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Abstract

Detailed land cover information is crucial for mapping and managing complex
urban environments across local and regional scales (Zhou and Qiu, 2015). This
thesis is based on the proposition that spatial resolution is the most influential
factor when mapping complex urban environments, compared to imagery’s
spectral properties and type of classifier. As such, the modern “very high
resolution” sensors (i.e., WorldView-2) offer a significant advantage for
mapping, however using such imagery is a costly and resource-hungry
approach. The coarser resolution of Landsat data (30m) is the key limitation for
using these data, yet they are free and now have a temporal legacy. This
doctoral research assesses the potential of using an approach that enhances
the spatial resolution of Landsat data for urban land cover mapping, namely
sparse representation. Focusing on the land cover mapping of the urban area
of Nottingham, UK, and after establishing the superior role of spatial resolution
on the accuracy of that mapping, this research demonstrates the potential of
this approach. Moreover, some parameters around its use are established, in
particular, the transferability of this method over space and time. It should be
noted the potential of sparse representation can be even more significant by
using finer spatial resolution products (i.e., Sentinel-2 and SPOT with 10m). This
reaffirmed the importance of the spatial resolution for urban land cover
mapping. Then it presents the sparse representation as a successful method to

enhance the spatial resolution of Landsat data for urban land cover mapping.



“There is only one corner of the universe you can be certain of
improving, and that is your own self”.

Aldous Huxley
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Chapter One

Chapter 1: Introduction

1.1 Research rationale

Although urban areas cover less than 3% of the global terrestrial surface, they
have a significant effect on environmental processes including hydrology,
biodiversity, biogeochemistry and climate at a range of scales (i.e., local,
regional and global (Grimm et al., 2008). According to the United Nations
Population Division, currently more than half of the world's population lives in
urban areas, and this number is expected to increase to 67.2% by 2050 (United
Nations, 2012). As such, there is a pressing need for urban analysis to help the
understanding of the status of urban areas and the quality of life of urban
dwellers (Nichol, 2009). Site-specific information on the morphology and
composition of urban areas is required in order to take appropriate action to
mitigate undesirable impacts and plan for the future (Sanchez, 2004). However,
this is required for ever increasing temporal resolutions to track the rate of
change, particularly in the larger and most complex of urban areas, cities.

The synoptic view afforded by remote sensing offers great potential for data
collection about cities. However, the data desired often tends to be related to
population numbers or distributions and/or land use, and this is not directly
observable by remote sensing (Nichol, 2009). Often the directly observable
land cover information is the first step to the collection of the desired data on
cities, and this can be done so at a range of scales (Lu and Weng, 2007; Zhou et

al., 2011). Land cover data for cities provides crucial input data for a number of
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applications including green space analysis (Lang et al.,, 2008), urban
hydrological modelling (Han and Burian, 2009), urban land-use mapping
(Herold et al., 2003b) and other such urban planning and management
activities (Rogan and Chen, 2004; Miiller et al., 2010). Thus to avoid error
propagation downstream, there is a need for highly accurate land cover data
of cities.

Although remote sensing is a common source of land cover data and often the
only practical and cost-effective means of generating such information over
large areas (Zhou and Qiu, 2015), the mapping of land cover of cities poses a
significant challenge for remote sensing due to the high spatial frequency of
surface features (Herold et al., 2003a; Lu et al., 2010; Moreira and Galvao,
2010). Urban land is highly heterogeneous comprising a mosaic of both human-
made materials (such as asphalt, concrete, roof tiles and other impervious
surfaces) and semi-natural surfaces (i.e., grass, trees, bare soil, and water).
Early work using the relatively coarse spatial resolution sensors (i.e., Landsat
Thematic Mapper (TM) imagery with its 30m multispectral spatial resolution)
was compromised by the spatial resolution of the remotely sensed data
(Guindon et al., 2004; Small and Lu, 2006). This level of spatial detail inevitably
leads to mixed pixels, whereby each pixel exhibits some spectral average
representing multiple surface features (Lu et al., 2011; Ling et al., 2012; Zhang
et al., 2014). Commonly there was the situation as described by Strahler et al.’s
(1986) L-resolution model, and attempts to overcome this included spectral

unmixing (i.e., a single L-resolution pixel of the dense residential area may be
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recognisable as the signatures of several different ground materials such as

vegetation, buildings, and roads).

1.2 Very High Spatial Resolution Sensors

A technological advancement in satellite remote sensing came around the turn
of the millennium with the advent of so-called “very high resolution” (VHR)
satellite sensors, led by the 4m spatial resolution (multispectral) IKONOS
mission in 1999. It was then followed by a series of other instruments including
OrbView-3 (with 4m spatial resolution), QuickBird (2.4m) and GeoEye-1 (1.6m)
(Aplin, 2003). Thus, a different paradigm in the land cover mapping of urban
areas ensued. Here Strahler et al.’s (1986) H-resolution model prevailed (i.e.,
the scene elements are typically larger than image pixel). Many studies
demonstrated how the fine spatial resolution VHR remotely sensed data
enabled relatively accurate identification of small urban features (Inglada and
Michel, 2009, Weng, 2012, Qin et al., 2015). This potential was further
cemented when a generation of VHR satellite sensors emerged with enhanced
spectral, as well as advanced spatial, properties. It is expected that
consideration of more wavebands and higher spectral resolution may prove
especially valuable for urban mapping, enabling subtly different spectral
classes to be identified (Poursanidis et al., 2015). This advantage is likely to be
most pertinent where a detailed classification scheme is involved, for instance
when identifying many different land cover classes in complex urban

environments. For instance, a planning agency official conducting a land use
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inventory may wish to map several different types of roofing materials rather
than a single “buildings” class (Fiumi, 2012).

That said, in contrast to the problem of mixed pixels which occurs where image
spatial resolution is too coarse, the use of VHR imagery can give rise to a
situation where “over-sampling” of the scene occurs. With this latter within-
feature variation (occurring where image resolution too fine), pixel-based
classification accuracy may be reduced (Lu et al., 2010, Aplin and Smith, 2011,
Liu et al., 2013, Huang and Zhang, 2013). Certainly, the use of statistical
parametric classifiers such as the maximum likelihood (ML) algorithm (Lu and
Weng, 2004, Myint et al., 2011, Qin et al., 2015), which makes certain statistical
assumptions about the data, is a challenge when used to classify VHR imagery.
Specifically, ML classification tends to work well where training data are
relatively noise-free and spectrally distinct between classes, such as where
coarse spatial resolution imagery is used to classify general land cover classes.
Where training data are rather noisier, such as where fine resolution imagery
is used to map complex environments, (i.e., urban areas), the ML classifier can
be considerably less accurate (Myint et al., 2011; Lu et al., 2011). Referring to
statistical aspects, pixel-based approaches as a whole have limitations when it
comes to urban analysis using VHR imagery (Campbell, 2007; Myint et al.,
2011). Non-parametric pixel-based classifiers such as support vector machines
(SVMs) seem well-suited to VHR urban classification since they are better able
to handle noisy training data, compared to for instance the ML classifier

(Mountrakis et al., 2011; Poursanidis et al., 2015).
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That said, to fully exploit the VHR data (and bearing in mind the H-resolution
model (Strahler et al., 1986) that tends to prevail) there has been a movement
away from traditional per-pixel-based land cover mapping approaches
(Blaschke et al., 2014; Poursanidis et al., 2015). In particular, object-based
image analyses have been explored with the premise that this approach
directly addresses, and to an extent overcomes, the problem of within-feature
variation and its attendant (pixel-based) misclassification (Lu and Weng, 2007;
Zhou et al., 2008; Li and Shao, 2014). An image object is defined as a group of
pixels sharing similar spectral and textural properties (Huang and Ni, 2008). The
fundamental assumption of OBIA is that relatively homogeneous patches
construct each image and that the size of the object is larger than a pixel.
Object-based classification, which exploits spatial, textural and topological (as
well as spectral) information (Walker and Blaschke, 2008, Bhaskaran et al.,
2010; Blaschke et al., 2011) may facilitate highly accurate mapping of complex
urban environments using VHR imagery. Moreover, object-based classification
has grown in popularity, whereby objects are allocated to land cover classes to
represent real-world features instead of somewhat arbitrary pixel structures
(Aplin and Smith, 2011). Other practitioners have tested spatial indices and
wavelet-based approaches to enhance classification accuracy (Myint and

Mesev, 2012).

