land-use efficiency which directly leads to excessive urban sprawl. 
The extracted vacant land can be reused for development or for conservation to enhance the 
urban ecosystem.  

4.6.1. Development potential of vacant land 

In the definition phase of the vacant land typology, four types of vacant land have been 
orientated towards development or conservation. Through inspection of the overall detected 
sites, the further development potential of each type of vacant land is suggested by its site 
properties.  

Natural sites have a large size and dense vegetation. Some of them are near or at a river bank. 
These sites might hold natural forest or enough space as a habitat for native flora and fauna. If 
not, they can be used for various purposes such as the reduction of air and noise pollution, to 
release UHI effects, and to mitigate the negative impact caused by urban sprawl. In brief, 
preservation should be taken as the priority for this type of vacant land.  

Transportation-related land partly belongs to road junctions which can only be preserved, and 
partly belongs to areas enveloped by roadways. If the roadways surround the site completely 
from all sides, then it can also only be preserved due to the lack of an entrance. If at least one 
side of the area is accessible, it could still be used for other purposes.  

Unattended areas and conservation sites might also be covered by trees like natural sites. 
However, they are of much smaller size. The most distinctive feature of this type of sites is that 
they look like gaps in regular and dense built-up areas. These gaps can be easily filled according 
to the surrounding land use conditions. For example, gaps between houses can be filled with 
new houses, and vacant spaces within allotment areas can be further extended into new gardens. 
This type of vacant site is suitable for further utilization.  

The most special character of brownfields is that they have been used before. If the existing 
buildings and structures are in good condition, they can be directly reused. If not, they also 
should be recycled for efficient land use purposes.  

In conclusion, the development potential increases in the order of natural site, Transportation-
associated land, unattended areas and remnant parcels, and brownfields. Meanwhile, 
conservation potential decreases. This was ordered based on the basic character of each type of 
vacant land and is consistent with the development orientation assumed in the vacant land 
definition (see section 4.2.3).  

However, this conclusion is just a primary judgment for development suitability of all kinds of 
vacant sites. During practical implementation, more factors need to be taken into consideration. 
Firstly, there are always exceptions which deviate from the basic character. For example, if a 
natural site is rather smaller than the usual size and near a dense residential area, then it might 
be suitable for residential use. Secondly, unfavorable conditions need to be noticed, such as 
electric power on site. Thirdly, the overall condition should be evaluated with additional 
criteria. For development purposes, the factors include the size, shape, slope, connection to a 
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road network, energy and water infrastructure, contamination level, remediation costs, flood 
risk, and environmental protection zones. For conservation planning, factors such as the 
vegetation quality, biodiversity, and green connectivity must be considered. Moreover, for each 
city, it is also necessary to consider specific situations, such as the pressure on land use caused 
by increasing land demands and particular requirements from end-users. The final decision for 
the development of a vacant site could be the opposite of the primary decision for it. Taking 
brownfields as an example, in most cases, they are suitable for reuse, but the uncontaminated 
sites can become a conservation area after vegetation improvement and ecosystem 
enhancement. 

 
Figure 68 Overall decision-making procedure for vacant land development. 

Figure 68 shows the overall procedure to decide the development of urban vacant land. For 
each type of vacant land, the site identification is completed by open geospatial data fusion. 
The basic characteristics of the extracted vacant sites point in the direction of the development 
so that a primary suggestion can be provided. Yet, the final decision for the utilization of the 
vacant site is much more complex and more criteria should be taken into consideration. 
Therefore, additional information needs to be fused together to decide if a site should be 
conserved or further developed. It could happen that for one criterion, several data sets must be 
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incorporated together. The decision also depends on which criteria have priority or are more 
important, which varies from development purposes (e.g. residential area or hospital) and 
different end-users. A multi-criteria decision-making system could be applied here. The 
detailed decision-making guidelines, however, are outside of the scope of this thesis.  

4.6.2. Vacant land for sustainable urban development 

After the final decision has been made for the utilization of vacant land, it will generate 
environmental, economic, and social impacts on urban areas which are spelled out in the 
following: 

Development of vacant land will reduce urban land and soil sealing. Urbanization-driven soil 
sealing produces negative impacts on the urban environment. Due to intense industrialization, 
the soil quality in urban areas is degraded by accumulated heavy metals (Hu et al., 2013). 
Rainwater which flows through the sealed surface can be polluted by tire rubber residues 
(Councell et al., 2004; Edil, 2008). When the water is finally washed into rivers, the 
hydrological environment will be harmed (Ramanathan et al., 2001). Soil sealing and 
compaction reduces rainwater penetration and increases surface runoff. Consequently, the flood 
arrival time will be shortened and flood damage will be increased (Murata and Kawai, 2018). 
Intensive urban soil sealing reinforces the UHI effect which causes uncomfortable summers. 
Part of the vacant land can also be upgraded into natural conservation sites which will reduce 
environmental impairment caused by soil sealing. 

