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Abstract 
 

The significance of urban land-cover information has increased greatly in the past decade 

following the rapid growth of geo-location services. Efforts to automate existing labour-

intensive and time-consuming thematic data acquisition and updating procedures gained 

considerable momentum once very high-resolution images were provided by a fleet of satellites. 

However, the procedures for extracting land-cover information from such images failed to 

produce acceptable results for spectrally and spatially-complex urban land features. Attempts 

have been made to integrate information that is complementary to the spectral and spatial data 

in order to successfully overcome the typical problems faced by reflectance-based classification 

methods. Most such data fusion endeavours are specially customised and feature specific 

procedures, but fail to adapt to different urban scenarios.  

 

This study tackles the problems commonly associated with urban land-cover classification 

through fusing multi-sensory data. A multistage segmentation classification workflow using 

LiDAR and WorldView-2 data based on existing data fusion methods is developed to identify 

the land-covers that are normally found in core urban areas. The results show that integration 

of the height products derived from the 3D LiDAR data brought many benefits. Elevation 

(nDSM), used as a main data source during image segmentation, produced sharper image object 

boundaries, thus reducing the impact of shadows. A novel elevation-based feature 

differentiation step was implemented prior to thematic classification effectively separated a 

range of spectrally-identical impervious land-covers into two intermediate sub-classes. As a 

result, it was possible to derive and integrate two separate classification processes targeting a 

particular group of land-covers. Collectively, the integration of multi-stage procedures and 

multi-sensory data products significantly improved the thematic classification accuracy, from 

the 75% obtained using the normal method of spectral classification, to 93%. As a secondary 

outcome of this study, a spectral index called ZABUD is successfully modified for WorldView-

2 multispectral channels. This index is found to be beneficial in identifying impervious asphalt 

features. The standard nearest neighbour classifier was later replaced with other methods such 

as the K-nearest neighbour, the support vector machine and the DC-CART, with the obtained 

results being comparatively assessed at the end of the study. A comparison of the classification 

accuracies obtained further confirmed the flexibility of the proposed workflow in adapting 

various procedures to the different scenarios of land-covers. 
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Chapter 1 Introduction 
 
Recent decades have witnessed an exponential growth in location-based services and 

concurrently, an increased awareness of geo-location information has been recorded. Such 

changes have boosted the significance of land-cover information in core urban areas, as 

these are hubs for financial and administrative activities. The land-cover data is generally 

used in the form of thematic maps that are tightly integrated with geographical information 

systems (GIS). Recently however, a number of government agencies, municipal authorities, 

planners and commercial organisations have been relying heavily on geographic 

information systems for assessment, planning and policy-making. Because the efficiency 

of the Geographical Information System depends upon high-quality and up-to-date input 

data, there is a constant demand for the latest, best quality geospatial information. 

Unfortunately, conventional methods of updating and acquiring geospatial information 

such as surveying and manual digitisation of GIS features have always been considered 

time-consuming and labour intensive tasks. The slow rate of information gathering not only 

hampers the effective use of the available geospatial information, but also fails to cope with 

the continuous changes that take place in urban areas. As a result, the geospatial 

information acquired quickly becomes obsolete and requires constant updating, from which 

it follows that the geospatial domain constantly seeks new and rapid methods of accurate 

geospatial data acquisition. 

 

Earth observation satellites offering large ground coverage and shorter revisit capabilities; 

afford an excellent opportunity for rapid acquisition geospatial data in the form of raster 

images. However, the remote sensor and the thematic data extraction procedures that have 

been developed so far are specifically designed to target the natural environment. When 

applied to complex urban datasets, these thematic data extraction procedures may yield 

results that are not sufficiently accurate. Integrating the information supplementary to the 

spectral and spatial content of satellite images such as the existing building database, 

outdated GIS maps, the most current censuses and other data (San et al. 2005; Peng et al. 

2008) has been proposed by some researchers as a way to overcome the limitations of urban 

land-cover updating from satellite observations. Recent advances in sensing technologies 

have enabled the acquisition of the elevation (height) data of various features. Attempts 

have been made to use the third dimension (elevation) information to overcome the 
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deficiencies associated with spectral, reflectance-based feature extraction. Despite the level 

of exactitude, most of the existing data fusion techniques suffer from a lack of robustness 

and from restrictive customisation that means programmes have been designed for very 

particular features only, confining applicability to specific scenarios. There then exists an 

opportunity to explore the standardised classification framework that will optimize the use 

of integrated spectral and elevation information. This subset of information can be derived 

from multisensory datasets and may be applicable in a range of urban scenarios. The 

development of a nexus is the principal goal of this work. 

 

1. Background  

 

1.1 Urban evolution and the need for information 

 

The world is inexorably becoming urban and the United Nations Development Programme 

(UNDP) has described the twenty first century as “the first urban century”, reflecting an 

awareness of the growing percentage of the world’s population who live in urban areas. 

The rate of urbanisation gained so much momentum in the last few decades that, as reported 

by the UN Human Settlements Programme 2010, “in the next 20 years, homo sapiens, ‘the 

wise human’, will become homo sapiens urbanus in virtually all regions of the planet” 

(UN-HABITAT, 2010). According to World Bank urban development report, around 54% 

world’s population is living in urban areas (World Bank, 2015) and that by 2030 all the 

developing regions, including Asia and Africa, will have more people living in urban rather 

than rural areas.  

 

Ever accelerating urbanisation leads to the continuous transformation and evolution of both 

cities and urban areas, manifesting in improved spatial, financial and infrastructural 

organizations, which in turn generate various degrees of geographical and residential 

differentiations (UN-HABITAT, 2010). A constant influx of people into the urban 

environment creates a demand for more living space. The escalating demand for space fuels 

constant development, generating changes in the land-cover and resources. As a result there 

is a need for technologies which can assess and monitor the interactions between urban 

elements and the available resources (Weng & Quattrochi, 2007). These information 
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systems should be accurate and rapid enough to be integrated into decision support and 

policy making. 

 

Over the years, particularly since 1976, the Geographical Information System (GIS) has 

evolved as the premiere tool for acquiring, archiving, analysing and handling spatial data. 

As the rate of urbanisation accelerates across the globe, there is an increasing trend towards 

the integration of urban infrastructure and utilities with GIS (Ridd, 1995; Oke, 1987; 

Woycheese et al. 1997; Herold et al. 2003a) in order to manage the process of urban 

development. The effective and rapid functioning of these information systems demands a 

high level of accuracy of the inputted data. Hence timely, accurate and up-to-date 

information about city landscapes and developmental activities is critical for the correct 

analysis and modelling of various scenarios. Geographical Information Systems usually 

recognise various real-world land features in the form of thematic layers (Johnsson, 1994).  

So far traditional mapping and monitoring tools, such as the manual digitisation of thematic 

vector layers and the field survey-based updating of the land-use database, dominate spatial 

data acquisition. Despite a high rate of accuracy, conventional methods consume significant 

amounts of time, money and human involvement. With highly dynamic urban landscapes, 

the rate of information acquisition by conventional methods is unable to keep up with the 

new (geospatial) information generated. Consequently, by the time Geographical 

Information Systems receives the geospatial data sets supplied for urban land-cover, the 

data has become out of date due to the continuous and rapid developments that take place. 

As a result, This result conventional methods fail to deliver the necessary geospatial 

information in a timely and cost-effective manner, (Wrzesien et al. 2003) hampering the 

capabilities of GIS. Furthermore, the availability of the most recent and accurate land-cover 

datasets is still considered a major obstacle in land use planning, indicating the need for 

rapid and automated data acquisition. 

 

Researchers have attempted to automate the process of data procurement in order to reduce 

the time required for geospatial data acquisition. This process gained momentum after the 

successful launch of earth observation (EO) satellites such as Landsat, Terra, and the Indian 

Remote Sensing (IRS) satellites by government agencies such as the National Aeronautics 

and Space Administration (NASA), the European Space Agency (ESA) and the Indian 

Space Research Organisation (ISRO). Orbiting 350 km or higher above the ground, these 

satellites are capable of remotely observing large surface areas of the earth at regular time 

- 3 - 
 



 

intervals and in various wavelengths. With all these capabilities, remote sensing has 

evolved as an effective tool for land-cover monitoring, especially for periodically updating 

the land-cover database. 

 

1.2 Urban remote sensing 

 

The term urban remote sensing (URS) is usually associated with identifying the physical 

properties and processes of urban environments for the mapping and monitoring of urban 

land-cover and spatial extent (SEDAC, 2010). From the beginning, land feature 

identification procedures involving remote sensing data have primarily focussed on 

mapping and monitoring natural environments. Attempts have been made to locate, map 

and monitor urban areas based on the existing data of available spatial and spectral 

resolutions. The lower spatial resolution of the earlier sensors imposed major constraints 

on detailed identification and classification of urban features (Hepner et al. 1998). Lower 

spatial resolution enabled urban areas to be mapped as a single unit, instead of identifying 

individual urban elements. In the 80s researchers identified that finer spatial resolution was 

one of the most important technical concerns in remote sensing applications for urban 

features (Welch, 1982; Curran & Williamson, 1986). Yet technological limitations 

prevented the construction of finer spatial resolution sensors till the late 1990s. 

 

Extracting detailed land cover information about urban areas gained true momentum only 

after very high resolution imagery became available. The successful launch of IKONOS-2, 

the first 1 m spatial resolution satellite, allowed users to identify and study various fine 

scale land features, especially in urban areas, in detail. As a result, further attempts have 

been made to utilise higher spatial resolution multispectral imagery in mapping various 

urban elements. Today, most of the very high resolution satellites orbit in a constellation 

(two or more in various orbits) that permits revisiting the desired ground location at 

relatively short intervals. With the shortened revisit capabilities, high-resolution space-

borne sensors have emerged as the ideal candidates for repetitive information acquisition. 

A typical very high-resolution (VHR) satellite has a swath of about 15-30 km (off nadir 

viewing), which enables it to cover large ground areas (footprints) in a single scene. All 

these characteristics make VHR satellites an ideal medium for periodically updating the 

urban land-use database, as well as providing a rapid evaluation of urban changes and 
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development (Taubenböck et al. 2006). VHR images are therefore considered an integral 

source for updating the land-use database for GIS-like systems (Johnsson, 1994). 

 

1.3 Information extraction and constraints  

 

The availability of suitable remotely-sensed data satisfies only half of the requirements for 

the rapid and accurate updating of the land feature database for Geographic Information 

Systems. Another crucial aspect is the identification and extraction of valuable information 

from the remote sensing data, so that it can be directly integrated into the GIS. Human 

intervention is still an inevitable component of such processes. Imagery experts, often 

known as interpreters, analyse the image and decode every element in the raster image 

based on existing and supplementary knowledge (shape, size, texture, pattern, site, 

association, shadows and more) to produce machine readable outputs or thematic maps 

which are largely in the vector (point, line and polygon) format. Such traditional methods 

are painstakingly slow and consume a tremendous amount of time and manpower. 

Additionally, every thematic output is interpreter dependent; hence accuracy is directly 

related to the level of expert knowledge and experience held by the interpreter, yielding 

inconsistent results. 

 

Research has been carried out in the field of satellite image analysis to minimise human 

interference in feature interpretation by automating image interpretation and classification. 

However remote sensing systems are primarily designed for the natural environment, where 

the relationship between the reflected irradiance of a pixel to that of the nature of land-

cover is much more straightforward than in the urban environment (Dobson, 1993; Webster, 

1996). In that context, feature identification techniques and methods that rely on the 

interpretation of image pixels are based on reflected energy at the visible and infrared (IR) 

portions of the EM spectrum (Mesev, 2003). When applied to natural features in the 

satellite images, they only yield substantial accuracy for spectrally extensive and 

homogenous features such as water, forests and agricultural fields that have a minimal 

within-class spectral variation.  

 

Urban areas are far more complex to map than natural landscapes as they are made up of 

an intricate mix of natural and artificial surfaces of variable size, shape, textures and 
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patterns, and are influenced by the scale and involvement of human activity (Mesev, 2003). 

Complexities associated with the urban environment pose unique challenges in terms of 

accuracy. Due to scalar diversity and the spatial arrangement of urban features, spectral 

reflectance can correspond to very different land uses and to diverse functions (Donnay et 

al. 2001). As a result, VHR images, if subjected to urban feature identification using 

traditional pixel-based feature extraction methods, tend to produce less accurate outcomes 

than those obtainable from non-urban or natural scenes. The land use typologies thus 

retrieved from spectral signatures may be different from typical functional nomenclature in 

urban analysis (Donnay et al. 2001). In addition, the limited amount of spectral information 

available from four or more spectral bands of these new generations of VHR satellites may 

not be adequate for detailed urban mapping, and could result in classification inaccuracies 

in feature delineation (Herold et al. 2003). All such limitations indicate the need for a robust 

methodology that will integrate additional information that is complementary to the spectral 

and spatial information of VHR images. 

 

1.4 Information complementary to the VHR data 

 

To overcome the spatial and spectral limitations associated with a better identification of 

urban features from VHR satellite data, the integration of auxiliary information (such as 

spatial attributes, object relationships and elevation data) has been suggested. The 

objectives of multisensory data fusion are to utilize data from different sources so as to 

obtain complete information with greater accuracy, and quality representation of the 

environment better than using individual sensor (Saeidi et al. 2014). Multiple techniques 

of combining information such as pan-sharpening (Alparone & Wald, 2007), hyperspectral 

fusion (Yu et al., 2011), SAR (Chandrakanth, et al., 2011) and supplementary information, 

such as the existing building database, out-dated GIS maps, censuses and other data sets 

(San et al. 2005; Peng et al. 2008) have been explored in conjunction with remote sensing 

imagery, resulting in an improved accuracy in feature delineation. Despite significant 

progress, the automatic extraction of urban spatial features from high resolution digital 

images is still a difficult task (Gruen, 2000) and requires manual processing, ultimately 

increasing the period and cost of database updating. On the other hand, the information 

content of satellite images is in the raster format, whereas typical land use thematic maps 

used in GIS are in the vector format. The extraction and conversion of meaningful 
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information from the raster to the vector format from satellite images is still considered a 

major hurdle in existing computer-based image classification algorithms, which rely 

principally on individual pixel values. Consequently, there is a need for faster and more 

accurate methods for feature identification and extraction.  

 

One way of achieving an accurate classification of complex urban features and overcoming 

the deficiency associated with a spectral, reflectance-based classification that may lead to 

unsatisfactory results is to integrate ancillary elevation data obtained from light detection 

and ranging (LiDAR). As described by Baltsavias et al. (1999), LiDAR, an active remote 

sensing system, uses laser pulses of varying frequency to detect the height of objects from 

the ground. Additionally, LiDAR systems are also capable of recording the strength of the 

laser pulse reflected from the objects in the form of intensity. Existing LiDAR systems, 

which provide data with centimetre-level vertical and horizontal accuracy, can be used for 

detailed and accurate identification and mapping of surface features. The ability of LiDAR 

data to produce three-dimensional elevation models (Baltsavias et al. 1999) highlights the 

usability of LiDAR in urban feature identification in conjunction with VHR spectral data. 

Combining spectral and spatial information obtained from satellite images and 3D LiDAR 

data is a very active area of research. Over the last decade researchers extensively combined 

the two datasets to extract urban elements (Khoshelham, K. 2004; Demir et al. 2009; 

Awrangjeb et al. 2010; Hartfield et al. 2011; Mehta et al. 2013). Developments in image 

segmentation and object based image analysis (OBIA) procedures (Hay et al.1997; Baatz 

& Schape 2000; Hay & Castilla, 2008; & Blaschke, 2010) further boosted the data fusion 

studies by providing a suitable framework to incorporate multisensory data. Recent studies 

(Zhou and Troy 2008; O'Neil-Dunne et al. 2012; MacFaden et al. 2012; Aguilar 2012;  

Berger et al. 2012 & Hamedianfar et al. 2014) successfully demonstrated benefits of the 

object based data fusion and classification methodologies.  

 

Having said that, many of such studies were performed over a small subset of urban-

suburban fringe areas or confined to extracting particular features. Some of these 

procedures available for information extraction are either based solely on LiDAR data or 

the fusion of LiDAR and VHR data, have been highly customised restricting their 

applicability to specific scenarios. Additionally, many of those procedures are algorithms 

written in various programming languages; hence their execution or modification is again 

limited to those who understand and have expertise in programming. A combination of 

- 7 - 
 



 

these circumstances limits the effective use of both technologies by a large pool of 

geospatial experts and analysts who seldom rely on computer programming and 

customisation. Conversely, there is scope for additional investigation into the field of multi-

sensor data fusion-based methodologies in order to establish a standardised procedure 

applicable over a range of urban features and for different scenarios.  

 

1.5 Research aims  

 

The key rationale of the current research is to establish new procedure or modifications to 

the existing feature extraction methodologies in order to achieve a seamless integration of 

the spectral and elevation information derived from satellite and LiDAR elevation datasets. 

Since urban features are the most difficult to identify using current feature classification 

methods, the research will focus on core urban areas. Unlike existing investigations, this 

research will investigate the procedure for developing a comprehensive methodology of 

multi-sensor data fusion and the identification of optimum parameters for feature 

classification, so they can be applied over a range of scenarios. The specific objectives of 

this study are to: 

 

• Develop a methodology for the efficient fusion of LiDAR data with very high 

resolution satellite images; 

• Identify the set of classification parameters that are applicable to a variety of urban 

scenarios; 

• Explore the potential of eight multispectral bands of data acquired from high resolution 

WorldView-2 satellites for urban feature classification; and  

• Develop a method of automating the complete sequence of complementary LiDAR 

and very high-resolution image data fusion and feature classification for the rapid 

extraction of urban features. 
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1.6 Thesis structure 

This dissertation is divided into six chapters.  

Chapter 1 introduces the research topic. It summaries the aims of the work and          

provides a justification for their selection. It also provides an overview of the structure of 

the dissertation.  

 

Chapter 2 critically reviews the literature for the spatial resolution evolution of remote 

sensing satellites; various feature extraction methods; research related to object oriented 

classification; use of LiDAR data; LiDAR data processing; feature extraction using LiDAR 

data and the integration of LiDAR and VHR data. This chapter further explores the 

restrictions related to the sole use of VHR satellite images and LiDAR data in urban feature 

classification and the limitations of the existing data fusion methodologies.  

 

Chapter 3 provides details of the methods used in the study, the area under study 

and the various types of data used, and the methodology considered for the research. It 

also covers various data preprocessing techniques used to derive ancillary information, 

followed by object-oriented image segmentation, the various factors considered for 

image segmentation and parametric feature classification.  

 

Chapter 4 gives the results obtained from the classification process along with a 

discussion on the accuracy of the classification evaluated by using a variety of 

techniques.  

 

Chapter 5 discusses the role of the elevation of the multistage classification process 

and the benefits obtained from this. The chapter further analyses various factors that 

have contributed to inaccuracies in the classification and the evaluation of textural and 

intensity features obtained from satellite images and LiDAR data as classification 

parameters. A detailed section incorporated in the later segment demonstrates the 

applicability of a modified spectral index (ZABUD) for urban feature classification. At 

the end, results obtained from the four classification algorithms that are available in the 

recent version of eCognition are compared with the classification procedures explored 

in this study. 
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Chapter 6 focuses on the conclusions and key findings of this research.  

 

Chapter 7 outlines the limitations of the study and the associated implications for 

future investigations.  
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Chapter 2 Literature Review 
 

2. Need for remote sensing image analysis 
 

Since its inception, the remote sensing of earth features has gained tremendous importance 

in monitoring various natural and manmade environments. Today a fleet of dedicated 

space-borne sensors continuously observes the earth in various regions of the spectrum. 

Advances in technology have enabled the acquisition of a huge quantity of remotely sensed 

data that was once processed manually. However this method of generating information 

from satellite data is outdated as it is rather slow and subject to the experience of manual 

interpreters. Thus, the automatic processing of remotely sensed data has become the norm.  

 

This chapter details the evolution of urban remote sensing and image classification methods 

for urban areas. It also highlights the limitations and challenges associated with urban 

remote sensing and land-cover classification were identified during the various stages of 

the research. Since the urban core is the principal focal point of this project, developments 

related to urban remote sensing are considered, while also exploring the advances in image 

classification. 

 

2.1 Developments in urban reconnaissance: earlier attempts 
 

Remote sensing has been practised for civilian and defence reconnaissance since the world 

war era (Avery, 1965; Ranjan & Rastogi, 1990). The sensing of urban areas to extract 

meaningful land cover information is relatively new (Weng & Quattrochi, 2007) and is 

achieved today through large-scale digital mapping using aerial or space-borne sensors. In 

order to understand the effectiveness of aerial photography, a number of investigators have 

studied various aspects of urban analysis, such as urban planning (Witenstein, 1956; Wray, 

1960), socio-economic aspects (Green, 1957; 1959 & Monier, 1959) and urban land-use 

classification (Nunnally, 1968; 1970 & Witmer, 1970). Factors such as a high flight cost, 

the time scale, coverage, and security, have however prevented airborne surveys from 

becoming the mainstream means of spatial data acquisition. 
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2.2 Urban dynamics and early stages of remote sensing 

 

2.2.1 Moderate resolution sensors 

 

Space-borne remote sensing started in the 1970s with the launch of the Landsat-1 satellite, 

which is referred to as the first generation sensor (Donnay et al. 2001). Subsequent launches 

of the Landsat series of satellites (Landsat 2-8, Terra) carried many types of sensors aboard, 

such as the Thematic Mapper (TM), the Multispectral scanner (MSS), the Enhance 

Thematic Mapper+ (ETM+) the Advanced Space-borne Thermal Emission and Reflection 

Radiometer (ASTER) and Operational Land Imager (OLI). Around the same time, many 

other dedicated earth observation satellites, such as the Indian Remote Sensing (IRS) 

system and the Satellite Pour l'Observation de la Terre (SPOT) series were launched, with 

the on-board sensors being Linear Imaging and Self Scanning (LISS) and High Resolution 

Visible (HRV), respectively (Figure 2.1). Commonly designated as the second generation 

imaging sensors (Donnay et al. 2001), these earth observation sensors (ETM+, ASTER, 

LISS and HRV) provided images with a spatial resolution over a range of 80 m to 30~10 

m. Data from these sensors has found many applications, one of the prime fields being in 

the urban environment.  

 

 
Figure 2.1: Time scale of deployment of various earth observation sensors                          

(Fugate et al. 2010). 

 

Welch (1982) reported that an instantaneous field of view (IFOV) of 0.5-10 m is necessary 

to define the highly diverse urban landscape. Despite the lack of availability of such finer 
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spatial resolution data, earlier investigators identified the potential applications of moderate 

resolution satellite imagery for the urban environment at the regional scale (Erb, 1974; 

Jensen, 1983 & Forster, 1983). In one of the early studies, Lo and Welch (1977) attempted 

to estimate the population of multiple Chinese cities using Landsat data. Using traditional 

transparency overly techniques, they estimated the urban built up areas. The information is 

then used as a parameter in the regression model developed for population estimation. 

Another study by Todd (1977) used multi dated Landsat images to identify the urban land 

use changes for Atlanta USA.  Images acquired from Landsat MSS and ETM+ sensors were 

also used to derive a relationship between social-economic data and land-cover (Emmanuel, 

1997; Forster, 1983; Jenerette et al. 2007; Mennis, 2006). Thermal infra-red (IR) and near 

infra-red (NIR) bands available in ETM+ and ASTER sensors were successfully used to 

establish regional relationships between the urban surface temperature, vegetation 

conditions and various biophysical and social parameters (Jenerette et al. 2007; Rajasekar 

& Weng, 2009).   

 

Landsat data from Sydney was used by Forster (1983) to derive a residential quality index 

through correlating reflectance data from the satellite with the average housing value. 

Investigators have also established a positive relationship between various vegetation 

measures from the Landsat satellite data and housing values, income and education (Jensen 

et al. 2004; Li & Weng, 2007; Lo, 1997; Mennis, 2006). Coarse resolution night-time 

imagery allows for the mapping of economic activity and poverty at the regional level and 

urbanisation dynamics on an urban scale (Doll, 2008; Doll, Muller & Elvidge, 2000; 

Elvidge et al. 2001; Elvidge et al. 2009; Zhang & Seto, 2011). The repetitive coverage 

capability of Landsat enables researchers to effectively study the growth patterns and trends 

of urban areas at the regional scale (Pham, Yamaguchi & Bui, 2011, Rashed et al. 2005; 

Sabet, Ibrahim & Kanaroglou, 2011; Van de Voorde, Jacquet & Canters, 2011; Weng, 

2012). By integrating medium resolution images from Landsat MSS and TM ETM+ with 

finer spatial resolution, the IRS LISS III imagery reveals the spatial and temporal 

characteristics of urban sprawl (Jat, Garg & Khare, 2008). 

 

Moderate spatial resolution imagery such as the Landsat MSS data has achieved only 

limited land-cover    classification accuracy in investigating core urban areas, due to their 

extreme spectral heterogeneity. This heterogeneity has ultimately resulted in inter-pixel and 

intra-pixel mixing of spectral values (Forster, 1983). Spectral analysis of urban areas 
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indicates that the spectral signatures of various features overlap with each other, and that 

their separability is observed only in some wavelengths of the IRS-1A and Landsat TM 

data (Subudhi et al. 1989). Welch (1982) observes that the spatial resolution of moderate 

resolution sensors such as the Landsat MSS, TM, ETM+ and similar images are adequate 

for delineating urban characteristics at a regional scale of 1: 250,000 to 1: 100,000 (Messev, 

2003) and for synoptic measures of urban growth (Thapa et al. 2009). This limitation has 

highlighted the need for fine spatial resolution imagery in delineating land-cover patterns 

at a scale larger than 1:20,000 (Mesev, 2003). 

 

The need for finer spatial resolution was partially fulfilled by the SPOT-HRV sensor, with 

a 10 m spatial resolution. SOPT satellites (1-4) were the predecessors of the current high- 

resolution imaging sensors, and were found to be effective in delineating urban land-covers 

with greater accuracy than that obtained by the moderate resolution sensors, such as the 

Landsat MSS and TM. Researchers took advantage of this higher spatial resolution data to 

map land-covers at the urban rural fringe (Gong & Howarth, 1990), agricultural land near 

the urban interface around Yogyakarta, central Java (Gastellu-Etchegorry, 1990) and some 

increased land-cover    classes identified in the urban region of Toronto (Treitz et al. 1992). 

These covers are otherwise difficult to differentiate from neighbouring land-covers, as both 

features correspond to identical pixels in moderate resolution sensor imagery. A spatial 

resolution of 10 m enables the identification of many features, such as large buildings and 

sheds in a given scene that are otherwise difficult to extract from coarse spatial resolution 

sensors. Furthermore, it has also been observed that a 10 m spatial resolution might not 

lead to a true representation of urban features (Fisher, 1997). This is due to the fact that 

urban structures do not fit neatly into an idealised representation of image pixels, as typical 

urban features might not necessarily possess a size of 10 m X 10 m (Mesev, 2003).  Many 

of the features common in core urban areas are small and compact in arrangement, and 

therefore difficult to distinguish, even at a 10m resolution. Subsequently, recent spectral 

reflectance studies of urban materials by Herold et al. (2003) have demonstrated that most 

of the spectral bands that are suitable for identifying urban land-cover classes lie outside or 

near the boundaries of the typical four spectral band multispectral sensors such as SPOT-

XS. 
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2.2.2 Availability of high resolution sensors 

 

The last decade witnessed a rapid advancement in digital imaging technology and the 

emergence of a third generation of space-borne imaging sensors (Figure 2.2) able to record 

images at a spatial resolution of <5 m (Donney et al. 2001). A major advantage of such 

images is a marked reduction in mixed pixels (Lu & Weng, 2009), thereby providing a 

greater potential in extracting more detailed information on land-cover structures than is 

available in medium or coarse spatial resolution data. IKONOS-2, the first commercial very 

high-resolution (1 m) satellite, launched in 1999, provided earth images with unprecedented 

details. Subsequent commercial imaging sensors such as Quickbird-1 and GeoEye-1 

(GeoEye), WorldView-1 and 2 (DigitalGlobe), along with government-owned satellites 

such as CartoSat 1 and 2 (ISRO), SPOT-5 (CNES), accelerate the rate of image acquisition 

(Figure 2.2). As a result, urban remote sensing applications have substantially benefited 

from high spatial resolution commercial imaging sensors that allow the monitoring of small 

features of interest in complex urban environments (Donnay et al. 2001).  

 

 
Figure 2.2: Spatial resolution increments of earth observation satellites (Deroin et al. 

2012). 
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2.2.3 High resolution images and traditional classification methods 

 

The launch of the IKONS-2 satellite with a 1 m spatial resolution heralded new possibilities 

in urban remote sensing. Information that had been previously been left out due to spatial 

resolution restrictions can now be extracted from this new generation of satellite data. 

Image classification methods that had been successfully established for classifying natural 

environments through moderate resolution images can now be applied to newly available 

high resolution imagery for classifying urban land-covers. A regression equation developed 

for Landsat TM data was successfully re-established between the Normalised Difference 

Vegetation Index (NDVI), which was derived from IKONS data and an unsupervised per-

pixel classification used to describe urban lake water clarity. A similar equation was applied 

to estimate present levels of imperviousness within a given area (Sawaya et al. 2003). In 

another trial, scientists used techniques such as regression tree and global ordinary least 

square regression, derived for Landsat ETM+ data, (Yu & Wu, 2006) on IKONOS images 

to classify urban areas in Padang, Indonesia, into suburbs, slums, middle-class and upper-

class areas (Taubenbock et al. 2009). In addition to applying the existing image 

classification methods, scientists have also experimented with combining multiple 

classification procedures. Classifiers, such as the fully automated road network extraction 

algorithm (Shackelford & Davis, 2003), the automated 2-D building footprint extraction 

algorithm (Shackelford & Davis, 2004), along with spectral information such as NDVI and 

average spectral response, were modified and combined to derive an automated supervised 

classification for an IKONOS image of Columbia, Missouri (Shackelford & Davis, 2005). 

In a similar study, a hybrid per-pixel classification approach was developed by combining 

supervised and unsupervised classifications for mapping urban land-covers (Kelly et al. 

2004). Goetz et al. (2003) reported accuracies of 84.2% and 97.3% for urban 

imperviousness and tree canopy respectively, when a decision tree classifier was used 

against spectral information and band ratios derived from IKONOS images of Montgomery 

County, Maryland. 

 

Most of the conventional, pixel-based image classification methods have dominated remote 

sensing-based land-cover   delineation (Gao et al. 2004), and have yielded a high degree of 

accuracy when applied to spectrally homogenous areas such as agricultural fields, forests 

and natural environments (Lu & Weng, 2007; McMahon, 2007 and Xu & Li, 2010). In light 
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of these very high resolution images however, a detailed analysis of the earlier attempts at 

land-cover, especially urban land-cover, based on pixel-based parametric or non-

parametric procedures, reveals the limitations of traditional image classification methods. 