1.3 Exploiting VHR Data

Although VHR sensors may offer advantages for mapping urban areas, to-date
their wide use has been hindered. The principal reason limiting the usage of
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VHR imagery is the high cost (Lei et al., 2014; Franny et al., 2015; Chan, 2015;
Kuffer et al., 2016). According to Land Info (2016), archive and new tasking of
WorldView-2/3 imagery costs US$19 and USS29 per km? respectively, and
other processed data products may cost several times more. This means that
while a Landsat image (covering an area of 3425 km?; 185 x 185 km) has no
cost, WV-2 imagery for the same area costs at least $65075 (US$19 x 3425).
The Landsat programme offers images with a 30m resolution, which are freely
available via GloVis, EarthExplorer, or via the LandsatLook Viewer websites
within 24 hours of reception. Furthermore, the French government has
announced that SPOT (Pour I'Observation de la Terre) (with 10m spatial
resolution) archive imagery (older than five years) would be accessible freely
for non-commercial users (Selding, 2014). Costs would increase if a temporal
record is required and the likelihood of attaining that is much reduced with VHR
sensors. Furthermore, historical image archives are much shorter when using
VHR data; IKONOS as the first very fine resolution optical satellite has only been
available since 1999 (De Laet et al., 2007), while the first sensor of the Landsat
programme was launched in 1972. Also, the temporal resolution of VHR
sensors are limited compared to the medium resolution sensors (i.e., Landsat).
For example, while it takes Landsat 16 days to complete a full earth scan, the
revisit time for VHR sensor is significantly higher (i.e., 144 for IKONOS). This can
be especially problematic for VHR sensors for monitoring applications. Finally,
a full scene of VHR image is significantly smaller in spatial extent compared to
medium resolution imagery. For example, a full scene of Landsat imagery

covers an area of 185 x 185 km on the ground, while this coverage is 16.4 x 16.4
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km for WV-2. As a result, there are several WV-2 images are required provide
a similar coverage to a single Landsat image. This leads to increasing the costs
of projects when considering the use of VHR imagery.

This dichotomy between cost and spatial resolution (and associated temporal
resolution constraints) underpins the central premise of this thesis. This thesis
explores how medium resolution data (such as Landsat sensors) could be
exploited for urban land cover mapping in a way that allows the full archive of
the data to be used. The approach investigated here is to adopt some form of
spatial resolution enhancement method. Methods based on image sharpening,
especially if the sensor operates at more than one spatial resolution (Mather,
2004) or super-resolution analyses (Ling et al., 2010) are ways forward. The
training database in conventional multi-images is typically required to
encompass a significant number of combinations of the high and low-
resolution image (Jiji and Chaudhuri, 2006; Kasetkasem, Arora, Varshney, 2005;
Yang et al., 2012). These conventional super-resolution analysis methods may
meet the requirement for general image processing applications (i.e., images
from CCTV for face recognition applications). However, since the majority of
remotely sensed sensors have long revisit periods, it is a challenging task to
obtain a series of images during a short period. Therefore, rather than using a
multi-frame approach, the single-frame method is more typically practised for
remote sensing (Atkinson et al., 1997; Boucher and Kyriakidis, 2006; Powell et
al., 2007; Ge et al., 2009). These methods are numerically limited only to small
increases in the resolution, usually by factors smaller than 2 (Baker and Kanade,

2002; Glasner et al., 2009; Peleg and Elad, 2014).
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This thesis explores the use of a new super-resolution approach called sparse
representation as the basis for improving the spatial resolution of medium
resolution data as a precursor for their utility in land cover mapping of urban
areas. The key issue here is that VHR data are used in conjunction with a sparse
representation algorithm applied to the medium resolution imagery to produce
a new image with the spatial resolution of the VHR data but with geographical
and temporal coverage beyond that of the VHR data. This keeps costs down

especially for studying of large area over long time periods.

1.4 Research objectives

The principal aim of this research is to determine how land cover mapping of
urban areas using medium resolution remotely sensed imagery could be
enhanced to increase spatial and/or thematic accuracy. To achieve this goal,
the work is divided into two main sections.

In the first section, three influential factors on classification accuracy will be
evaluated for the extent of an entire urban area. These factors include image
properties (specifically spatial resolution and spectral characteristics) and
classifier type.

Having established the requirement for increased spatial resolution relative to
Landsat data (of medium spatial resolution) for land cover mapping of urban
areas, the second part of this thesis focuses on enhancing the spatial resolution
of original, medium resolution remotely sensed data to be classified as land
cover. Landsat sensor data will be the focus of the investigation, and the

method of sparse representation will be explored in two ways. First, sparse
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representation will be applied directly to the original resolution of the
multispectral Landsat sensor data; and second, sparse representation will be
applied on pan-sharpened Landsat data. This sparse representation work has
two steps. The initial step will demonstrate how much the accuracy of resultant
land cover classification is improved, and the final step will explore how flexible
the sparse representation method is and how it could be used to exploit the

Landsat archive more fully. The objectives of this thesis are therefore to:

e Establish the importance of enhancing the spatial resolution of
remotely sensed data for land cover mapping of an urban area with
respect to spectral resolution and classifier type;

e |llustrate the effectiveness of sparse representation as a method of
enhancing the spatial resolution of Landsat data;

e Determine parameters around the use of the sparse representation

method.

1.5 Outline

The outline of the thesis is illustrated in Figure 1.1. Following this introductory
chapter (1), there are two background (literature review) chapters (2 and 4),
three analysis chapters (3, 5 and 6), and a closing discussion and conclusions
chapter (7). Chapter 2, the first literature review chapter, elaborates the
importance of three factors which are influential in the classification of the
urban area: spatial resolution, spectral characteristics, and classification

approach.
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Chapter 3 presents a study to evaluate how the three factors presented in
Chapter 2 — spatial resolution, the number of spectral bands, classification
approach — influence land cover classification accuracy in an urban
environment. In total, 36 land cover maps were generated by performing
maximum likelihood (ML), support vector machine (SVM), and OBIA\NN
classification on twelve data sets of Nottingham formed by a combination of
four spatial resolutions (2m, 4m, 10m, and 30m) and three spectral band sets
(four bands, six bands, and eight bands).

Chapter 4 has two main parts. The first part provides an overview of super-
resolution techniques, starting with a critical evaluation of conventional super-
resolution methods and ending with an appraisal of the contemporary sparse
representation approach. The second part outlines the methodology
developed here to employ sparse representation for enhancing Landsat image
data in urban land cover mapping.

Chapter 5, the second analysis chapter, explores the potential of the sparse
representation method to enhance the capability of Landsat OLI imagery of
Nottingham, UK. Sparse representation analysis will be conducted on both
original, multispectral Landsat OLI imagery and pan-sharpened OLI imagery.
Subsequently, the spatially enhanced OLI imagery will be classified using both
pixel-based and object-based SVM approaches.

Chapter 6, the final analysis chapter, assesses the potential of the sparse
representation method to enhance the capability of Landsat data when there
is a spatial and temporal separation between the training image and Landsat

datasests.
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Chapter 7 provides a comprehensive discussion of the results and research
achievements. This chapter considers the original research questions and
indicates the extent to which the thesis objectives have been achieved. Then,
future work opportunities are outlined and, finally, a conclusions section is
presented which summarises this doctoral research projects, its key findings

and highlights the contribution to the remote sensing discipline.
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Chapter Two

Chapter 2: Remote Sensing and Urban

Environment

2.1 Overview

According to the United Nations, the twenty-first century is the first urban
century (Weng and Quattrochi, 2007). Due to shifting population from rural
areas, the population of urban areas increases, leading to urban growth. From
an environmental perspective, the dynamic process of urban growth causes a
fundamental alteration to the functions, structure and dynamics of
environmental systems at a wide range of scales (Bihamta et al., 2015; Liu and
Phinn, 2010). Due to its capability to monitor natural resources and urban
assets, remote sensing technology has been used for urban mapping
applications. However, early such studies were limited by the relatively coarse
spatial resolution of available satellite sensors. The relatively recent availability
of VHR imagery focuses attention on remote sensing for more accurate analysis
of urban features. Further, compared to first and second generation optical
satellite sensors (i.e., Landsat sensor products with 30m resolution), the newer
sensors offer multispectral imagery at finer spatial and spectral resolution (i.e.,
eight spectral bands of WV-2 (WorldView-2) with 2m resolution). Moreover,
recent advances in remote sensing have not been limited by the capabilities of
the sensors. In addition, more advanced classification algorithms have been
developed to support the use of remotely sensed data.

This chapter reviews the current literature pertaining to the use of remote

sensing for the study of urban areas. In particular, the influences of spatial
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resolution will be considered, in conjunction with advancements with spectral
capabilities, as well as the classification routines available for mapping urban
land cover. The first part of this Chapter outlines the phenomenon of
urbanisation and its potential environmental threats. Then, remote sensing is
introduced as a reliable technology to address the need for mapping and
monitoring urban areas. Next, a review of previous urban studies using
multispectral sensors with medium spatial resolution will be provided, while
coarse resolution will be introduced as a possible constraint for mapping urban
areas accurately. The availability of the most recent VHR sensors with finer
spatial and spectral resolution will then be discussed, since these instruments
may potentially increase the accuracy of urban mapping. Finally, advancements
in classification approaches will be reviewed. This part of the Chapter highlights

the choice of the classifier as an important factor in urban mapping accuracy.

2.2 Urbanisation and its environmental effects

Rising human population, industrialisation and growing interest in accessing
urban facilities are causing more people to live in cities. Cities have become the
centre for commercial activities, the host for most global manufacturing, and
are popular residential zones. Urbanisation in England has increased
significantly since the middle of last century, by approximately 7% (Perry and
Nawaz, 2008). In China, urbanisation has occurred at a fast rate, whereby the
proportion of urban population increased from 20% in 1982 to more than 50%
in 2014 (United Nations, 2015). As a developing country in West Africa, the

percentage of urban population in Ghana was only 15% in 1950; this figure
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increased to 52% in 2010, and it is expected that 75% of Ghana’s population
will live in urban areas by 2050 (Coulter et al., 2016). Urbanisation as a global
phenomenon may be beneficial for many city dwellers, but there is a direct
relationship between fast urbanisation and environmental impacts at regional
and global scale (Douglas, 2002; Ban et al., 2010; Hu et al., 2016).