Land recycling or reuse of brownfields creates new market opportunities for estate agents and 
private individuals. From the land and property development perspective, vacant land provides 
additional land for households and enterprises and reduces the negative economic effects caused 
by a tight housing market. Development of vacant land increases urban land use efficiency and 
slows down the process of suburbanization. As a result, it saves cost on commuting from home 
to work and the extension of urban infrastructures between urban and suburban regions. 
Abandoned sites will weaken cities’ attractiveness and competitiveness, and thus harming the 
local economy.  

Longtime abandoned buildings or houses could become unsafe areas that may be used for illegal 
activities. The neighborhood may be distressed unless the redevelopment starts. The underused 
gap places in dense built-up areas can be developed into a playground and recreational areas, 
providing desirable ways of living and working. Meanwhile, the vacant sites which are suitable 
for natural conservation will improve the urban air quality and reduce urban noise which will 
directly improve the quality of life and human health (Sandifer et al., 2015). Vacant land 
development will improve the land use efficiency and therefore reduce risk to human safety 
when the urban area exceeds the flooding zone. The decision for vacant land development often 
involves the local communities, in a form of deliberative policy-making Therefore, public 
participation can improve communication between citizens and the government, build strategic 
alliances, and avoid litigation costs. 

In summary, this chapter firstly reflects on the issues appearing in the URBIS project. Even 
when various data sources were used, inaccurate vacant land mapping results were produced. 
Such an ineffective data fusion was mainly caused by the unclear vacant land typology. This 
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thesis thus proposes a new vacant land typology. The defined typology takes UA vacant land-
related classes into consideration and characterizes vacant land into four types. The definition 
of vacant land also indicates two levels of data fusion: on the feature level, the vacant sites are 
identified; on the decision level, the utilization of the vacant site can be decided. The feature 
level fusion was done before the decision level, while mixing of these two levels caused the 
confusion in the URBIS project.  

This chapter focuses on the geospatial data fusion on the feature level. For each type of vacant 
land, a detailed data fusion procedure was illustrated. For identification of transportation-
associated land, UA vector layer and imperviousness raster layer were combined. To extract 
the natural sites, UA classes were integrated with the CLC map. To find the unattended area 
and remnant parcels, the fusion was between UA classes and OSM land use information. 
Brownfield was most challenging to extract; UA, social media data, thermal images, Wikidata, 
and published databases were used. This fusion procedure can be extended to include further 
data sources. Using this typology, the extracted sites fit the original expectation. Various types 
of vacant land have been successfully identified for the study area. Depending on the site 
properties, decisions on whether to re-use or re-develop this vacant land can be made by fusing 
with additional information.  

In chapter 5, the data fusion results together with the results from the two application cases are 
summarized to derive a conclusion about how to conduct data fusion in an effective way to 
benefit sustainable urban development.  
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5. Conclusion and Outlook 

This chapter summarizes the results of the thesis in order to reflect on all the research questions 
raised in chapter 1. Furthermore, it provides an outlook about geospatial data fusion research 
and practice. 

5.1. Conclusion  

The importance of geospatial data for sustainable development has been recognized world-wide 
(UN, 2012). Chapter 1 reviewed many of the issues impacting sustainable development that 
were analyzed, modeled, and mapped with geospatial data. From all sorts of geospatial data, 
those from open sources were emphasized in this thesis because they are in line with the 
principles of sustainable development as argued in chapter 1. Data fusion techniques integrate 
all sorts of open geospatial data together and increase their power to further foster the 
implementation of sustainable development. However, sustainability is often viewed as an 
abstract goal due to the complex concept and difficulties in execution. Therefore, this thesis 
examines application cases to illustrate how open geospatial data fusion provides key and 
reliable information to achieve sustainable development.  

The first step of using open source geospatial data is to collect the available datasets. Remote 
sensing satellite images were focused on as they are the richest source of open data and can be 
analyzed and interpreted for the use in various urban development applications and purposes. 
Most satellites offer the repetitive acquisition of coverage of the Earth’s surface and these 
images can thus be easily processed to explore dynamic themes, such as land cover changes 
and urban sprawl. The biggest disadvantage of open satellite images is the low spatial resolution 
which limits its utilization on urban areas.  