Reflectance study of urban areas has revealed the fact that a substantial proportion of a 

signal (reflectance) apparently coming from the land area represented by a pixel, comes 

from the surrounding pixels (Townshend et al. 2000), leading to extreme spectral variation. 

Most pixel-based methods are unable to cope with extreme spectral heterogeneity and the 

within-class spectral variations (e.g. buildings with different roof types) that are associated 

with complex land-covers such as urban built-up areas (Baker et al. 1991; Lu et al. 2010; 

Xu & Li, 2010 and Huang et al. 2011), resulting in a classification suffering from structural 

clutter or ‘salt and paper’ noise (Van de Voorde et al. 2007). This limitation raises the need 

to use additional spatial information such as texture in image analysis. 

 

2.2.4 High resolution images and spatial domain (texture)  

 

Image texture is often described as a pattern of variation in intensity in a given image 

(Avery & Berlin, 1992). The texture of images acquired from coarse or moderate resolution 

sensors is difficult to calculate, as pixel size is much larger than the object under 

consideration, supressing the tonal variation within the given object. As a result, effective 

use of texture parameters was limited to suburban fringe of urban areas (Conners et al., 

1984; Moller- Jensen, 1990). An increase in the spatial resolution allows the use of spatial 

components such as texture to be associated with an image. This is because an increase in 

spatial resolution leads to a smaller pixel size; hence an object can be represented in a 

number of pixels, capturing the variation in intensity and tone. Texture, frequently 

represented as the Grey Level Co-occurrence Matrix (GLCM), is generally computed using 

contrast, homogeneity, entropy and angular moments.  First developed by Haralick et al. 

(1973), GLCM is the most widely used method in extracting texture information from an 

image. Many investigators (Weszka et al., 1976; Jensen, 1979; Jensen, 1982; Tom& Miller, 

1984; Berry & Goutsias, 1991; Wulder, et al. 1996; Hall, & Fent, 1996; Lark, 1996) took 

advantage of textural measures to extract meaningful information from images. In a 

remotely sensed image urban land-covers are often associated with high spatial frequency 

(Messev, 2003). As a result, textural information was increasingly used in urban land-cover 

mapping studies (Vickers & Modestino, 1982; Franklin & Peddle, 1989; Marceau et al. 

1990; Pedddle & Franklin, 1990; Sadler, et al. 1990; Sadler, et al. 1991; Barnsley, et al. 
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1991; Barnsley & Barr, 1992; Augusteijn et al. 1995; Hay et al. 1996; Pesaresi, 2000; 

Herold et al. 2003 and Yu et al. 2006). Studies also demonstrated that other parameters 

such as mean, standard deviation, skewness, kurtosis, and range can be used efficiently to 

extract textural features (Gong & Howarth, 1992).  Investigations have been carried out to 

extract contextual information by correlating census population density and the texture of 

IKONOS images in Santa Barbara, California (Liu et al. 2006). A multistage classification 

algorithm, named the Extraction and Classification of Homogeneous Objects (ECHO) 

(Kettig & Landgrebe, 1976; Landgrebe, 1980 and  Biehl & Landgrebe, 2002), was used to 

classify a QuickBird image of a complex urban-rural landscape in Lucas do Rio Verde, 

Mato Grosso State, Brazil (Moran, 2010). IKONS panchromatic image was used with 

frequency based contextual classifier (FSB) process to identify land features in Xichang 

City China (Xu et al. 2003). This multi window textural analysis identified nine land cover 

categorise with 74% accuracy. In a recent study, various textural parameters derived from 

VHR WorldView-2 imagery were used in conjunction with spectral and contextual data in 

multi-feature SVM classification to classify land covers from two Chinese cities of Hainan 

and Hangzhou (Huang et al. 2013). The study reported substantial accuracy (94 % to 96%) 

yet failed to identify single texture parameters for effective differentiation of the land 

features.  

   

Increase in spatial resolution (5 – 0.5 m) allows for the calculation of textural information 

from imagery. Yet, it does not yield a substantial improvement in the accuracy of urban 

land-cover classification, since pixel-based classification methods fail to exploit 

information content (such as texture) from high resolution images (Hu et al. 2005) 

achieving limited success.  This is because these methods often targeted the coupling 

between image pixels on a single scale and a single band, and it may not discriminate 

between closely related urban features (Myint, 2001). Furthermore, computing multiple 

textural parameters is a time consuming process and demands significant computational 

resources. Many of the studies involving texture elements failed to address the time and 

computational requirements needed for efficient processing.  

 

In a landmark study, Blaschke and Strobl (2001) put forward an important but neglected 

issues associated with pixel-based image classification procedures (Liu et al. 2006). They 

argued that the statistical analysis of pixels often associated with reflectance values does 

not adequately represent the features or elements in a given natural or built-up environment, 
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often neglecting the spatial information recorded by remote sensing imagery. Pixel-based 

hard classifiers (e.g. Maximum Likelihood-MxL) usually assign one thematic class to a 

pixel, based on the average pixel reflectance of sample data. As a result, classification 

methods such as parallelepiped, minimum distance to means and maximum likelihood are 

inadequate for classifying high-resolution multispectral images in urban environments 

(Cushine, 1987; Thomas et al. 2003 and Chen et al. 2004). Since these classifiers fail to 

make use of the spatial information such as texture and geometry that is usually associated 

with a group of pixels representing an urban feature (e.g., dwelling or house) (Messev, 

2003), there is a need for more comprehensive image analysis methods capable of 

incorporating supplementary information into the classification process. 

 

2.3 From pixel-based to object-based image classification  

 

2.3.1 Object-based image segmentation and classification: evolution and 

development   

 

The limitations of conventional image classification methods have resulted in substantial 

investigations into alternative image analysis and classification methods. One of the more 

promising approaches is based on the concept of “image objects”, which are described as 

self-existent and resoluble units in an image and also known as segments (Hay et al.1997). 

Such units or segments have homogeneity in one or more dimensions of a feature space 

(Blaschke, 2010). The process of grouping image elements or pixels based on parametric 

similarities is known as image segmentation and has been elaborated on by many 

researchers (Haralick, 1983; Haralick & Shapiro 1985; Pal & Pal, 1993 and Kartikeyan et 

al. 1998).  
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Figure 2.3: Grouping of image pixels based on spatial attributes (Blaschke, 2004). 

 

Over the years, image segmentation procedures have evolved and in so doing have provided 

“building blocks” for object-oriented image classification (Hay & Castilla, 2008; Blaschke, 

2010). As image segments are generated based upon parametric homogeneity, 

segmentation has opened the door for incorporating the multiple elements associated with 

image feature space into image classification. Multiple statistical attributes associated with 

spectral reflectance (e.g., mean, standard deviation, Min-Max values, band-ratios, and 

variances) can be used individually, as well as coupled together in a given image scene. 

Additionally, image segmentation methods allow the use of elements from the spatial 

domain (Figure 2.3) such as shape, geometry, distance and texture (Blaschke, 2010). These 

all assist in increasing the discrimination between spectrally similar urban land-cover types 

(Goetz et al. 2003; Shackelford & Davis, 2003a).  

 

Segmentation-based classification methods, commonly known as object-based image 

analysis (OBIA), can incorporate the additional information available from very high 

resolution imagery. A marked increase in the use of OBIA procedures has been observed 

in recent time, owing to the availability of information-rich high resolution imagery. Over 

the years, OBIA techniques have been applied to a range of investigations that cover a 

broad spectrum of earth science research targeting natural environments, such as coastal 

monitoring and mapping (Krause et al. 2004; Yu et al. 2006), forestry (Dorren et al. 2003; 

Heyman et al. 2003; Chubey et al. 2006; Shiba & Itaya, 2006; Radoux & Defourny, 2007) 

vegetation mapping (Herrera et al. 2004; Walker & Briggs, 2007; Zhou et al. 2008), 
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agricultural mapping (Ivits & Koch, 2002 ; Ivits et al. 2005; Möller et al. 2007), and 

ecological mapping (Burnett & Blaschke, 2003; Devereux et al. 2004; Laliberte et al. 2004; 

Schiewe & Ehlers, 2005; Lang & Langanke, 2006; Langanke et al. 2007). Given that the 

vast array of remote sensing applications have benefited from OBIA, and given the scope 

of the current research, the developments in OBIA procedures in the context of urban land-

cover are considered in this section. 

 

2.3.2 Object-based image classification of the urban environment  

 

Unlike natural environments, where a consistent landscape leads to minimal within-class 

feature variance, a spectrally-diverse urban environment can vastly benefit from OBIA-

based mapping. Many researchers have taken advantage of OBIA methodologies to extract 

meaningful information on land-covers in the urban environment (Carleer & Wolf, 2006; 

Kressler et al. 2003; Rego & Koch 2003; Van der Sande et al. 2003). In some of the earlier 

attempts, the object-based approach was combined with a fuzzy pixel-based classifier to 

classify an IKONOS scene of dense urban areas of buildings, roads and impervious surfaces 

(Shackelford & Davis, 2003). Image segmentation based on multiple parameters performed 

after fuzzy classification allows for differentiation between spectrally similar impervious 

surfaces and buildings, producing more detailed classification results with accuracies of 76% 

(buildings), 81% (impervious surfaces), and 99% (roads). OBIA has also been combined 

with the CART (Classification and Regression Tree) algorithm to map urban features 

(Thomas et al. 2003). Carleer et al. (2005) reviewed four image segmentation algorithms 

(canny edge detector, Watershed, multilevel thresholding and region growing) on high 

resolution IKONOS imagery of varying landscapes, and indicated that the combination of 

algorithms could be used effectively to extract a variety of features. Another successful 

OBIA attempt targeted the spectral properties, shapes and neighbourhood associations of 

image elements in a hierarchical image segmentation followed by a rule-based region-

growing classification algorithm (Taubenböck et al. 2006). Multispectral IKONOS images 

were used to identify different urban zones within the city of Istanbul, Turkey. Multilevel 

segmentation and classification enabled the differentiation and extraction of various urban 

features at separate stages, yielding 82% classification accuracy.  
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Several researchers have argued that image objects produced by image segmentation must 

reflect the properties of a given land feature, hence must be segmented at the appropriate 

level. The problem of finding an optimal configuration of parameter settings to avoid over 

or under-segmentation, thus finding meaningful objects that match real-world structures, 

has been addressed by several investigators (Esch, 2008; Clinton et al. 2008). A framework 

to identify optimal segmentation parameters for specific features (sports fields, roads, and 

residential buildings) from high-resolution IKONS images has been proposed (Tian & 

Chen, 2007). The writers claim that objects should be meaningful if they accurately depict 

the background features in an appropriate shape and size. This shape should satisfy the 

human eye, and can generally be understood as an instance of the conceptual recognition 

of the feature class. Optimum values, determined by the use of fuzzy logic-based classifiers 

to segment various land-cover classes, have produced classification results with an 

impressive accuracy (Wrzesien et al. 2003). 

 

Attempts to integrate spatial information with conventional spectral attributes have 

encountered difficulties, due to the different expressions of information in both the spatial 

and spectral domains. These hurdles were overcome by the work of Ojala & Pietikietik 

(1999) and Chen & Chen (2002), who proposed an algorithmic framework of a split-merge 

plus pixel-wise refinement of unsupervised segmentation. Based on a similar framework, 

Hu et al. (2005) successfully developed such a refinement, a region-based automated 

segmentation which can utilise texture, intensity and the spectral properties of an image 

without an a priori knowledge of image content. Consistent accuracy was achieved when 

the algorithm was tested on panchromatic and multispectral QuickBird and IKONOS 

images. The incorporation of texture-based attributes into the out-of-the-box algorithms of 

many commercial software packages (e.g. eCognition) has enabled the use of various 

spatial attributes such as GLCM textural features (homogeneity, contrast, angular second 

moment and entropy). These features were utilised as additional image bands along with 

spectral information to segment a QuickBird image of the Kuala Lumpur city centre (Su et 

al. 2008). It was observed that the incorporation of textural elements can improve the 

overall classification accuracy by 2.1%, while textures calculated over image objects at a 

45o angle can greatly improve the classification accuracy of buildings. 

 

Before the launch of WorldView-2 satellite (DigitalGlobe, 2009), VHR observation data 

was restricted to four spectral channels. As a result, the spectral limitation of VHR imagery 
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from Ikonos-2, QuickBird, and Geoeye-1 (Herold, Gardner, and Roberts 2003) makes intra-

urban mapping a challenging and difficult task. Four additional spectral channels (coastal, 

yellow, red-edge and NIR2) of WorldView-2 data can lead to more accurate extraction of 

surface materials (Hamedianfar et al. 2014). Researchers quickly employed WorlddView-

2 data of Atlanta USA to perform urban classification analysis (Longbotham et al. 2012). 

Using spatial and spectral attribute the study achieved 84% and 86% overall classification 

accuracy, thus indicating vast improvement over the earlier four band datasets. Another 

study put forward by Koc-San (2013), demonstrates the usability of WorldView-2 data in 

identifying urban land cover classes of Antalya, Turkey. The research uses machine 

learning algorithms to identify eight land cover classes with 89.9 and 91.9 % accuracy. In 

a recent endeavour, a very high resolution (VHR) image from the WorldView-2 satellite 

with eight spectral bands was used to classify urban land-cover in the western district of 

São Paulo, Brazil (Carvalhoa et al. 2012). Accuracies of 78 % (object scale 25) and 83% 

(object scale 2) were achieved for various land features. It was also observed that an 

addition of four spectral bands proved beneficial in discriminating various roofs and soil 

features, which were otherwise difficult to distinguish using four-band multispectral 

imagery from previous high resolution sensors.  

 

Several investigators have targeted the classification and extraction of specific urban 

features, instead of classifying urban land-cover as a whole. Broadly, urban features are 

grouped into the three major categories of buildings, roads and vegetation. Attempts have 

been made to derive segmentation and classification procedures specific to particular land 

features.  

 

A) Buildings 

Xiaoxia et al. (2004) report higher classification accuracy for building a database when 

different knowledge-based classifiers (e.g., fuzzy logic, membership function) are 

combined with object parameters such as spectral values, shape and texture. The use of 

edge-based watershed segmentation, in combination with differential morphological 

profiles, enables the extraction of buildings in urban areas at an accuracy of 72% (Jin et al. 

2005). Some researchers have used stereo pairs of urban scenes to derive object height. 

This is achieved by calculating the digital surface model (DSM) of the earth terrain, 

including non-terrain objects such as buildings, trees and vehicles, with a digital terrain 

model (DTM), which is comprised of only the bare earth surface. Thus, by using an existing 
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building database and the height derived from DSM and DTM, changes in features such as 

buildings can be detected (San et al. 2005). 

 

B) Roads 

Urban landscapes are ever-changing because of the rapid rate of development, which 

usually increases the complexity of the scene. This complexity poses difficulties in 

extracting features such as roads, owing mainly to the dense arrangement of buildings and 

other man-made objects in close proximity. In addition, the shadows cast by these objects 

raise difficulties in the extraction of roads based on spectral values. An object-based 

spectral and structural feature extraction approach, based on Support Vector Mechanics 

(SVM), was tested on IKONOS imagery to extract roads (Huang et al. 2009). An object-

based approach is used for road extraction from high-resolution data because it can reduce 

spectral variations during image segmentation and at the same time make use of 

geometrical features such as road objects. The use of outdated GIS maps as prior knowledge 

greatly increases the accuracy of primary or major road delineation (Peng et al. 2008). A 

different technique of scale space segmentation has been tried in order to extract roads from 

high resolution imagery, where image segmentation was followed by segment filtering 

using shape index, along with a measurement of rectangularity by area to shape ratio. A 

substantial accuracy of 93% was recorded for major roads while a moderate 54% accuracy 

was observed for secondary roads (Naouai et al. 2010).  

 

C) Vegetation 

Historically, high-resolution true-colour aerial photos have been widely used for mapping 

vegetation. The use of such remotely-sensed materials has always faced limitations due to 

their very limited field of view, which ultimately increases the cost of mapping larger areas. 

Similarly, the absence of an NIR band in many digital aerial photos hampers the accurate 

mapping of vegetation cover, due to its inability to calculate vegetation indices (Walker et 

al. 2005). Owing to the availability of VHR images from space-borne sensors, it is now 

possible to map and monitor urban vegetation. Mathieu et al. (2007) tested a two-stage 

hierarchical segmentation and classification method to extract private gardens and lawns 

within an urban residential area in Dunedin, New Zealand. High spatial resolution also 

provides sufficient details regarding the tree structure, leaf arrangement, canopy and more 

so that it is now possible to identify tree species in a given vegetation cover with object-

oriented analysis techniques (Hájek et al. 2005; Youjing et al. 2007; Iovan et al. 2008). 
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2.4 Existing hurdles for OBIA and VHR data 

 
Research carried out to date has indicated that refinements in spatial resolution and 

advancements in image analysis methodologies, especially in OBIA, have further 

facilitated land-cover classification efforts. Most of the OBIA methodologies have 

primarily targeted the identification and accurate extraction of individual land-cover   

categories, based on spectral and contextual information embedded in the image. 

Conversely, research attempts have also exposed certain limitations associated with urban 

feature classification methodologies and the datasets used. The available literature suggests 

that the existing limitations in accurately classifying features are primarily linked to the 

spatial and spectral diversities associated with elements in urban environments and the 

spectral resolution component of VHR imaging sensors, as described in the following 

section. 

 

When a typical urban landscape is observed through VHR multispectral imagery, the 

compact arrangement of different urban elements implies relatively few neighbouring 

pixels hold the information for different land-cover classes in very high resolution images 

(Herold et al. 2003). Furthermore, as described by Mesev (2003) ‘City structures do not fit 

neatly within idealised representation of image pixels: bluntly, if using say SPOT-P most 

buildings are not exactly 10m by 10m square! The typically complex mixture, irregular size, 

density and arrangement of artificial and natural land-cover types will produce reflectance 

values that are the  result of the interaction of more than one surface material, regardless 

of spatial resolution’. In contrast, at a fine spatial resolution the pixel size is smaller than 

in many urban features (Figure 2.4), causing the pixels under consideration to belong to the 

same land-cover class as that of neighbouring pixels (Blaschke et al. 2010).  
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Figure 2.4: Relationship between objects under consideration and their spatial resolutions: 

(a) Low resolution: the pixel is significantly larger than the object, sub-pixel techniques are 

needed. (b) Medium resolution: pixel and object size are of the same order, pixel by pixel 

techniques are appropriate. (c) High resolution: the pixel is significantly smaller than the 

object (Blaschke, 2010). 

 

Conversely, most of today’s VHR images contain four or fewer spectral channels, from 

which the spectral signatures of different urban features are unlikely to be easily separated 

(Chen et al. 2009). Spectral characteristic studies of urban features carried out by Herold 

et al. (2003) indicate that most of the spectral bands that are suitable for identifying urban 

land-cover classes lie outside or near the boundaries of the spectral range of high-resolution 

satellite images such as IKONOS or QuickBird. When spectral signatures dependent upon 

classification methods are applied to classifying urban scenes, the outputted thematic maps 

suffer from spectral noise and fragmentation in certain thematic classes (Ming et al. 2005), 

ultimately downgrading classification accuracy (Alpin et al. 1997). Additionally, land-use 

typologies retrieved from spectral signatures may be different to the typical functional 

nomenclature that is used in urban analysis, (Donnay et al. 2001), yielding additional 

interpretational difficulties. 

 

2.4.1 Other restrictions 

 

A) Shadows 

Shadows cast by features such as buildings in dense urban environments obscure much of 

the information in the input image and potentially lead to corrupted classification results or 

to mistakes (Dare, 2005). Space-borne optical sensors operate in a passive sensing mode, 

which depend solely on the sun as the source of energy. The orbital design of these VHR 

satellites always crosses the equator at 10.30 a.m. local time. This capability ensures 
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relatively stable atmospheric conditions for sensing .However, the low solar elevation 

results in long shadows for high-rise buildings and trees. Shadows can either cause loss of 

image information or a misinterpretation of land-use classes (Dare, 2005; Leblon et al. 

1996). Consequently, thematic maps derived from these images do not provide sufficient 

detail in some urban areas, as long shadows alter the reflectance properties of the features 

below (Haack et al. 1997).  

 

B) Interpretational restrictions 

Jin et al. (2005) reported that about 1% of the building area measured in aerial photographs 

could not be adequately mapped from satellite images due to their small geometry (shape 

and size) and proximity to other features in the given scene, indicating the need for a manual 

extraction of these buildings. These small objects (buildings) are well-represented in an 

aerial photo, where a pixel size is <0.1 m, but they may not be well-differentiated in a 

commercially available satellite image of 0.5 m spatial resolution. Furthermore, when 

extracting various types of buildings using GIS-based vector layers, it is essential to 

develop a model-building library that contains all possible shapes and sizes. Since this is a 

formidable task, this technique has a limited application. Similarly, the use of existing 

databases such as building data from the GIS confines its application to only those features 

that exist in both imagery and the vector data, affecting the classification of newly-

constructed or removed features, as these may have not been updated in the GIS database.  

 

C) Super-enhanced details 

A finer spatial resolution also imposes some unique challenges in the delineation of road-

like linear features, due primarily to the enhanced details of roads and related features. 

Certain elements such as vehicles, lane and other road markings that are invisible on coarse 

resolution images are now clearly visible on VHR images, easily affecting segmentation-

based image classification (Peng et al. 2008). Conventional methods of road delineation 

are capable of identifying linear roads in open areas, but fail to extract urban roads, 

especially secondary roads. This is because of the relative closeness of roads to other urban 

features in the background and of other features associated with them (Ni et al. 2008). Such 

a high degree of compactness in complex road-to-road junctions, especially in dense urban 

areas, affects the capabilities of existing classification methods (Hinz et al. 2003). In such 

cases, a further refinement of the classification algorithms is essential, specifically to 

extract secondary and minor roads in urban scenes.  
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2.5 A dilemma 

 
Constant refinements in the spatial resolution of space-born imagery (1 m or less) enables 

researchers to delineate more earth elements, especially urban features, in detail. Complex 

urban scenes can be comprised of a wide range of features such as roofs (various sizes, 

shapes, and colours); roads (asphalt, concrete, earthen); sidewalks; parking lots; lawns; 

gardens; tree cover and many other such details (Herold et al. 2003). This increases the 

feature diversity in terms of shape, size, texture, spectral signature, and scale in an urban 

scene (Donnay et al. 2001). A fine spatial resolution results in an increase in the overall 

spectral, spatial and scalar complexity across a VHR image. These factors jointly affect the 

performance and consistency of the established image segmentation methods such as global 

image thresholding (Sahoo et al. 1988), texture segmentation for spatial attributes 

(Hofmann et al. 1998), Markov random field models (Panjwani et al. 1995) and 

probabilistic segmentation (Gorte, 1998), methods that are otherwise successfully 

employed to categorize earth features into thematic land-use classes. This is largely because 

many of these methods suffer from inconsistency, due to under-or-over-segmentation and 

the variable scales of the target features, as most of these methods perform well only at a 

particular range of scales (Van de Voorde  et al. 2004).  

 

The simultaneous increase in the spatial resolution of the earth observation satellite images 

and in the level of detail in the standard land-use classification schemes (due to the addition 

of a number of subclasses) over the last few years has heightened the problem of mixed 

pixels and noise persistence, especially in urban areas, because of the extreme complexities 

in the spatial and spectral distribution of urban elements.  Although many attempts have 

been made to successfully classify urban scenes through the use of VHR images, human 

interpretation is still an essential component of such efforts in order to enhance accuracy. 

However human involvement increases the time and cost required for these processes. 

Similarly, extreme variations in different urban scenes prevent the standardisation of 

proven classification procedures, as these methods are scene specific. Consequently, there 

is a strong need for the incorporation of additional sets of information derived from other 

sensors, as these can complement VHR images in overcoming the limitations imposed by 

the sole use of one dataset (satellite images). 
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2.6 Data fusion 

 

2.6.1 Overview 

 

In data fusion, the information from a specific scene acquired by two or more sensors at 

the same time or separated by a short time is combined to generate an interpretation of the 

scene not obtainable from a single sensor (Pohl & Van Genderen, 1998). In the earth 

observation community, the use of additional data sources complementary to moderate and 

VHR imagery has been practiced for a long time. Most of the supplementary information 

is non-spatial, such as census reports and statistical tables and this is principally used to 

map various “quality of life” indices, which are associated with urban population and 

environment. Since the 1990s however, a growing trend for fusing complementary spatial 

information to increase the differentiation between various spectrally-similar land-covers, 

in order to overcome the obstacles associated with urban feature classification using 

multispectral VHR imagery, has been observed. Each process utilises different components 

of the images, procedures or results to generate more informative outputs, as depicted in 

Figure 2.5 (Jiang et al. 2010). 

 

 
Figure 2.5: An overview of data fusion techniques (Dai & Khorram, 1999). 
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Based on the process used, generally data fusion methods in remote sensing can be 

categorised into four groups, as follows: 

 

• Signal-level fusion. In signal-based fusion, signals from different sensors are 

combined to create a new signal with a better signal-to-noise ratio than the original 

signals. 

• Pixel-level fusion. Pixel-based fusion is performed on a pixel-by-pixel basis. It 

generates a fused image in which information associated with each pixel is 

determined from a set of pixels in the source image to improve the performance of 

image-processing tasks such as segmentation. 

• Feature-level fusion. Fusion at feature level requires an extraction of the objects 

recognized from the various data sources. It requires the extraction of salient 

features that are dependent on their environment, such as pixel intensities, edges, or 

textures. Similar features from input images are fused. 

• Decision-level fusion consists of merging information at a higher level of 

abstraction, combining the results from multiple algorithms to yield a final fused 

decision. Input images are processed individually for information extraction. The 

information obtained is then combined, applying decision rules to reinforce a 

common interpretation. 

 

There are no firm rules for categorising data fusion methodologies, as most of the data 

fusion techniques share some common ground (Gamba et al. 2005). Additionally, based on 

the nature of the data (sensors used, resolution, acquisition date), data fusion can be 

categorised into more categories, such as multi-resolution fusion. In multi-resolution fusion, 

information at different scales or resolutions is merged to obtain the strengths of both 

datasets, this typically being used in the characterisation of urban areas. Multi-temporal 

data fusion combines multi-date datasets from the same sensor to monitor change detection, 

urban expansion and other urban dynamics. Multi-sensor information fusion involves 

information from two or more different sensors being fused to generate information-rich 

content, typically used for urban land-cover classifications (Gamba et al. 2005). Depending 

on the application and need, either single or multiple data fusion procedures can be used to 

extract the desired information.  
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2.6.2 Data fusion in remote sensing  

 

Conventionally, data fusion involves combining high spatial resolution panchromatic (PAN) 

images with high spectral resolution images, in order to capture the radiance from different 

land-covers in a large number of bands. Multispectral images may not have the desired 

optimal spatial resolution, and can be inadequate to accomplish a specific identification 

task, despite their sound spectral resolution (González-Audícana, 2004). A combination of 

imagery, usually designated as “pan-sharpened”, offers the highest possible spatial 

information content, while still preserving good spectral information quality. Traditional 

pan-sharpening methods are dominated by an intensity hue-saturation- based 

transformation (IHS)  (Haydn et al. 1982; Carper et al. 1990; Chavez et al. 1991; Tu et al. 

2004), a principal component analysis (PCA) (Chavez & Kwakteng, 1989; Ehlers, 1991; 

Shettigara, 1992), and Brovey fusion (Gillespie et al. 1987; Pohl, 1996). Through this 

combination, the resultant new image is more suited to human and machine perception or 

for further image-processing tasks, such as segmentation, feature extraction and object 

recognition (Fonseca et al. 2007). Conversely, as the complexity of the landscape increases, 

a sole reliance on high-resolution spectral information is not sufficient for accurate land-

cover classification. Therefore, other data sources that provide information complementary 

to the satellite imagery have been investigated. 

 

2.6.3 LiDAR  
 

A new source of information, called Light Detection and Ranging (LiDAR), is increasingly 

used in the geospatial and remote sensing community for extracting urban elements. 

LiDAR offers high-resolution vertical and horizontal spatial information for various ground 

features (Brennan et al. 2006). Unlike other airborne or space borne sensing technologies, 

airborne laser surveys (ALS) or LiDAR is an active remote sensing method. It uses its own 

light source in the form of a laser. Topographic LiDAR usually works in the infra-red (IR) 

region electro-magnetic spectrum, which is mostly reflected by land features. LiDAR is a 

three-dimensional remote sensing technology, where planimetric and vertical positions can 

be obtained as direct measurements of three-dimensional geometric points (object co-

ordinates). As a result there is no need of applying image matching, Ortho-rectification and 

other pre-processing methods that generally essential for aerial imagery to remove 
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distortion due to off nadir view Shan et al. (2007). This property makes LiDAR data very 

useful in urban applications where distortion and image matching are considered as 

problem areas. Further LiDAR offers sub-meter resolution and positional accuracy in 

centimeter, which further extend its potential in urban remote sensing. LiDAR technology 

has been in existence for over 20 years, but its commercial applications for topographic 

surveys have only been developed within the last decade. Increasing interest has been 

directed at the applications for LiDAR data in core urban area mapping due to the 3D 

structure of the urban environment (Wurm et al. 2011).  

 

2.6.4 LiDAR basics 

 

A) Principle 

Range (distance) detection is the primary objective of all LiDAR systems, and is achieved 

by measuring the travelling time between the transmitted and received laser pulse. Figure 

2.6 illustrates a typical LiDAR system, in which R is the distance between ground features 

and a LiDAR sensor, tL is the travelling time of a LiDAR pulse, and C stands for the velocity 

of light. The range R is thus calculated as:  

 

R = ½ C .tL ……………………….………………………………… (2.1)                                                                                                                                                           
Where  

tL = (tt  + tr) …………………………………………………………..(2.2)    

 

 
Figure 2.6: Typical LiDAR pulse (Wehr et al. 1999). 
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As the altitude of the LiDAR sensor above ground is known, the variation in tL is correlated 

with the elevation of the features on the ground (for high elevation objects, tL will be 

smaller). These returned signals are recorded as cloud points, along with ancillary data such 

as the geographic location co-ordinates of the sensor (X, Y, Z) and sensor orientation 

parameters (φ, ω, κ), the scan angle of the laser pulse (α) and the target position. Figure 2.7 

shows the ground surface generated from collected LiDAR cloud points over open ground. 

 
Figure 2.7: LiDAR surface generation (Burtch R. 2002). 