Rapid global urbanisation can lead to environmental problems such as
deforestation, climate change (Yang, 2011; Elsayed, 2012), hydrology
fragmentation (Mancipe-Munoz et al., 2014), and biogeochemistry changes
across a range of local, regional and global scales (Grimm et al., 2008).
According to Angel et al. (2011), increasing urban land cover by 10% in a
country can increase the country’s total CO, Emissions by more than 11%. As
one of the consequences of urban growth, the amount and distribution of
impervious surfaces (i.e., building’s roofs, roads, pavements) increases which
deteriorate hydrological status, including water chemistry and biological
conditions (Paul and Meyer, 2001). For example, the quality of runoff can be
deteriorated through a high percentage of impervious surfaces (Arnold Jr and
Gibson, 1996). Particularly, buildings’ roof runoff in urban areas is one of the
most substantial pollutants within stream and rivers (Gobel et al., 2007; Yusop
et al., 2007). For instance, according to Eglimanand Menendez, (2001) and

Kanarek, (2001) asbestos rooftops can cause Mesothelioma cancer.

2.3 Urban remote sensing

Monitoring the urban structure can help to identify the relevant trends and

threats to both urban and global ecosystems. This information can contribute
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to understanding the status of urban dynamics correctly which can potentially
alleviate the effects of urbanisation on the environment (Aburas et al., 2016;
Dahiya, 2016). Also, knowledge of urban structures and distributions are key
elements to determine the use of urban energy and emissions (Frolking et al.,
2013), to aid ecosystem protection, and to enable sustainable development of
urban areas (Yao et al., 2016).

Traditionally, aerial photograph interpretation and field surveys were popular
methods to acquire information on mapping ground features within urban
areas. Unfortunately, these two methods are time-consuming, costly, and
unable to provide complete coverage of large areas (Gounaridis and Koukoulas,
2016). However, satellite observations of the Earth’s surface can be used to
document urban features over large areas (Bhaskaran et al.,, 2010). In fact,
remote sensing technology is a suitable option for this task, by providing
detailed spatial information for environmental monitoring applications in
urban areas (Blaschke, 2010).

Remote sensing has been recognised as a reliable source to derive information
on the urban environment in a timely and detailed manner, aiding planning and
management activities (Yang, 2007). Several groups benefit from using remote
sensing technology to map urban areas. Urban researchers employ remote
sensing to extract urban structure information for studying urban geometry.
This can help with the development of theories and models of urban
morphology. Remote sensing can derive urban land cover information as the

primary boundary condition used in many spatially distributed models within
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the broad scope of environmental studies. Further, remote sensing offers a

practical and economical means to study change within urban areas frequently.

2.3.1 Urban remote sensing challenges

Mapping urban land does, however, pose a significant challenge for remote
sensing due to the prevailing high spatial and spectral variability, coupled with
the irregular size, shape, and orientation of objects (Nichol, 2009). Typically,
urban surfaces comprise a wide range of different land cover types which can
be summarised in four main categories: impervious surfaces; soil; wetlands
(i.e., lakes, pool, and rivers); and vegetated areas (i.e., grassland and other tree
and shrub species). The variety of landscape elements in urban areas can create
spectral confusion among different vegetation types (i.e., various trees species)
and human-made features (i.e., various roof types) (Hamedianfar, 2015).
Another characteristic of urban environments is their dynamism, whereby
some human-made structures and green spaces undergo quick physical
changes. Shadowing is another common challenge to remote sensing in urban
areas due to the presence of tall buildings and large trees (Priem, and Canters,
2016). Seasonal variation presents another challenge for urban remote
sensing, especially for mapping vegetation features (Voss and Sugumaran
2008). Despite these challenges, remote sensing is the only practical and cost-
effective technology to acquire a unique abridged view of the Earth’s
environment without labour intensive and exhaustive field surveys
(Taubenbock et al.,, 2010; Xu, 2013). Remotely sensed data is suitable for

monitoring applications due to the frequent data acquisition. Further, due to
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the digital nature of remote sensing data, image products can be integrated
with other forms of digital spatial data for integrated analysis. As a successful
method of acquiring geospatial data, remote sensing technology has been
applied to many urban applications including: green space monitoring (Rougier
et al., 2016; Hashemi, 2016), urban creep (Allitt, 2009), urban growth (Li et al.,
2014, Megahed et al., 2015; Li et al., 2015), impervious mapping (Zhang et al.,
2016), urban heat islands (Chen et al., 2016), urban water management (Li et

al., 2016), and evaluation of human health (Gong et al., 2012).

2.4 Image spatial resolution

2.4.1 Medium spatial resolution multispectral imagery

Land cover classification represents one of the most common forms of remote
sensing image analysis (Franklin and Wulder, 2002; Alvarez et al., 2003). This
process depicts the natural and anthropogenic objects that can be observed on
the Earth's surface like grass, trees, soil, buildings’ roof types, roads, and water
(Holland et al., 2006). Land cover mapping has become significant for national
plans to resolve haphazard urbanisation issues such as uncontrolled
development, deteriorating environmental quality, and loss of prime
agricultural lands. As an intrinsic element, land cover is used for most of the
remote sensing analysis (Aplin, 2004).

Since 1972, with the availability of the Landsat MSS (Multispectral Scanner
System) sensor, remote sensing started to receive attention as a mapping tool
for urban areas. By advancing the technology, newer models of Landsat have
become operational, such as TM (Thematic Mapper), ETM (Enhanced Thematic
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Mapper), ETM+ (Enhanced Thematic Mapper plus), and OLI (Operational Land
Imager). While the most recent versions of Landsat (i.e., ETM+ and OLI) offer a
panchromatic band with 15m spatial resolution, the spatial resolution of the
multispectral bands remains 30m. Beside Landsat products, the French satellite
SPOT became available from 1986. SPOT-1 was the first of a series of SPOT
satellite sensors offering multispectral imagery with 20m spatial resolution,
and panchromatic imagery with 10m spatial resolution. The advancement in
SPOT sensors continued, and the next generation of SPOT offered imagery with
finer spatial resolution: 10m and 5m respectively for multispectral and
panchromatic imagery.

Regarding previous studies on urban mapping using medium resolution
multispectral data sets, Guindon et al. (2004) tested three Landsat products
(Landsat MSS, Landsat TM, and Landsat ETM+) to map the urban area of
Ottawa in Canada. The entire study area was categorised into five classes:
water, forest, herbaceous, residential, and commercial/industrial. For example,
the producer accuracies were obtained for 78% and 73% for residential and
commercial/industrial classes, respectively. Wu, (2004) was unsuccessful in
mapping the metropolitan region of Columbus Ohio in the US according to the
VIS (vegetation, impervious surfaces, and soil) model using Landsat ETM+. An
overall accuracy of 45% was achieved.

Although spaceborne remote sensing has been employed for urban land cover
classification over several decades, early work was limited by the relatively
coarse spatial resolution of available sensors, perhaps most commonly Landsat

Thematic Mapper (TM) and its 30m resolution multispectral imagery (Guindon
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et al., 2004; Small and Lu, 2006). Medium resolution multispectral images are
suitable to provide generalised land cover classes (Somg et al., 2005; Chen et
al., 2007). The level of spatial information offered by Landsat products is
insufficient to detect small urban features which create significant challenges
for mapping detailed urban areas accurately (Small and Lu, 2006; Zhou and
Troy, 2008). The inadequate level of spatial detail in medium resolution
multispectral imagery for detailed urban mapping potentially leads to land
cover mixing within the pixels (Guindon et al.,, 2004). Therefore, applying

remote sensing to answer urban questions has been limited (Hu et al., 2016).

2.4.2 Fine spatial resolution multispectral imagery

Detailed land cover information is crucial for mapping and managing complex
urban environments across local and regional scales (Lu and Weng, 2007; Zhou
and Qiu, 2015). For example, urban and landscape designers require detailed
inventories of urban vegetation to reach informed decisions about
conservation, planting, and maintenance of urban trees. Hu et al. (2016) and
Zhou and Troy, (2008) highlighted the need for using fine resolution data sets
to produce more accurate land cover maps for urban management. Advances
in remote sensing technology have led to the availability of VHR imagery and
the development of more advanced digital processing and analysis techniques.
Such finer resolution imagery can be acquired through airborne hyperspectral
imagery and multispectral sensors. Several studies demonstrated the capability
of airborne hyperspectral with a fine resolution (also is referred as H-

resolution) to map urban features including Herold et al. (2004); Heiden et al.
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(2007); Taherzadeh and Sharifi, (2011). However, the limited coverage and high
cost of data acquisition are the key challenges to widespread use of the
airborne hyperspectral data set (Hamedianfar, 2015).

On the other hand, advances in technology and the availability of finer
resolution multispectral satellite sensor imagery (i.e. IKONOS, QuickBird,
GeoEye-1, WV-2, and WV-3) (Table2.1) enables identification of small urban
features, which contributes to accurately mapping urban areas (Hamedianfar
and Shafri, 2015). Improving the sensor’s capability to record data with finer
spatial resolution has opened up new possibilities for remote sensors to
identify and classify complex and heterogeneous urban environments (Weng,
2012). Several studies successfully used VHR imagery for various urban
planning applications, including tree canopy mapping (Pu and Landry, 2012),
green space analysis (Lang et al., 2008), urban hydrologic modelling (Han and
Burian, 2009), and urban land-use mapping (Herold et al., 2003).