Existing image fusion algorithms could neither sharpen a one-band thermal image nor keep the 
spectral information of hyperspectral images through image sharpening. Therefore, the 
simplified Ehlers fusion was developed. This algorithm discards the IHS transformation from 
the original Ehlers fusion, which requires the original image to consist of at least three bands. 
In this way, it breaks the limit of the number of bands required for image sharpening. By using 
an FFT, the simplified Ehlers fusion processes image enhancement in the frequency domain. 
No matter which sensor recorded the image or which spectral coverage it provides, all of them 
can be transformed into different frequency elements. Hence, it overcomes the disadvantage of 
most of the image fusion algorithms which only work well when the input images are from the 
same sensor and cover similar spectral regions. The algorithm could realize effective spectral 
preservation and spatial enhancement at the same time because the spectral and spatial 
information are separated along with different frequencies. High frequencies represent the 
detailed spatial information. Then, filter techniques were applied to allow suitable high 
frequencies to pass through and form a new image. The range and the amount of frequencies 
which will pass through can be controlled by the type and size of the filters. This is particularly 
useful for images from urban areas because the filters are adjustable to exactly match the urban 
features. The advantages of this algorithm are summarized in the following:  
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 It is flexible with the number of bands of the target image, 

 the target image and high-resolution source image can be from different sensors, as it 
has been tested using Landsat 7 and Landsat 8, Landsat 8 and ASTER, as well as aerial 
photos and hyperspectral images, 

 the sharpening effect is adjustable through the types and sizes of filters, and 

 it is also suitable for images which have multi-bands with different spatial resolutions.  

The fusion algorithm was tested with one band thermal images as well as with hyperspectral 
images with hundreds of bands. By visual inspection, the fusion results show excellent spatial 
improvement and color preservation. Quantitative quality evaluation was also applied, and the 
results show that simplified Ehlers fusion outperforms the classic fusion methods. However, 
the quantitative quality assessment was not focused on because the commonly used quality 
evaluation indices are statistical functions. In chapter 2, it is demonstrated that statistical 
methods calculate the pixel value differences between the original image and the fused image. 
As spatial enhancement will no doubt introduce pixel value changes, these methods are 
therefore not suitable for assessing spatial quality improvement. Additionally, these statistical 
methods can be influenced by image processing procedures such as geo-registration, image 
clipping, and resampling which are unavoidable procedures in image fusion. Therefore, it is not 
necessary to pursue perfect results from the quality assessment indices; rather it is important to 
investigate if the sharpened image provides improved performance in the application context.  

The developed fusion algorithm was then implemented in a first application case, mainly 
focused on improving the spatial resolution of thermal images for UHI analysis. Compared to 
the fusion process in the experiment presented in chapter 2, more factors need to be considered 
in the application case, such as the atmospheric correction and particular data acquisition time. 
For UHI analysis, nighttime data is crucial. Thus, Landsat 7 and ASTER nighttime images were 
chosen. Landsat 8 images were also included due to its frequent repetitive data acquisition.  

Simplified Ehlers fusion was applied between the Landsat 8 panchromatic band and the thermal 
bands from Landsat 7, ASTER, and Landsat 8 respectively. In the application of open 
geospatial data fusion, weather, atmospheric, and other conditions of the image were 
unavoidable factors influencing the fusion effect. The fusion between Landsat 8 and ASTER 
was influenced by the clouds and snow appearing on the images, while the fusion between 
Landsat 8 and Landsat 7 was affected by the erroneous stripes on the Landsat 7 images.  

Even with these unfavorable conditions, spatial improvement was achieved in the fused thermal 
images. It was possible to reveal that temperature differs between agriculture and forest because 
the border between them was spatially enhanced. Through image fusion, the temperature 
difference within built-up areas could also be discovered, which is not distinguishable in the 
original thermal image. In brief, by applying the simplified Ehlers fusion to the thermal images, 
spatial information was increased and more spatial details were visible. Thus, the open 
geospatial image could provide a more accurate measurement of the surface temperature in the 
urban area.  

Based on the fused thermal images, the UHI effect on the city of Osnabrück during daytime 
and nighttime could be analyzed. In this way, the main factors contributing to the heat effect 
were revealed. Based on these outcomes, it is suggested that UHI mitigation actions should be 
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focused on making use of industrial waste heat, reducing the temperature rising in dense built-
up areas such as by using reflective roofs and increasing green spaces, as well as utilization of 
cool pavements. 

The first application case showed that data fusion is remarkably beneficial for analysis of urban 
issues. However, low spatial resolution is not the only barrier that limits the use of geospatial 
data in urban research. The results of the URBIS project, chosen because of its open source data 
approach, show that even with very high resolution satellite images (5 m), the extracted urban 
vacant sites are not in agreement with ground truth data. However, the undesirable results show 
that inappropriate piling-up of various data sets can lead to meaningless results.  