 

B) Components and functioning 
A LiDAR system is comprised of three major parts (Figure 2.8a): a laser scanner and 

cooling system, a Global Positioning System (GPS), and an Inertial Navigation System 

(INS). The scanner consists of a transceiver, which transmits and records the laser pulses, 

along with the difference in time between the transmission of the laser pulses and the 

reception of the reflected signal. A typical LiDAR system operates in the infra-red region 

of the electromagnetic spectrum at a pulse rate of 5-50 kHz (Shan et al. 2007). Depending 

upon the nature of the surface, part of the LiDAR pulse is reflected from the surface, while 

the rest of the pulse keeps travelling until it encounters other objects, which results in the 

reflection of other parts of the pulse. As a result, multiple returns are recorded for single 

transmitted pulses (Figure 2.8b).  
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Figure 2.8: a) LiDAR components (Gibeaut et al. 2007) and b) LiDAR multiple returns 

(Lohani, B.). 

A mirror-mounted laser scanner sweeps the ground at an angle, back and forth along a line. 

The position and orientation of the aircraft are determined and recorded by using GPS and 

INS systems. Depending upon the actual requirements, the LiDAR system can be operated 

at various scan frequencies and at different altitudes.  

 

Typical operating specifications permit flying speeds of 50-200 knots, at heights of 100 to 

5,000 m and scanning angles of up to +/- 20 degrees. Pulse rates can range between 2,000 

and more than 100,000 pulses per second. After the flight, the vectors from the aircraft to 

the ground are combined with the aircraft position at the time of each measurement to 

compute the three-dimensional XYZ coordinates of each ground point (Fras et al. 2007). 

The new generation of LiDAR systems is capable of recording the additional properties of 

all backscattered LiDAR signals (Wagner et al. 2004), offering additional information such 

as intensity data. The LiDAR intensity reflects the strength of reflected light to that of 

emitted light, and is mainly influenced by the reflectance properties of the target. Hence, 

the intensity of the returned pulses from LiDAR varies with the characteristics of the 

materials and with the light used (Song et al. 2002), enabling researchers to analyse the 

physical properties, nature and dimensions of the reflecting surface in detail (Mallet et al. 

2008).   

 

2.6.5 Urban landscape and LiDAR data 

 

LiDAR data provides an accurate object height and is represented as a point cloud 

(Figure 2.9). The data is effective in differentiating man-made objects, such as buildings in 

the urban scene.  

b a 
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Figure 2.9: Typical LiDAR point cloud data. 

 

Rottensteiner et al. (2007) however, indicate that the use of LiDAR data alone imposes 

certain limitations in extracting buildings of various dimensions. Smaller building 

footprints are difficult to separate from ground points and the intersection lines of 

neighbouring roof planes may not be computed correctly, due primarily to the scattered 

distribution of LiDAR footprint points (Chen et al. 2009). The explanation is that the point 

format of the 3D LiDAR data accurately provides height values, but lacks break-line 

(boundary lines) information related to objects. As a result, identifying object 

boundaries from a point cloud is difficult. In addition, the difference in the LiDAR data 

format (point cloud) and satellite images (raster-pixel) imposes restrictions on direct 

integration, indicating the need for further processing in order to extract terrain or 

semantic information from the LiDAR data (Zhang, 2011).  

 

To overcome the problems encountered in LiDAR data integration, it is suggested that the 

elevational information associated with point cloud LiDAR data be converted to regular 

grid raster data. This conversion is achieved by processing LiDAR points to generate 

Triangulated Irregular Networks (TINs), from which a high-quality digital surface model 

(DSM) and a digital terrain model (DTM) are derived (Charaniya et al. 2004). The 

difference between a DSM and a DTM, known as a normalised digital surface model 

(nDSM), is calculated to define non-terrain or above-ground objects (Tao & Yasuoka, 

2002). The output of DSMs, DTMs and nDSMs is generated as a grayscale or shaded relief 

raster image (Giglierano, 2006) and is used as an additional band in object-based image 

classification algorithms. 
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2.6.6 LiDAR intensity 

 

So far, the research on LiDAR has focused primarily on the fast and accurate representation 

of terrestrial land, based on geo-referenced and unstructured 3D point clouds; hence the 

targeting of the LiDAR altimetry data and the differentiation between ground and non-

ground objects such as buildings and their surroundings. As LiDAR technology has 

advanced over the last few years, a new generation of LiDAR systems, capable of recording 

all the backscattered signals of LiDAR has emerged (Wagner et al. 2004), offering 

additional information such as intensity data. Some attempts have been made to test the 

feasibility of using LIDAR intensity values for feature classification. The variations in 

intensity values, along with the DSM extracted from LiDAR, has proven useful in the 

identification of glacial features (Arnold et al. 2006). Since LiDAR scanning usually 

operates in the near-infrared region, the NIR intensity image has been successfully used in 

the classification of cottonwood vegetation (Farid et al. 2006). A study carried out by Fras 

et al. (2007) explores the relationship between measured LiDAR intensity, the scan angle, 

and the range of a LiDAR scanner. The research suggested that normalising the intensity 

values could be beneficial for identifying land-use features. The intensity values of LiDAR 

pulses are still unexplored and not many efforts have been made to classify the urban 

landscape using LiDAR intensity values. The integration of LiDAR-derived intensity 

values as an additional spectral band, with multispectral pixel values from VHR satellite 

images, could be useful to improve feature extraction and a land-cover classification, 

especially in urban areas. 

 

2.6.7 LiDAR and VHR fusion 

 

In some of the earlier attempts at LiDAR and VHR data integration, DSM derived from 

LiDAR was successfully fused with multispectral aerial imagery to classify five LU/LC 

classes, including buildings, which highlighted the importance of elevation data for the 

separation of the feature classes (Haala & Brenner, 1999). Though Maas and Vosselman 

(1999) automatically extracted building models from a LiDAR point cloud, they suggested 

that LiDAR point cloud data could be fused with multispectral imagery to achieve better 

classification results. Unlike traditional pixel-oriented methods of feature extraction, 

recently developed object-oriented segmentation and classification methods are capable of 
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integrating   multisensory (LiDAR and multispectral imagery) information. As a result, 

object-based segmentation methods are increasingly applied to LiDAR and VHR data. Kim 

& Muller (2002) compared building footprint detection efficiency, using a DEM generated 

from an IKONOS stereo pair and LiDAR. They reported an increase in building delineation 

capabilities when multispectral IKONOS and LiDAR data was both used. In another study, 

Rottensteiner et al. (2005) applied the Dempster–Shafer theory as a data fusion framework 

for building detection, using multi-spectral airborne orthophoto bands and LiDAR data. A 

decrease in accuracy for the building class was observed when the building size (area) 

decreased. In an integrated segmentation classification undertaken by Chen et al. (2004), a 

QuickBird image, aerial imagery and LiDAR nDSM were fused to model buildings in an 

urban area. Spectral information obtained from multispectral QuickBird data was used to 

differentiate vegetated and non-vegetated areas, while texture information was obtained 

from aerial images to assist in identifying building regions.  

 

In another attempt, Syed et al. (2005) argue the superiority of the object-oriented 

segmentation and parametric classifier over the maximum likelihood classifier on fused 

LiDAR nDSM and multispectral imagery. The authors indicate that a segmentation-based 

classification not only effectively integrates the elevation information (nDSM) into the 

process, but that the parametric rule sets derived from the combined spectral and nDSM 

information significantly increases the classification accuracy for complex land-covers 

such as buildings and impervious areas. Several researchers have suggested that various 

spectral indices could be useful if combined with LiDAR nDSM data. Better classification 

accuracy was observed for urban vegetation when a Soil Adjusted Vegetation Index (SAVI) 

and a Normalised Difference Blue band Index (NDBI) were combined with nDSM (Aguilar 

et al. 2012). Dinis et al. (2010) reported better separability for spectrally-complex bare soil 

and road classes by applying NDBI values to fused LiDAR and QucikBird imagery. 

 

Multiple LiDAR returns reflected from an object (Figure 2.8b) can provide additional 

information about the feature. Rottensteiner et al. (2004) propose that the height difference 

between the first and last pulses could improve building detection in urban areas. The 

researchers further argue that the products of LiDAR DSM such as slope and local 

curvature could be used to differentiate flat roofs from tiled roofs. The close proximity of 

different elements such as trees and buildings could lead to classification inaccuracies, due 

to the overlapping of features. Investigations by Sohn et al. (2007) have indicated that the 
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use of the Recursive Terrain Fragmentation (RTF) algorithm on LiDAR data, subsequent 

to knowledge-based classification, can detect and separate building “blob” from 

surrounding objects such as trees. LiDAR nDSM helps in identifying building footprints, 

but rasterized nDSM values can be used effectively when identifying high and low 

buildings. Chen et al. (2009) combined nDSM derived from a LiDAR dataset with the 

spectral and spatial attributes of QuickBird imagery in image segmentation and 

classification, and reported increases of up to 92.5% and 92.68%, respectively in the 

classification accuracy for high and low buildings. In a recent attempt, O’Neil-Dunne et al. 

(2012) achieved 94% classification accuracy for urban features in Philadelphia, USA, using 

the Z-derivation layer, calculated and extracted from LiDAR nDSM data. Unlike results 

derived from the nDSM layer, the deviation in Z (elevation) values can be useful in 

differentiating between buildings (low Z-deviation) and trees (high-Z deviation).  

 

Samadzadegan et al. (2009) discusses the limitations in differentiating spectrally similar 

urban features from multispectral images. The integration of the first and last LiDAR pulse 

range, as well as intensity data in a multiple-image classifier system based on two classifiers, 

was used to overcome these limitations. The use of height information alone in road 

extraction can encounter difficulties in classifying high crossroads, such as multi-storied 

highways and intersections, due primarily to the confusion between building heights and 

road heights. Chen et al. (2009) demonstrated that the combination of LiDAR height and 

the ratio of the length and width of image objects proved useful in separating high roads 

and buildings. Additionally, LiDAR scanning of roads reveals homogenous reflectivity 

values, absolutely crucial for the accurate demarcation of roads, in contrast to optical VHR 

images in which lane marks, junction signs, and vehicle-like non-road objects often affect 

the classification process (Hu et al. 2004). 

 

Vegetation in urban areas can have different patterns and irregular distributions, such as 

small vegetation patches surrounded by impervious areas, or shrubs or bushes in close 

proximity to buildings. The standard classification methods based on spectral indices and 

a spectrally-derived signature for forest areas are therefore less applicable to urban areas 

(Rutzinger et al. 2007). Conversely, LiDAR reflectance from vegetation (trees) is 

characterised by multiple returns as it is bounced and reflected from the complex leaves 

and branches of trees, due to their geometry and arrangement. This characteristic plays a 

vital role in identifying trees in urban areas (Rutzinger et al. 2007). It is possible to use 
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LiDAR to identify vegetation patches or individual trees located in a shadowed region. 

Typically, such vegetation cover might be indistinguishable from multispectral imagery 

due to a changed spectral response. Therefore, geometrical parameters such as height, 

canopy area and perimeters, derived from LiDAR point clouds, have to be used to 

differentiate closely adjoining objects such as trees from other objects such as buildings 

and roads (Haala et al. 1999). The integration of point- specific information such as the 

distribution of LiDAR points along with the number of LiDAR returns with multispectral 

imagery has great potential in distinguishing trees in urban areas (Holmgren et al. 2008). 

 

Subsequent to the launch of WorlView-2, the first commercial VHR eight band satellite, 

investigators attempted to use the additional information in conjunction with LiDAR data. 

In one of the earlier attempts, LiDAR elevation and WorldView-2 multispectral data is 

combined to identify six land covers in San Francisco (Berger, et al. 2012). LiDAR 

elevation is used in a rule-set based classification scheme to distinguish elevated and non-

elevated features followed by land cover identification. The customised classification 

methods yields 89% accuracy, indicating the effectiveness of the Worldview-2 data in 

fusion methodologies.In one of the recent studies Hamedianfar et al. (2014) fused pan-

sharpened WorldView-2 data with LiDAR elevation. A complex rule-set based 

classification scheme was devised to identify 14 land categories in a university campus in 

Malaysia. The study recorded 93% classification accuracy when segmentation based 

classification scheme was used.  

 

2.7 LiDAR- VHR fusion research: future scope 
 

Up till now, substantial research has been directed at fusing VHR imagery with LiDAR 

data for urban applications. Yet most of the feature extraction-classification methods tend 

to be feature-specific (e.g. buildings and roads). These are however unsuitable for 

comprehensive land-cover mapping, particularly in projects that require LiDAR to be 

integrated with images and existing GIS data (O’Neil-Dunne et al. 2012). Methods 

explored so far suffer from a lack of robustness in adapting to various interpretation 

parameters and to automation in feature extraction. These methods tend to be ill-suited to 

detecting different adjacent features, such as buildings or roads in close proximity to trees. 

Since the methodologies used rely on topographic and geometric criteria, they are sensitive 
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to large off-terrain objects (Mallet et al. 2008). Some of the recent studies (Hamedianfar et 

al. 2014 & Berger, et al. 2012) that produced land cover data with acceptable accuracy did 

not address the urban feature extraction problem completely. These rule-set based methods 

may need exclusive parameters and complex rules set to achieve the desired results. 

Furthermore such methods may fail to adapt rapid changes that are taking places in OBIA 

and in senor technology. Consequently, existing feature classification methods are not 

suitable over widely diverse urban scenarios, indicating a vast scope for refinement through 

the flawless integration of complementary VHR and LiDAR datasets. This situation also 

opens up opportunities to develop an agile and modular classification workflow capable of 

responding and adapting to the changes that are taking place in the remote sensing and data 

fusion domain. 

 

PAN-sharpening and other related image processing methods used to enhance the spatial 

resolution of multispectral images might degrade spatial and spectral characteristics and 

affect classification accuracy (Ehlers, 2007). On the other hand, LiDAR intensity values 

can provide substantial information about the spatio-physical properties of reflecting 

surfaces (Mallet et al. 2008). Therefore it is critical to analyse the feasibility of using 

LiDAR intensity values as a supplementary classification parameter. By fusing LiDAR 

intensity values with high resolution PAN images, it is possible to maintain the high spatial 

resolution of PAN imagery while enhancing the separation of various urban features that 

are similar to each other on multispectral images. 

 

2.8 Summary  

 

As the need for geospatial information increases over time, new sources of remote 

sensing data with advanced abilities have become available. It is now possible to extract 

information from high-resolution remotely sensed imagery, as well as from alternative 

sources such as LiDAR. This chapter presents a comprehensive review of urban land-

cover classification from remotely sensed imagery, and the advances in object-based 

image classification that have been achieved to date. Also reviewed in this chapter are 

supplementary data sources such as LiDAR and data fusion methods. The chapter also 

identifies the limitations and obstacles associated with these data fusion procedures. 

From the literature it can be concluded that despite substantial progress in remote 
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sensing-based urban land-cover classification and in data fusion, most of the existing 

fusion-classification methods are scene specific, and mapping accuracy is degraded 

when delineating features in dense core urban areas. Furthermore, these methods also 

show a limited robustness in adapting to various interpretation parameters, indicating the 

need for additional investigations to develop a comprehensive scene-independent 

workflow for flawless data integration. 
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Chapter 3: Methodology 
 

This chapter elaborates various procedures used in the processing of the input data in order 

to compute results and perform analyses. The process involves selection of the study area, 

input datasets, data pre-processing and segmentation, followed by classification. Figure 3.0 

broadly outlines the major steps involved in the study. 

 

 
Figure 3.0: An overview of the various stages in the data processing.  
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3.1 Study area 

 

Auckland is the largest city in New Zealand, and the country’s economic capital and major 

business hub. The Auckland region covers an area of 637 km2 and is administered by the 

Auckland Council. It is located on a narrow isthmus between the Waitemata and Manukau 

Harbours in a field of dormant volcanoes. Auckland Harbour is the major business port, 

with wharves and extensive impervious surfaces. The region has a population of 1,415,550 

(Statistics NZ, 2013), which is about 32% of the country’s total population (average density 

of 1,227.7/km2). Opportunities in both the retail and business sectors have led to an increase 

in the city’s population, causing rapid expansion and urbanisation.  

 

 
Figure 3.1: Study area: - Auckland CBD (DigitalGlobe 2011). 

 
This dissertation focuses on the central business district (CBD), recognised as the core 

urban area. It is dominated by impervious surfaces that often result in extreme spectral 
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variations and low land-cover classification accuracies. This area was selected because it 

exhibits a compact juxtaposition of buildings, roads and other impervious areas, all having 

spectrally complex surfaces. The area extends from Westhaven and Freemans Bay to 

Mechanics Bay in the north, to the upper Queen Street motorway junction and then to the 

Grafton Hospital campus in the south. The CBD is home to many new commercial and 

residential buildings, which exist alongside a dense network of roads and a major spaghetti 

junction, formed by the conjunction of the northern and southern motorways. The Auckland 

University (city campus) encompasses both high and low-rise buildings, with green patches 

of vegetation and recreational areas. The study area also includes residential zones with 

commercial strips and an urban green space.  

 

3.2 Data 
 

Both satellite imagery and LiDAR data have been collected and used for this study.  

 

3.2.1 Satellite imagery 

 

A very high spatial resolution WorldView-2 multispectral image (DigitalGlobe) of central 

Auckland was acquired on 30th October 2010 (Figure 3.2) and is used as the primary data 

source. It covers an area of approximately 25 km2 in size and includes the CBD. From the 

25 km2 of satellite data, 3.75 km2 of the central city area, as highlighted in Figure 3.2, was 

selected and used for the investigation. The satellite image was supplied by GeoImage 

Australia, and was distributed as a package of radiometrically corrected panchromatic and 

multispectral 16 bit GeoTIFF bands.  
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Figure 3.2: WorldView-2 imagery coverage of central Auckland. Study area                        

(CBD) is marked by a yellow polygon. 

 

Both panchromatic and multispectral bands have been system-corrected using a DEM, and 

have been ortho-rectified to the WGS84/60S projection. The panchromatic band has a 

wavelength range of 447–808 nm with a spatial resolution of 0.5 m. The multispectral 

image consists of eight spectral channels with a spatial resolution of 2 m. Unlike the 

predecessors of high resolution images (IKONOS, QuickBird, GeoEye) which are capable 

of sensing in four standard spectral bands (NIR, red, green blue), the WorldView-2 imagery 

consists of four additional spectral channels which add coastal blue, yellow, red-edge and 

NIR2 (DigitalGlobe) to the mix. The spectral response of the WorldView-2 multispectral 

sensor is summarized in Table 1 and Figure 3.3 as follows:  
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Table 1: Spectral channels of WorldView-2 imagery (DigitalGlobe) 

 

 

 
 

 
Figure 3.3: Spectral radiance response of the WorldView-2 multispectral sensor 

(DigitalGlobe). 

 

 

Panchromatic 
WV2 627 447 808

Coastal Blue 427 396 458
Blue 478 442 515

Green 546 506 586
Yellow 608 584 632

Red 659 624 694
Red Edge 724 699 749

NIR1 833 765 901
NIR 2 949 856 1043

Band Name
Minimum 

Lower Band 
Edge (nm) 

Center 
Wavelength 

(nm)

Maximum 
Upper Band 
Edge (nm) 
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3.2.2 LiDAR 

 

LiDAR data acquired between 2005 and 06 was provided by New Zealand Aerial Mapping 

Ltd. (NZAM). The data was captured using the ALTM-3100EA scanner, and supplied in 

the LAS point cloud (version 01) format. The LiDAR data is comprised of both ground and 

above-ground points at an average density of 1 point/m². 

 
Figure 3.4: LiDAR point cloud data coverage: - Auckland CBD (NZ Aerial Mapping). 

 

Point cloud data is separated into ground and above-ground points and is delivered in eight 

tiles; these cover the entire study area (Figure 3.4). The LiDAR information is 

geographically referenced using the New Zealand Transverse Mercator (NZTM) projection 

along with the Auckland 1946-MSL vertical datum. More details on the data are supplied 

in Table 2. 

 

Table 2: Technical specifications of the LiDAR point data (NZAM supplied) 
 

 

Point spacing approx 1pt/sqm approx 1pt/sqm
File format LAS LAS
Projection NZTM NZTM

Data suplied 1:1,000 tiles (480m x 720m) 1:1,000 tiles (480m x 720m)

Classification ground points.
above-ground first-of-many 

returns, and above-ground only 
returns

Ground Points Above-ground Points
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3.3 Computational resources used  
 

The collected data was processed in a Dell desktop computer running on Windows 7. The 

computer was a 32-bit OptiPlex (series 990) personal computer with Intel Core i5-CPU @ 

3.30GHz processor. Other parameters included a 4GB RAM and 500 GB of on-board and 

59 TB of networked hard disk space. This computer was used for storage, routine 

processing and analysis. High-end computers, with Intel Xenon W3565 @ 3.50GHz 

processor, 64-bit windows 7 operating system, 12 GB RAM and NVidia Quadro 2000 

graphics were also used for memory-intense operations. 

 

3.3.1 Software used                                                                                                                                           
 

A variety of software packages was used for processing the satellite and LiDAR datasets, 
including image segmentation, classification and analysis. 
 
ERDAS Imagine 2011 
An Intergraph geo-spatial solution, ERDAS (Earth Resource Data Acquisition System), is 

the leading tool for processing remotely sensed data (ERDAS 2010). The software is used 

for image preprocessing including data import, geo-rectification, re-projection, spectral 

index image generation, LiDAR intensity, elevation image normalization, and more. 

 
LAStools 
Developed by Martin Isenburg, LAStools is a collection of highly efficient, scriptable, 

multi-core command-line tools (with GUI and ArcGIS toolboxes) that are used for 

processing LiDAR data and are built upon the LGPL open-source library LASlib 

(http://rapidlasso.com/lastools/). LAStools is used for a range of LiDAR data processing 

activities. 

Trimble (Definiens) eCognition Developer 8.64 
Developer 8.8 is one of the most advanced image analysis pieces of software and was 

developed by Definiens Enterprise in Munich, Germany. The software is based on patented 

Cognition Network Technology, which mimics the human understanding of images 

(Definiens, 2010). The software is used to integrate multisource satellite images and 

LiDAR data, to perform image segmentation, parameter identification and rule-based land-

cover classification.   
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ESRI ArcGIS 10 
ESRIs ArcGIS is the most widely used GIS package in the geospatial industry. It is capable 

of carrying out numerous tasks such as database generation, raster-vector data integration, 

and 2D/3D data analysis related to geospatial data. As this dissertation research involves 

the use of a variety of datasets in different formats, ArcGIS is primarily used for data 

conversion, Triangulated Irregular Network (TIN) generation using LiDAR point data, 

elevation models, and the extraction of contours from raster data. These products will be 

used as image segmentation parameters during feature extraction. 

 
3.4 Data pre-processing      
 

In order to utilise WorldView-2 imagery and LiDAR data, a series of pre-processing steps 

were performed.  

 

3.4.1 Satellite images 

 

This involves re-projection and a reference check of the satellite imagery, the pan-

sharpening of multispectral imagery and the generation of ancillary spectral indices using 

various band combinations of pan-sharpened multispectral WorldView-2 imagery.  

 

A) Geo-rectification 

Both the panchromatic and multispectral images were re-projected to the NZTM projection 

using ArcGIS 10. Projection parameters used for the transformation are described in Figure 

3.5. 

- 49 - 
 



 

 
Figure 3.5: Projection parameters used for WorldView-2 image re-projection. 

 

The accuracy of the geo-transformation from UTM to NZTM is validated by employing a 

different approach instead of the standard RMS error. This is due to the possibility of errors 

being introduced while recording the positional coordinates of reference ground control 

points (GCP) using a standard GPS unit. The area selected for the study is characterised by 

high-rise buildings which present a compact arrangement of various urban features. Their 

close proximity, along with the height of neighbouring features, could interfere with and 

obstruct the GPS signal (GPS shading), resulting in frequent signal dropout and inaccurate 

positional readings by the GPS unit.  

 

A multi-tier process was adopted to overcome any possible errors brought about by GPS 

shading. Twenty three sample points across the study area were selected as GCPs. Their 

selection was based on known landmarks easily recognisable in the field survey, the 

WorldView-2 image and in the reference datasets. These selected points included road 

markings (eg: pedestrian crossing lines and traffic junctions), footpath corners, open 

impervious areas, and lawn markings. Primary sites were selected by using Google maps, 

followed by field validation. The accuracy of positional coordinates acquired during the 

GPS field survey was cross-validated against the Auckland Council’s GIS viewer (Figure 

3.6).  
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Figure 3.6: Public GIS viewer interface of Auckland Council. 
 
The GIS viewer provided by Auckland City Council is an official online data viewer, 

designed to access a variety of spatial (raster, vector) and non-spatial (rates, attributes and 

other) information. Geospatial data hosted by Auckland Council possesses similar 

projection parameters as in those described in Figure 3.7. The raster data grid incorporates 

aerial imagery with a ground sampling distance (GSD) of 0.075 m, and a positional 

accuracy of ±0.3 m (Auckland Council). The map-coordinate capturing tool used by the 

viewer captures the coordinates for the selected 23 reference points (Figure 3.8). This tool 

enables the grabbing of coordinates for the desired location in both the coordinate systems, 

NZTM and WGS84 (decimal degrees).  

  

                     
Figure 3.7: Capturing the map coordinates for selected reference points. 
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The GPS readings and reference coordinates from the Auckland Council were cross-

referenced and necessary corrections were then made to the GPS data. Finally, the corrected 

GPS field data was used to re-project the WorldView-2 image (Figure 3.8) at a horizontal 

accuracy of 1 m. This process not only overcame possible errors in the GPS readings, but 

also validated the accuracy of the vendor-supplied geo-referenced WorldView-2 images to 

1 m.  

 

 
Figure 3.8: Reference GPS field survey points used for accuracy validation. 

 
 
B) Pan-sharpening 

To take full advantage of the high spatial resolution (0.5 m) PAN band, the 2 m resolution 

multispectral bands were subjected to Pan-sharpening. Pan-sharpening is a process 

whereby the low spatial frequency component of a multispectral image is substituted with 

that of the high spatial frequency elements from a panchromatic band. The resulting 

multispectral imagery thus benefits from the higher spatial resolution of panchromatic data 

(Palubinskas et al. 2012). Over the years, a variety of Pan-sharpening algorithms have been 

devised and used widely. These include the HIS - Intensity-Hue-Saturation transformation 

(Choi, 2006; Karathanassi et al. 2007); the modified HIS (Siddiqui, 2003; Kumar.et al. 

2011); Brovey (Du et al. 2007;  Bovolo et al. 2010); PCA or principal component analysis  
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(Shah et al. 2008); the GS-Gram-Schmidt (Kumar et al. 2009); the Ehler (Ehler et al. 2010); 

the HPF-high pass fusion  (Wald et al. 1997); the wavelet transform (Shi et al. 2005; Acerbi 

et al. 2006) and the discrete wavelet transform (Li et al. 2005). 

As described by Padwick et al. (2010), the standard Pan-sharpening process involves the 

following stages:  

 

• Up-sampling: the multispectral pixels are up-sampled to the same resolution as the  

    panchromatic band; 

• Alignment: the up-sampled multispectral pixels and the panchromatic pixels are   

   aligned to reduce artefacts caused by mis-registration (generally, when the data comes       

   from the same sensor, this step is usually not necessary); 

• Forward Transform: the up-sampled multispectral pixels are transformed from the  

   original values to a new representation, which is usually a new colour space where  

   intensity is orthogonal to colour information; 

• Intensity Matching: the multi-spectral intensity is matched to the panchromatic  

   intensity in the transformed space; 

• Component Substitution: the panchromatic intensity is then directly substituted for  

   the multi-spectral intensity component; 

• Reverse Transform: the reverse transformation is performed using the substituted  

   intensity component to transform back to the original colour space. 

 

Most of the commercial images processing software packages possess a range of Pan- 

sharpening algorithms as a standard toolset. Selection of the most appropriate method 

depends upon the needs and the imaging sensor used. The ERDAS 2011 software used for 

this dissertation offers multiple Pan-sharpening tools such as the subtractive resolution 

merge, the High Pass Filter (HPF) resolution merge, modified-HIS, Wavelet merge, Ehlers 

fusion, Resolution merge (Principal Component Analysis, Brovey, and Multiplicative), and 

Hyper spectral Colour Space (HCS) resolution merge. 

 

This dissertation focuses on the spectrally complex urban environment; therefore 

preservation of the full spectral information at a higher spatial resolution has been identified 

as a key requirement to achieving better classifications. The WorldView-2 multispectral 

imagery used in this research possesses eight spectral channels. The resulting sharpened 
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image must retain full spectral information derived from the eight spectral bands, with 

minimal spatial degradation. Three of the nine Pan-sharpening methods (subtractive 

resolution merging, Brovey and modified-HIS) failed to satisfy this minimum requirement 

of retaining full spectral information. This is largely due to the fact that all three methods 

are designed for images with four or fewer multispectral channels, such as IKONOS or 

QuickBird images, and the outputs are restricted to three-band multispectral images only. 

The five remaining algorithms (HPF, Multiplicative, PCA, Ehlers, Wavelet and HCS) are 

capable of retaining full spectral information (eight spectral channels) in the resultant 0.5 

m Pan-sharpened imagery. These algorithms were applied to the WorldView-2 PAN and 

multispectral bands. In all the methods tested, the default parameters settings suggested by 

the software were adopted.  

 

The resulting Pan-sharpened images were subjected to comparative analysis to identify 

spatially and spectrally consistent data suitable for the research. The multispectral and Pan-

sharpened test imagery outputs were rescaled to unsigned 8-bit data, using the nearest-

neighbour resampling method for the purpose of comparison and analysis. To test spectral 

consistency, 23 sample locations (Figure 3.9) representing various land features in the study 

area were identified (Table 3).  
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Figure 3.9: Locations of the samples selected for spectral profile comparison. 

 

A spectral profile of 8-bit unstretched images for each location was produced using the 

spectral profiler tool in ERDAS 2011. The process was repeated for each of the imagery 

outputs, each being sharpened using one selected algorithm. The variations in spectral 

response from the Pan-sharpened images to that of the original multispectral images were 

assessed. Spatial reliability was analysed based on visual interpretation.   
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Table 3: Details of the test sites used for spectral profile comparison 

 

 
The WorldView-2 panchromatic (Figure 3.10) and multispectral images (Figure 3.11) are 

presented along with the spectral profiles for the sample points (Figure 3.12). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.10: WorldView-2 panchromatic image (0.5m spatial resolution, 1 spectral band). 
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Figure 3.11: WorldView-2 eight band multispectral image (2 m spatial resolution),                 

band combination used 7, 5 and 3. 

 

 
Figure 3.12: Spectral profiles of the WorldView-2 multispectral image at 23 sample sites. 