For example, fine resolution sensors, including QuickBird, IKONOS, and the
most recent VHR sensors WV-2 and WV-3 capture ground features with an
improved spatial resolution that can potentially enhance the accuracy of

mapping detailed urban areas (Table 2.1).
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Satellite sensor

Swath width (km)

IKONOS QuickBird GeoEye-1 WvV-2 Wv-3
parameters
September October September | October
August 2014
Launch date 1999 2001 2008 2009
Design life per year >15 > 7 7.25 7.25
Expected life per year >30 13 15 >1 >1
Nominal altitude (km) 681 482 770 770 620
Spatial resolution (m) 4 2.4 2 2 1.5
coastal
blue,
coastal blue,
blue,
blue, green,
blue, blue, blue, green,
yellow, red,
Spectral bands green, red, | green, red, | green, red, yellow,
red edge,
and NIR and NIR and NIR red, red
NIR1, and
edge,
NIR2
NIR1, and
NIR2
Radiometric 8 bit 11 bit 11 bit 11 bit 11 bit
resolution
Panchromatic band 0.82 0.61 0.46 0.46 0.31
spatial resolution (m)
11 16.4 15.2 16.4 13

Table 2.1. VHR satellite sensor specifications for IKONOS, QuickBird, GeoEye-1, WV-2, and

WV-3.

Aplin (2003) conducted a study to compare the accuracy of urban mapping

using IKONOS with 4m spatial resolution and SPOT with 10m spatial resolution.

The town of Arundel in West Sussex was classified into four classes: grassland,

woodland, asphalt, and roof tiles. In this study, the advantage of using 4m data

sets was demonstrated to map Arundel Town compared to the 10m data set.

Pu and Landry, (2012) explored the potential of WV-2 to map seven urban tree

species in the City of Tampa, Florida, USA. IKONOS imagery was compared to

WV-2 to demonstrate the advantages of WV-2, with three different spectral
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band sets including WV-2 with the conventional four spectral bands set, WV-2
with four new spectral bands (coastal blue, yellow, red edge, NIR2), and WV-2
with full eight spectral band set. The result showed significant improvement in
mapping all tree species using all three combinations of WV-2 imagery. The
overall average accuracy was increased by 16% to 18% using WV-2 imagery
compared to IKONOS imagery. They suggested that this improvement in the
mapping accuracy can be addressed by the finer spatial and an enhanced
spectral data set of WV-2 imagery. As such, previous research suggests that
VHR imagery, like WV-2 (with 2m spatial resolution and eight multispectral
wavebands), can potentially increase the capability of remote sensing for
conducting detailed studies of the Earth's surface (Lu and Weng, 2007;
Blaschke, 2010). Therefore, using finer spatial resolution can improve the
overall accuracy of mapping urban areas because of reducing per-pixel spectral
heterogeneity (Myint et al., 2011) and mixed-pixel problem as seen in

traditional remote sensing (Lu and Weng, 2007).

2. 5 Image spectral characteristics

Although using imagery with finer spatial resolution can help to identify small
features in urban areas, the task of urban mapping can still be a challenge.
Typically, urban areas are formed from a wide range of intra-urban land covers,
comprising artificial and natural surface materials. Some of these features of
interest contain the same composition materials (i.e., human-made features or
tree species) which lead to a high degree of spectral confusion (Myint et al.,

2011). Zhou and Troy (2008) and Hamedianfar and Shafri, (2014) identified the
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within-class spectral diversity among urban features as a significant challenge
to extract detailed urban features. Dealing with this complexity is particularly
challenging because of insufficient knowledge about the spectral properties of
urban materials (Ben-Dor et al., 2001; Zhou and Troy 2008). The inadequate
level of spectral information to deal with the spectral heterogeneity of urban
materials can result in inaccurate mapping (Whiteside et al., 2011; Blaschke et
al., 2014). Herold et al., (2003) highlighted the limited number of four spectral
bands as a possible constraint of the first generation of H-resolution
multispectral sensors (i.e., IKONOS and QuickBird) for application to urban
mapping.

The advancements in multispectral sensors were not limited to improvement
in spatial resolution only, WV-2 and WV-3 offer four new spectral bands (i.e.,
coastal blue, yellow, red edge, and NIR2) (Table 2.1) compared to the four
conventional spectral bands (blue, green, red, NIR). This enhancement in
spatial and spectral capabilities can potentially enable detailed
characterisation of very small urban features (Duque De Pinho et al., 2012;

Hamedianfar and Shafri, 2015).

2.6 Land cover classification

Notwithstanding these spectrally and spatially advanced satellite sensors,
difficulties remain for urban mapping. For instance, selecting appropriate

classification techniques is a crucial part of the urban land cover mapping.
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Image classification is recognised widely among scientists and researchers as a
common approach to categorise pixels based on the natural signature into
predefined classes.

This chapter will review the most prevalent classification approaches currently
used by the remote sensing community. Parametric hard pixel-based
classification techniques, such as ML, will be discussed before exploring non-
parametric pixel-based classification to address the unsuitability of statistical
assumptions of parametric classification. The mixed pixel problem with be
discussed before finally reviewing multi-stage object-based image
analysis/Nearest Neighbour (OBIA/NN) approaches as a means of overcoming
the pixel based classification limitations and drawing conclusions on the most

suitable approach to be used in this study.

2.6.1 Pixel-based classification
Traditionally, the per-pixel concept was the dominant classification technique
to derive a thematic land-cover map automatically from remotely sensed data
(Gao et al., 2004). Pixel-based classifications assign each pixel to a class based
exclusively on the pixel number (Gao et al., 2004). There are different types of
approaches based on:
e Familiarisation with the training data (supervised and unsupervised
classification),
e Whether output is a definitive decision about land cover class (hard and
soft classification),

e Statistical distribution of data (parametric and non-parametric),
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2.6.1.1 Hard classification

Traditionally, urban classification has been conducted using hard (also known
as crisp) pixel-based classifiers, where each pixel is assigned to a single land
cover class (Blaschke et al., 2014; Poursanidis et al., 2015). Hard-pixel based
approaches are relatively straightforward in structure and regarding
computational analysis, and over last four decades have been the most
common classification technique used (Gao et al., 2004). Hard classification
assigns each pixel to the class that it most closely resembles, thus making the
assumption that the pixel covers a homogenous land cover type
(Schowengerdt, 1997). In fact, hard classification methods categorise each pixel
into the class which has the greatest likelihood of being correct. The pixel can
belong to one class and one class only, no matter whether the pixel is entirely
homogenous or made up of varying percentages of other classes. For example,
if 90% of a pixel is covered by vegetation, using a hard classifier may not
significantly affect accuracy. However, if just 55% of the pixel comprises
vegetation the accuracy of mapping these heterogeneous surfaces can reduce
significantly. The accuracy of this approach is dependent upon spatial
resolution, variance amongst classes and homogeneity of the land cover that

the pixel is representing. These will be discussed fully in the following sections.

2.6.1.2 Unsupervised and supervised classification
The concept of using training data for the classifier introduces the theories of
supervised and unsupervised classification. Unlike unsupervised classification

supervised classification, requires external training from the user, who decides
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which pixels belong to which class by providing a sample of the pixels from each
class and thus training the classifier (Foody et al., 2007).

Because unsupervised classification does not require any earlier knowledge
about the area and human input, this technique is quicker, cheaper, and
simpler than supervised methods (Goetz et al., 2003). Further, the result of
unsupervised approach may reveal some hidden characteristics of data, while
the pixels in the same class may not necessarily illustrate identical features.
Therefore, the result of the unsupervised technique does not necessarily
correspond to the classes that users are interested in.

A common assumption of supervised analysis is that the classes of interest have
been fully defined (Congalton and Green, 2009), but potential failure to fulfil
this assumption involves errors in the classification procedure (Foody, 2002).
Supervised approaches are more involved due to the challenge of capturing
and identifying training data. Further, the quality and quantity of training data
are a key consideration in a supervised approach. Goetz et al. (2003) have
asserted that the difficulty in selecting training data is a primary factor which
results in land cover misclassification.

Because supervised classification techniques predefine the classes of interest
for the user, Goetz et al. (2003) and Shan et al. (2010) recommend this
approach as more suitable and accurate than the unsupervised approach.
Overall, many studies have demonstrated that supervised approaches have the
potential for better accuracy than unsupervised approaches (Lu and Weng,

2007; Shan et al., 2010).
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2.6.1.3 Maximum likelihood classifier

Historically most pixel-based supervised classification analysis has employed
statistical parametric classifiers such as the ML (Lu and Weng, 2004; Myint et
al., 2011; Qin etal., 2015; Myint et al., 2011; Qin et al., 2015). Many researchers
consider the ML classifier as a benchmark for evaluating their data sets and
classification schemes (Lu and Weng, 2004; Yan et al., 2006; Dixon and
Candade, 2008; Erener and Duzgun, 2009; Kavzoglu and Colkesen, 2009; Otukei
and Blaschke, 2010; Myint et al.,2011; Qin et al.,, 2015). This supervised
classifier is one of the most widely used classification techniques among the
remote sensing community for per-pixel classification, and one which often
produces acceptable results (Ippoliti-Ramilo et al., 2003; Keuchel et al., 2003;
Pal and Mather, 2003; Bhaskaran et al., 2010).