Therefore, the second application focused on the identification of urban vacant land. Before 
applying data fusion techniques, it was necessary to precisely understand the research target in 
the context of urban development. For instance, vacant land refers to land recycling while GOS 
correspond to urban sprawl. Mixing them together will increase the difficulty in site detection. 
The main reason causing the unsuitable outcome in the project was the unclear definition of the 
vacant land typology. To define the vacant land in a way that enables their extraction using 
geospatial data, the differences between vacant land, brownfields, as well as GOS first needs to 
be clarified. Secondly, the data availability and its properties were investigated. The feasibility 
of identification of vacant sites using open source data depends on the availability in UA. Thus, 
the definition of vacant land matches the UA classes to a maximum extent. Finally, the 
definition also provides the general data fusion framework: from the horizontal view, it includes 
data fusion on the feature level and decision level; from the vertical view, each type of defined 
vacant land needs an individual data fusion process.  

The dependence on UA for site extraction decreases from (1) transportation-associated land, 
(2) natural sites, (3) unattended areas and remnant parcels, to (4) brownfields. At the same 
time, the complexity of the necessary fusion procedures increases from (1) to (4). For each type 
of vacant land, data fusion was done between different datasets, such as a combination of UA 
and OSM data, as well as the integration of UA and CLC data. In each of these four data fusion 
processes, a rule-based data fusion approach was applied. The fusion rules decided the role that 
the datasets play in the procedures. 

The identification of brownfields was most challenging because its vacancy changes over time. 
Thermal images, published brownfield databases, posts from Instagram and Twitter, Wikidata, 
and OSM land use information were involved. Data from agencies or authorities such as UA, 
imperviousness layer, satellite images, and databases were first taken into consideration as they 
are reliable and have been validated. Data from citizen science such as OSM and Wikidata were 
also used because OSM provides crucial land use information and Wikidata offers valuable 
information about brownfields. Even though citizen science has issues of completeness and 
reliability, the information that it provided could not be obtained for free from other sources. 
Social media data was used as an indicator of site vacancy. It plays a role which is not 
replaceable, as it reflects human activities. Moreover, this fusion procedure can be extended to 
new upcoming data.  

Compared to the first application case, in which mainly satellite images were used, the second 
application case combines multi-source datasets of different nature. This is because UHI 
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analysis mainly relies on thermal images, whereas vacant land is a much more complex research 
object. It contains several types, appears with different land covers, and involves different land 
uses types. It is shown that with a clear definition of the urban object, data fusion can act as a 
powerful tool to extract the desired information. The extracted vacant sites, on the one hand, 
can be used for redevelopment, increase land for construction, and reduce urban sprawl from 
taking more land from agriculture and forest. On the other hand, they can also be used for 
conservation and/or green infrastructure enhancement. 

The two application cases present data fusion techniques from different perspectives: one 
focuses on data fusion in depth and the other one emphasizes data fusion in breadth. In the first 
case, two images were fused together to generate one more informative image. In the second 
case, various data sets were combined. During the data fusion process, the source data was not 
edited, but useful information was selected out from each data set to create a combined data set. 

In the first application case, MATLAB was used for image sharpening while QGIS was used 
for image processing. In the second application case, only QGIS was used as the data processing 
and analysis platforms. In this way, it could be shown that urban issues such as vacant land can 
be analyzed entirely using open source data and software. This fulfills the goal of this thesis 
which aims to use only open sources for sustainable urban research. 

5.2. Outlook 

Continuing population growth and urbanization has resulted in a situation where cities occupy 
just 2% of the Earth’s land but account for 60% to 80% of total energy consumption and 75% 
of carbon emissions (UN, n.d.). In most western European countries, it is expected that the 
urban population will increase to above 90% (EEA, 2017). Urbanization brings increasingly 
more issues where sustainable development needs to be implemented (EEA and FOEN, 2016). 
Open geospatial data fusion can provide sufficient, accurate, irreplaceable, and up to date 
information for urban research for sustainability.  