 

The resultant Pan-sharpened images obtained by using HPF, Multiplicative, PCA, Ehlers, 

Wavelet and HCS algorithms available in ERDAS 2011 are described below. 
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i) HPF resolution merging 

HPF resolution merging was first proposed by Schowengerdt (1980). It involves 

convolution using a high pass filter (HPF) on the high-resolution panchromatic data, the 

output then being combined with the low-resolution multispectral data. The low-resolution 

multispectral image is resampled to the pixel size of the high-resolution image using a 

bilinear algorithm (4 nearest neighbours). The resulting HPF image, therefore, has the same 

pixel size as the high resolution image (ERDAS). During processing, all the default 

parameters of kernel size (9), centre value (24), weighting factor (0.50), and R (4) were 

adopted (Figure 3.13).  

 

 

 

 

 

 

 

 

 

 

 

Figure 3.13: WorldView-2 HPF resolution merged image.  

 

 
Figure 3.14: Spectral profiles of sample locations on the HPF resolution merged image. 
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ii) Multiplicative merging  

This method is based on the computation of four possible arithmetic methods (addition, 

subtraction, division, and multiplication) that are then incorporated into an intensity image. 

The technique was proposed by Crippen (1989) and is a simple arithmetic integration, 

involving the multiplicative algorithm that assimilates the two raster images (ERDAS) 

(Figure 3.15).  
 
 
 
 
 
 
 
 
 
 

 

 

 

 

Figure 3.15: WorldView-2 multiplicative resolution merged image.  

 

 
Figure 3.16: Spectral profiles of sample locations on the multiplicative resolution merged 

image. 
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iii) PCA-based fusing   

This method calculates the principal component (PC) ranges for the available set of images 

and remaps the high-resolution image into the data range of the principal component 1 

(ERDAS). At the end, an inverse principal component transformation is applied to the 

image (Figure 3.17). Chavez et al. (1991) used the forward-reverse principal component 

transforms to enhance Landsat-TM data, using a high resolution SPOT panchromatic 

image.        

 
Figure 3.17: WorldView-2 PCA resolution merged image.  

 

 
Figure 3.18: Spectral profiles of sample locations on the PCA resolution merged image. 
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iv) Ehlers fusion  

Devised by Ehlers (2004), this procedure involves IHS transforms coupled with Fourier 

domain filtering. The technique was extended to include more than three bands by using 

multiple IHS transforms until the number of bands was exhausted (Figure 3.19). In an 

extended process, a subsequent Fourier transform of the intensity component and the 

panchromatic image allowed an adaptive filter design in the frequency domain (Klonus & 

Ehlers, 2007). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.19: WorldView-2 Ehlers resolution merged image.  

 

 
Figure 3.20: Spectral profiles of sample locations on Ehlers resolution merged images. 
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v) Wavelet resolution merging 

This process is based on the theory of wavelets (short, discrete signals), where transform is 

applied to the panchromatic image, resulting in a four-component image containing 

information on local spatial details. The low-resolution component is then replaced by a 

selected band of the multispectral image. This process is repeated for each band until all 

bands are transformed. A reverse wavelet transform is applied to the fused components to 

create the fused multispectral image (Figure 3.21). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.21: WorldView-2 Wavelet resolution merged image. 

 

 
Figure 3.22: Spectral profiles of sample locations on a Wavelet resolution merged image. 
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vi) Hyper-spectral colour space (HCS) resolution merging 

HCS resolution merging is a recent fusion method proposed by Padwick et al. (2010). It 

was specifically developed for higher spatial resolution satellite imagery with three or more 

spectral channels, such as WorldView-2. In this process, data is transformed from the native 

colour space to the hyper-spherical colour space. The first mode replaces the multispectral 

intensity component with an intensity-matched version of the PAN band. The second mode 

replicates the original multispectral colours (ERDAS) (Figure 3.23). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.23: WorldView-2 HCS resolution merged image. 

 

 
Figure 3.24: Spectral profiles of sample locations on the HCS resolution merged image. 
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vii) Profile analysis 

Comparison of the resultant spectral profiles (Figures 3.12, 3.14, 3.16, 3.18, 3.20, 3.22 and 

3.24), indicated  that the spectral values of the resulting Pan-sharpened images from 

Multiplicative, Wavelet and PCA processing deviate from the spectral profiles obtained 

from the original WorldView-2 multispectral image. The deviation is observed throughout 

the spectral range, resulting in an unacceptable image for further processing and is therefore 

not used in this study. Ehlers, HPF and HCS transforms produced Pan-sharpened images 

with a spectral profile consistent with that of the multispectral image. Ehlers processing 

yielded an image with the maximum spectral resemblance to that of the original 

multispectral image, followed by those obtained using the HCS and HPF methods. As a 

result, the images from Ehlers, HPF and HCS were used to identify spatial consistency.  

 

The features from the original panchromatic image were visually assessed by comparing 

them with that of the Pan-sharpened image obtained from the selected (Ehlers, HPF and 

HCS) methods (Figure 3.25).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.25: Comparison of spatial consistency between original and Pan-

sharpened imagery. a) Original PAN image, b) HCS, c) Ehlers and d) HPF. 

 

The images derived from the HCS and HPF methods demonstrated minimal spatial 

degradation, while Ehlers fusion revealed a substantial spatial discrepancy compared to that 

of the original panchromatic image. An overall visual assessment of the HCS and HPF 

a b 

c d 
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transformed images demonstrated the spatial and spectral stability of various land features. 

The HCS transformed image was identified as the candidate Pan-sharpened image for the 

current research. It exhibits spectral reliability throughout the spectral range of WorldView-

2 data, with minimal spatial degradation. 

 

C) Ancillary Images 

Information in the form of various spectral indices was computed and used as 

supplementary components during image segmentation and classification, along with 

spectral data (eight channels in total). Spectral indices are derived from the surface 

reflectance of two or more wavelengths to highlight a particular land feature. Vegetation 

and water are identified as the two main natural land features in a given scene. These 

features usually demonstrate a strong spectral response in the near infrared (NIR), red (R) 

and green (G) regions of the electromagnetic spectrum. Therefore, a combination of the 

NIR and R bands, often designated as the Normalised Difference Vegetation Index (NDVI), 

were computed to identify vegetation (trees, grass, and lawns). A combination of NIR and 

green spectral bands, labelled the Normalised Difference Water Index (NDWI), were 

calculated to identify water in the image.  Another index, ZABUD, was derived to test and 

detect impervious (asphalt) areas in the image. The 8-bit Pan-sharpened HCS image was 

used to generate the afore-mentioned ancillary spectral index images.  

 

NDVI: Vegetation tends to absorb strongly red solar radiation and reflect near-infrared 

radiation. NDVI measures the difference in reflectance between these (red and NIR) 

wavelength ranges. Spectral bands 7 (NIR1) and 5 (R) of the WorldView-2 image were 

used to calculate the NDVI. 

 

NDVI= (NIR1 – R) / (NIR1 + R)….…………………………..………………………. (3.1) 

 

The NDVI image is shown in Figure 3.26 (a). 

 

NDWI: Similarly to the NDVI, the normalized differences water index (NDWI) was 

originally designed to identify vegetation, especially the water content of leaves. Proposed 

by Gao (1996), the NDWI is based on the interaction of shortwave IR (SWIR) and NIR 

radiation with the water content of vegetation. It is calculated as: 
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NDWI= (1−SWIR/NIR) / (1+SWIR/NIR)………………………………….……….. (3.2) 

McFeeters (1996) independently derived an NDWI using the green (G) and NIR bands of 

Landsat MSS data to identify water bodies. In this dissertation, the reflectance of bands 3 

(green) and 7 (NIR1) was used for calculating the NDWI (Figure 3.26 b), namely: 

 

NDWI= (G – NIR1) / (G + NIR1)…………….……………………………………... (3.3)                                                                                                

 

   
Figure 3.26: NDVI (a) and NDWI (b) images derived from                                                        

Pan-sharpened WorldView-2 data. 

 

ZABUD: Zabudowa translates from  Polish as a built-up area. This index was first devised 

by Lewiński (2006) to discriminate man-made or built-up areas in Landsat ETM+ imagery. 

The original ZABUDETM+ index was derived from both multispectral and panchromatic 

ETM+ channels, as given below: 

 

ZABUDETM+ = [(G-R) 2 + (R-NIR) 2 + (NIR-MIR) 2 + (MIR-TIR) 2 + (MIR-PAN) 2]0.5…. (3.4) 

 

a b 
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In this equation MIR and TIR designate mid-infrared and thermal infrared channels 

respectively. This index proved to be effective in differentiating urban areas from spectrally 

identical bare areas in Landsat scenes.  

 

 
Figure 3.27: ZABUD image derived for Auckland using Landsat ETM+ data 

 

As demonstrated in Figure 3.27, coarse spatial resolution of the Landsat ETM+ data limits 

the use of ZABUD information to identify urban impervious areas at broader scale. To 

overcome this limitation, the index was later modified as ZABUD-2 (equation 3.5) for four 

spectral bands of a moderate spatial resolution, such as the SPOT-4 sensor (Lewiński, 2008). 

 

ZABUD-2 = 10* (R-(2*NIR) + MIR)…………..…………………..………………... (3.5) 

 

In this dissertation, the effectiveness of this modified index was tested for delineating urban 

impervious (built-up) areas from high resolution WorldView-2 imagery. As with the 

Landsat ETM+ sensor, the WorldView-2 imagery is comprised of more than four spectral 

channels, but with different band designations (Table 4).  
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Table 4: Spectral channels of Landsat ETM + and WorldView-2 sensors. 

 

 
 

Unlike the ETM + sensor, however, the WorldView-2 multispectral sensor does not possess 

MIR and TIR channels. Therefore, equation 3.4 had to be modified by substituting some 

spectral bands with those from WorldView-2 imagery. The modified index known as 

ZABUDWV2 is calculated as: 

 

 

Where 3 (green), 5 (red), 6 (red-edge), 7 (NIR1), 8 (NIR 2) and PAN are the spectral 

channels of the WorldView-2 image. The resultant 8-bit ZABUD image had a narrow pixel 

range of 0-35. Therefore, the image was subjected to contrast standard deviation stretching 

in ERDAS 2011 in order to enhance the contrast to between 0-255 pixels (Figure 3.28). 

 

Band No. Landsat ETM+ (nm) WorldView-2 (nm)

1 449-515 400-450
2 545-605 450-510
3 630-690 510-580
4 750-900 585-625
5 1150-1750 630-690
6 10400-12500 705-745
7 2090-2350 770-895
8 860-1040

PAN 520-900 450-800
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Figure 3.28: Resultant ZABUD index image of the study area. 

 

3.4.2 LiDAR data preparation 

 

The second phase of data pre-processing is the extraction of information from LiDAR data, 

so that it can be integrated and used along with satellite imagery. LiDAR data pre-

processing includes the merging and extraction of elevation information, all undertaken 

using LAStools (Isenberg, 2006). This LiDAR LAS processing software was also used for 

interpolating the LiDAR point-cloud data into regular grids, while the 3-DEM tool was 

used to patch up missing data in surface models. 

 

A) Merging 

The LiDAR data is supplied in eight tiles of 480 m x 720 m, separated into ground and 

above-ground points. With the assistance of the LASmerge tool in LAStools, they were 

merged into one file covering the entire study area. Both ground and above-ground points 

were extracted from the merged file in two steps. The final dataset was rendered and 

visualized using the LASview tool (Figure 3.29).  
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Figure 3.29: GU interface of LAStools displaying the merged LiDAR data of the study 

area. 

B) Elevation models  

Elevational information in the merged point cloud data was interpolated to construct a 

surface of the study area, using the Las2dem tool. The LiDAR points were first converted 

into a temporary triangulated irregular network (TIN), which was subsequently rasterised. 

Merged ground-only points were used to generate a DTM (Figure 3.30a), while all merged 

data (ground + above-ground points) was used to construct a DSM (Figure 3.30b). A 

difference between DSM and DTM, termed nDSM, was computed by subtracting DTM 

from DSM (Figure 3.30c). It shows all the above-ground features in the study area. All 

these raster images from the elevation modeling were rescaled to unsigned 8 bits in the 

TIFF format, identical to that of the WorldView2 satellite image.  

 

 
Figure 3.30: Elevation models of DTM (a), DSM (b) and nDSM (c) derived                               

from the LiDAR data. 
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C) LiDAR intensity 

The LiDAR data used for this dissertation is comprised of intensity values and elevation 

data. The former was extracted from the merged LiDAR point dataset, with intensity as the 

extraction parameter using the Las2dem tool, in a manner similar to the extraction of the 

elevation data (Figure 3.31).  

 
Figure 3.31: 8 bit LiDAR intensity image. 

 

The output intensity image in the TIFF format was also scaled to an unsigned 8 bits. Since 

this intensity of image contained too much noise, it was median-filtered at a kernel size of 

3 X 3.  The resulting intensity image was analysed to test the effectiveness of LiDAR 

intensity in feature delineation.  

 

The integration of all the images derived from diverse sources requires unification in all 

parameters, including the co-ordinate system, projection, scale and spatial (pixel) 

resolution. The data used in the current research varies in its spatial resolution. For instance, 

the WorldView-2 image and the ancillary products derived from it have a spatial resolution 

of 0.5 m, while LiDAR data products have a 1 m spatial resolution. In order to accurately 
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co-register them, all the WorldView-2 imagery products (Pan-sharpened multispectral, 

NDVI, NDWI and ZABUD) were resampled to 1 m in eCognition (Trimble) (Table 5). 

 

 
Table 5: Properties of data derived from WorldView-2 and LiDAR data 

 

3.4.3 Project workspace  

 

The WorldView-2 image and the LiDAR data was loaded into the project workspace, 

together with other images derived during pre-processing in eCognition (Figure 3.32).  In 

total, eight multispectral bands were loaded, along with the NDVI, NDWI and ZABUD 

images, and nDSM. 

 
Figure 3.32: eCognition project workspace layout. 
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A) Slope calculation 

To further enhance the boundaries of above-ground features such as buildings, and to boost 

segmentation accuracy, slope was calculated from the LiDAR nDSM image using the 

‘surface calculation’ algorithm based on the Zevenbergen-Thorne theory in eCognition. 

Slope was expressed as a percentage at a pixel unit of 0.01, and was outputted as an 8-bit 

image              (Figure 3.33). 

 

 

  

 

 

 

 

 

 

 

 

Figure 3.33: a) Zevenbergen-Thorne surface calculation in eCognition and                                               

b) resultant slope image. 

 

3.5 Segmentation 

 

3.5.1 Basics 
 

Segmentation-based image classification has proven to be advantageous over traditional 

pixel-based supervised classification because of its ability to incorporate multisource 

complementary information and various image parameters (spatial, textural, and 

geometrical) into the decision-making process. Image segments, often known as objects, 

are derived from the parametric homogeneity criteria and act as an intermediate layer 

during classification. They offer a greater flexibility in managing the information 

associated with objects. Image objects can be modified, adjusted or corrected to satisfy the 

interpretation of various land features, which are subsequently classified. In this study, the 

satellite images and associated ancillary information were segmented into the Trimble 

eCognition 8.6.4, together with the LiDAR data products. The multi-resolution 

a b 
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segmentation (MRS) was used because it was considered as the most suitable algorithm, 

given the multiple sources of input datasets, spectral complexities associated with the 

features in the study area and the variation of the image features in scale and multitude. 

 

MRS in eCogition is built on the “Fractal Net Evolution Approach” (Baatz & Schipe, 1999). 

As a bottom-up segmentation technique (Figure 3.34), MRS works through a pairwise 

region- merging process, based on mutual best-fitting rules. During segmentation, single 

image objects at one pixel level are repeatedly merged in several loops based on the user-

defined homogeneity criteria. Upon initiation, the seed or first element in the algorithm 

looks for its best-fitting neighbor as a potential merger. If the best fitting is not mutual, the 

best candidate image object becomes the new seed image object and finds its best fitting 

partner. When best fitting is mutual, image objects are merged. In each loop, every image 

object in the image object level will be considered once. The loop continues until no further 

merging is possible (eCognition reference book) and the procedure iterates until no more 

image object mergers can be realized without violating the maximum allowable 

homogeneity of an image object. The MRS algorithm is capable of reducing the 

heterogeneity of the final segmentation outcome by merging adjacent pixels based on the 

local mutual best-fitting rule.  

 

 
Figure 3.34: Principle of the multi-resolution segmentation process (eCognition). 

 

Homogeneity can be defined in terms of spectral (colour) homogeneity and shape 

homogeneity (Figure 3.35). Spectral homogeneity is dependent on the reflectance, or digital 

number (DN) values of individual pixels that make up the feature under study. Shape 

homogeneity is derived from the smoothness and compactness of the resulting image 
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objects. The value of the shape modifies the relationship between shape and colour (spectral) 

criteria. Through lowering the value assigned to the shape, the extent of the spectral data in 

the image layers will contribute to the entire homogeneity criterion. As a result, changing 

the weight of the shape of the criterion to 1 will result in objects being more optimized in 

terms of spatial homogeneity. The compactness criterion is used to optimize image objects, 

with regard to the density of the objects.  

 

 
Figure 3.35: Parametric homogeneity criteria used in the MRS process (eCognition). 

 

Scale is the third most important factor to control the degree of homogeneity of a given 

scene. For heterogeneous data, the resulting objects at a given scale parameter will be 

smaller than that in more homogeneous data (eCognition reference book, pp 37-38). 

Similarly, in a given situation, higher values in the scale will result in larger image (less 

number of) objects, while smaller values result in smaller image (large number) objects.  

 

The parametric values for scale, shape and compactness criteria used for the segmentation 

depend on the degree of complexity and diversity of the elements in the image, and 

therefore vary from scene to scene. Since the area under consideration is a diverse and 

complex urban area, the separation of spectrally identical ground and non-ground regions 

was considered as a basic criterion for the identification of optimum scale, shape and 

compactness values.  
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3.5.2 Initial tests 

 

The success of image segmentation depends on specifying the optimum segmentation 

parameters when segmenting a vast array of features in a given scene. But it is critical that 

the given parameters must be able to distinguish and congregate features throughout the 

scalar range of the given scene. Since scale, shape, compactness and layer weightages 

control the degree of segmentation and the numbers of segments to be generated, multiple 

segmentation tests were performed by varying these parameters. Considering the degree of 

scalar variation and spectral complexity associated with the urban scene, the 

comprehensive segmentation of all features was prioritized over a number of segments to 

be generated during processing. The multi-resolution segmentation algorithm available in 

eCognition enables the selective use of imagery layers for segmentation is therefore 

selected for image segmentation. 

 

 
Figure 3.36: Separate multi-resolution segmentation tests using satellite image (a and c).  

 

To test the suitability of the multi-sensory dataset for the urban scene selected for this study, 

preliminary segmentation trials were performed. In these initial trials, the spectral 

information from the WorldView-2 data was segmented using intermediate parameters 

(scale: 30, shape: 0.1 and compactness: 0.8) to test the feasibility of satellite data in 

separating core urban areas. A layer weight of 10 was assigned to each of the eight spectral 

bands, as well as to the NDVI, NDWI and ZABUD layers. The LiDAR elevation and slope 

layers were not used in the segmentation and were assigned a weight of 0. As shown in the 

segmented image (Figure 3.36, c), well-defined object boundaries in the lower region of 
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the study site representing real world objects were obtained in spectrally heterogeneous but 

spatially adjoining features such as vegetation and man-made objects.  

In spectrally homogenous areas, such as urban impervious land comprised of buildings, 

asphalt roads and pavements, segmentation is unable to delineate the objects effectively 

(Figure 3.36, a). Shadows cast by high-rise objects on neighboring features also have a 

large impact on the segmented objects. This is due to the fact that shadows weaken direct 

solar irradiance on neighbouring objects, causing a partial or total loss of radiometric 

information and inaccurate object delineation, as demonstrated in Figure 3.36(c). Shadows 

cast by high-rise buildings suppress the reflectance details of neighbouring objects, such as 

trees and low-level buildings, which are clearly visible in the associated nDSM image 

(Figure 3.36, d). As a result, these two features are enclosed, becoming part of a much 

bigger segment.  

 

Figure 3.37 displays the image objects generated when based solely on elevation (nDSM) 

data.  During segmentation, the nDSM data received a weight of 10 while all other layers 

were allocated a weight of 0. This segmentation successfully distinguished various above-

ground man-made features (e.g., buildings, overpass roads) and natural features (trees) 

from ground objects. In contrast, the use of elevation alone fails to differentiate variations 

among ground level features.  

 

 
Figure 3.37: Results of multi-resolution segmentation tests based exclusively on                                             

LiDAR nDSM data (b and d). 

 

As demonstrated above in Figure 3.37 (a and c), image segmentation successfully 

distinguished and grouped above-ground features such as trees from ground level 
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vegetation (grass), but a lack of spectral information meant a failure to differentiate roads 

and walkways from ground-level vegetation (Figure 3.37, b and d). Preliminary tests based 

on constant shape, scale and compactness parameters with varying sources of data (satellite 

images or LiDAR data) indicate that multi-resolution segmentation failed to identify and 

segment many features, due to the lack of particular information. As a result, further 

investigations were carried out using a combination of satellite images and LiDAR nDSM 

data.  

 

The multi-resolution segmentation process selected for the research is a computationally 

intensive process with a high memory demand and a significantly slow performance 

(eCognition reference book). Using all the available layers of segmentation may lead to 

overloading the computational resources (processor speed and memory), ultimately 

decreasing the speed and accuracy of segmentation results. To increase multi-resolution 

segmentation efficiency, it is essential to identify a minimal yet optimal number of input 

parameters to achieve a comprehensive segmentation. This was accomplished by repeating 

the segmentation, beginning by combining the LiDAR nDSM with the NDVI layer, 

followed by a step-by-step incremental addition of more available layers (NDWI, ZABUD 

and eight spectral channels), using a range of scale, shape and compactness values. 

 

3.5.3 Layer weighting 

 

Maiden tests with fixed parametric values (scale: 30, shape: 0.1 and compactness: 0.8) 

revealed that the best segmentation results were derived from a layered combination of 

elevation (nDSM) with LiDAR-derived slopes, in conjunction with reflectance data from 

NDVI, ZABUD and WorldView-2 band 5 (red), using the layer weights shown in Table 6. 

 

Table 6: Optimal layer weights assigned to a given set of input data 

 

 Layer weightages  
  WorldView-2  LiDAR 
Layer 1 2 3 4 5 6 7 8 NDVI NDWI ZABUD nDSM Slope Intensity 
Value 0 0 0 0 1 0 0 0 1 0 5 10 1 0 
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The use of nDSM proved to be very advantageous, as nDSM-based segmentation 

eliminated the anomalies caused by shadows (Figure 3.38). The delineation of shadow-

affected areas was vastly improved, which made it possible to distinguish features such as 

road segments and low buildings in the vicinity of tall buildings. These features would 

otherwise be segmented as part of the shadows, due to their very low and altered 

radiometric response, which is identical to that of the shadowed regions. Moreover, the 

nDSM and slope also proved beneficial in correctly identifying the boundaries between 

spectrally-identical materials such as buildings and adjacent impervious areas.  

 
Figure 3.38: Image segmentation results using LiDAR nDSM and the WorldView-2 

image. 

 

3.5.4 Scale, shape and compactness  

 

The multi-resolution segmentation algorithm in eCognition tends to over-segment (too-

many small image objects) or under-segment (few but much bigger segments) at the 

extreme ranges of scale, shape and compactness (eCognition reference book), with the 

exact parametric ranges varying from scene to scene. Over-segmentation may consume a 

large amount of time and computational resources to group, merge, split and regroup image 

segments at a given scale and compactness. Under-segmentation may lead to the grouping 

of many elements into one segment, causing an improper representation of features in a 

given scene. In a typical urban scene in this study, various elements were juxtaposed in a 

complex manner, with substantial scalar variations. It is critical to identify the optimal 

segmentation parameters to reduce inaccuracies associated with over-and-under 

segmentation. A series of tests were performed through varying the values for scale, shape 

and compactness, in order to identify the optimal segmentation parameters for the given 
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dataset. Throughout the trials, the layer combination and weights identified in earlier 

experiments was retained, while scale, shape and compactness values were altered and the 

number of segments generated during the segmentation process recorded. The segmented 

images were visually assessed to validate the outcome. 

 

During the experiments, a wide range of values (Table 7) were considered for the three 

segmentation parameters of scale, shape and compactness, which were combined when 

deriving image segments from the input datasets. The selected shape and compactness 

values had a designated scalar range of 50–10 in image segmentation, yielding 80 different 

segmentation outcomes (Appendix 1). 

 

Table 7: Parametric ranges selected for experimental segmentations 

 
 

 
Figure 3.39: Under-segmented image objects at a large parametric range                                      

(scale, shape and compactness). 
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At a higher range of scale (50), shape (0.9), and compactness (0.1), a substantial under-

segmentation was observed with a mere 1316 large image objects (Figure 3.39, a and c). 

The size of these segments decreased with an increase in the object number to 3882, when 

shape and compactness values were modified to 0.1 and 0.1 respectively (Figure 3.39, b 

and d). At these modified thresholds, the overall results were under-segmented, with many 

features lumped into a single object. 

 

At the high end of parametric values (scale: 10, shape: 0.9 and compactness: 0.1), a large 

number of smaller segments (16094) were generated, but the low compactness values failed 

to represent the landscape adequately (Figure 3.40, a and b). Rescaling of the compactness 

values to 0.8 led to excessive segmentation, with many smaller (59200) segments (Figure 

3.41, a and b). Despite the segmentation being significantly acceptable over the scalar range 

of objects in the scene, many larger features were unnecessarily over-segmented. 

 

 

 

 

 

 

 

 

Figure 3.40: Under-segmented features at smaller scale and shape                                                    

but a larger compactness value. 

 

 

 

 

 

 

 

 

Figure 3.41: Excessive segmentation results at scale 10 shape 0.1                                                      

and compactness 0.8. 

a b 

a b 
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Segmentation that was obtained at a scale of 12, a shape of 0.2 and a compactness of 0.8 

resulted in 53,289 image objects. At this range of segmentation, relatively smaller image 

features, such as ornamental roadside trees (Figure 3.42) with a smaller canopy area, could 

be differentiated from the remaining features. These are otherwise difficult to differentiate 

as individual segments. Similarly, at the given thresholds, unnecessary over-segmentation 

was avoided in spectrally and spatially homogenous areas, yielding larger image objects. 

As a result, segmentation results were used for further feature differentiation and 

classification.  

 

 
Figure 3.42: Comprehensive object grouping at the available scalar range                                 

using optimal parameters. 

 

3.6 Classification 

 

3.6.1 Feature differentiation  

 

A typical segmentation-classification workflow involves image segmentation, followed by 

classification to map all land covers. Image classification can be performed using either 

parametric rule-sets or sample-based classifiers, such as the standard nearest-neighbour- 

based (SNN) feature space optimisation, which is available in eCognition. Because of the 

spectral complexities associated with many of the features that lie within the core urban 

area under study, the classification of all features in a single stage may not produce the best 

results. Single-phase classification requires computation for the complex higher-end 

feature variables, such as texture and geometrical attributes. Ancillary thematic information 
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associated with the scene features may also be vital to successfully separate spectrally 

identical man-made elements, such as impervious areas, open spaces made up of asphalt, 

concrete and other composite mixtures, building roof-tops, and asphalt roads. Usually, the 

higher end variables are scene-specific and vary considerably from case to case. 

Accordingly, the dependency on higher-end feature variables (texture, geometry, thematic 

attributes) may confine the classification workflow to a particular scene, restricting the 

scope of the research.  

 

In order to derive a streamlined classification workflow when classifying urban land covers 

that is applicable to a variety of scenes, basic but optimum classification variables should 

be utilized via an intermediate step prior to feature classification. In this study, an 

intermediate feature separation step prior to feature classification is advanced. Wurm et al. 

(2011) successfully used Koepf and Bindings’s (2005) hypothesis that ‘buildings are man-

made objects and therefore have to be above ground’. In this study, their assumption is 

extended to all features within the given scene. It is postulate that ‘any land feature, 

irrespective of origin (man-made or natural), can be segregated into ground and above-

ground by using elevation’. Based on this assumption, two intermediate classes, ground 

and above-ground, were created in eCognition. On the basis of the mean pixel values of the 

8-bit nDSM image, image objects were differentiated into two intermediate classes of 

ground and above-ground, using the assigned class tools in eCognition. 

 

 
Figure 3.43: a) Image segments generated using nDSM, b) intermediate above ground 

(red) and ground (yellow) classes separated using elevation threshold. 
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The assign class algorithm assigns thematic classes to a given image object, based on either 

one or two threshold conditions set for the given class. In the current scene, image objects 

were differentiated as in-ground (Figure 3.43, a) or above-ground (Figure 3.43 b) features, 

using a single elevation (mean elevation) threshold value of 101. 

The feature differentiation stage was followed by the categorisation of available land covers, 

based on elevation (Table 8). Of these land feature classes, water designates sea and inland 

water bodies; grass or ground level vegetation describes lawn, recreational vegetation 

patches, and passive turfs; asphalt roads denotes roads comprised of asphalt; impervious 

surface (concrete) indicates open impervious areas made up primarily of concrete, while 

open spaces refers to other impervious areas made up of a variety of materials.  

 

Table 8: Thematic features categorised on the basis of elevation 

 

 
 

The classification of thematic land covers based on elevation allowed for the splitting of 

classification schemes. Spectrally identical land covers were segregated into two different 

transitional classes (Table 8). Therefore, the associated classification procedure was 

bifurcated. Such a multi-stage classification enabled the use of basic yet optimum 

parameters, because objects categorized under intermediate classes differ substantially in 

their reflectance properties in the image. Features categorized as an intermediate ground 

category (Table 8) exhibit a great spectral diversity and are distinguished by their specific 

spectral properties or combined spectral reflectance. For example, water and vegetation can 

be identified using the NDWI, NDVI and ZABUD indices, whereas feature-class asphalt 

road can be separated out by using ZABUD index values. Building and road segments in 

the above-ground category exhibit a high spectral resemblance to each other in 

Ground Above Ground

Water NA

Grass, ground level vegetation Trees

NA Buildings

Asphalt roads Elevated road segments,
Open Impervious (asphalt concrete) , 

Open spaces NA
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multispectral images (Harold, 2003), hence are difficult to distinguish based solely on 

spectral information. With land covers categorised into two intermediate classes, a 

modified two-stage classification was adopted. Supervised classification, which relies 

primarily on the reflective spectral values of objects, was evaluated for its ability to classify 

segments grouped under the ‘ground’ intermediate class (Table 8). A rule-set based 

classification scheme was used to categorize features in the above-ground class. The 

assignment of thematic classes is based on specifically derived parametric threshold 

conditions. 