This supervised method measures the variances and covariances of the training
sample classes and then each class is depicted as a covariance matrix and the
mean vector, by assuming the training samples are normally distributed
(Mather and Koch, 2011). The ML algorithm estimates the statistical (Bayesian)
probability function of each class for the individual pixel based on the inputted
training data. As a final step, every pixel is assigned to the class to which it most
probably belongs.

Huang et al. (2002) stated that because of its straightforward algorithm
structure the ML classifier is relatively straightforward for computational
analysis. Although ML classification is a valid method, it makes the statistical
assumption that the data are normally distributed (Swain and Davis, 1979), but

the nature of VHR imagery can mean that it is difficult to honour these
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assumptions. In fact, when using VHR remotely sensed data, the ML
assumption regarding the normal distribution of data is often not met,
especially in complex sites that include noise (Lu and Weng, 2007). In fact,
because of urban complexity, failure to meet this assumption possibly leads to
classification errors. Specifically, ML classification tends to work well where the
training data are relatively “clean”, such as where coarse spatial resolution
imagery is used to classify general land cover classes. In situations where the
training data are noisier, such as when finer spatial resolution imagery is used
to map complex (i.e., urban environments), the ML classifier can be
considerably less accurate (Myint et al., 2011; Lu et al, 2011). Finally,
parametric methods have limitations to integrate with ancillary data including
spatial and contextual attributes, and non-statistical information, into the

classification process (Lu and Weng, 2007).

2.6.1.4 Support Vector Machine classifier

The assumption of normal data distribution in ML classification rarely occurs
when VHR remotely sensed data is used especially in complex urban
environments which include noise (Lu and Weng, 2007). In contrast to the
parametric assumption, non-parametric methods do not rely on statistical
assumptions to measure class separation. As a result, non-parametric
classifiers may provide better classification results than parametric classifiers
in complex landscapes (Foody, 2002). Further, according to Mather and Koch
(2011), non-parametric classifiers are specifically appropriate for integration of
non-remotely sensed data into the classification procedure. Therefore, non-

parametric pixel-based classifiers such as SVM seem well-suited to VHR urban
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classification since they are better able to handle noisy training data, compared
to for instance the ML classifier (Mountrakis et al., 2011; Poursanidis et al.,
2015).

SVM is as an advanced, non-parametric pixel-based classifier that has been
recognized as one of the successful classifiers for data classification among the
remote sensing community (Huang et al., 2002; Pal and Mather, 2005; Boyd et
al., 2006; Chi et al., 2008; Dixon and Candade, 2008; Foody, 2008; Kavzoglu and
Colkesen, 2009; Otukei and Blaschke, 2010; ). This operates based on statistical
learning theory by grouping theoretically superior machine learning
algorithms. The aim of these machine learning algorithms is to determine the
position of decision boundaries that yield the optimal separation of classes by
employing optimisation algorithms (Huang et al., 2002).

This classifier has several advantages compared to other methods, such as the
ML classifier. Firstly, because it is a non-parametric classifier, it can handle
complex sites and can integrate non-parametric ancillary data (Rogan and
Chen, 2004). According to Pal and Mather (2004), SVM could handle
identification of nonlinear decision surfaces. In addition, SVM has low
processing times in both training and running the classification (Foody and
Arora, 1997). However, according to Huang et al. (2002), SVM as a competitive
approach is comparable to other available machine learning algorithms,
especially for labelling high-dimensional data sets. Moreover, due to
independent dimensionality behaviour of SVM, it does not require as much
training data compared to an ML classifier (Dixon and Candade, 2008). It is

particularly advocated for use with high-dimensional data sets primarily
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because it is believed that the Hughes effect does not constrain the decision
making (Chi et al., 2008; Tuia et al., 2009; Plaza et al., 2009). Although the
effectiveness of SVM largely depends on the values of a few user-defined
parameters, including data set size, kernel parameter setting and class
separability, the use of the SVM as a classifier should benefit complex
classification problems (for example where fine spatial resolution imagery is
used to map detailed classification schemes in heterogeneous environments),
and can perform better than ML classification for urban environments using
VHR imagery (Pal and Mather, 2004; Dixon and Candade, 2008). Therefore,
SVM seems well-suited to VHR urban classification since they are better able
to handle noisy training data, compared to for instance the ML classifier

(Mountrakis et al., 2011; Poursanidis et al., 2015).

2.6.1.5 Limitation of hard pixel-based classification

Because the majority of individual pixels represent more than a single land
cover type, using hard pixel-based classification methods often leads to
misclassification. Lu and Weng (2007) stated that the estimated areas by hard
classification could generate significant errors, specifically by using coarse
spatial resolution imagery.

Mapping complex urban areas using hard pixel-based classification approaches
has faced challenges due to the mixed pixel problem (Aplin and Atkinson, 2001;
Tatem et al., 2003; Ling et al., 2012), within-feature variation which occurs for
VHR images (Lu et al., 2010; Aplin and Smith, 2011; Liu et al., 2013; Huang and
Zhang, 2013), and noise which is the cause of the ‘salt and pepper’ issue (Aplin,

2003; Lu and Weng, 2007; Aplin and Smith, 2011). Another drawback of pixel-
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based classifiers is the exclusion of spatial, textural, and topological
relationships during the classification process (Bhaskaran et al., 2010; Myint et
al., 2011).

The mixed pixels problem is the main drawback of hard pixel-based classifiers.
One of the conditions which increases the chance of mixed pixels is to use
coarser spatial resolution images for identifying the target features.
Furthermore, using hard pixel-based classification over VHR imagery poses a
new challenge to map different vegetation types in complex urban
environments. For instance, the spectral response from a tree can be
influenced by background objects and variation in canopy illumination, which
can decrease the accuracy when utilising per-pixel based approaches

(Quackenbush et al., 2000).

2.6.1.6 Soft pixel based classification

As a type of pixel based classifier, soft (also known as fuzzy) classification has
been proposed as a solution to the mixed pixel problem by allowing a pixel to
have partial and multiple class memberships (Tatem et al., 2003; Lillesand et
al., 2008; Ling et al. 2013; Holland and Aplin, 2013).

The soft pixel based classifier, developed in the 1990’s, has become
increasingly prevalent in the intervening years. Tso and Mather (2009) stated
that the prime difference between soft and hard classifiers is the definition of
the membership function. If the decision is multi-valued, that means each pixel
can be assigned to more than one class. The classifier allocates each pixel by a
membership grade for an individual class in which the membership grade is this

value ranging between 0 and 1 (Campbell and Wynne, 2011; Mather and Koch,
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2011). Several previous studies have proven that accuracy could be improved
by using a soft classification compared to the hard method when using medium
spatial resolution data (Foody, 1999). Artificial neural networks, fuzzy logic,
decision tree, and genetic algorithms are several examples of soft classification
techniques.

Often, the land cover map generated from this classification approach provides
more meaningful information at the sub-pixel scale compared to hard per-pixel
classification methods (Lu and Weng, 2007), although this approach does not
deliver spatial information for land-cover within each pixel (Aplin and Atkinson,
2001). In other words, soft classification fails to account for the spatial
distribution of class components within a pixel (Tatem et al., 2003; Ling et al.,
2013; Holland and Aplin, 2013). Therefore, whereas soft classification conveys
more realistic representation of land-cover than hard classification, the
generated land-cover map from soft classification still contains a significant

degree of spatial uncertainty.

2.6.2 Object-based image analysis

2.6.2.1 Moving from pixel to object

Most pixel-based classification techniques rely on spectral information but
classifying urban features require additional features beyond spectral
information using high-resolution imagery. This is because the size of a pixel
(i.e., WV-2 with 4m?) is significantly less than the size of a building. Therefore,
classifiying these areas using VHR imagery requires a classification approach

which exploits spatial contextual information (Vatsavai, 2011).
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Recent developments in remote sensing have not merely been limited to
enhanced image resolution. Significant advancements on classifier algorithms
have occurred over the past decades, especially with regard to shifts from pixel
to segment, which has opened up new interest towards enhancing urban
mapping. An image object is defined as a group of contiguous pixels sharing
similar spectral and textural properties (Huang and Ni, 2008). Several
researchers, including Flanders et al. (2003) and Platt and Rapoza (2008), have
used this classification approach, operating at the spatial scale of objects, as a
solution to the difficulties linked to non-contextual pixel-based classification.
The idea to classify objects stems from the fact that most image data exhibits
characteristic textures that are neglected in conventional classifications.

This method comprises two main steps including segmentation (detecting the
edges of homogeneous objects) and then labelling each object to a pre-defined
class. The fundamental assumption of OBIA is that relatively homogeneous
patches construct each image and that the size of the object is larger than a
pixel. In other words, OBIA operates by the grouping of neighbouring pixels that
create objects or patches with some spatial coherence (Yan et al., 2006; Lu and
Weng, 2007; Bhaskaran et al., 2010; Mather and Koch, 2011; Myint et al,,
2013). Pixels are grouped together into objects using spectral and spatial
information similar to the way humans recognise colour, tone, texture and
shape. These spatial and spectral properties can then be used to classify the

land cover in the image by OBIA (Blaschke, 2010).
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2.6.2.2 OBIA relationship with spatial resolution

Figure 2.1 indicates the suitability of classification approaches based on the
relationship between objects (ground feature) and spatial resolution. In the
coarse resolution imagery, the size of pixel is significantly larger than objects
(figure2.1 (a)). The Figure 2.1 (b) describes the condition when pixel and objects
have similar size. In this case, pixel-based classifiers are appropriate however,
figure 2.1 (c) represents high-resolution pixels in which pixels are significantly
smaller than the object. In this case individual objects formed from several
pixels in which it is suitable for OBIA. The figure 2.1 indicates the OBIA is
effective when VHR data are used, (referred to situation C) where pixels are

significantly smaller than objects (Blaschke, 2010).
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Figure 2.1. The relationship between objects and pixels as spatial resolution varies (Blaschke,
2010).