With the proliferation of open geospatial data and higher availability to the public, more data 
can be integrated into the fusion procedure. Sensor web, as one of the four open data sources, 
have not been used in this study. Because different sensor manufacturers come with different 
protocols, integrating diverse sensors is not straightforward (Bröring et al., 2011). The 
integration of sensor web data will bring real-time information for urban applications and are 
therefore of great interest. The author of the thesis proposes that open geospatial data should be 
used to study sustainable urban development. However, since there were no available open 
source hyperspectral data available, hyperspectral data were only used for testing the developed 
algorithm but not for application cases, The Environmental Mapping and Analysis Program, 
aimed at providing hyperspectral data at a global scale, is currently in the development and 
production phase (http://www.enmap.org). In the future, the produced data in combination with 
other open data will permit the application of geospatial data fusion to a large extent. This 
means that on one hand, the data fusion procedure could become more complex; on the other 
hand, geospatial data fusion will become a more powerful tool and more useful information can 
be extracted.  

http://www.enmap.org/
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This thesis raised the drawback of current indices for quantitative evaluation of fusion quality 
but has not made any suggestions on alternative options. Some ideas referring to this issue seem 
very promising. For example, Pohl et al. (2017) proposed a standardized process to objectively 
assess fusion quality. It includes a quality protocol and a visual quality protocol. However, this 
proposal is still multispectral-image-oriented, and further adaptation is needed to make it also 
fit to one band or hyperspectral images. Fusion quality is crucial for the assessment of image 
fusion algorithms. Further research on quality evaluation would contribute to this study. In 
addition to this long-term outlook, this thesis opened four research lines that could be explored 
in the near future.  

Simplified Ehlers fusion was programmed in MATLAB, following the original source code of 
Ehlers fusion. However, MATLAB is a commercial software. It will be beneficial for many 
users if the simplified Ehlers fusion algorithm could be integrated into open source software. 
GRASS GIS is an optimal platform to implement this idea because it is a free and open source 
software which provides commands for an FFT (operation i.fft) and an inverse FFT (operation 
i.ifft). Additionally, it can be used to generate high-pass, low-pass, as well as donut filters (e.g. 
operation r.circle). With all of these conditions, the software is poised to apply the algorithm. 
GRASS GIS also encourages users to develop their own unique tools and offers guidelines and 
documentation to develop extensions. In the future, the simplified Ehlers fusion can be further 
developed into an add-on. It would also be a necessity to set up a function to quantitatively 
measure the computing time. In contrast to Ehlers fusion, the program loop in simplified Ehlers 
fusion does not use IHS transformation but goes band by band. It would be very interesting to 
compare algorithm efficiency in terms of computing time. 

The UHI analysis of the city of Osnabrück encountered the problem of insufficient satellite 
images taken at nighttime. This was because Osnabrück has not been closely monitored by such 
satellites. In contrast, for megacities like Shanghai, nighttime thermal data can be retrieved from 
Landsat 8. If applying the method developed in this thesis to megacities, the Landsat 8 
nighttime thermal images can be sharpened and the UHI phenomenon in megacities can be 
investigated more deeply.  

Vacant land extraction in this work was based on UA which offers data for the city and county 
of Osnabrück only from the year 2012. For 305 major European cities, it provides data from 
the year 2006 and 2012. In the future, the data from 2018 will also be published. Therefore, it 
is possible to extract vacant land from different years, to investigate if the vacant land has 
increased or decreased. A city with increased vacant land should re-consider its urban 
development plan. In this thesis, about 1400 ha of vacant land for the city and county of 
Osnabrück was detected. If the same method could be carried out in the other 300 European 
cities, it will reveal a considerable amount of vacant land suitable for urban development. 
Moreover, when merging the extracted vacant land together with agricultural land and forest 
area, a complete GOS layer can be formed. This layer can be used to analyze urban sprawl, 
urban green connectivity, and urban land fragmentation.  

Open geospatial data is rapidly expanding, which will provide more sources of data. In the 
future, more satellite images will be available. For example, Sentinel-4 has two missions that 
are planned to be launched: the first one in 2019 and the following in 2027. The project for 
updating Copernicus high resolution layer kicked off in January 2019 (GAF, 2019), which 
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means more GIS data will be published later. Citizen science will be pushed forward because 
volunteers are encouraged to collect and report geospatial data, such as the EU biodiversity 
Strategy to 2020 (European Commission, 2011) which considers citizen science initiatives as 
valuable means for biodiversity conservation. All of this will lead to even broader data fusion, 
as well as more applications for researching urban sustainable development.  

When dealing with urban issues, due to the rather small scale of urban objects, high-resolution 
data is more desirable, which favors commercial data. Consequently, geospatial data has been 
pushed to an ever higher resolution—up to millimeters. However, changing this perspective 
may lead to the development of creative solutions to work with and provide more open data 
despite their lower resolution. In this way, the UN endorsement of integrating geospatial 
information into sustainable development plans (UN, 2015) can be realized even in poorer 
regions of our planet, leading to truly global sustainable development. 
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