 

With the proposed multi-modal hybrid classification workflow, the identification of land 

features was targeted through more basic spectral, spatial and other related features that 

were available or derived from sample image objects and input datasets. As a result, the 

suggested procedure eliminated the need of existing scene-specific land cover information 

(thematic maps or vector geospatial layers) to complement the thematic classification  

 

3.6.2 Classification 

 

The modified two-stage classification workflow that has been adopted categorises all land 

covers into two intermediate groups. It is comprised of the supervised classifications and a 

rule-based nearest-neighbor classification for those features categorized in the above-

ground class.  

 

A) Standard nearest neighbour (SNN) classification  

It is crucial to use proper class definitions based on suitable class identification parameters 

in the classification process. Multiple alternatives to define classes are available in 

eCognition. Class expression is beneficial when a limited number of generalized land cover 

classes and simple image parameters are used for basic classification. Class expression can 

be based on a range of membership functions provided by eCognition (eCognition User 

Guide, p 98). Multiple parametric thresholds are used when a variety of input datasets 

(multisensory) are available. Numerous tests and combinations are thus essential in 

identifying the optimum combination and thresholds from these input parameters. As a 

result, the rule-based class description becomes less effective and more time-consuming. 

Sample-based supervised classification is preferable in this case, where the algorithm 

identifies and assigns suitable class description parameters from the available pool of 
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features, based on a range of user-defined inputs or samples. The standard nearest neighbor 

(SNN) classification available in eCognition offers such semi-automated mechanisms for 

parameter selection, based on sample definitions supplied by the user. Therefore, SNN is 

considered as one of the classification schemes in the proposed workflow, involving 

multisensory datasets for a complex urban scene.  

 

In SNN, the system identifies the parametric thresholds or membership functions based on 

various selected samples for different classes. A typical SNN classification process 

involves two stages: (1) training the system by giving it certain image objects as samples; 

and (2), classifying image objects in the object domain based on their nearest sample 

neighbors. 

 

 
Figure 3.44: Class assigning principle, based on NN feature space and                             

sampling distance (eCognition). 

 

The algorithm computes a membership value based on the feature space distance of an 

image object to its nearest neighbor. The value ranges between zero and one. If the image 

object is identical to a sample, a membership value of one is assigned to it. If the image 

object differs from the sample, based on the membership function and the nearest sample 
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from a class available, the second-nearest class is assigned to the object (Figure 3.44) 

(eCognition User Guide, p 111-113). 

 

Membership values for various features associated with land cover classes are computed 

from the 288 selected samples that represent various ground features. These samples have 

been selected from available image objects via visual interpretation (Table 9). The number 

of samples was estimated according to the extent and coverage of a particular land cover 

class across the scene.   

 

Table 9: Number of samples identified for each land cover class 

 

 
 

In total, 33 parameters (Appendix 2) were calculated for the 12 image layers, (eight 

WorldView-2 spectral layers, NDVI, NDWI, ZABUD, and nDSM), starting with the 

simple parameters associated with image layers such as mean, standard deviation and layer 

ratios. Values associated with the given layers are applied in feature space optimization and 

rule-set based classification procedures. To ascertain the usability of the basic object 

features derived, intermediate test classifications were performed after the derivation of 

every group of parameters (layer mean, SD, ratio). 

 

In addition to simpler layer and image object parameters, eCognition also enables the 

computation of complex higher-end parameters for image objects. These include textural, 

geometrical, positional and other parameters (eCognition). Calculating these features 

demands substantial computational resources (memory and processing). Furthermore, 

higher-end parameters such as texture attributes tend to be scene-specific and hence vary 

greatly from scene to scene. However, during the course of the study the impact of textural 

Features No. of samples

Water 102

 Impervious surface 31

Asphalt-Road 112

Open-Space 20

Lawn (ground level vegetation) 23
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features in relation to separation of the elements in the core urban area was assessed, in 

order to test its potential in improving class separation.  

 

Image texture is often referred to as a second or higher-order interpretation parameter. As 

texture is generally defined as an “arrangement of repetitions of tone or color in an image”, 

it is a dependent variable mainly governed by the scale of the input object and influenced 

by the arrangement of the features surrounding the designated object. The eCognition 

software used in the study offers a range of texture parameters that can be directly computed 

from the segmented objects, or derived based on the relationship to the neighbouring 

objects. From the available parameters, four (homogeneity, contrast, mean and standard 

deviation) computed from the Gray Level Co-Occurrence Matrix (GLCM) and two (mean 

and contrast) from the Gray Level Difference Vector (GLDV) were analysed (Appendix 3).  

 

B) Feature space optimisation 

The Feature Space Optimization tool in eCognition enables identification of the optimum 

combination of parameters most suitable for separating land cover classes, in conjunction 

with a nearest neighbor (NN) classifier (eCognition User Guide pp 115). It compares 

sample objects from selected classes to find the combination of layer features that can 

produce the largest average minimum distance between the samples from different classes. 

A greater sampling distance represents better separability between the two given land 

covers. The parameters derived (mean, SD and ratio) using the edit standard NN tool from 

samples of the given image layers were subjected to feature space optimization. A series of 

tests were performed to identify the optimal feature class separation distance and 

dimensions. All 33 parameters identified were optimized in the feature space in an 

incremental order, along with the variation in the number of maximum dimensions in the 

standard NN. It was observed that increasing the number of dimensions did not 

significantly increase the maximum separation distance. A small increase from 0.92 to 

1.042 and 1.074 was observed when the maximum dimensions were increased from 5 to 7 

and 10 respectively (Figure 3.45). Furthermore, an increase in the number of parameters 

with greater feature dimensions also resulted in an increase in processing time. 
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Figure 3.45: Identification of optimal separation parameters in the standard NN feature 

space. 

Groups of layer parameters (mean SD and ratio) were individually tested for feature 

separation in the NN-feature space. Intermediate tests indicated that Sole use of layer-ratios 

in the NN-feature space yielded a minimum feature separation distance of 0.96 at the 

maximum dimension of 5. However, an assessment of the feature distance matrix 

(Appendix 4) revealed a decrease in overall feature separation distance.  

 

 
Figure 3.46: Optimum layer combination for SNN classification and                                 

associated feature dimensions. 

 

As a result, a combination of six layers (Figure 3.46) out of the 33 parameters computed 

from the selected samples, with a separation of 0.95 at a sampling dimension of 5 (Table 

10), was identified as the optimum separation threshold.  
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Table 10: Feature class separation matrix of common land cover classes 

 

 
 

C) Classification: Ground features 

In the first stage, the parameters identified in the NN-feature space were applied to land 

covers in the transitional ground class (Table 8) using the SNN classifier. Five spectrally- 

complex land covers, such as asphalt roads, concrete open impervious areas (no road) and 

open space were identified (Figure 3.47).   

 

 
Figure 3.47: Results from standard nearest neighbour (SNN) classification. 

 

The resulting thematic image objects were visualized in a 2D scatterplot (Figure 3.48) 

(Table 10). This shows that some of the components in the asphalt road class, describing 

Class/Class Water Lawn 
(Vegetation) Asphalt road Open impervious Open-space

Water 0 12.409916 0.956836 3.246655 5.929478

Lawn (Vegetation) 12.409916 0 5.619602 6.033864 1.651738

Asphalt road 0.956836 5.619602 0 0.98492 1.909148

Open impervious 3.246655 6.033864 0.98492 0 1.042723

Open-space 5.929478 1.651738 1.909148 1.042723 0

Dimension: 5
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roads and related elements exhibiting spectral values identical to those of other land covers 

in the scene, suffered substantial interclass confusion.  

 
Figure 3.48: 2D feature space plots for various land cover classes                                           

sub-grouped as class ground. 

 

Such confusion occurred predominantly between asphalt roads and water and between 

asphalt roads and open impervious spaces (non-road), as confirmed by the minimum class 

separation distance of 0.956836 and 0.98492, respectively (Table 10). A closer inspection 

of the classified segments indicates that image objects associated with land features such 

as vehicles and various traffic markings in the road segments are the primary cause of such 

inter-class confusion. According to the spectral profile (Figure 3.49), small image objects 

with an area < 25 m2, which are usually associated with vehicles and road markings of 

variable shapes, sizes and colours, display complex spectral responses very similar to those 

from water and impervious areas (non-road), leading to interclass confusion.   
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Figure 3.49: Profile for spectrally confusing features (vehicles and road markings). 

 

D) Correction of preliminary classification results 

Interclass confusion caused by road markings and vehicular image objects may 

significantly affect the overall accuracy of classification, and therefore has to be removed. 

An intermediate rule-based classification tool available in eCognition was used to rectify 

local inaccuracies in the primary classification results. The tool was selectively applied to 

assign the correct thematic class to the incorrectly classified object. This rule-set threshold-

based approach permits a tight control over the use of a variety of parameters, thus enabling 

the precise specification of the object parameter values without affecting correctly 

classified image objects. The suggested rule-set involves the stepwise merging and 

regrouping of classified segments, modifying the incorrectly classified objects based on 

neighborhood association and surrounding image objects. Vehicular imprints (Figure 3.50) 

responsible for spectral confusion in the asphalt road class are closely associated with and 

surrounded by the asphalt road class. Therefore, the “find enclosed by class” tool in 

eCognition was used (eCognition).  
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Figure 3.50: Vehicular imprints and associated classification inaccuracies. 

 

The “find enclosed by class” tool enables the identification and reclassification of image 

objects enclosed by segments belonging to a user-selected class. Image objects associated 

with vehicles were inaccurately classified as water, vegetation (ground level), open-

impervious (non-road) and open-space land cover. As a result, a step by step correction was 

performed to rectify the inaccurately classified image segments belonging to separate 

classes.  

 

Conversely, the application of the “find enclosed by class” tool also affected image 

segments that had been correctly classified in the designated classes, since they also met 

the enclosure and neighbourhood conditions defined in the correction procedure. This 

drawback could induce more inaccuracies in correctly labeled land cover classes. To 

overcome such inaccuracies, an additional threshold condition was introduced to the “find 

enclosed by class” tool, permitting the use of up to two threshold conditions associated with 

an image object belonging to the target land cover class. Identification and use of precise 

image object parameters can target only required image objects where a classification 

correction is needed. In the current scenario it was observed that image objects associated 

with vehicular features are smaller than 25 m² in area (Figure 3.51). Therefore, an area 

threshold of < 25 m² was set up for the target land cover class (Figure 3.52). 
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Figure 3.51: Classification correction using supplementary area threshold. 

 

 
Figure 3.52: Find enclosed by class using geometrical threshold conditions. 

 

Within a given land cover class, correctly classified image objects belong to the same land 

cover class within a neighbourhood, while incorrectly classified image objects are usually 

surrounded by different land cover classes. Therefore, merging of the image objects yields 

larger spectrally homogenous image objects for a given land cover class (Figure 3.53). This 

characteristic association between image segments and land covers was taken advantage of 

by applying the “merge region” tool, a basic object reshaping tool in eCognition. It allowed 

for the fusion of an image object belonging to a similar class by forming a larger image 

object (eCognition user guide pp 58) and further reduced classification inaccuracies. 
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Figure 3.53: Merged image objects from various land covers.  

 

A stepwise implementation of the “enclosed by class” tool for open-space, asphalt-

impervious (non-road) areas and vegetation and water with a threshold condition (area < 

25 m²) effectively reduced misclassifications for the asphalt road class (Figure 3.54). A 

similar procedure removed inaccurately classified small image segments belonging to other 

land cover classes (e.g., water, vegetation, open impervious and open space).  

 

 

 

 

 

 

 

 

 

Figure 3.54: Rectified classification inaccuracies associated with vehicular features. 

 

E) Classification of above-ground features 

Elevation threshold enables the standard NN-based supervised classification to target the 

land covers confined to the ground (zero elevation). Consequently, no above-ground 

objects were classified during the SNN-supervised classification process. The second stage 

of the classification process focused on above-ground features only. Unlike the sample-

based SNN approach used during the previous stage, this threshold-based assign class 
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approach is considered more suitable for above-ground features dominated by buildings. 

These man-made objects exhibit a complex mixture of artificial and natural land covers of 

an irregular size, density and arrangement (Donnay et al., 2001); therefore their reflectance 

values result from the interaction of more than one surface material, regardless of spatial 

resolution (Mesev, 2003). The SNN clarifier, on the other hand, uses image object 

information obtained from the training sample objects. If a given sample object represents 

a land feature made up of spectrally complex materials, the resulting information may 

contain a combination of spectral and other user-defined image parameters. Accordingly, 

reflectance values that are a result of one or more types of surface material, as found with 

buildings and other anthropogenic features, may lower the class separation of the 

designated land covers, ultimately degrading the performance of the SNN classifier. The 

assign class algorithm in eCognition allows for the selection of appropriate parameters 

distinctive to particular land features, so can considerably improve the accuracy of 

classification.  

 

In the current scenario the above-ground category encompasses such distinctive land covers 

as trees, buildings and elevated road segments (road segments associated with flyovers, 

bridges and motorway crossings). The vast diversity in their shape, size, colour and textures 

does not allow them to be differentiated from other features solely through relying on 

reflectance (brightness, spectral ratios and average reflectance) and geometric properties 

(size, area, shape index). Therefore, a progressive classification approach was adopted, in 

which land features were classified in discrete steps, based on simple parametric properties. 

 

i) Trees  

Trees are one of the major natural land covers in a given scene.  Trees exhibit reflective 

properties identical to ground level vegetation such as grass and lawns and thus display a 

strong reflectance in the near infrared spectrum. Unlike grass and lawns however, trees 

have a canopy above the ground and can therefore be segregated from ground vegetation 

based on height. The conventional NDVI spectral index for vegetation detection is used as 

the primary threshold parameter. A modified ZABUD spectral index (Figure 3.55), 

originally derived for mapping impervious asphalt features, demonstrated a strong response 

to vegetative features within the given scene. As a result, a two-fold condition incorporating 

mean-NDVI (NDVI>=13) and ratio-ZABUD (ZABUD >= 0.11) thresholds was jointly 

embedded into the assign-class algorithm to differentiate trees (Figure 3.55).  
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Figure 3.55: Classification of trees by applying (a) NDVI and (b) ZABUD thresholds.  

 

ii) Buildings 

Extensive variations in spectral, geometrical and textural properties impose restrictions on 

identifying the optimal parameters for the effective delineation of buildings. A range of 

image object features such as statistical layer values (average, median, skewness, SD), 

pixel-based features (ratio, minimum and maximum pixel value, connection to 

neighbouring pixels), geometric (area, shape, length/width ratio), shape (asymmetry, shape 

index, and compactness), and texture (GLCM and GLDV homogeneity, contrast, and 

entropy), derivable using the eCognition package, were tested for their effectiveness in 

separating buildings from other features. However, none proved suitable in generating 

conclusive results. Instead, a simplified elevation-based approach was used to distinguish 

buildings from other above-ground segments.  

 

The elevation information supplied by the LiDAR data was used as the principal evidence 

in segregating ground and above-ground elements with similar elevation thresholds to those 

used in extracting building features.  Due to sensitivity and the security issues associated 

with exact height information for central city buildings, no building height data was made 

available for verifying the derived results. Therefore, building height is generalized, based 

b 

a 
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on the floor height regulations set by the Auckland City Council (Auckland Council) and 

the actual number of floors. Based on this assumption, two classes of high and low-height 

buildings were derived (Table 11).  

 

Table 11: Building classes, associated heights (calculated) and nDSM thresholds 

 

 
 

This postulated height information was correlated with the rasterised elevation nDSM 

values obtained from the LiDAR point cloud data. Higher building elevation values were 

rendered as brightly coloured objects in the LiDAR point cloud data (Figure 3.56), with an 

average pixel value greater than 101 in the 8-bit nDSM image.  

 

    
Figure 3.56: (a) Buildings and (b) associated elevation values reflected in the nDSM 

image. 

 

Thresholds for the nDSM pixel values, as shown in Table 11, were applied using the assign 

class algorithm in eCognition to segregate two classes of buildings (Figure 3.57). Since 

succeeding elevation thresholds (high rise and low rise) are inclusive of the previous class, 

the classification delineated the sequence of high rise buildings, followed by low buildings. 

Building Class Floors Height in m. 
(approx.)

Threshold 
Avg. nDSM

High rise 15+ 48+ >=220
Low rise 0-3 0-8 >=101

a b 
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Such progressive classification ensured minimal interference with already classified 

objects.  

 

 
Figure 3.57: Buildings segregated into two classes based on the elevation threshold.  

 

During the segregation of buildings, it was observed that the separation of trees ahead of 

buildings is vital because discriminating buildings before trees may cause all the trees to 

be classified as buildings (medium or low rise, depending upon height). In order to prevent 

such inaccuracies a dual approach was used. After the trees were classified, an additional 

NDVI threshold condition (NDVI <=30) was set up in all assign class algorithms for the 

two subclasses of buildings. Devoid of vegetation, buildings generally do not strongly 

reflect NIR radiation and yield a very low NDVI value. Such an additional condition 

prevents trees from being misclassified as buildings.  

 

iii) Elevated road segments 

Elevated or overhead road segments are designated as road sections that are components of 

bridges, motorway flyovers, ramps or other related roads passing over another feature. 

These segments are part of the road system in general and display identical reflective 

properties to those of roads. However, at a certain level of elevation such features pass 

above many land structures. During the intermediate classification therefore, these features 

were segregated as above-ground objects. 
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Figure 3.58: Elevated road segments (motorway crossings, ramps and bridges)                            

identified in the study area. 

 

There are seven types of overhead road segments in the image scene above (Figure 3.58). 

Their reflective properties and a moderate-to-low elevation, identical to that of many 

buildings, make them one of the most complex land features to classify. During the current 

classification attempt, roads were separated as ground features first to avoid the mixing-up 

of spectrally identical buildings and other above-ground objects. In combination with other 

parameters, the spectral index ZABUD was specifically useful to identify built-up features 

and to efficiently classify asphalt road features (class: asphalt road). For above-ground road 

segments, however, the use of a similar ZABUD index proved ineffective, due to their 

reflectance similarity to buildings. Spectral complexities associated with these road 

segments and buildings impeded the identification and use of suitable classification 

parameters.  

 

As a result, different approach based on the merging of classified image segments was 

considered. The merging of image objects involves conditionally fusing them, based on 

parametric thresholds (eCognition user book). Merging smaller image objects to form a 

larger object involves the regrouping of image segments within a given class, thus altering 

the properties associated with the image objects.  Classification-based merging is preferred 

as the given image objects are already classified. The merge region tool available in 

eCognition was applied to image segments classified as medium-and low-rise buildings to 

form larger image objects (Figure 3.59). Overhead road segments were classified as low-

rise buildings during classification. These objects were merged into larger segments with 

modified object properties.  
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Figure 3.59: Classified building segments (a) after merging (b). 

 

From the range of object parameters available in the eCognition environment, skewness 

calculated for ZABUD (Figure 3.59) was identified as the appropriate parameter to 

differentiate overhead road segments.  Skewness in object-based image classification is 

defined as the distribution of all the image layer intensity values of all the pixels that form 

an image object. It is calculated from the asymmetry of the distribution of image layer 

intensity values in an image object (eCognition reference book, pp 239-40). 

 

 
Figure 3.60:  Skewness calculated for ZABUD (a) before and (b) after object merging. 

 

In order to identify the efficacy of skewness for feature extraction, this parameter was 

calculated before and after merging the image objects. Figure 3.60 (a and b) shows that the 

a b 
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merging of smaller image objects to form larger segments alters the feature properties 

within a given image segment, thus affecting the asymmetry associated with the intensity 

distribution. Based on the calculated skewness data from the ZABUD image layer, a 

threshold range of 4.2 to 6.7 is recognized as suitable for identifying overhead road 

segments from classified buildings. Such a targeted operation based on the assign class 

algorithm is preferred over the standard sample-based NN classification. A dual threshold 

condition incorporating the identified skewness range (skewness >= 4.2 and <= 6.7) with 

the targeted class of low-rise buildings resulted in the differentiation of elevated road 

segments from buildings (Figure 3.61). 

 

 
Figure 3.61: Elevated road segments (yellow) covering a variety of road features,                   

differentiated from buildings. 

 

3.6.3 Reference segmentation and classification 

 

To study the effectiveness of LiDAR elevation on a given classification scheme, a reference 

segmentation and classification was performed without incorporating LiDAR information, 

and the results compared with the previous ones. During the multi-resolution segmentation, 

identical shape, scale and compactness parameters were used (Table 12), in conjunction 
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with the layer information obtained from eight spectral channels and the layer ratios (NDVI, 

NDWI and ZABUD).  

 

Table 12: Layer weightages and optimal parameters used for reference segmentation 

 

 

 
 

The supervised SNN classification, based on feature space optimization, was performed 

using training samples identical to those applied in the test classification. Additional 

training samples for elevated road segments, trees and buildings were identified from the 

available image segments. Buildings were identified as a single thematic class, in contrast 

to the two classes of high-rise and low-rise in the test classification scheme, as no elevation 

data was included. During the reference classification, no intermediate elevation-based 

feature differentiation stage was performed. Therefore, the SNN classification was applied 

to all the eight thematic land covers.   

 

A comparative classification was performed in addition to the reference classification, to 

evaluate the possible advantages of the suggested multi-stage process. During this 

evaluation, thematic features belonging to the above-ground category (low rise, high-rise, 

trees and elevated road segments) were loaded into the SNN feature space optimization 

process to compute the class separation distances and to optimize NN feature space. 

Supervised classification similar to that used for “ground” land covers was performed on 

these (above-ground) classes and the outcomes were analysed.  

 

3.6.4 Comparative classification tests  

 

The SNN-supervised classifier was the main classification algorithm available in the 

eCognition (8.6.4) and was used throughout the study. As a result, the SNN classification 

method was used as the prime classifier in stage one of the suggested workflow. Recent 

Layer 1 2 3 4 5 6 7 8 NDVI NDWI ZABUD nDSM Slope

Value 1 1 1 1 1 1 1 1 1 1 1 0 0

Layer weightages 

WorldView-2 LiDAR

Scale Shape Compactness

12 0.2 0.8
Optimal 

parameters
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developments have introduced new and advance classification algorithms such as the 

support vector machine (SVM), the k-nearest neighbors (KNN), the decision tree or 

classification and regression tree (DC-CART) and Bayes classifiers in the latest 

commercial versions of eCognition (8.7 and higher). Preliminary investigations were 

carried out to test the adaptability of the suggested segmentation-classification workflow 

in order to incorporate different classification algorithms. During tests, the NN-

classification (Figure 3.0) used for classifying land covers at ground level was substituted 

with newly available classifiers (SVM, KNN, DC and Bayes). To maintain the uniformity 

in the classification environments, identical segmentation (Table 6 and Figure 3.42), layer 

parameters (Appendix 2) and training samples (Table 9) were used in the training and 

classification stages. Because of the lack of sufficient documentation regarding the 

tweaking of the classification settings, default algorithm settings were used in all the 

training and classification processes. Stage two of the process, involving a parametric rule-

set classification similar to the one used in the suggested method, was used as it appropriate 

for above-ground features. Accuracy evaluations of the outcomes from four classifications 

were performed using the same set of reference samples and the results were analyzed and 

compared with that of the NN-Classification.  

 

3.7 Summary 
 

This chapter presents a comprehensive description of the various procedures designed to 

identify different land covers in the study area. The first segment of the chapter (section 3.1 

to 3.4) elaborates the data pre-processing techniques needed to prepare the available 

WorldView-2 image and the LiDAR data for classification. The next section focuses on 

image geo-rectification, pan-sharpening and the generation of ancillary images, followed 

by the processing of LiDAR data to derive nDSM and other information. Section 3.5 

highlights the image segmentation procedure and related tests that were performed to 

identify the optimum layer weights and a combination of scale, shape and compactness 

values. The final section (3.6) details a simplified, hybrid approach for classifying urban 

features through utilizing minimal yet optimum feature separation parameters.  

 

Instead of classifying all image objects in a single step, the proposed classification is split 

into two parts. Such a hybrid classification was achieved by using an intermediate feature 
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separation stage prior to the land cover classification, during which segmented objects were 

differentiated into transitional ground and above-ground classes based on elevation. 

Afterwards, two separate classification procedures were undertaken for each group of land 

covers. Features belonging to the ground class tended to exhibit a larger spectral diversity. 

For these features therefore, a sample-based supervised SNN classification was carried out. 

Six optimum parameters in the feature space were identified out of the 33 available image 

parameters. A rule-set threshold-based classifier was adopted to classify land covers 

belonging to the second transitional class of above-ground images, due to their spectral 

complexity. Unlike the sample-dependent SNN classifier, rule-set based classification 

depends upon user-defined thresholds to segregate a particular class, offering greater 

control when identifying the particular threshold parameters unique to this class. 

Application of the combined parameters in a multi-tier classification scheme enabled the 

identification of complex features such as buildings and elevated road segments.  
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Chapter 4 Accuracy Assessments  
 

4.1 Results 

 

Nine land-covers, namely water, lawn (ground level vegetation), roads (asphalt), open 

impervious areas, open spaces, trees, buildings (high-rise and low-rise) and elevated road 

segments (ERS) were identified in the Auckland CBD from the multisensory datasets 

(Figure 4.1).  

 

 
Figure 4.1: Various land-covers and their approximate area identified using the hybrid 

classification approach.  
 

Man-made impervious areas dominate the scene, with three categories of open-impervious, 

asphalt road and open spaces collectively representing land-cover at the ground level and 

occupying an overall 33.2% of the total area. Roads are composed predominantly of asphalt 

and related materials and can be seen throughout the scene. Many non-road features, such 

as parking lots, are also coated with asphalt material. As such, they were also classified as 

larger areas connected to roads. Impervious areas (open), either made up of asphalt mixture 

or covered with reinforced concrete, are dominant in the upper region of the scene (i.e., the 

port area) and some private car parks. Open spaces on the other hand, are made up of a 
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variety of materials such as coloured tiles, paver blocks or painted surfaces. Two categories 

of buildings (high-rise and low-rise) were the predominant segment of the impervious land-

cover and belong to the above-ground sub-category. Elevated road segments are sections 

of roads at a certain elevation that have reflective properties identical to that of roads. 

Buildings (high and low-rise) and elevated road segments collectively represent 

anthropogenic land-cover in the above-ground class, and make up 30.4% of the total land 

area. Among the other land-covers, three distinctive water bodies were identified in the 

scene. The upper section of the scene was covered by a large area of sea water, while the 

other two much smaller recreational water bodies (a fountain and a swimming pool) were 

classified correctly in the scene. Vegetation cover was characterised by recreational 

vegetation patches (such as parks and traffic islands), which encompasses ground-level 

vegetation and trees of various species, while passive turfs (grass) were predominantly 

visible at the lower end of the image, covering open land around motorways. Vegetation 

cover in the above-ground category was represented by trees, visible throughout the image. 

Vegetation (lawns and trees) and water highlighted the natural land-cover present in the 

study area, at a combined proportion of 24.9% in the scene, whereas the masked area 

covered 11% of the total study area. 

 

4.2 Accuracy evaluation 

 

4.2.1 Error matrix and Kappa coefficient 

 

The reliability of the proposed classification results was tested by evaluating accuracy rates, 

using a standard error matrix. This matrix was generated from known reference samples 

selected from the study area. An error matrix is a square array of numbers organized in 

rows and columns, which expresses the number of sample units (i.e. pixels and clusters of 

pixels) assigned to a particular category relative to the actual category as indicated by the 

reference data (Congalton, 1996). From this matrix it is possible to perform a Kappa 

analysis that takes into account every element in the error matrix and represents the 

proportion of agreement obtained after removing the proportion of agreement that could be 

expected to occur by chance (Foody, 1992). Kappa analysis is able to test if a land use and 

land-cover map is significantly better than if the map had been generated by randomly 

assigning labels to areas.  Thus, the Kappa index provides a comprehensive accuracy 

- 107 - 
 



 

indication and in the current research, the Kappa index is considered as the prime index of 

accuracy. 

In the given workflow, classification was achieved using two methods. SNN-supervised 

and rule-set based parametric classification was applied to image objects segregated by 

elevation. Accuracies of individual classification results and overall accuracy were 

evaluated in a three-phase assessment. In phase one, land-covers from the transitional 

ground category (water, lawn and vegetation, roads, open impervious areas and open spaces) 

were assessed first. This was followed by an assessment of the above-ground features 

(building subclasses, trees and elevated-rad segments), and finally the overall accuracy 

evaluation.  

 

4.2.2 Reference (sample) data 

 

The sampling method used for selecting reference data is dictated largely by the spatial 

resolution of the datasets and the appearance of the mapped land-covers (e.g., arrangements, 

compactness, and spectral complexities) within the study area. Conventionally, the 

commonly-used sampling of single pixels and clusters of pixels (3 X 3) was designed to 

evaluate pixel-based classification results from moderate resolution images (Congalton, 

2009). In this study, both satellite imagery and LiDAR data of a high resolution (1 m) were 

classified using the object-orientated method, during which a group of pixels were 

considered simultaneously. It was found that, the conventional data sampling methods may 

not yield a true representation of ground elements, because a smaller pixel size is conducive 

to an increased within-class variation among the given set of pixels. As a result, sufficient 

reference sample data was selected using the cluster polygon method, in which image 

objects are represented as polygons, generated by amassing a group of pixels that exhibit 

identical properties. During sampling, groups of image objects (polygons) signifying 

particular land-cover classes were selected at random for a given reference location. The 

study area demonstrates a high level of classification heterogeneity. As a result, to eliminate 

any bias in selecting land cover samples, classified image segments adjoining to the 

primary reference segment were selected.  As a result, a group of segments at the reference 

location was used as sampling unit. The effectiveness of accuracy evaluation was verified 

by performing pixel-oriented assessment, based on the same reference data. The eCognition 

work environment enables the derivation of a “test and training area” (TTA) mask, using 

sample object information (eCognition user guide, pp 245-247). Unlike sample objects, 
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where individual image objects are considered as reference units, a TTA mask withholds 

the information on all the pixels belonging to particular image objects in a given land-cover 

and can be used to test classification accuracy. 

 

Reference information was collected from 208 test locations, representing nine land-cover 

classes in the study areas, during a field survey. From these 208 test locations, 90 

epitomized features from the ground sub-category, while 118 samples represented land-

covers from above-ground class.  Using these reference locations, 5925 image objects, 

about 11% of the total image segments (53289) and encompassing nine land-cover classes 

were selected as samples (Figure 4.2).  Within-class homogeneity and the distribution of a 

particular land-cover in the study area were the critical factors used in selecting the number 

of image objects (Table 12). However, the entire cluster of image segments belonging to a 

particular building feature was considered as a sample, rather than a small portion of the 

segments. This is due to the fact that the reference buildings were surveyed for height and 

a single height value was assigned to the entire building unit. Sample selection for water 

was performed through a visual interpretation of the satellite image used in the research 

and through aerial photographs from the Auckland Council geospatial data viewer. The 

satellite image used was acquired in October 2010 and ground-truthing for reference sites 

was performed during October and November 2012 on cloud-free days to match the 

environmental and tree leaf-on conditions of the satellite imagery. 
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Figure 4.2: Locations of the samples (image objects) selected for various land-covers  

 

4.2.3 Accuracy of ground features 

 

Accuracy for the land-covers belonging to the transitional ground sub-class was evaluated 

in phase one. The 90 surveyed reference sites selected from a number of image objects 

represent various land-covers (Table 13), and were used in a standard accuracy assessment 

in eCognition.  