The development of OBIA has been linked closely with the emergence of VHR

imagery (Lu and Weng, 2007; Blaschke, 2010; Cai and Liu, 2013).

2.6.2.3 Previous studies comparing pixel- and object-based
classification
A large number of comparative studies have been conducted to evaluate the

accuracy of OBIA relative to non-contextual pixel-based classification (Laliberte
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et al., 2004; Chubey et al. ,2006; Cleve et al., 2008, Platt and Rapoza, 2008; Lu
etal, 2011; Newman et al.,, 2011). Pu et al. (2011) compared the accuracy of
OBIA when mapping five vegetation classes (such as broadleaved, needle-
leaved and palm trees) with IKONQOS imagery in urban areas demonstrating the
superiority of OBIA over pixel-based classification.

Another example of using OBIA is the creation of the UK Land Cover Map (LCM,
2007), which contains around 10 million objects. In this project, the Land Cover
Map was produced by running OBIA on Landsat and SPOT imagery (a total of
37 images) and including generalised Ordnance Survey MasterMap vector map
data in the segmentation process (Morton et al., 2011).

Tehrany et al. (2014) compared the accuracy of decision tree pixel-based
classification against OBIA on Selangor’s urban areas (in Malaysia) using SPOT
imagery with 10m spatial resolution. The evaluation of the results showed that
the OBIA improved the total accuracy from 61.4% in tree pixel-based
classification to 94.4% using OBIA. Beside impervious features, other studies
reported that the OBIA can potentially improve the accuracy of mapping urban
green areas (Yu et al., 2006; Lu and Weng, 2007; Blaschke, 2010; Myint et al,,

2011, Kim et al., 2011; Pu et al., 2011; Rasmussen et al., 2011).

2.6.2.4 Pros and cons of OBIA

OBIA has been explored with the premise that this approach directly addresses,
and to an extent overcomes, the problem of within-feature variation and the
mixed-pixel problem of hard pixel-based classification (Lu and Weng, 2007;
Zhou et al., 2008; Li and Shao, 2014). As a consequence, compared to pixel-

based approaches, using OBIA can potentially increase the accuracy of mapping
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complex urban areas (Dean and Smith, 2003; Yan et al., 2006; Thomas et al.,
20033; Blaschke, 2010; Myint et al., 2011).

OBIA incorporates textural information (texture, shape, and size) besides
spectral information in the classification process (Walker and Blaschke, 2008;
Bhaskaran et al., 2010; Blaschke et al., 2011). Many researchers believe that
adding the textural information can potentially improve the accuracy of land
cover mapping (Blaschke and Strobl 2001; Zhou and Robson 2001; Dean and
Smith 2003; Pizzolato and Haertel 2003; Thomas et al., 2003b; Liu and Xia,
2010; Myint et al., 2011). For example, OBIA may be able to distinguish
between an urban park and a rural field even though both areas may have
identical spectral characteristics because their surrounding areas differ. In
addition, because image objects are similar to humans’ conceptual
organisation of the landscape, OBIA offers a more realistic representation of
real world by considering the object instead of the pixel as their concepts of
spatial extent (Hay and Castilla, 2006; Aplin and Smith, 2011). Furthermore, the
output map generated by OBIA techniques can be used within a GIS which is
preferable for many users.

Although OBIA has some advantages over pixel-based methods, it contains
several challenges too. The major constraint of this approach is to select
appropriate segmentation parameters which can have negative effects on the
accuracy of results (Benz et al., 2004). The segmentation elements are defined
by human visual interpretation, which assesses the size, shape, and texture of

sights, areas or objects; this requires significant effort and time and may not be
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highly accurate when considering the limitation of human eyesight and the
subjectivity of interpretation of features by individuals.

Two types of errors often exist in image segmentation, over-segmentation, and
under-segmentation (Liu and Xia, 2010). Over-segmentation occurs when one
semantic object is partitioned into multiple smaller image objects, while under-
segmentation occurs when different semantic objects are grouped into one
large image object (Liu and Xia, 2010).

Features extracted from mis-segmented image objects with over-
segmentation or under-segmentation errors do not represent the properties of
real objects on the Earth’s surface (i.e. shape and area), so they may not be
useful and could even reduce classification accuracy if not chosen appropriately
(Song et al., 2005; Kim et al., 2011; Myint et al., 2013).

Regarding over-segmentation, each over-segmented image object ideally
corresponds to one single class, so it is potentially possible to classify all pixels
in an over-segmented image object to their true class. That means the highest
possible accuracy that can be achieved in the subsequent classification is 100%.
However, because each under-segmented image object overlaps with multiple
classes, it is impossible to classify all image objects to their true classes, but the
image object is classified into only a single class. As a consequence, without
consideration of object classifier, the highest possible classification accuracy
that can be achieved for each under-segmented image object is always less
than 100%. In this sense, under-segmentation necessarily introduces errors to
the subsequent classification, whereas over-segmentation may not (Liu and
Xia, 2010).
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2.6.2.5 Multi-scale/stage OBIA

Due to the complexity of urban areas, fulfilling accurate segmentation is a
challenging task. The urban area is a complex environment which involves the
mixture of various objects of different shapes, sizes, and types (i.e., single trees,
large grass areas, and shadows from buildings and other objects). The scale
parameter (especially for eCognition Software) determines the object’s size
(according to spatial heterogeneity) whereby selecting larger scale values leads
to formation of larger size objects. To achieve the most realistic and accurate
segmentation, it is important that each segment (also object) represent its
corresponding feature. For example, the size of segmentation required for lake
features is larger than the size of segmentation required for house features.
The common approach for OBIA is to allocate a single scale which fits best to
all objects within the image. However, using a single scale parameter for an
entire image can potentially lead to over- and under-segmentation issues
which potentially reduce the accuracy of segmentation and ultimately the final
map.

Because single scale procedures can not always achieve balanced
segmentation outcomes for all classes of interest, multi-stage OBIA (also
known as multi-scale) have been introduced to minimise the occurrence of
over/under segmentation for mapping urban areas (Liu et al., 2013; Piotret al.,
2014). For example, specific scale parameters may be suitable for certain
classes (i.e., large areas of grassland), but lead to considerable under/over

segmentation of other classes (i.e., buildings). Since multi-stage OBIA allows
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different parameter settings for different classes, this can achieve optimum
classification outcomes for all classes (Karl and Maurer, 2010).

Advances on sensor resolutions and classification approach have opened a new
window for mapping urban areas. Therefore, it is necessary to conduct a
comprehensive study to test how these recent improvements in sensor
resolutions and analysis methods, enhance the performance of mapping urban
areas. The next chapter will assess the influence of varying spatial resolution
and spectral band set and classification approach on the accuracy of detailed

urban mapping.
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Chapter 3: Mapping Complex Urban Land
Cover from Spaceborne Imagery: The
Influence of Spatial Resolution, Spectral Band

Set, and Classification Approach

3.1 Overview

Warner et al. (2009) stated that the resolution requirements of remotely
sensed data should be determined by a project’s specific goals. Often, however,
compromises are made. This chapter presents work undertaken to
demonstrate the influence of spatial resolution on the accuracy of land cover
mapping of urban areas. By building on our theoretical understanding of how
image and classifier characteristics influence land cover accuracy, an
exhaustive and rigorous practical experiment to compare the influence of
spatial resolution, spectral band set and classification approach for mapping
complex urban environments is presented. This is a departure from the
prevailing literature in that, despite the significant advances in sensor
technologies and classification procedures, studies of land over-classification
of urban areas studies have often tended to be limited in their scope, perhaps
comparing only one or two variables (i.e., spatial resolution or classification
approach); and/or adopting general and unambitious thematic classification
scheme; and/or working with small image data sets. For instance, many studies
have conducted fairly basic, procedural comparisons between pixel-based and

object-based classification (Myint et al., 2011; Aplin and Smith, 2011; Liu et al.,
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2013), but these have not necessarily considered other influential variables
such as input spatial resolution or spectral bands, or classification algorithm.
Some practitioners have (sensibly) adopted VHR imagery, including WV-2 data
with its enhanced spectral properties, for mapping urban environments,
however commonly these attempt only broad differentiation between a few
general land cover classes (Bouziani et al., 2010; Jebur et al., 2014; Ziaei et al.,
2014) rather than detailed distinction of many specific classes. In effect, these
studies seem content to replicate the sort of classification scheme used for
decades with medium spatial resolution imagery, rather than attempting to
exploit the full information content of VHR imagery and create very
thematically-detailed urban land cover maps. Also, most test VHR data sets
tend to be very small, often only a few hectares (Hamedianfar et al., 2014), and
this can limit the strength of the scientific findings since there is no
consideration of spatial extrapolation or transferability of the approach. That
is, the results may be very parochial and depend strongly on local context.