 

Table 13: Number of reference locations selected for various land-covers 

 

  

Land Covers No. of Refernce 
Locations No. of image objects

Water 16 251
Lawn (Ground vegetation) 11 69
Open- Space 11 38
Open- Impervious 12 114
Asphalt Road 40 394

High rise Buildings 14 765
Low rise Buildings 26 3002
Trees 67 417
Elavated Road Segments 11 245

Above Ground (118)

Ground (90)
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The classical error matrix shows a very high overall accuracy of 94% (Kappa = 0.91) (Table 

14), because two major covers, water and vegetation (lawn), were spectrally distinct with 

a large within-class homogeneity, which resulted in little interclass confusion. These are 

easily distinguished from each other by using information from the spectral indices. This 

is demonstrated by the high Kappa index values (1 and 0.92, respectively) associated with 

these two covers. 

 

Table 14: Error matrix and accuracy assessment of land-covers in the ground sub-class 

 

 
 

Interclass missing results from spectral similarities associated with open impervious 

lowered the Kappa index (0.78 and 0.83) for the two land-covers. While asphalt features 

(roads) were effectively segregated from other impervious land-covers, as signaled by the 

higher (0.91) Kappa coefficient, moderate confusion took place between the asphalt road 

and open impervious classes as a result of spectral similarities between them, despite 

effective separation. Furthermore, a high degree of interference from vehicular objects with 

varying spectral responses identical to that of other land-covers also contributed to the 

interclass mixing among the given classes. Although vehicular interloping nuisance was 

rectified at the proposed correction stage, some of the larger errors remained in the thematic 

classes. 

 

 

 

User Class \ 
Sample Water Lawn Asphalt 

Road
Open 

Impervious
Open-
Space Sum Producer User KIA Per 

Class

Water 251 0 0 0 0 251 1 1 1

Lawn 0 64 0 0 0 64 0.9275 1 0.9217

Asphalt Road 0 5 376 20 4 405 0.9543 0.9283 0.9141

Open Impervious 0 0 7 92 2 101 0.807 0.9108 0.7815

Open-Space 0 0 1 2 32 35 0.8421 0.9142 0.8354

Sum 251 69 394 114 38 0
Unclassified               
(above Ground)

0 0 10 0 0 10

Overall Accuracy 0.94111
KIA 0.91342

Confusion Matrix Accuracy

Total
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4.2.4 Accuracy of above-ground features 

 

As mentioned earlier, 118 test sample sites (Table 13) were examined for features 

representing the transitional above-ground sub-class. This group encompasses building 

subcategories (high-rise and low-rise), trees and elevated road segments. Sixty-seven test 

locations covering a variety of trees (ornamental, deciduous, evergreen) were examined. 

Based on these reference sites, 417 image objects were selected as samples from the 

classified image segments. Some of the features representing elevated road segments were 

identified as motorway ramps and crossings, with restricted pedestrian access. Hence, 

visual interpretation, identical to that of water, was performed on the selected samples. 

Inaccessibility to any exact building height information led to a different approach for 

assessing building sub-classes. Forty test buildings (Appendix 5) representing the general 

building pattern in the study area were randomly selected, and the number of floors in each 

building was counted during the field survey. By applying council floor height regulations 

(Auckland Council), the approximate building height was calculated by multiplying the 

number of floors by floor height. Building height is categorized as low-rise (up to 18 m or 

6 floors) or high-rise (> 18 m or 7+ floors). Using this information, 3767 image segments 

belonging to respective building sub-classes were sampled as reference objects (Figure 4.2) 

and subjected to an exactitude assessment. A standard error matrix revealed an overall 

accuracy of 93.6%, with a Kappa index of 0.87 (Table 15) for land-covers belonging to the 

above-ground sub-category. 
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Table 15: Error matrix and accuracy assessment for land-covers belonging to the above 

ground sub-class 

 

 
 

Despite a high accuracy of 93.6%, thematic classes in the above-ground intermediate 

category displayed greater inter-class confusion, as confirmed by the relatively low Kappa 

index of 0.87 (Table 15). This is due to the spectral similarities of the material used in the 

majority of land-covers (buildings, elevated road segments) belonging to this intermediate 

category. Trees, a major thematic class in the group, were efficiently differentiated from 

other features, as verified by the high Kappa value (0.90) for this class. A large degree of 

mixing took place between building subclasses, as demonstrated by the low Kappa indexes 

(0.83 and 0.89) for the respective building classes. Approximation in deciding correct 

building height due to lack of accurate building height information might have caused some 

of the classification inaccuracies where sections of building segments were incorrectly 

classified into the opposite (high or low-rise) class. Elevated road segments, on the other 

hand, proved to be complex and the most changeable thematic category to classify correctly. 

A high degree of similarity between the construction materials of elevated road segments 

and an associated elevation identical to that of low-rise buildings made these thematic 

features less distinguishable from buildings.  Such confusion was clearly reflected in the 

lower Kappa (0.83) and the associated producer’s accuracy of 84.4%. 

 

User Class \ 
Sample Trees High-

rise
Low-
rise

Elevated road 
segments Sum Producer User KIA Per 

Class

Trees 380 0 20 0 400 0.9112 0.95 0.9024

High-rise 0 658 45 0 703 0.8601 0.936 0.833

Low-rise 2 96 2904 28 3030 0.9673 0.9584 0.8966
Elevated road 
segments 0 0 20 207 227 0.8448 0.9118 0.8365

Sum 417 765 3002 245 0
unclassified 
(Ground) 35 11 13 10 69

Overall Accuracy 0.9368
KIA 0.873

Confusion Matrix Accuracy

Totals
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4.2.5 Overall accuracy  

 

Finally, an overall evaluation of classification exactitudes for all the nine land-covers 

identified in the study area was performed by collectively applying the reference image 

objects used in the evaluation of land-covers from both intermediate sub-classes (ground 

and above-ground).  

 

Table 16: Error matrix and accuracy assessment for all nine land-covers 

 

 
 

From the confusion matrix (Table 16), it is evident that the proposed classification 

workflow yielded an overall accuracy of 93.7%, with a Kappa coefficient of 0.902. A high 

degree of class mixing was observed among built land-covers such as buildings, roads and 

impervious areas, resulting in comparatively lower Kappa indices for open-impervious 

areas (0.803), open space (0.841), high-rise buildings (0.839) and ERS (0.838) features, 

indicating a high degree of similarity between open-impervious asphalt roads and open 

spaces. Table 15 also reveals a moderate level of inter-class confusion for trees, where 

image segments from asphalt roads and low-rise buildings were misclassified. Elevated 

levels of class mixing also took place with buildings and ERS land-covers, resulting in the 

much lower Kappa indices of 0.839 for high-rise buildings and 0.838 for ERS.  

 

 

User Class \ Sample Water Lawn Asphalt 
Road

Open 
Impervious

Open-
Space Trees High-

rise
Low-
rise

Elevated 
road 

segments
Sum Producer User

KIA Per 
Class

Water 251 0 0 0 0 0 0 0 0 251 1.000 1.000 1.000
Lawn 0 64 0 0 0 15 0 0 0 79 0.928 0.810 0.926
Asphalt Road 0 5 376 20 4 19 10 11 8 453 0.954 0.830 0.950
Open Impervious 0 0 7 92 2 0 1 1 0 103 0.807 0.893 0.803
Open-Space 0 0 1 2 32 1 0 0 0 36 0.842 0.889 0.841
Trees 0 0 0 0 0 380 0 20 0 400 0.911 0.950 0.904
High-rise 0 0 0 0 0 0 658 45 0 703 0.860 0.936 0.839
Low-rise 0 0 2 0 0 2 96 2905 29 3034 0.967 0.958 0.924
Elevated road 
segments 0 0 8 0 0 0 0 20 208 236 0.845 0.881 0.838

Sum 251 69 394 114 38 417 765 3002 245 5295

Overall Accuracy 0.937
KIA 0.902

Totals

AccuracyConfusion Matrix
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4.2.6 Pixel-based assessment 

 

The efficiency of a sample-dependent (image object) accuracy evaluation was validated by 

employing a traditional pixel-based assessment, used the same reference data. The test and 

training area (TTA) mask tool in eCognition was applied to the reference training samples 

(image objects) used in the sample evaluation procedure. The TTA mask uses class 

information assigned to reference image objects and assigns it to the image pixels 

associated with the particular image object, thus manually assigning the land-covers to the 

sample pixels (Figure 4.3). 

 

 
Figure 4.3: TTA mask generated from existing samples (image objects). 

 

The TTA mask was derived from the 5,925 image objects selected as samples. These 

sample objects represented 416871 image pixels, which accounted for about 12.7% of the 

total image pixels (3,273,270). A standard error matrix for all nine land-covers revealed an 

overall accuracy of 95% at a Kappa coefficient of 0.93 (Table 17).  
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Table 17: Pixel-based (TTA mask) error matrix and accuracy evaluation for all thematic 

classes 

 

 
 

The resulting accuracy was higher than the accuracy generated using the sample-based 

procedure (Table 16). Consultation with eCognition technical experts revealed the 

functional difference of both evaluation procedures (object-based and TTA mask-pixel 

based). TTA mask statistics is based on the number of pixels covered by the samples, 

whereas the statistics per object is related to the number of objects. When reference sample 

objects were converted to the TTA mask, thematic information assigned to a particular 

image segment were transferred to the group of pixels associated with the given image 

object, resulting in an increase in sample size per class. This contributed to a relative 

increase in accuracy (eCognition support). To ensure the viability of both accuracy 

evaluation methods, a comparison of Kappa per class was undertaken for the two accuracy 

assessment procedures (Figure 4.4). A strong positive correlation coefficient (0.81) 

between the two resulting KIAs indicates the applicability of both methods. 

User \              
Reference Class Water Lawn Asphalt 

Road
Open 

Impervious
Open-
Space Trees High-

rise Low-rise
Elevated 

road 
segments

Sum Producer User KIA Per 
Class

Water 40290 0 0 0 0 0 0 0 0 40290 1 1 1
Lawn 0 15534 0 0 0 621 0 0 0 16155 0.945 0.962 0.943
Asphalt Road 0 907 41745 1833 500 508 233 513 800 47039 0.979 0.887 0.976
Open Impervious 0 0 331 12152 458 0 35 69 0 13045 0.864 0.932 0.860
Open-Space 0 0 65 80 3823 67 0 0 0 4035 0.800 0.947 0.798
Trees 0 0 0 0 0 19822 0 1557 0 21379 0.939 0.927 0.936
High-rise 0 0 0 0 0 0 51023 2581 0 53604 0.952 0.952 0.945
Low-rise 0 0 44 0 0 83 2302 194474 2746 199649 0.969 0.974 0.941
Elevated road 
segments 0 0 476 0 0 0 0 1476 19686 21638 0.847 0.910 0.838

Unclassified 0 0 0 0 0 0 0 18 19 37

Sum 40290 16441 42661 14065 4781 21101 53593 200688 23251 416871

Overall Accuracy 0.956 0.922
KIA 0.939 0.943

Confusion Matrix Accuracy

Producer Accuracy
User Accuracy

Totals
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Figure 4.4: Kappa per class comparison between the two accuracy evaluation methods. 

 

4.2.7 Comparison with existing data 

 

The effectiveness of the segmentation-classification procedure investigated in the research 

was indicated by the multiple accuracy evaluation procedures. The current research also 

targeted the extraction of the thematic information that could be seamlessly used as 

geospatial data. Therefore, a comparison of classified thematic maps with that of the 

existing geospatial data is essential to confirm the correlation between the extent (area or 

coverage) of the thematic information extracted from imagery data and the existing 

information. To achieve this, thematic land-covers were exported as a shape file, using the 

export tool in eCognition, while reference GIS data for the study area was extracted from 

Auckland Council through its official GIS data viewing portal (Auckland Council). Given 

that impervious areas are usually the dominant land-cover in core city centers such as the 

study area, the impervious areas obtained in this study through classification were 

compared with the reference information (Figure 4.5, a and b).  
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Figure 4.5: Thematic information from Auckland Council (a) and from classification (b). 

 

The geospatial vector information extracted from the Auckland Council geospatial database 

was generated by digitizing ortho-rectified aerial imagery, at an accuracy of ±0.3m. The 

Council dataset is more generalized and contained two land-covers (Figure 4.5a), 

impervious areas and buildings, generated in 2008 and updated in 2011. Thematic land-

covers obtained through image classification reflect more diverse impervious land-covers. 

In order to maintain uniformity between the two datasets, the vector data exported from six 

distinctive land-covers (asphalt road, open impervious areas, open space and elevated road 

segments, along with high and low-rise buildings) were merged into the two classes of 

impervious surfaces and buildings (Figure 4.5b). Since the geometrical attributes (area and 

length) available from the reference vector data was computed for a much larger region, 

the geometrical attribute (area) was recomputed for the extracted portion by clicking the 

calculate geometry option in ArcMap, upon successful extraction of the data from the GIS 

portal of the study area. Similar operations were performed to compute the area for the two 

land-covers and the obtained results were compared to each other (Table 18). 

 

 

 

 

b a 

- 118 - 
 



 

Table 18: Thematic area comparison between reference and test datasets 

 

 
 

Both high-rise and low-rise buildings in the classification results jointly covered around 

935,852 m2 in area, which was about 12% higher than the corresponding figure in the 

reference data. Impervious areas in the classified results on the other hand, stood at    

1,023,528 m2, approximately 11% less than the actual area. Examination of both datasets 

(test and reference) shows that differences in the interpretation of land-covers from the 

Council led to some discrepancies in the test results. Some low-lying features, as shown in 

Figure 4.6 (b), were interpreted as impervious surfaces in the reference data. In contrast, 

the elevation-dependent classification scheme recognized the associated elevation and 

construed them as low-rise buildings. Variations in mapping the objects further added to 

the lack of similarity between the two measured areas, as displayed in Figure 4.6 (a).  

 

 

 

 

 

 

 

 

Figure 4.6: Differences in interpretation (a) and variation in the mapping of land-covers 

(b) considered for area comparison. 

 

A large acquisition gap between the satellite image and LiDAR data caused further 

differences in tree canopy and foliage positions between the two datasets. Some of the 

image segments representing the elevated tree canopy were inaccurately classified as low-

Thematic Area Reference Data             
Area (m2)

Classified Data 
Area (m2)

% of Reference          
Area

Building                 
(high + low rise)

832837 935852 112

Impervious Surface 1138722 1023527 89

Reference data acquisition and or updation: Building (2001), Impervious (2008)

 

 

 a b 
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rise buildings, due to the lack of near infra-red reflectance information from the satellite 

image (NDVI). This contributed to an increase in the number of building segments overall. 

The decrease in the number of observed impervious areas occurred due to obstruction from 

other features, such as tree canopies and building parapets, as the satellite image only 

recorded visible or exposed impermeable land-covers. Parapets, which are usually located 

at a specific elevation, led to their misclassification as low-rise buildings, thereby missing 

the impervious surface underneath and adding to inaccuracies in both land-covers.  

Impervious surfaces in the reference layer were digitized manually by interpreting aerial 

photos, and were devoid of such artifacts.  

 

Comparison of the test and reference thematic areas reveals moderate fluctuations in the 

corresponding areas. Such variations are attributed to the dissimilarity in interpreting the 

reference datasets, which could result in the inter-mixing of two thematic classes in the test 

data. In addition, the large acquisition gap and the inability of the image and classification 

procedures to identify obstructed impervious areas also contributed to the discrepancy in 

the resultant thematic areas. 

 

4.3 Summary 
 

This chapter focuses on the classification results of nine thematic covers obtained through 

the adopted elevation segmentation and classification procedure, followed by an evaluation 

of their accuracy. The proposed workflow is composed of hybrid multimodal classification 

schemes. The efficiency of each process was tested in terms the dependent thematic 

accuracy of the image objects (samples), as well as for overall accuracy. Kappa indexes of 

0.91 and 0.87 were reported respectively for thematic classes belonging to the transitional 

ground and above-ground sub-categories, while a comprehensive error matrix yielded a 

Kappa coefficient of 0.90 for all nine thematic classes. The sample-based accuracy 

evaluation was validated using a conventional pixel-based assessment. The reference image 

objects selected for accuracy assessment were converted to reference pixels through the 

training and test area or TTA mask. The error matrix that was produced indicated a slight 

increase in overall accuracy (0.93 Kappa). A strong correlation (0.81) between the two 

Kappa per class results (object and pixel-based) indicated that an identical dominance of 

land-covers was produced by the two classification procedures. Finally, the reliability of 

- 120 - 
 



 

the feature classification scheme was also tested by comparing the number of impervious 

surfaces (buildings and impervious areas) produced in this study with that from the 

reference thematic data. There are 12% more buildings, but 11% fewer impervious areas in 

the results obtained in this study than in the reference land-cover dataset. Such 

discrepancies in the results can be attributed to variations in the features in the two 

complementary datasets, which have been caused by the large acquisition gap and the 

dissimilarity in the interpretation of the concerned land-covers in the reference dataset. 

Thus, it is possible for the two thematic classes to be inter-mixed in the test results. 
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Chapter 5 Analysis and Discussion 
 

5.1 Analysis 
 

The kappa coefficient (0.90) for object-based and 0.93 KIA for a pixel-based accuracy 

assessment indicates that elevation-based feature differentiation results in a high rate of 

accuracy for classified features. In this chapter, findings obtained from the proposed hybrid 

classification approach are discussed in relation to some of the latest investigations that 

have enhanced the outcomes. During the course of this discussion, key factors in mapping, 

such as the influence of LiDAR elevation, the evaluation of intermediate feature 

differentiation stages and the possible benefits of using multiple-stage classification are 

analysed. Wherever possible, the results generated in this study are compared to rates of 

accuracy and the thematic land-cover outcomes involving the LiDAR and high-resolution 

satellite image fusion techniques available in the literature. 

 

The kappa coefficient obtained did not, however, reach a perfect value, due to the influence 

of factors that prevented the achievement of a higher level of accuracy. As a result, 

classification inaccuracies caused by these factors are further analyzed to identify possible 

contribution sources. A number of tests and comparative analyses were carried out to 

demonstrate the relationship between inaccuracies, thematic classes and associated datasets. 

A number of other parameters such as LiDAR intensity, textural parameters and spectral 

index ZABUD have been evaluated to identify possible benefits in land-cover 

differentiation. A spectral profile analysis for ZABUD, LiDAR intensity and the 

quantitative assessment of different textural parameters are discussed in the subsequent 

sections. Finally, the effect of the substitution of advance classification algorithms are 

gauged by comparing the thematic classification outcomes obtained from advance 

classifiers that are available in the latest commercial versions of eCognition, with the results 

obtained from the NN classifier being used in the study. 

 

5.2 Role of elevation 
 

The efficacy of elevation-dependent segregation was assessed by comparing the results 

obtained from the classification method tested during the course of this research with a 
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reference classification performed without using LiDAR data, and with an intermediate 

elevation-based thematic separation. During the reference classification, all land classes 

were subjected to feature space optimization in the NN feature space and classified in a 

single stage. The impact of elevation, which was missing from the segregation stage, was 

first apparent in the SNN feature space, where minimum class separation distance declined 

sharply from 0.96 (Table 10) to a lower 0.26 (Table 19), indicating greater thematic 

confusion during the classification.  

 

It was also observed that lower class separation distances were related to artificial land-

covers, such as elevated road segments, buildings, asphalt roads and open spaces (0.26, 

0.35, 0.64 and 0.67), while higher separation values were observed in natural land-covers 

such as water and vegetation (lawns and trees). Two of the more prominent land features, 

buildings and elevated road segments, which caused the greatest rate of confusion when 

confronted with asphalt road features, were effectively separated by the elevation threshold 

in the test classification, thereby avoiding possible interclass mixing, which was reflected 

in the reference test.  

 

Table 19: Feature class separation matrix for land-covers in the reference classification 

 

 
 

A visual assessment of the results obtained from both test and reference classifications 

(Figure 5.1) indicates that natural land-covers with distinctive spectral properties, such as 

Class/Class Water Lawn Asphalt 
Road

Open 
Impervious Open-Space Trees

Elevated 
road 

segments
Building

Water 0 3.636336 1.3784 4.405596 3.397042 6.692066 1.773768 2.845931

Lawn 3.636336 0 1.475372 5.069456 3.08646 0.268001 1.967733 2.121651

Asphalt Road 1.3784 1.475372 0 1.05992 0.834887 1.703074 0.269287 0.359909

Open Impervious 4.405596 5.069456 1.05992 0 0.565157 6.600904 0.732534 0.74016

Open-Space 3.397042 3.08646 0.834887 0.565157 0 2.826074 1.082333 0.674067
Trees 6.692066 0.268001 1.703074 6.600904 2.826074 0 2.042171 1.872688

Elevated road segments 1.773768 1.967733 0.269287 0.732534 1.082333 2.042171 0 0.644483

Building 2.845931 2.121651 0.359909 0.74016 0.674067 1.872688 0.644483 0

Dimension: 5
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vegetation (grass and trees) and water, can be effectively identified based purely on 

reflectance information, such as spectral indices. 

On the other hand, anthropogenic land-covers such as impervious areas and building sub-

classes, when subjected to single-stage classification based purely on reflective properties, 

demonstrated greater interclass confusion. Multi-faceted construction materials associated 

with impervious features have a spectral response identical to that of natural as well as man-

made features, resulting in extreme inter-class mixing and yielding substantial “salt and 

paper” thematic noises (Figure 5.1, right).  

 

        
Figure 5.1: SNN classification with (left) and without (right) an elevation threshold to 

demonstrate the role of elevation. 

 

A detailed inspection of the results (Figures 5.2, b and d) clearly shows that the lack of 

elevation greatly altered the outcome of the SNN classification. Thematic classes 

representing man-made impervious areas are confused not only with other man-made 

features, but also with natural thematic elements such as vegetation and water. Such 

misclassifications are prevalent in shadowed areas where the altered spectral signatures 

were similar to the reflectance of water. The elevation threshold prior to image 

classification reduced such inaccuracies (Figures 5.2, a and c) by selectively enforcing the 
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SNN classification scheme only on those elements belonging to one particular sub-category 

(ground).  

  
 Figure 5.2: Elevation-dependent SNN classification (a and c) and associated inter-class 

mixing (b and d) when no elevation is applied. 

 

This assertion is further supported by a 2D scatterplot (Figure 5.3) of various land-covers. 

When thematic classes obtained from the elevation-free classification were plotted for the 

average of layer 3 and the ratio of layer six as used in the SNN classification, inter-class 

confusion was clearly evident for impervious surfaces and buildings. 

 

 
Figure 5.3: 2D feature plot for thematic land-cover classes in the reference classification. 
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Natural land-covers of water and vegetation (grass and trees) are clearly differentiable by 

the spectral properties in the 2D feature space. Impervious land-covers (impervious 

surfaces and buildings), on the other hand, collectively display a complex mixture of 

reflective properties, indicating a high degree of confusion with other features. In 

comparison, a similar 2D scatterplot (Figure 5.4) of average elevation (nDSM) versus the 

ratio (layer 6) in the proposed classification procedure displays a clear separation of 

buildings from spectrally identical impervious areas. Furthermore, vegetation was also 

differentiated into trees and ground vegetation (grass), based on elevation. 

 

 
Figure 5.4: 2D feature plot for thematic classes separated by elevation. 

 

The thematic results obtained from the reference classification were quantitatively 

evaluated using random samples. The classification was achieved at a low overall accuracy 

of 76% (kappa=0.66). Buildings and elevated road segments had the lowest class separation, 

resulting in very low kappa values of 0.48 and 0.46 per class respectively (Table 20). Some 

of the recent land-cover identification studies based on WorldView-2 data, such as Zhou et 

al. (2012) achieved an accuracy of 80%, while Shridharn & Qiu (2013) reported 68% land-

cover classification accuracies without using supplementary elevation information. 

Consequently, it can be concluded that the outcomes from this reference test concurs with 

the accuracy estimations of recent studies.  
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Table 20: Error matrix and accuracy assessment of land-covers obtained from reference 

classification 

 

 
 

Analysis of the confusion matrix further highlights the fact that land-covers such as 

buildings and elevated road segments exhibit the highest level of spectral confusion when 

compared to all other land-covers. During the suggested feature differentiation, these land-

covers (buildings and elevated road segments) were separated from the other ground level 

impervious features by using elevation, thus reducing the possibility of interclass confusion. 

In addition to spectral confusion with other land-covers, buildings and elevated road 

segments have a higher degree of mixing between their image segments (Table 20). This 

mixing was effectively eliminated in the suggested multi-stage classification that relies on 

multiple parametric classification thresholds (average and skewness), based on elevation 

and object merging, while step-by-step classification avoids the possible mixing of the two 

land-covers. That being a given, the single stage SNN classification used as a reference 

failed to incorporate any intermediate or sub-stages to maximize separation between these 

complex land-covers. Due to the absence of elevation information, the given SNN 

classification method was unable to further distinguish buildings into sub-groups such as 

high-rise and low- rise. As a result, this method could only extract buildings as one general 

thematic class when using the available set of layer parameters.    

 

However lawns and ground-level vegetation that have a high kappa index (0.92) in the 

elevation-based classification (Table 14) have a very low kappa value of 0.33 in the 

reference classification (Table 20). Since ground vegetation demonstrates a spectral 

User Class \ Sample Water Lawn Asphalt 
Road

Open 
Impervious

Open-
Space Trees Elevated road 

segments Building Sum Producer User
KIA Per 

Class

Water 401 1 6 0 0 0 1 11 420 0.998 0.955 0.997
Lawn 0 38 0 0 0 15 0 2 55 0.342 0.691 0.332
Asphalt Road 1 4 334 13 2 2 55 263 674 0.879 0.496 0.851
Open Impervious 0 0 8 133 8 0 0 28 177 0.853 0.751 0.845
Open-Space 0 0 0 2 63 0 1 6 72 0.829 0.875 0.825
Trees 0 68 1 0 0 307 0 15 391 0.945 0.785 0.938
Elevated road 
segments 0 0 21 2 0 1 82 307 413 0.526 0.199 0.465

Building 0 0 10 6 3 0 17 1395 1431 0.688 0.975 0.486

Sum 402 111 380 156 76 325 156 2027

Overall Accuracy 0.758
KIA 0.668

Confusion Matrix Accuracy

Totals
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response almost identical to that of trees, these two land features are very difficult to 

differentiate based solely on spectral information. When these land-covers were subjected 

to feature space optimization in the NN feature space, very low class separation (0.26) 

indicated a high degree of confusion (Table 20). Elevation is thus a decisive factor, in 

conjunction with NDVI and ZABUD to differentiate ground level (lawns) and above 

ground (trees) vegetation in the test classification.  

 

Comparison of the accuracy level achieved in this study with the recent findings of urban 

land-cover classification using high resolution WorldView-2, IKONS-2, aerial imagery and 

LiDAR data fusion techniques helps to confirm the significance of elevation in the mapping. 

Hamedianfar et al. (2014) boosted the overall classification accuracy from 85% to 92.8% 

(0.92 Kappa) when identifying thirteen different land-covers, consistent with the results 

obtained in this study. However, it is interesting to note that the resultant complex rule-set 

elaborated in the comparative study requires computation and a combination of various 

spectral, textural and geometrical parameters to achieve effective classification, which may 

consume additional computational resources and time. In contrast, the hybrid classification 

workflow proposed in this study achieved a nearly identical overall accuracy of 93% (0.90 

Kappa) by utilising the minimum yet computationally simpler classification parameters. 

Furthermore, the semi-automated nature of the method put forward in the first stage of the 

proposed classification process enables the selection of optimum layer parameters from the 

pool of available features, thus reducing the time required to identify suitable classification 

parameters. Although some researchers have reported a classification accuracy ranging 

from 90% to 95% (O’Neil-Dunne et al., 2012; Wurm et al., 2011), such accuracy levels 

were achieved by taking advantage of a range of the existing GIS layers. The availability 

and accuracy of such existing geospatial information may not be always possible, especially 

where GIS data is in the primary stage of development. Accordingly, the resulting 

procedure may not be applicable in a variety of scenarios. 

 

5.3 Benefits of multi-stage classification 

 
In a comparative classification and for a given set of optimum layers (Figure 5.5), a class 

separation distance of 0.94 was observed for spectrally identical low-rise buildings and 

elevated road segments. A higher separation of 3.00 and 2.88 was achieved between high- 
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rise buildings, low-rise buildings and trees (Table 21), signaling the possibility of a sound 

thematic separation. 

 
Figure 5.5: Optimum layer combination and class separation for thematic land-covers 

grouped in the above-ground category. 

 

Table 21: Feature class separation matrix for land-covers in the above-ground class 

 

 
 

When the four thematic classes were subjected to classification however, interclass mixing 

took place. Figure 5.6 (b) highlights interclass mixing between low-rise and high-rise 

buildings and elevated road segments. On closer inspection it is clear that low-rise buildings 

were prone to confusion with elevated road segments. Many of the building segments were 

inaccurately classified as elevated road segments and vice versa (Figure 5.7, b and d). The 

2D scatter plot of the average pixel values of elevation, versus the ratio of layer 4 (Figure 

Class/Class Trees High-rise Low-rise Elevated road 
segments

Trees 0 3.001592 2.881796 1.098949

High-rise 3.001592 0 1.374926 2.45977

Low-rise 2.881796 1.374926 0 0.940263

Elevated road segments 1.098949 2.45977 0.940263 0

Dimension: 5
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5.8), confirmed that image objects associated with buildings (low-rise as well as high-rise) 

and elevated road segments exhibited a high degree of spectral and elevation similarities. 

As a result, features from both land-covers interfered with the identification and 

classification process, and were difficult to differentiate in a single-stage classification 

when using all available object information.  

 

 
Figure 5.6: Thematic results obtained from multistage SNN and rule-set classification (a) 

and multistage SNN classification (b) 

 

 
Figure 5.7: Thematic confusion (a and c), created by the application of an SNN 

classification to the land-covers from the intermediate class of above-ground. 
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In contrast, the suggested classification process uses multiple sets of conditions specifically 

targeting the particular land-cover. As a result, every thematic class is identified and 

extracted in a separate stage, eliminating the possibility of interference from the classes in 

the successive steps, as observed in these tests. Further, the suggested classification 

procedure regroups and merges the image segments associated with certain thematic classes, 

resulting in an alteration of the various object parameters. Which means it is possible to use 

a parametric threshold (skewness – ZABUD) for identifying elevated road segments 

specifically. The SNN classifier that was tested is unable to incorporate such multi-stage 

operations when targeting a specific land-cover category.  

 

 
Figure 5.8: Scatterplot showing spectral mixing between above-ground land-covers. 

 

It was also observed that some of the image segments, especially shadowed building 

regions belonging to low-rise buildings (Figure 5.7, a), were incorrectly identified as trees             

(Figure 5.7, b). Incorrect spectral responses generated by the combination of spectral and 

elevation information was identified as a possible reason for this inaccuracy. The SNN 

classification was performed for above-ground features. This classification was based on 

the training samples, which used both spectral (average of layer 3 and NDWI and ratio of 

layer 4) and elevation information obtained from the land-covers (Figure 5.5). This 
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combination of spectral and elevation information in the NN feature space may have 

resulted in inaccurate spectral information, identical to that of trees, as seen in overlapping 

building and tree regions in the 2D scatterplot (Figure 5.8).  

 

Feature classification in the suggested classification method was achieved purely from 

individual parametric thresholds computed for a particular land-cover. For example, no 

spectral information was used to differentiate building classes, and the classification was 

achieved solely based on the elevation threshold. Similarly, trees were classified by using 

an NDVI threshold only. As a result, thematic confusion due to the combination of spectral 

and elevation information was avoided in the test procedure.   

 

5.4 Interclass mixing and thematic accuracy 
 

The accuracies for the intermediate classification results (ground and above-ground, as 

shown in Tables 14, 15 and 16) revealed interclass mixing at the intermediate and the 

combined stages. Such mixing has taken place in all thematic classes. A closer analysis of 

the image segments and the parameters associated with these classes reveals a range of 

potential contributors, as described below. 

 

5.4.1 Thematic definition (class-dependent accuracy) 

 

The interpretation and exact definition of thematic classes used in the land-cover 

classification scheme affects their classification accuracy. In this research, three classes of 

land-cover - asphalt road (all road features), open impervious areas (non-road features made 

up of asphalt or concrete) and open-spaces (impervious areas made-up of diverse materials 

such as tiles and paver blocks - are defined as describing all types of impervious land-

covers at the ground level. Despite such categorisation, in theory each of the given thematic 

land-covers represents a portion of the impervious surfaces that are made up of identical 

materials.  
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Figure 5.9: Scatterplot showing spectral mixing between three impervious subcategories. 

 

A 2D scatterplot (Figure 5.9) of the ratio of image layer 3 versus the average pixel value of 

layer 4 (image) for the aforementioned thematic classes indicates trends in the spectral 

confusion. With additional spectral channels available from the input multispectral image, 

three impervious sub-categories appear to be well separated in the scatterplot; yet 

overlapping still takes place in spectrally similar regions.  

 

 
Figure 5.10: Thematic inaccuracies (b and d) associated with variation in spectral 

reflectance and reference locations (right). 
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When some of the spectral anomalies were visually interpreted in the satellite image at 

(1757555.66, 5920013.62) and (1757461.13, 5920217.13), it was observed that even a 

slight deviation from the average reflectance could result in misclassification. As shown in 

Figure 5.10, the highlighted areas originally belonged to an asphalt road, but the surface 

material from nearby construction activity led to an inaccurate classification as open-

impervious, due to the altered spectral signature.  

 

 
Figure 5.11: Spectral profiles demonstrating interclass confusion between                          

asphalt road and open impervious features. 

 

According to the spectral profiles (Figure 5.11) for the four test areas, spectral responses 

across the eight spectral channels are identical to those of the two reference locations that 

were classified as open impervious features, confirming the associated inter-class 

confusion. Thus, class definitions used to sub-categorize identical land-covers (impervious) 

in the current investigation resulted in potential inaccuracies in the classification.   

 

In a similar situation, buildings from the intermediate above-ground category also resulted 

in inter-class confusion. In this research, high-rise and low-rise buildings were identified 

based solely on elevation. Both sub-categories ultimately represented buildings as a major 

land-cover in a given area. The classification of buildings was based on approximate height 

information, as no exact height data was available. Such approximation resulted in inter-

class mixing with the building class. During the initial test classification of building sub-
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categories, the three classes of high-rise, medium-rise and low-rise buildings were defined 

and classified, based on elevation. However, an evaluation of the classification results 

indicated a sharp drop in overall accuracy and in the associated kappa index (Table 22). 

 

Table 22: Accuracy evaluation for three building sub-classes 

 

 
 

Both high-rise (0.888) and low-rise (0.852) buildings were classified at an acceptable 

accuracy, but a very low KIA of 0.631 was achieved for the sub-class medium-rise, due to 

a high degree of confusion with other sub-categories. Such a sharp decrease in exactitude 

further affected the overall accuracy, with a marked reduction to 89.5% (kappa=0.86). 

Medium-rise class and associated samples were then resampled to high-or low-rise 

buildings according to the nearest elevation category, resulting in only the two building 

classes of high-rise and low-rise in the final classification results.  

 

The relationship between interclass confusion and class-dependent inaccuracies and their 

overall impact on thematic accuracies was investigated through quantitative assessment 

after the thematic sub-categories were merged into major land-covers (buildings and 

impervious surface). Reference image samples used in the primary accuracy assessment 

were also used in these assessments. However, samples associated with individual sub-

categories were merged into corresponding major land-cover samples to maintain 

proportions in the analysis. In the first assessment, all the impervious sub-categories 

(asphalt road, open impervious, open spaces and elevated road segments) were merged into 

one single ‘impervious total’ class (Table 23). This table was produced by merging the 
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associated samples, followed by the further merging of two building sub-classes (high-rise 

and low-rise) into one class, before computing accuracies (Table 24). 

 

Table 23: Thematic accuracies after merging impervious subcategories 

 

 
 

Table 24: Thematic accuracies after merging impervious and building sub-categories 

 

 
 

The merging of spectrally identical impervious sub-classes slightly boosted the overall 

kappa index from 0.902 to 0.916, with an overall accuracy of 94% (Table 23). Further 

User Class \ Sample Producer User
KIA Per 

Class

Water 1.000 1.000 1.000
Lawn 0.928 0.810 0.926
Trees 0.911 0.950 0.904
Impervious Total           
(Asphalt road+ O pen Impervious +             
O pen-Space +  ERS)

0.961 0.918 0.954

High-rise 0.860 0.936 0.838
Low-rise 0.967 0.957 0.962

Overall Accuracy 0.947
KIA 0.916

Accuracy

Impervious Total           

User Class \ Sample Producer User
KIA Per 

Class

Water 1.000 1.000 1.000
Lawn 0.928 0.810 0.926
Trees 0.911 0.950 0.904
Impervious Total           
(Asphalt road+ O pen Impervious +             
O pen-Space +  ERS)

0.961 0.918 0.954

Buildings                     
(High rise  + Low raise)

0.983 0.991 0.942

Overall Accuracy 0.974
KIA 0.945

Building + Impervious           

Accuracy

- 136 - 
 



 

unification of the building sub-classes into more generalized land-covers resulted in fewer 

(five) land-covers at a much higher accuracy of 97%, with a kappa index of 0.945. A 

comparison of these results (Tables 23 and 24) with that of the overall classification 

accuracy (Table 16) showed that identifying and defining thematic classes during the 

classification procedure exerted a significant impact on overall classification accuracy. 

 

Buildings and impervious surfaces, two of the more important spectrally similar land-

covers in the scene, were effectively separated by using elevation during the intermediate 

feature differentiation stage. Road segments with elevation (ERS), on the other hand, 

inherit properties from both of the intermediate classes (buildings and impervious areas). 

Their spectral properties greatly resemble buildings. In classifying low-rise buildings, 

elevated road segments were also classified as low-rise buildings due to the similarity in 

elevation. A modified object merging and parameter (skewness), specifically targeting 

elevated road segments, was applied to these objects, which were then reclassified correctly 

as elevated road segments in the final stage of the process. Although this classification 

process identified elevated road segments within the given scene at a reasonable rate of 

accuracy (Table 14), some of the correctly classified buildings were incorrectly resampled 

as elevated road segments, yielding a moderate (0.83) kappa index. This highlights the need 

for more precise classification parameters in classifying elevated road segments. 

 

5.4.2 Influence of natural land-covers 

 

Thematic classification accuracy is a variable, dependent largely on the contributing land-

cover classes. In an urban area dominated by man-made features, the existence and extent 

of natural land-covers such as water and vegetation also affects the overall accuracy of 

classification. This is because most of the features associated with natural land-covers 

usually exhibit strong spectral responses in a particular segment of the electromagnetic 

spectrum, hence are relatively easy to distinguish, based on specific reflectance properties. 

Natural land-covers also tend to display greater spectral homogeneity and thus minimum 

within-class spectral variation. All these properties collectively contribute towards a 

relatively more accurate delineation of natural land-covers. The study area encompasses 

two distinctive natural land-covers, water and vegetation, which are classified as water, 

lawn and trees. To identify the influence of these natural land-covers with thematic 
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classification accuracy, a selective assessment of the thematic classes was performed, based 

on identical reference samples. Three land-cover classes representing the natural 

environment (water, lawn and trees) and associated samples were excluded from the 

accuracy evaluation process. 

 

Table 25: Selective thematic accuracy excluding natural land-covers 

 

 
 

Removal of these natural land-covers from the classification process resulted in decreased 

thematic accuracies for anthropogenic land-covers, as demonstrated in Table 25, where a 

lower kappa index of 0.90 to 0.87 was observed. The three thematic classes designated to 

highlight natural land-covers in the study area cover an area of approximately 748879 m2, 

or 25% of the total area. It can therefore be interpreted that the extent of these natural land-

covers contributed substantially to the overall accuracy of the classification. It can be said 

that any increase or decrease in spectrally homogenous natural land-covers in an identical 

scenario may result in variations in the accuracy of the thematic classification. 

 

5.4.3 Impact of shadows 

 

High-rise buildings and other compactly-arranged features dominate the urban scene in the 

study site. They greatly alter the incoming solar irradiance reflected onto neighbouring 

features. From a thematic classification perspective, shadows produce two effects. The loss 

of radiometric information suppresses the details of features in the shadowed region, which 

User Class \ Sample Producer User
KIA Per 

Class

Asphalt Road 0.954 0.876 0.950
Open Impervious 0.807 0.893 0.803
Open-Space 0.842 0.914 0.841
High-Rise 0.860 0.936 0.835
Low-Rise 0.961 0.958 0.903
Elevated Road Segments 0.845 0.881 0.836

Overall Accuracy 0.94
KIA 0.87

Accuracy
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ultimately alters the segment boundaries in image segmentation. These altered segment 

boundaries affect pixel grouping, which is usually based on reflective properties, further 

contributing to inter-class confusion. In addition, the loss of radiometric information also 

affects the spectral signature of land-covers in the shadowed region. Such a partial or 

complete loss of spectral values can influence classification accuracy (Lu & Weng, 2009; 

Zhou et al. 2009). So far, urban land-cover classification procedures tackle the impact of 

shadow by treating it as a thematic class during the classification and accuracy evaluation 

process (Chen et al. 2009; Aguilar et al. 2012; Sridharan & Qiu, 2014). Shadows were 

mapped at a much higher veracity than that for general cover during the classification.  It 

was therefore assumed that the accuracy rate of the classified shadowed area may have 

contributed noticeably to the high overall exactitude. Despite a high measure of accuracy, 

the underlying mapping procedure does not reasonably address the loss of vital land feature 

information in the shadowed region. The influence of the input data parameters in the 

segmentation procedures is cited as one of the main factors responsible for the greater 

interference from shadows in the classification. These object segmentation procedures tend 

to highlight shadow outlines and suppress details in the shadowed region, as they rely 

primarily upon radiometric information available from spectral channels. Incorrect 

delineation of image object boundaries can contribute to classification inaccuracies. As a 

result, the classification workflow needs to have multiple complex segmentations 

performed at multiple levels with different parametric thresholds, specifically targeting 

elevated features (buildings) and other land-covers. 

 

In the current research, the impact of shadows on image segmentation is effectively 

addressed by using LiDAR elevation as the main data source in the MRS segmentation 

process, complemented by spectral information, as discussed in chapter 3. The elevation 

data obtained from active LiDAR remote sensing was devoid of shadow, thus producing 

clearer feature boundaries even in shadowed regions and reducing shadow-induced 

misclassifications.  The impact of shadows is further reduced in this study, via the proposed 

ZABUD spectral index (Section 5.6 of this chapter). ZABUD is especially effective at 

separating impervious land features such as asphalt (road) objects, as indicated by a much 

higher Kappa of 0.95          (Table 16) obtained for shadowed asphalt road. 

 

In spite of this success however, shadows do prevent the achievement of higher 

classification accuracies for features associated with impervious sub-categories, due to 
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some extent to the spectral similarities behind the inter-class confusion. As elaborated in 

Figure 5.12, spectral profiles of two samples representing the same cover of open space are 

shadowed (blue) and non-shadowed (yellow). 

 

 
Figure 5.12: Spectral response of reference (yellow) and associated shadowed (blue) 

region of the same land-cover in open-spaces. 

 

A reference sample (green) from a nearby asphalt road was plotted for comparison. The 

profile clearly indicated the impact of shadows on image pixels, as the loss of radiometric 

information leads to an alteration in the spectral signature of open-space pixels. The altered 

pixel value resembles that of another thematic class (asphalt road), thus causing inter-class 

confusion, as displayed in Figure 5.12 (a). 

- 140 - 
 



 

 
Figure 5.13: Spectral profiles for the sample trees in the shadow region. 

 

Some trees situated next to buildings also have a reflectance pattern identical to that of 

buildings. Loss of radiometric information has resulted in some tree image objects being 

incorrectly identified as low-rise buildings. As demonstrated in Figure 5.13, the two 

samples of trees at 1757353.40, 5920781.37 and 1757358.69, 5920793.93l, marked in 

yellow and red are ornamental trees located in close proximity to buildings. A deficiency 

in direct solar irradiance affected the spectral values of these features. Lower than average 

pixel values of spectral indices such as NDVI and ZABUD were recorded for the trees in 

the shadowed region, resulting in them being classified as low-rise buildings. 

 

5.4.4 Impact of external variables 

 

A) Data acquisition interval 

Spectrally identical man-made features and the existence of natural land features and 

shadows are considered as internal factors that degrade the accuracy of a thematic 

classification. Additionally, other external factors also contribute to classification 

inaccuracies. One of the predominant factors is the five year temporal interval between the 

LiDAR data (2005) and the satellite image (2010).  

 

- 141 - 
 



 

 
Figure 5.14: Thematic inaccuracies caused by the large data acquisition gap. 

 

Considering the dynamic nature of the urban environment, such a large gap may cause 

some inaccuracies, due to the presence or absence of certain features in either of the datasets. 

New developments (e.g., construction or demolition of buildings) that have taken place in 

the interim period may also have affected the elevation-dependent segmentation-

classification scheme. The incorrect assignment of given features to opposite thematic 

categories could result in inter-category thematic inaccuracies at isolated locations. As 

demonstrated in Figure 5.14 (b and d), two building features that were erected after the 

LiDAR acquisition were either completely or partially missing from the LiDAR nDSM 

data. Subsequent elevation-based feature differentiation failed to categorise these segments 

into the above-ground class. Though spectrally resembling impervious areas, these image 

segments were differentiated as asphalt road and open-impervious land-covers (Figure 5.14, 

a and c).  

 

Another source of classification errors stems from the thematic class of trees. A number of 

tree segments were inaccurately classified as other land-covers because tree canopy and 

foliage vary over a year. They may possess different canopy shapes and structures at any 

given time of the year. The large acquisition gap between the two datasets may have led to 

substantial variation in the tree features captured. At a fine resolution, such variation may 

affect the accurate co-registration of the spectral pixel data of the tree canopy from satellite 
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imagery with LiDAR elevation data. Given that different parameters (elevation, NDVI and 

ZABUD) were combined to differentiate trees from primary above-ground features, 

differences in canopy position and elevation have resulted in some tree segments being 

misclassified as low-rise buildings in subsequent classification. 

 

B) Data acquisition season 

This factor is particularly responsible for the inaccuracies associated with shadows and 

vegetation. A typical earth observation satellite such as WorldView-2 usually circles the 

earth in a sun-synchronous orbit with a 10.30 am descending node (Digital Globe), ensuring 

relatively constant radiometric conditions. However the study site, located in a subtropical, 

temperate region of New Zealand, can experience substantial variations in solar elevation 

in different seasons (Figure 5.15).  

 

 
Figure 5.15: Annual solar angle variation for Auckland (CBPR, Victoria University).  

 

Located in the southern hemisphere, Auckland has a solar elevation that starts to rise after 

the 21 September equinox and reaches a maximum of around 64° at 10.30 am during 

summer (December). During winter (June-August) the sun’s elevation is substantially 

lower (about 25°) at the winter solstice (21-22 June). Such a large variation in the solar 

angle results in a shortening or lengthening of shadows. On the day of the satellite image 

acquisition (30th October) the maximum solar angle at 10.30 am was around 58°. The 

difference of about 6° from the maximum solar elongation resulted in longer shadow for 
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tall objects, thus incurring some classification inaccuracies. In addition to shadow, seasonal 

variation also affects vegetation leaf on and off conditions. The satellite image was acquired 

in the middle of spring when some deciduous trees had not completely developed their 

leaves, causing a decrease in the amount of NIR reflectance and associated spectral index 

values. This situation further contributed classification inaccuracies in the shadowed region, 

where tree foliage with low spectral indices (NDVI and ZBUD) below the designated 

threshold was misclassified as trees (Figure 5.9). 

 

C) Temporal inaccuracy 

The term ‘temporal inaccuracy’ refers to discrepancies in the classification results 

originating from the positional variations of certain features in multiple remotely sensed 

datasets over time. Usually, these features are mobile objects, such as transportation objects 

(e.g., cars, buses, trains, ferries, small recreational boats, cargo and cruise ships, and 

aeroplanes). Inevitably, their position varies in two or more datasets acquired over different 

times. These mobile features exert a relatively negligible impact on the thematic 

classification of moderate resolution images, as object size is smaller than pixel size or 

image resolution. The very high resolution of the datasets (satellite image and LiDAR) used 

in the current research causes small ground objects to be larger than the pixel size. Thus, 

small cars and other large vehicles are clearly visible in the satellite image (Figure 5.16, a).  

LiDAR data acquired in 2005 also revealed some vehicles such as large cargo ships and 

medium-sized recreational vessels anchored at the Port. Similarly, ships with a visible 

elevation were also captured by the LiDAR nDSM data (Figure 5.16, b). Discrepancies 

associated with vehicles were reported in the thematic category of intermediate ground. 

Positional variation of such mobile objects in both datasets induced thematic inaccuracies 

in a classification governed by elevation            (Figure 5.16, c).  
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Figure 5.16: Temporal variation in transport features in satellite image (a) and LiDAR 

and associated thematic inaccuracies (b and d). 

 

Due to the positional uncertainty associated with such mobile features in multiple datasets, 

their temporal variations were not considered as part of a given land-cover in the current 

research. Hence, related inaccuracies were identified and corrected in a proposed step (refer 

to classification segment in the methodology chapter). Feature characteristics, association 

and real world scenarios were taken into consideration in deriving suitable correction rule-

sets. On the satellite image used, small vehicles such as cars, vans, and minibuses were 

observed travelling on the road, as well as being stationary in car parks. Therefore, they 

were always associated with impervious (asphalt road and open impervious) land-covers. 

In addition, features with a size of around 25 m² were identified as image segments 

belonging to vehicles. A multistage correction step was implemented to reduce the 

discrepancies based on these conditions. Large errors caused by cargo and cruise ships, 

visible in Figure 5.16 (a), that were misclassified as low-rise buildings were rectified 

manually (Figure 5.16, d). A similar investigation using WorldView-2 and LiDAR data by 

Wojtaszek & Ronczyk (2012) achieved an overall classification accuracy of 82%, much 

lower than that in this study, even though a rule-based map correction stage was 

incorporated into the classification workflow.  
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5.5 LiDAR intensity 
 

LiDAR intensity data was tested for its effectiveness as a complementary data source for 

land-cover classification. Identically to elevation, the intensity image derived from the 

LiDAR point cloud data is devoid of any shadows. However, intensity information was 

rather noisy after rasterisation.  One of the possible reasons for the noise is that the intensity 

data received from the supplier was not normalized and corrected for flight path variations. 

Instead, it was supplied as an additional by-product of the elevation data (Figure 5.17, a). 

Therefore, the resultant intensity image was median filtered within a window of 3 X 3 

pixels (Figure 5.17, b). Multiple locations in the study area were investigated to study the 

spectral response of LiDAR intensity for various features. A strong reflectance was 

observed from the spectral profile plotted across vegetation from 1757840, 5919691 to 

1757741, 5919787, especially with ground level vegetation such as grass and turfs (Figure 

5.18), because the given laser beam of the LiDAR sensing system functions in the near 

infrared region of the electromagnetic spectrum. This caused a strong response from 

vegetation, identical to that of the NIR channels from the satellite image. Further 

investigation into spectral responses of trees from 1757622, 5920199 to 1757583, 5920115, 

revealed inconsistent outcomes (Figure 5.19). 

 

 
Figure 5.17: LiDAR intensity image (a) and resultant                                                          

smoothed image (b) after median filtering. 
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Figure 5.18: Spectral profile of vegetation in the LiDAR intensity image. 

 

The inconstancies in the spectral responses and the signal noise in the image can be 

attributed to the fact that LiDAR intensity is markedly influenced by the size, shape, texture, 

orientation and materials of the targets, resulting in significant variations in intensity values. 

Ground level vegetation such as grass and passive turfs usually exhibits a smaller, uniform 

leaf size, and thus a smoother texture. Hence, the reflected LiDAR signal retains maximum 

strength and yields high intensity values. In contrast, tree leaves vary considerably in their 

size, shape and orientation with respect to the LiDAR sensor. They scatter the incident 

LiDAR signals strongly. Such scattering weakens the strength of the reflected LiDAR 

signal and degrades LiDAR intensity values. 

 

 
Figure 5.19: Spectral profile of trees, grass and walkway on the LiDAR intensity image. 

 

As demonstrated in Figure 5.19, the strength of the reflected intensity signal displays 

relatively identical values (<230) for lawns (grass) located on either side of the candidate 

tree. Variations in the leaf orientation shape and texture due to the variety of developmental 

stages and leaf overlap causes a greater scattering of incident LiDAR pulses, resulting in 
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greater variations in intensity within a single tree canopy. Identical variations in reflected 

intensity values were observed in the spectral profiles of various trees across the study area.  

 

 
Figure 5.20: LiDAR spectral response of various urban features. 

 

The spectral profile plotted from 1757343, 5920473 to 1757522, 5920400, covers a number 

of features commonly found in urban areas, such as buildings, roads and trees. They have 

a mixed response in intensity. As illustrated in Figure 5.20, in a given profile the strength 

of the LiDAR intensity signal reflected from the roof of a building varies greatly with the 

building material, texture and orientation of the roof. Intensity values of buildings stretch 

across a wide range in the profile, from the lower range, which is identical to that of roads, 

to the higher end similar to that of trees. Due to such inconsistent returns and the intensity 

of the data derived from the LiDAR point cloud information failed to produce acceptable 

results when tested for feature differentiation. Therefore, they were not used for image 

segmentation and classification.  

 

5.6 ZABUD 
 

Prior to the ZABUDWV2 image being used as one of the classification parameters, it was 

analysed for relative changes in spectral responses from the various elements in the study 

area. Since this index specifically targets built-up or impervious areas, spectral profiles of 

man-made objects from the 8-bit ZABUD image and that of pan-sharpened WorldView-2 

multispectral image was evaluated along a transect 1757451, 5920666 to 1757635, 

5920617, passing across man-made objects such as buildings, roads and other impervious 
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areas  (Figure 5.21). The spectral profiles were plotted for all the eight spectral channels 

and for the ZABUD image (Figure 5.22). 

 

 
Figure 5.21: Transect line for plotting spectral profiles. 

 

 
Figure 5.22: Spectral profile plots for multispectral and ZABUD data. 

 

The profile chart clearly shows that such features as buildings have a ZABUD spectral 

signature identical to that of multispectral channels. It is therefore inconclusive and 

insufficient to identify building features based on the ZABUD index alone. Such 

inconsistent outcomes are possibly attributable to the detailed spatial information shown in 

the satellite image used because of its fine spatial resolution (1 m).  

- 149 - 
 



 

 
Figure 5.23: Spectral profile transect for candidate asphalt road. 

 

Roads and their associated elements covered by asphalt materials are dominant impervious 

features in urban areas. Extreme spectral similarities between asphalt and other 

accompanying impervious features and buildings are the prime source of errors in urban 

land-cover classification.  To explore this index’s capability, the spectral profile of asphalt 

road features is plotted 1757066, 5920546 to 1757143, 5920517, across a road (Figure 5.23).  

 

 
Figure 5.24: Spectral profiles of candidate road segment for                                                 

WorldView2 spectral channels and ZABUD. 
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The spectral profiles (Figure 5.24) indicate some unique ZABUD properties. The spectral 

value of the candidate road in the eight multispectral channels varies widely between 59 

and 154. The ZABUD image indicates a relatively constant range (79-103) across the 

profile. Shadows cast by neighbouring buildings greatly lower pixel values of these features 

in the multispectral channels (Figure 5.24). The ZABUD image, in contrast, shows a 

relatively consistent response throughout the profile even in shadowed regions, minimizing 

the impacts of shadows on asphalt features.  

 

The spectral profile of the ZABUD data associated with these three land-covers (asphalt 

road, open impervious and open spaces) in the land-cover classification scheme devised for 

the research and in vegetation were plotted for the test locations 1757683, 5920967 and 

1757704, 5921040, as displayed in Figure 5.25 These were analysed to identify any 

peculiar characteristics.  

 

 
Figure 5.25: Transect line for analyzing the spectral profiles of vegetation and impervious 

sub-categories. 

 

- 151 - 
 



 

 
Figure 5.26: Spectral profiles of WorldView-2 multispectral bands and ZABUD for 

vegetation and impervious subcategories. 

 

Figure 5.26 compares the spectral profiles of vegetation and impervious features. Evidently, 

vegetation (trees) yields high reflection values in ZABUD, identical to that of conventional 

vegetation indices such as NDVI. Similarly, open spaces such as footpaths and open 

recreational impervious areas made up of colourful tiles, paver blocks and other materials, 

also yield high reflectance in ZABUD, similar to that of the WorldView-2 multispectral 

channels. ZABUD reflection values for open impervious (concrete or covered areas), on 

the other hand, demonstrate pixel values (123-150) lower than that of multispectral bands 

in an 8-bit image, while pixel values of the ZABUD index for roads are consistently lower, 

as reflected in other plotting. 

 

Comparison and analysis of multiple spectral profiles associated with a variety of urban 

features in the study area clearly show that the ZABUDWV2 index, modified from the 

original ZABUDETM+ equation, harvested some of the peculiar reflection properties 

associated with impervious surfaces. Extreme spectral and within-feature variations 

associated with buildings and which are due to a higher spatial resolution made it 

impossible to gain conclusive separation parameters from the given ZABUD image. In 

contrast, impervious surfaces, especially road features made up of asphalt material, had 

consistent pixel values within a range of 79-103 for a variety of samples as tested in the 
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ZABUDWV2 image. Such a consistent pixel range further highlighted the reduction in the 

impact of shadows on asphalt features, thus minimizing the errors associated with the 

altered spectral signature caused by the loss of radiometric information. ZABUDWV2 data 

also exhibits a good response to vegetation, identical to that of standard vegetation indices 

(NDVI), indicating the possibility of its applicability for vegetation identification. Multiple 

tests in both test and reference classifications for identifying the optimum combination of 

class separation parameters in the NN feature space were conducted by using ZABUD 

image parameters (layer average and ratio) along with other spectral parameters. During 

the tests the averages and ratioing of ZABUD were selected repeatedly as optimal class 

differentiation features (Figure 5.27).  

 

     
Figure 5.27: Selection of the optimum class separation parameters in NN feature space in 

reference (left) and test classification (right). 

 

5.7 Effects of texture 
 

Four basic textural parameters, namely homogeneity, contrast, mean and standard deviation 

associated with the image objects, were computed for GLCM and GLDV features. 

However, it is worthwhile to note that the computation of these individual texture 

parameters for given image objects required a time span ranging from 60 to 120 seconds, 

substantially higher than the average time required for spectral parameter computations (5-

35 seconds). Values obtained from the textural parameters, both individually and in 

- 153 - 
 



 

combination with spectral parameters, were added to the SNN feature space to identify 

class separation distances and optimum layer combinations. Much more time was needed 

to compute textural parameters in the SNN feature space. For example, a time span ranging 

from 300 seconds to about 82 minutes was required to compute the class separation 

distances for individual or combined textural parameters. 

 

When SNN feature space was computed for all the available thematic classes, using solely 

the textural features (4 GLCM and 2 GLDV) to determine the class separation, trees and 

elevated road segments had a very low class separation distance (0.05) (Table 26). For other 

classes, the separation distance was less than one. 

 

Table 26: Feature class separation matrix computed from six texture parameters for land-

covers in the test classification 

 

 
 

When the feature space distances were computed for the land-covers that were grouped in 

the two intermediate classes, the minimum separation distance (0.058 and 0.078) increased 

only slightly for the land-covers grouped in the two intermediate classes (Tables 27 and 

28 ). 

 

 

 

 

 

Class/Class Water Lawn Asphalt 
Road

Open 
Impervious

Open 
Space Trees High 

rise
Low 
rise

Elevated road 
segments

Water 0 0.394 0.06231 0.279213 0.41035 0.1677 0.1632 0.4304 0.149993

Lawn 0.394 0 0.657028 0.187262 0.158465 0.0818 0.7023 0.8602 0.152173

Asphalt Road 0.0623 0.657 0 0.392663 0.445266 0.1488 0.311 0.7678 0.153016

Open Impervious 0.2792 0.1873 0.392663 0 0.102835 0.0987 0.3639 0.9904 0.111505

Open-Space 0.4104 0.1585 0.445266 0.102835 0 0.0985 0.4747 1.1246 0.211169

Trees 0.1677 0.0818 0.148766 0.098713 0.098454 0 0.3404 0.8349 0.057979

High-rise 0.1632 0.7023 0.31103 0.36386 0.474695 0.3404 0 0.1385 0.649571

Low-rise 0.4304 0.8602 0.767843 0.990411 1.124582 0.8349 0.1385 0 1.35511

Elevated road segments 0.15 0.1522 0.153016 0.111505 0.211169 0.058 0.6496 1.3551 0

Dimension: 5
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Table 27: Feature class separation matrix computed by using all texture parameters for 

land-covers in the ground class 

 

 
 

Given the very low degree of separation among the land-covers, it has been concluded that 

textural parameters alone are insufficient to delineate them, even if they have been grouped 

together based on elevation from the available set of input datasets.  