In meeting the first objective of the thesis, this chapter provides a rigorous test
(through the generation of 36 land cover maps with comprehensive accuracy
assessment and the McNemar test) of the latest VHR imagery (WV-2) for urban
classification, demonstrating how its components contribute to output
mapping accuracy. With a particular focus on spatial resolution, the analysis is
iterated using a series of different spatial resolutions and spectral band sets to
simulate imagery ranging from traditional medium spatial resolution satellite
sensors such as Landsat TM to state-of-the-art VHR sensors like WV-2, adapting

an approach developed by Aplin (2003). Moreover, given the influential role
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that classification approach plays on output accuracy, and how this is linked
intrinsically with image specifications, all image data sets are classified using
parametric and non-parametric pixel-based, and object-based, classifiers.
Unlike earlier work, this study adopts a detailed thematic resolution, including
many specific land cover classes rather than few general categories. This
enables a fuller and more robust assessment of the WV-2 data, but also delivers
helpful, practical information for urban planners and other user communities
on the level of thematic detail that can be achieved when mapping complex
urban environments from VHR data. Finally, the analysis is conducted using a
relatively large image covering approximately 121km? of the city of
Nottingham, UK, and its environs. This means that urban land cover
information is generated at a scale of practical value and relevance (the whole
city-scale), unlike many earlier experiments that have been limited to very
small, local areas.

This Chapter is organised as follows: Section two explains the research material
including the study area, data and classification scheme used. Section three
highlights specific research methods by explaining pre-processing steps,
spectral indices, and reference data sets. Section four depicts the classification
procedure including pixel-based training, pixel-based classification, and OBIA.
Section five describes the accuracy assessment and statistical test procedures
carried out on the land-cover maps. Section six presents and discusses the

results. Finally, section seven summarises this chapter.
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3.2 Research materials

3.2.1. Study area

The city of Nottingham was used as a study area for this study. Nottingham is
located to the North East of the East Midlands of England in the UK (Figure 3.1).
It covers approximately 121 km? and with a longitude of 1° 14' to 1° 40’ E and
latitude of 52° 54' to 53°. The topography is fairly flat, with altitude generally
around 100m. With fairly flat topography, the ground elevation in the
Nottingham City barely exceeds more than 200m. With an estimated
population of 310,840 in 2011, Nottingham was calculated to be the eighth
largest urban area in the UK’s 2011 Census (Census, 2011). Nottingham is a
relatively typical UK city, in that it comprises a mixture of residential, industrial
and commercial land use, and therefore represents a good test for urban land
cover mapping methodologies. The land cover can be broadly categorised into
various types of anthropogenic features (i.e., asphalt, concrete, roof materials)
intersecting with the semi-natural environment (i.e., vegetation (grass, trees),
bare soil and water). While its city centre is dense with more man-made
structures, the suburbs contain more vegetation and dispersed impermeable

surfaces.
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Kilometres

Figure 3.1. Nottingham, UK study area location and WorldView-2 image (© DigitalGlobe,
Inc. All Rights Reserved).
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3.2.2 Data and classification scheme

A WorldView-2 (WV-2) imagery of the city of Nottingham was captured on 26
June 2014 at 11:48 am local time and supplied in 11 bit data format (digital
number range from 0 to 2047), at a spatial resolution of 2 m and with eight
spectral wavebands: coastal, blue, green, yellow, red, red edge, NIR1, and NIR2

(Figure 3.2).

Near- Infra Red 2

(ostal blue Blue Green  vellow Red Red edge  Near-Infra Red 1 bands

Blue Green Yello Red g4 edge Near-Infra Red bands

- - Four speCtraI

Blue Green Red Near-Infra Red bands

400 500 600 700 800 900 100 110

Wavelengths

Figure 3.2. WV-2 spectral wavebands (top line) and four and six spectral bands data sets
used for comparative analysis.

The original WV-2 image with 2m spatial resolution and eight spectral bands
was modified to create twelve data sets with varying spatial and spectral
properties for comparative classification analysis. First, the imagery was
degraded successively to a series of coarser spatial resolutions: 4m, 10m, and
30m using Nearest Neighbour re-sampling technique used to degrade the WV-

2 imagery with 2m resolution to 4, 10, and 30m. The advantage of nearest
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neighbour compared to other re-resampling techniques (i.e., bilinear and
cubic) is that it keeps the original pixels’ values. These particular values were
chosen to approximate the spatial properties of commonly used satellite
sensors, ranging from state-of-the-art very fine resolution imagery to
traditional medium resolution imagery. For instance, while 2m represents WV-
2, 4m matches earlier VHR imagery from IKONOS, 10m matches the new
Sentinel-2 MultiSpectral Instrument (MSI), and 30m matches Landsat TM or
OLI.

Second, two additional spectral band subsets were created from the eight
original bands. This was a simple process that just involved deselecting spectral
bands as required; a four-bands subset was created using the blue, green, red
and NIR1 bands, and a six-band subset was created using these four plus the
red edge and NIR2 bands (Figure 3.2).

Again, the aim here was to compare a range of spectral band sets, and where
possible approximate the spectral properties of commonly used satellite
sensors. The original eight bands WV-2 image represents state-of-the-art VHR
remote sensing, but also shares some spectral innovations with other recently
developed sensors. For instance, Landsat OLI, Sentinel-2 MSI, and RapidEye use
certain novel bands, including, in common with WV-2, coastal (OLI) and red
edge (RapidEye). The four-band subset represents a conventional and widely
used visible/near infrared band set. For instance, other VHR sensors such as
IKONOS and GeoEye-1 use these four bands; and many medium resolution
sensors, including some early Landsat instruments, typically use three or four

visible and near infrared bands. The six bands subset is less direct in matching

47 |Page



Chapter Three

real-world sensors, but represents an intermediate step between four and
eight band data sets, and also specifically targets spectral bands of value for
characterising terrestrial features. In total, twelve spatial/spectral image

combinations (four spatial resolutions, three spectral band sets) were used for

comparative classification analysis (see Figure 3.3).
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Figure 3.3. The 36 image data set/classifier combinations (4 spatial resolutions x 3 spectral
band sets x 3 classifiers) used for comparative classification analysis.

The central urban core is more built-up and less vegetated than the outlying
residential areas, though this varies considerably across the city and its
districts. A classification scheme was developed to capture the detailed spatial
heterogeneity of the urban land cover throughout Nottingham. In total, eleven

classes were identified: asphalt, concrete roof, clay roof, slate roof, metal roof,
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grass, broad-leaved trees, needle-leaved trees, bare soil, water and shadow

(Table 3.1).
Class Description
Asphalt Urban ground surfaces covered in asphalt such as roads and car

parks.

Concrete roof

Predominantly residential buildings covered in dark grey concrete
tiles.

Clay roof Predominantly residential buildings covered in red clay tiles.

Slate roof Predominantly residential buildings covered in light grey slate
tiles.

Metal roof Predominantly industrial buildings covered in white metal panels.

Grass Areas of grassland such as urban parks and lawns, plus

surrounding rural agriculture.

Broad-leaved tree

Patches of broad-leaved deciduous trees.

Needle-leaved tree

Patches of needle-leaved evergreen trees.

Bare soil Open areas covered by bare soil.
Water Water bodies including lakes, rivers, ponds and canals.
Shadow Areas of shadow cast from tall structures such as buildings and

trees.

Table 3.1. Classification scheme of Nottingham urban land cover with eleven members,

3.3 Research methods

3.3.1 Pre-processing

Image pre-processing requirements were minimal for two reasons. First, a

single source data set was used whereby all comparative outputs were derived

from the original WV-2 image, and this meant that geometric distortion was of

relatively little consequence. Nonetheless, the image’s geometric fidelity was

examined manually by cross-referencing the image with ancillary map data;

geometric accuracy proved relatively high in general. Second, the analysis

involved thematic classification and the accuracy of output land cover maps

was assessed independently (of the original spectral imagery). Since all 12 data

sets generated from a single imagery, the influence of atmospheric distortion
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were of little consequence. Additionally, external sources of data sets through
field survey and VHR online imagery (i.e., Google map) were used to create

reference data set for training and assessment.

3.3.2 Spectral indices

The entire twelve data sets were supplemented with certain spectral indices,
with the underlying intention to increase the accuracy of the resultant
classifications. Specifically, the data sets with four and six spectral band sets

were supplemented with a normalized difference vegetation index (NDVI,

M) (Hamedianfar and Shafri, 2015) layer (so they in effect became five
(NIR1-red)
and seven band data sets, respectively). Those four data sets with eight spectral

bands set were supplemented with NDVI, Normalized Difference Bare Soil

(green—yellow)

Index (NDBSI, ) and Normalized Difference Brick Roof Index

(green—yellow)

(yellow—green)

(NDBRI, ) layers (Zhou et al., 2012). Note, NDBSI and NDBRI could

(vellow+green)
be calculated for the eight-band set, but not the four or six band sets, because
only the full eight band sets included a yellow band. These particular spectral
indices were added through trial-and-error whereby many indices were tested
and these three proved useful to aid identification of vegetation, soil and roof
classes. The indices were added initially at the object-based classification stage
(described below), but to ensure a fair comparison between all classification
analysis, the same input data layers (i.e., spectral bands plus indices) were used

for all classifiers.
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3.3.3 Reference data

Reference data were collected from a range of sources to create an
independent data set for training and testing the classification analysis. Field
land cover survey was conducted at locations throughout the study area in May
2013, matching the anniversary date of original image acquisition. Free online
spatial data resources such as Google Street View and Bing Maps were used to
supplement field survey (Gu et al.,, 2015; Tsutsumida and Comber, 2015),
whereby secondary ground photographs and images were browsed to identify
the land cover classes present at sample locations. Detailed vector map data—
specifically MasterMap data (Survey, 2015) created by Ordnance Survey—were
also consulted and cross-referenced with the imagery to gain a fuller
appreciation of the land cover and land use present throughout the study area.
Reference data sources were compiled and triangulated to create a
comprehensive reference data set of land cover at locations throughout the
study area. This data set was split into two parts; one used to create training
class samples for classification analysis, and the other used to test the accuracy

of the output land cover maps.