 

Table 28: Feature-class separation matrix computed by using all texture parameters for 

land-covers in the above-ground class 

 

 
 

In the subsequent tests, texture parameters were incrementally added to the feature space 

optimization process, in combination with 33 spectral parameters to calculate the class 

separation distances. Texture (homogeneity, contrast, mean and standard deviation) 

parameters increased minimum class separation distances (0.27, 0.15, 0.24 and 0.5) for all 

nine land-cover classes, in conjunction with spectral information. However, the overall 

Class/Class Water Lawn Asphalt 
Road

Open 
Impervious

Open 
Space

Water 0 0.461352 0.078359 0.256429 0.414131

Lawn 0.461352 0 1.167301 0.236876 0.14654

Asphalt Road 0.078359 1.167301 0 0.413839 0.626475

Open Impervious 0.256429 0.236876 0.413839 0 0.1213

Open-Space 0.414131 0.14654 0.626475 0.1213 0

Dimension: 5

Class/Class Trees High   
rise

Low    
rise

Elevated 
road 

segments

Trees 0 0.33227 0.88489 0.05866

High-rise 0.33227 0 0.14402 0.6238

Low-rise 0.88489 0.14402 0 1.42007

Elevated road segments 0.05866 0.6238 1.42007 0

Dimension: 5
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class differentiation distance of still less than zero implies severe thematic confusion, and 

hence inconclusive outcomes, prompting the need for further investigations. 

 

During supplementary examination, class separation was calculated by using the six 

textural and 33 spectral parameters derived from the satellite image and from LiDAR data 

for the proposed thematic classes, based on elevation. Land covers belonging to the class 

‘ground’ exhibited more textural and spectral variations than other covers. As a result, 

minimum class separation increased from 0.078 to 0.58 (Table 27 and 29) when both 

spectral and textural parameters were applied collectively to the NN feature space. Natural 

land-covers such as water and lawn (vegetation) demonstrated the largest class separation, 

in sharp contrast to anthropogenic land-covers such as asphalt road, open impervious and 

open spaces (Table 28), where the class separation was still smaller than 1.  

 

Table 29: Feature class separation matrix computed by using texture and spectral 

parameters for land-covers in the ground class 

 

 
 

In a similar scenario, the joint use of texture and spectral parameters increased the minimum 

class separation from 0.05 (Table 28) to 0.33 (Table 30) for features grouped in the ‘above 

ground’ class. The overall increase in class separation is highlighted in Table 30.   

 

 

 

 

Class/Class Water Lawn Asphalt 
Road

Open 
Impervious Open-Space

Water 0 5.940492 0.634536 3.441211 4.634363

Lawn 5.940492 0 1.286391 2.140302 0.891525

Asphalt Road 0.634536 1.286391 0 0.606861 0.96177

Open Impervious 3.441211 2.140302 0.606861 0 0.586905

Open-Space 4.634363 0.891525 0.96177 0.586905 0

Dimension: 5
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Table 30: Feature class separation matrix computed by using texture and spectral 

parameters for land-covers in the above-ground class  

 

 
 

However, the operations associated with textural parameters, such as computation of the 

separation distance in the NN feature space, identification of the optimum layer parameters, 

and the calculation and application of the NN feature space to the designated classes were 

computationally intensive. A substantially longer time span, ranging from 95 minutes to 

187 minutes, was required for various textural operations. Computation of the NN feature 

space for the six textural and 33 spectral parameters took the longest time, 219 minutes. 

Furthermore, when the supervised classification was performed on the thematic classes, 

using optimum layer parameters obtained from the feature space optimization procedure, 

the computer was unable to cope with such complex data. Repeated classification attempts 

conducted using either selective thematic classes (ground or above-ground) or cumulative 

classes were unable to produce any results after an overnight run, and the processes had to 

be terminated. 

 

Based on the quantitative tests performed using texture parameters and by comparing 

associated class separation outcomes with the results obtained using spectral parameters 

only, it can be said that the inclusion of texture did not improve the accuracy of the 

suggested land-covers. Sole use of the textural features was insufficient to delineate any 

land-covers as highlighted by the very low class separation distances. The combined use of 

texture and spectral parameters resulted in insignificant variations in the class separation 

distances. Inclusion of texture caused a decrease in separation for some classes, when 

combined with spectral information.  Furthermore, texture had an additional disadvantage 

by prolonging the computation of various textural parameters. Considering the high end 

computational environment used, the limited extent of the study site (3.75 km2), and the 

Class/Class Trees High-rise Low-rise Elevated road 
segments

Trees 0 1.038462 2.284756 1.664842

High-rise 1.038462 0 0.333328 0.905622

Low-rise 2.284756 0.333328 0 0.96577

Elevated road segments 1.664842 0.905622 0.96577 0

Dimension: 5
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size of the multisensory input datasets, the time span needed to achieve various steps in the 

suggested classification fell in the range of 50 seconds to 200 seconds. The addition of 

textural features dramatically increased the processing time, affecting the performance of 

the classification process. Undoubtedly, substantially longer computational processing time 

is required for larger study areas, with more input data if texture is inputted as a 

classification parameter. Because of these circumstances, none of the textural parameters 

computed and tested during this study were used in the final classification procedure. 

 

5.8 Advance classification algorithms: preliminary comparative analysis.   
 

Accuracy of the classification outcomes obtained from four recently available classification 

algorithms (SVM, KNN, decision tree, and Bayes) were analysed by using the same set of 

reference samples (Figure 4.2 and Table 13). Overall accuracy and kappa per class were 

compared with the results obtained from the NN-supervised classification used in the study. 

Out of the four classifiers, Bayes classification produced a thematic classification with 

substantial errors and an insignificant overall accuracy (42%) and kappa (0.09), and 

therefore was not considered for further comparison. Of the remaining classification 

algorithms, the overall accuracy (93.3%) and kappa (0.89) obtained from the SVM 

classifier was nearly identical to the accuracy obtained from the workflow suggested in the 

study. A decrease in accuracy and associated kappa was observed for the decision tree and 

KNN classifiers, as highlighted in Figure 5.28 and 5.29. 

  

 
Figure 5.28: Accuracies and Kappa comparison for different classification algorithms tested. 
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Figure 5.29: Comparison between Kappas per class for nine land-covers obtained from 

different classifiers. 

 

In the suggested workflow, the new classification algorithms were used, replacing the NN-

classifier that targeted the ground level land-covers. As a result, the performance of these 

advance classifiers was evaluated by analyzing the accuracies of the thematic land-covers 

associated with the ground. From the analysis of kappa per class obtained for various 

ground level land-covers (Figure 5.30), it was evident that the higher thematic accuracy 

was obtained from an SVM classification. Apart from asphalt roads (kappa 0.74), the 

accuracies for remaining land-covers were identical to the accuracy obtained from an NN 

classification.  

 
Figure 5.30: Kappa per class for ground level land-covers 

obtained from different classifiers. 
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On the other hand, a substantial decrease in both the overall accuracy and kappa was 

observed (Figure 5.31) for the thematic results obtained from the remaining classification 

algorithms (KNN, and decision tree), indicating a possible inability to handle spectrally 

complex land-covers in the urban areas. 

 

 
Figure 5.31: Selective overall accuracy and kappa for ground level land-covers  

obtained from different classification algorithms. 

 

The comparative analysis indicated that the multi-stage classification workflow suggested 

in the study is flexible in adapting new and advance classification algorithms, such as SVM, 

KNN and decision tree, instead of using the conventional NN-supervised classification. 

However, the low kappa per class and overall accuracy levels obtained during the 

quantitative assessment have indicated that KNN, decision tree and Bayes classifiers are 

far less capable of handling the spectral and scalar complexities associated with urban land-

covers. SVM classification, on the other hand, produced thematic accuracies identical to 

those obtained from the NN classification. Given the fact that only default settings for 

various input parameters were used during the test classification, there is room for a further 

refinement of the classification process. 

 

5.9 Summary  
 

This chapter discusses the accuracy rates and the errors associated with the proposed 

elevation-based classification method. The applicability of elevation data was assessed by 

comparing the accuracies obtained from test classifications with a reference classification 
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performed under identical conditions without incorporating LiDAR elevation. It was found 

that elevation-based segregation prior to classification successfully separated the 

classification parameters of complex but spectrally identical urban features, such as 

buildings and impervious areas. Therefore, resultant classification methods utilized 

minimal yet optimum classification parameters for thematic classification. Along with 

showcasing the applications of LiDAR-derived elevation, the study also demonstrated the 

advantages of the multistage classification process involving two distinctive classification 

procedures targeting a particular group of land-covers. Results obtained through trial 

classifications highlighted the limitations of semi-automated procedures, such as the SNN 

classifier, in identifying spectrally complex land-covers such as buildings and elevated road 

segments in one stage. Conversely, the suggested rule-set based parametric classifier 

successfully identified and extracted the designated land-covers in a sequential manner, 

reducing the possibility of thematic interference in the successive steps. 

 

Detailed qualitative and quantitative analyses also identified a variety of internal and 

external sources that contributed to inter-class confusion and associated misclassifications. 

The process of defining thematic classes to address the available land-covers in the given 

area greatly affects classification accuracy. As discovered in the current investigations, a 

detailed (nine classes) thematic map can be derived from the available set of input 

parameters. The results included the three land-covers open space, open impervious areas 

and asphalt roads, broadly representing the impervious land-cover in the area. Therefore, 

defining more thematic classes to represent a major land category could lower the overall 

accuracy of a classification. Aggregation of the thematic sub-groups into major classes 

improved the classification accuracy to 97%, but resulted in more generalisation. This 

highlights the possible tradeoff between high accuracy but more generalised thematic maps 

versus detailed land-cover classification at a lower but acceptable accuracy. Subsequent 

analyses revealed the impact of other factors, such as a data acquisition gap because of 

seasons, shadows, temporal inaccuracies and the extent of natural land-covers on the 

overall classification accuracy.  

 

Inconsistencies in the reflected LiDAR intensity values lower point density and resolution 

associated with the data. Noises in the intensity image make it an unreliable source of 

information for feature identification. This is confirmed by the wide variation in the 

intensity values of identical land-covers that could lead to their incompetent separation. 
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The modified ZABUD index is suitable for identifying asphalt features from multispectral 

imagery data. The six textural parameters investigated showed lower and inconsistent 

separation if used alone or in combination with spectral information. They would therefore 

lead to inconclusive classification outcomes and also cause a serious increase in processing 

time. As a result, it is not practical to make use of texture over large datasets. 

 

Finally, the advance classifiers that are available in the recent versions of eCognition were 

tested in a comparative analysis. These tests not only have validated the flexibility of the 

suggested workflow in incorporating different algorithms, but encouraging results were 

obtained from the SVM classifications, signaling the potential of the SVM algorithm to 

delineate urban land-covers through the suggested workflow. 
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Chapter 6 Conclusions  
 

6.1 Conclusions 

 
A rapid development in the digital and aerospace domains means an increase in the 

availability of data from very high resolution space-borne and terrestrial remote sensors. 

Sources include the existing IKONOS-2, the GEOEYE-1 and 2 and WorldView-2 and the 

soon-to-be launched WorldView-3 satellite (0.43 m resolution), plus full-waveform 

LiDAR sensors and high-density terrestrial LiDAR scanners. This fleet of sensors will offer 

a continuous supply of earth imagery, sending back unprecedented detail covering a broad 

range of the electromagnetic spectrum. Conversely, the geospatial industry is starting to 

experience an accelerated growth with the demand for accurate geospatial information from 

both governments and the commercial sectors.  

 

In light of the foregoing, this study has attempted to satisfy the need for fast and accurate 

geospatial data generation by proposing a hybrid land-cover classification workflow. This 

new approach (Figure 6.1) is capable of integrating multi-source, multi-sensory 

information and can identify meaningful thematic land-covers that are able to be directly 

used in different scenarios. Typical problems associated with urban land-cover 

classification, such as the spectral similarities between different impervious surfaces, are 

effectively addressed by an intermediate feature separation stage. This novel differentiation 

stage prior to classification separates spectrally similar land-covers. A multi-stage 

classification incorporating two different classifications subsequent to the feature 

separation step is proposed in the research as this would proficiently target a variety of 

land-covers, boosting the overall efficiency of the thematic classification. 

 

6.1.1 Key findings 

 

A) Successful integration of LiDAR and high-resolution satellite images 

The information available from a single source such as satellite imagery or LiDAR is 

insufficient when differentiating spectrally complex impervious land-covers in urban areas. 

This study has successfully addressed the problem by fusing elevation data (nDSM) 

- 163 - 
 



 

obtained from LiDAR point cloud data with spectral information from the eight 

WorldView-2 bands.  

 
Figure 6.1: Segmentation-classification workflow investigated in this study 

 

It is difficult to integrate 3D LiDAR point cloud data directly with spectral information 

available in the pixel form. The proposed method takes advantage of rasterised elevation 

information extracted from LiDAR data, in conjunction with the multi-spectral satellite 

image and successfully mapped nine land-covers in the study area. 

 

The use of elevation data brings multi-fold benefits: LiDAR elevation data are devoid of 

shadows, thereby obtaining clearer object boundaries for features in the shadowed portion 
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of the satellite imagery. Better identification of the land feature boundaries is essential for 

the effective grouping of the spectral, spatial and textural parameters associated with the 

given object, thus improving the thematic classification of the land-covers. This study, 

unlike established methods discussed in the literature review, has taken advantage of 

LiDAR elevation as a main data source in image segmentation, complemented by spectral 

information. nDSM and slope information obtained from the elevation data has resulted in 

the production of better object borders during the segmentation process. Elevation also 

plays a pivotal role in the novel feature differentiation stage by separating the various land-

covers, including spectrally identical impervious areas, roads and buildings into two 

transitional subgroups prior to the classification. Collectively, both the segmentation and 

feature differentiation steps boosted the overall accuracy of the affected thematic classes to 

93% from the 75 % obtained in a reference classification. In addition, many of the central 

city buildings were difficult to differentiate into individual units, due to their compact 

arrangement and close proximity to each other. Elevation thresholds were successfully used 

in a hierarchical classification to differentiate these buildings into two classes (high-rise 

and low-rise).  

 

The availability of the four additional spectral channels from the WorldView-2 imagery 

proved effective in identifying various impervious land-covers. Considering the spectral 

complexities of urban features, it is difficult to evaluate the classification efficiency of the 

individual spectral components derived from the satellite images. However, feature space 

matrices (Table 10, and Figure 3.45) indicate that a combination of averages and ratios 

derived from the spectral bands three (green), four (yellow) and six (red-edge) of the 

satellite images, along with NDWI and ZABUD, yield optimum separation and achieve the 

highest thematic accuracy of 94% for urban impervious and other natural features grouped 

in the intermediate “ground” class. The combined use of available layer parameters in the 

classification workflow successfully sub-grouped impervious land-covers into three 

separate zones - asphalt roads, open impervious surfaces and open spaces. 

 

B) Effectiveness of lower-order segmentation and classification parameters 

One of the prerequisites for an effective thematic classification workflow is that such 

procedures must be applicable to an array of urban scenarios. It is essential therefore that 

the associated classification parameters used should be easily transferable. The proposed 

workflow attempts to resolve this impediment by integrating two distinct classification 
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schemes that rely on the use of basic classification parameters. The hybrid classification 

workflow is based on SNN-supervised and rule-set parametric classifiers. Both classifiers 

use layer parameters such as averages, ratios and standard deviations, which are derived 

from various input datasets. These lower-order generalised features can be easily extracted 

from any raster dataset, and should be easy to use in all thematic classifications.  

 

C) Flexible segmentation-classification framework 

Thematic land features in urban areas vary from scene to scene. A land-cover identification 

method must therefore be capable of incorporating or modifying various classification 

parameters, according to the land-covers that are present or absent in the different urban 

scenarios.  In this study, the SNN classifier was used as a main classification process for 

spectrally diverse land-covers. Testing the feasibility of individual parameters derived from 

multi-sensory sources is a time-consuming process. The SNN-feature space optimisation-

based classification process derived from the workflow identifies the optimum combination 

of classification parameters from the available pool of 33 parameters. This semi-automated 

procedure is based upon user input samples. Depending upon the scene variables, the SNN 

method is thus capable of incorporating different parameters other than those used in the 

current research. 

 

However, a potential limitation of an SNN-supervised classification when differentiating 

land features such as buildings and elevated road segments from the ‘above ground’ 

category was identified during the course of this study. The sample-based classifier cannot 

effectively differentiate the features in a single classification stage that exhibits identical 

spectral and elevation properties. The classification workflow discussed is flexible in 

combining an additional classification process. An additional rule-set based procedure 

successfully addressed the shortcoming associated with the SNN classifier by targeting 

particular land-covers in separate steps. 

 

A rule-set based parametric classification was used in stage two for spectrally complex land 

features such as trees, buildings and elevated road segments. The process targets vegetation 

and buildings in the initial step by using the standard NDVI and elevation parameters those 

are easily derivable from different scenarios, which add more flexibility to the overall 

classification procedure. Buildings and elevated road segments on the other hand were 

differentiated in the following steps using elevation and ZABUD. The rule-set based 
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classification permits step-by-step classification and extraction, reducing the possibility of 

interference from the classified objects in the successive steps. 

The suggested classification workflow further addresses the crucial problem of thematic 

inaccuracies induced by the increased spectral diversity within a given land-cover due to 

an improved spatial resolution (i.e., a smaller pixel size). This study has identified such 

errors as “temporal inaccuracies” that are effectively controlled at the correction stage and 

implemented after the SNN classification. Real-world neighbourhood and association 

scenarios are applied during rule-set correction for temporal features (e.g., vehicles). The 

inaccuracies are rectified through the successful implementation of the “find enclosed by 

class” algorithm.  Given the identical nature of such temporal anomalies in different urban 

areas, the correction step framework can be applied to other scenarios. 

 

D) Effectiveness of modified spectral index ZABUD 

The efficient classification of impervious surfaces dominant in urban areas is a major hurdle. 

One of the main reasons for the low classification accuracies associated with urban areas is 

the unavailability of any definite classification parameter (spectral, spatial or other), 

specific to impervious areas. In this research, urban impervious land-covers are targeted by 

modifying the ZABUDETM+ spectral index, which was devised specifically for impervious 

features. Originally designed to identify built-up areas from Landsat ETM+ imagery, 

ZABUD etc was successfully modified to incorporate the WorldView-2 spectral channels. 

In a typical urban scene where spectral responses are greatly altered by the loss of 

radiometric information in shadowed regions, the ZABUD index has consistent spectral 

values in a range of 79-103 for asphalt road features. As a result, the ratioed ZABUD image 

has been identified as one of the optimum layers in the SNN-feature space. The 

applicability of the index was verified in a rule-set classification in which elevated road 

segments were mapped with an accuracy of 83%. In addition, this index also demonstrated 

a strong response to vegetation features, identical to the NDVI. Therefore, the ZABUD 

ratio can be applied to classify trees and vegetation in general.  

 

Over the years, a variety of identification parameters such as vegetation, water and soil 

moisture indices have evolved to identify specific land features. So far however, no suitable 

parameters have been proposed to specifically map impervious areas through remotely 

sensed images. Thus there is a dependency on indirect information when classifying 

impervious surfaces. The results obtained in this study have revealed the potential of the 
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ZABUD spectral index for classifying such surfaces. Although the spectral profile analysis 

showed inconclusive results in identifying impervious land features (buildings, impervious 

areas and roads) as a whole, the index was found to be effective in differentiating asphalt 

features such as roads, thus moving forward attempts at finding some unique spectral 

parameters for impervious surfaces. Therefore, this study signals possibilities for the 

greater integration of the ZABUD index into mainstream classification procedures.  
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Chapter 7 Implications for Future Research  
 
The hybrid segmentation-classification workflow suggested in this study achieves better 

classification accuracy when identifying land cover from urban areas. Nevertheless, the 

study has highlighted a few inadequacies related to input data, the resulting outputs, feature 

classification and associated parameters. Conversely, these shortcomings indicate an 

opportunity for future investigations, as outlined in this section.  

 

7.1 Land use 

 

The study primarily focuses on the use of simple but optimum classification parameters 

that are applicable to a range of urban scenarios. The proposed classification scheme 

efficiently identifies land covers in the study area. However the workflow is unable to 

deliver land use information associated with land covers that requires the use of higher 

order classification parameters. This limitation provides an opportunity to investigate 

additional scene-independent classification parameters in the segmentation-classification 

workflow when extracting thematic land-use information from given datasets. This 

limitation further emphasises the scope for developing a land cover to land-use conversion 

workflow, supplementary to the one proposed. A conversion scheme can use the thematic 

land cover information obtained during the proposed workflow and convert it into land-use 

data by applying different association and class relationship parameters that are commonly 

available in eCognition or a similar software environment. Although the conversion 

parameters might vary from scene to scene, a standard framework for the conversion 

classification framework will benefit the overall thematic data generation process.  

 

7.2 GIS-ready maps 

 

A thematic map covering nine land areas with a higher 93% classification accuracy has 

been achieved from the information extracted from multi-sensory data. In order to generate 

visually plausible and “GIS-ready” thematic land cover layers, object reshaping, clean-up 

and other enhancement operations must be performed on the resulting thematic map. 

Higher order layer and map parameters are necessary for object reshaping operations, 

which are very scene-specific in nature. Given the simplified nature of the classification 
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parameters investigated, the proposed workflow is unable to achieve the map clean-up and 

augmentation operations. This drawback indicates an opening for future work in order to 

modify the proposed hybrid classification scheme and incorporate scene-independent map 

clean-up operations. Current classification frameworks successfully demonstrate the 

capability to integrate different classification and correction procedures, while the 

integration of an additional map-cleaning procedure would provide a comprehensive 

thematic map-generating solution.  

 

7.3 LiDAR data 

 

In this study, LiDAR data was used as a primary data source for image segmentation and 

feature differentiation, while spectral information from the satellite image was utilised as a 

complementary source of information for classification. Despite achieving satisfactory 

segmentation and feature differentiation, the LiDAR data imposed certain limitations on 

classification accuracy. The acquired LiDAR data was recorded in the first generation LAS 

01 format. This format allows only a limited amount of information to be retained, and is 

thus quickly becoming obsolete. Furthermore, the LiDAR data available to the author 

contained only the first and last returns. This restricted the scope for extracting additional 

information associated with multiple returns from the data that could be beneficial in 

identifying a variety of features such as trees in shadowed regions. In addition, the low 

spatial resolution (1 m) and point density (1pt / m2) of the LiDAR data prevented the 

exploitation of the full potential of the finer resolution (0.5 m) satellite images. A finer 

resolution would enable a clearer segmentation and classification of smaller urban features 

that are unable to be resolved at 1 m.  

 

Similarly to elevation, the intensity information was devoid of shadows and analysis of the 

extracted LiDAR intensity image revealed peculiar reflection characteristics for vegetation 

and roads that could be beneficial to land cover classification. Conversely, the intensity 

information made available resulted in a noisy raster image. In addition to the noise, a low 

point density and the low resolution of the LiDAR data gave inconclusive outcomes when 

the intensity information was tested for feature differentiation. Therefore, the intensity 

image was not used in the segmentation and classification process.  

The current generation (LAS 03, 04) LiDAR data, as well as recent full-waveform LiDAR 

sets, offers a higher spatial resolution at a much higher point density (10-20 points / m2). It 
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is expected that the use of elevation and intensity information obtained from these latest 

datasets would generate high-resolution elevation and intensity images. These information- 

rich images allow the identification of finer details in the urban scene, which are otherwise 

difficult to distinguish, even at a 1 m spatial resolution.  

 

7.4 Building classification 

 

Spectrally-identical buildings and impervious areas are efficiently differentiated in the 

suggested workflow. Buildings are however segregated into two classes, high-rise and low-

rise, solely based on elevation. Given the complex nature of the urban scene, elevation, 

intensity and spectral information obtained from the LiDAR and satellite data is insufficient 

to identify the land use of a given building (residential, commercial or other). Airborne 

LiDAR data usually yields ortho-rectified vertical information of a scene. Rasterised 

elevation or intensity information obtained from such LiDAR data provides a top view of 

features only. Similarly, ortho-rectified satellite imagery also yields a top view of the scene. 

Although an ortho-view prevents every feature from being obscured and produces better 

classification results, it hides vital facades that can serve as supplementary information for 

land-use classification. As a consequence, it would be interesting to explore the possibility 

of integrating compound LiDAR datasets (Airborne + Terrestrial) that could provide 

vertical as well as oblique information on land features with satellite imagery data. 

Terrestrial LiDAR data is expected to bring out patterns, orientation, size and shapes that 

are associated with the facades of man-made objects such as buildings, which may provide 

additional land-use parameters useful for their accurate classification.  

 

7.5 Classification parameters and methods 

 

Some of the very complex land features, such as elevated road segments, were successfully 

identified in the current study. Nevertheless, the classification rule-set was built upon object 

reshaping operations (merging and re-grouping), along with the use of higher-order 

parameters (skewness). The object reshaping parameters and skewness used in the study 

was scene specific, and may not yield identical results if applied to different scenes. This 

limitation underlines the need for further investigation of the more basic and lower-order 

classification parameters that are applicable to a variety of urban scenes.  
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During the course of this study, a proven SNN classifier that was available in the given 

version of the eCognition 8.6.4 was used as a primary semi-automated classification 

algorithm. However, recent developments in the software environment have added more 

advance classification algorithms, such as SVM, decision tree, Bayes and KNN in the latest 

versions of eCognition. Preliminary investigations carried out at the end of this study and 

tested for their applicability to these classification algorithms in the suggested workflow, 

indicated encouraging outcomes. The successful integration of these new classifiers in the 

classification workflow which substitutes the NN classification process confirms the 

flexibility of the suggested workflow in adapting new algorithms and parameters. In 

contrast, KNN, decision tree and Bayes classifiers demonstrated less accurate thematic 

outcomes when compared to the NN classifier. An SVM classification however, yielded a 

nearly identical accuracy to that of the NN supervised classification. Given the fact that 

default algorithm settings were used to train and run the SVM classifier, there is vast scope 

for further analysis and a refinement of the SVM classifier in the suggested workflow, 

which could potentially improve the accuracy and overall functioning of the classification 

scheme.  

 

The workflow discussed in this study signals the potential for a greater integration of 

multisensory information. The tools and ancillary information such as ZABUD, developed 

during the course of this study, can thus be expected to propel further efforts towards 

developing automated and rapid land feature identification, satisfying the growing demands 

of the geospatial industry. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
. 

- 172 - 
 



 

Appendices: 
 

1) Segmentation tests with various parameters. 
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2) Parameters used in NN feature space for class separation. 
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3) Texture parameters  
The gray level co-occurrence matrix (GLCM) is a tabulation of how often different                 

combinations of pixel gray levels occur in a scene. In eCognition, texture after Haralick is 

calculated for all pixels of an image object. The GLCM is calculated by scanning the image 

object pixels into a 256 x 256 matrix, with pixel value and neighboring pixel value as co-

ordinates. The value of the matrix is a normalized number of pair occurrences                  

(number of occurrences ÷ number of all pairs). Four GLCM parameters computed during 

the research as 

 

GLCM Homogeneity 

It measures the degree of similarity in the given set of pixels and computed as 

 
GLCM Contrast 

 Contrast is the opposite of homogeneity. It is a measure of the amount of local variation in 

the image and calculated as, 
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GLCM Mean 

The GLCM mean is the average expressed in terms of the GLCM and generated by 

computing the frequency of the occurrence pixel value in combination with a certain 

neighbour pixel value as, 

 
GLCM Standard Deviation 

GLCM standard deviation uses the GLCM and it is the combinations of reference and 

neighbour pixels.  

 
 

The gray level difference vector (GLDV) is the sum of the diagonals of the GLCM. It 

counts the occurrence of references to the neighbour pixels’ absolute differences. Two 

GLDV parameters GLDV mean and contrast were computed for the given data sets as 
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GLDV Mean 

The mean is mathematically equivalent to GLCM Dissimilarity and computed as, 

 
 

GLDV Contrast  
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4) Land covers separation tests in NN feature space and resulting classifications.  
 
For Standard Deviation Layers 
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For Ratio Layers 
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For Mean Layers 
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5) Building locations surveyed for height 

 
 

 

 

 

 

 

Address
Survey 

No Floors
Height 

(Approx.) Class
Type 

(Edu/Commercial/Reside
ntial/Mix)

Science Building UoA 1 10 30 High Rise EDU/Com
90 Symonds St 2 16 48 High Rise Commercial
Auckland College 3 6 18 Low Rise Commercial
179-189 Karangahape Rd 4 2 6 Low Rise Commercial
21 Pitt St 5 8 24 High Rise Commercial
205-215 Hobson St 6 11 33 High Rise Residential
139 Nelson St 7 3 9 Low Rise Commercial
27 Union St 8 2 6 Low Rise Commercial
74 Cook St 9 2 6 Low Rise Commercial
City Works Depot 10 2 6 Low Rise Commercial
55-59 Nelson St 11 5 15 Low Rise Commercial
200 Victoria St W 12 3 9 Low Rise Commercial
201 Victoria St W 13 2 6 Low Rise Commercial
35 Graham St 14 3 9 Low Rise Commercial

117 Victoria St W 15 13 39 High Rise Residential
97-101 Hobson St 16 2 6 Low Rise Commercial
135 Albert St 17 31 93 High Rise Commercial
233-237 Queen St 18 4 12 Low Rise Commercial
26 Wellesley St E 19 6 18 Low Rise Mix
5 Durham Ln 20 6 18 Low Rise Car park
34-36 Wyndham St 21 3 9 Low Rise Commercial
34-36 Wyndham St 21 3 9 Low Rise Commercial
34-36 Wyndham St 21 3 9 Low Rise Commercial
34-36 Wyndham St 21 3 9 Low Rise Commercial
65-71 Fedaral St 22 6 18 Low Rise Commercial
41 Market Pl 23 3 9 Low Rise Commercial
Viaduct Basin 24 8 24 High Rise Residential
139 Quay St 25 9 27 High Rise Commercial
Hilton on Quay 26 7 21 High Rise Mix
Shed 10 Queens Wharf 27 3 9 Low Rise Commercial
21 Queen St 28 18 54 High Rise Commercial
50 Kitchener St 29 4 12 Low Rise Commercial
22 Customs St 30 16 48 High Rise Commercial
9 Princes St 31 11 33 High Rise Commercial
23 Emily Pl 32 8 24 High Rise Commercial
440 Queen St 33 4 12 Low Rise Commercial
54 Liverpool St 34 6 18 Low Rise Residential
96 Symonds St 35 10 30 High Rise Residential
72 Nelson St 36 15 45 High Rise Residential
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