3.4 Land cover classification

Three different classification approaches were tested:

1. Maximum likelihood classification: a parametric pixel-based approach,
2. Support vector machine classification: a non-parametric pixel-based
approach,
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3. Object-based classification, using non-parametric nearest neighbour

approach.

3.4.1 Pixel-based training

The first step in supervised land cover classification is generally class training.
Selecting the most suitable training data is one of the essential steps in
supervised classification procedure. The quality of training data has a
significant role in determining the success of the classification (Congalton and
Green, 2009). The training process was conducted for pixel-based classification,
and this involved laborious trial-and-error, iterating training samples to
optimise classification accuracy.

Mather and Koch (2011) recommended the minimum number of training
samples per each class as 10p to 30p training samples per class, where p = a
number of spectral bands. Since NIDVI was considered as an additional spectral
band for data sets with four and six spectral bands, the training samples
requirement ranges from 50 to 150 and 70 to 210 per class for data sets with
four and six spectral bands, respectively. However, NDVI, NSDBI and NSDBRI
were considered for data set with eight spectral bands leading the training
samples requirement ranges from 110 to 330 per class. Since the classification
scheme has eleven members, in this study, the minimum number of training
samples for data sets with four, six, and eight spectral bands would be 550,
770, and 1210, respectively.

Also, training samples were selected randomly from locations throughout the

study area, thereby avoiding any spatial bias that can be caused where training
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samples are spatially clustered. Two different training sample strategies were
employed since data sets with different spatial resolutions had different
requirements. Firstly, a single pixel was used to represent each training point
for the 4, 10, and 30m data sets. However, a block of 3 x 3 pixels was chosen
to form each individual training sample for 2m spatial resolution data sets. A
recent study by Holland and Aplin, (2013) proved the effectiveness of this
approach for VHR data. Using a group of pixels rather than a single pixel can
provide some representation of the natural variation within land cover
structures and McCoy, (2005) explained that it may help exclude noisy and
unrepresentative individual pixels. In total, for the 2m resolution image, 479
training samples were selected, each representing a block of nine (3 x 3) pixels,
so 4311 pixels overall. This is well above the minimum requirement specified
according to (Mather and Koch, 2011).

After completing class training for the 2m spatial resolution imagery, the
process was repeated successively for data sets with 4m, 10m and 30m spatial
resolution. The aim was to use the same or similar training points at the
different resolutions to ensure direct comparability between results, though
some slight modifications were necessary. First, because of the spatial
averaging implicit to coarsening resolution, it was neither desirable nor
possible to maintain 3 x 3 blocks of pixels as training samples, so individual
pixels were used instead. As spatial resolution becomes coarser, pixels cover
larger areas on the Earth’s surface. So, individual pixels are less likely to
represent very small, unrepresentative features. Also, as resolution coarsens,

it becomes harder to identify homogenous training samples that extend over 3
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x 3 pixels; for a 30m spatial resolution image, training samples would need to
cover almost a hectare in size, and this is unlikely and uncommon in an urban
environment. Second, for accurate classification results (where hard training,
as opposed to soft or fuzzy training, is used), training classes should be pure, or
as pure as possible. That is, each training sample should represent only its
designated land cover class, not a mixture of classes. Clearly, as spatial
resolution coarsens, it becomes harder to identify pure pixels as training
samples since there is more pixel mixing in general. Here, to ensure training
samples were as pure as possible, each original (2m imagery) training point was
inspected to determine whether or not it represented a pure land cover class
at the coarser spatial resolution. Only those samples that were deemed pure
were retained for classification; others were discarded. This had the effect that
the total number of training samples reduced successively at each coarser
spatial resolution (4m resolution = 412 training samples, 10m = 299, 30 m =
254), meaning it was not always possible to achieve the recommended
number. Nonetheless, relatively large samples were maintained for all
classifications, and this approach enabled direct comparability between
results. Further, various statistical tests were conducted to ensure the
suitability of training classes.

Class training was conducted with care to investigate and ensure the spectral
separability of classes. The spectral separability of classes was assessed using
Transformed Divergence (TD) analysis which examines how well pairs of classes
are statistically separated from each other. TD results can range between 0

(meaning a pair of classes is not separable) and 2 (expressing the two classes
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are perfectly separated). A value more than 1.9 indicates that the training
points have good separability, according to Richards and Jia (1999). Initially, the
spectral similarity was observed between several classes including slate roof
versus asphalt, board-leaved trees versus needle-leaved trees, and concrete
roof tile versus clay roof tile. Consequently, training classes were inspected and
refined, with the removal and addition of points as necessary. Eventually,
through repeated evaluation of TD values and refinement of training classes,

all training class sets achieved satisfactory spectral separability.

3.4.2 Pixel-based classification

Initially, ML classification was performed on the twelve image data sets, using
the training data as described above. The ML algorithm is perhaps the most
commonly used image classification approach (Pu et al., 2011; Song et al.,,
2005) and is now widely-known and well-understood (i.e., see Mather and
Koch, (2011) for a full description), so only brief detail is provided. The main
intention of using ML classification here was to demonstrate the potential of a
conventional parametric pixel-based classifier as a benchmark against which
other, newer classification approaches could be compared. Though ML
classification is effective where its assumptions of data normality are met, it
may be that the inherent “noisiness” (i.e., spatial heterogeneity) of VHR image
pixels renders this form of data unsuitable for parametric classification.

Next, a support vector machine (SVM) classification was performed on the
twelve image data sets. The SVM is a non-probabilistic binary linear classifier

which, through the operation of the kernel trick, determines the radial position
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of decision boundaries (support vectors) that yield the optimal separation of
classes (Huang et al., 2002; Cortes and Vapnik, 1995). SVMs are increasingly
used in image classification, often increasing classification accuracy over
traditional approaches (Hamedianfar et al., 2014; Otukei and Blaschke, 2010;
Boyd et al., 2006). Parameter settings for the SVM classifier were chosen
through consideration of prevailing theory and literature where available, plus
trial-and-error testing, ultimately leading to optimum classification outputs.
SVM classification was conducted using ENVI image processing software
(Solutions, 2015). A radial basis function nonlinear (Gaussian) kernel method
was used (Jebur et al., 2014; Hamedianfar et al., 2014; Keerthi and Lin, 2003)
because it deals with non-linear problems (Marjanovic et al., 2011) and can be
used for various applications (Wang and Wang, 2015; Jebur et al., 2014). This
kernel requires two main parameters to be determined: gamma and penalty.
Gamma expresses the degree of influence of training samples in the
classification process (as gamma increases, influence decreases), and penalty
controls the trade-off between misclassification of training samples and
simplicity of the decision surface (Pedregosa et al., 2011). After extensive trial-
and-error testing, gamma and penalty were set at 0.5 and 500 respectively.
These values were chosen because they values resulted in the highest

classification accuracies.
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3.4.3 Object-Based Image Analysis (OBIA/NN)

3.4.3.1 Segmentation

Following pixel-based classification, object-based classification was performed
on the twelve image data sets. Object-based classification operates at the scale
of identifiable objects or patches in the landscape, rather than pixels. Usually,
these objects are derived directly from remotely sensed imagery, whereby
spectrally similar neighbouring pixels are grouped together to form objects
(Blaschke et al., 2011; Mather and Koch, 2011).

Object-based classification technique involves two main steps; segmentation
and classification. Segmentation as the first step of OBIA divides imagery to
series of patches which group neighbouring pixels with some spatial coherence
(Yan et al., 2006; Lu and Weng, 2007; Bhaskaran et al., 2010; Mather and Koch,
2011). Following segmentation, classification is conducted on the segmented
objects. Each object is classified by its pixels’ spectral information, but this can
also be supplemented by additional discriminating variables such as object size
and shape.

The study developed a multi-stage (on eCognition software) OBIA classification
procedure to determine the optimum OBIA approach. Meinel and Neubert
(2004) compared widely used segmentation algorithms and identified
eCognition as the most successful algorithm for creating accurate segments.
Multi-resolution segmentation algorithm was the main core of the
segmentation which was initially developed by Benz et al. (2004). Various

spatial parameters can influence this process. The three most important
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parameters of interest are scale, shape, and compactness. These three
parameters determine segmented objects by, respectively, the object’s size
(determined by spatial heterogeneity), its regularity of form (i.e., the
complexity of an object’s boundary configuration) and how closely packed the
object’s pixels are (through comparison of the object to a circle). However,
defining accurate segments can be challenging because this process relies on
human input to determine segmentation parameters.

The final segmentation algorithm was spectral difference segmentation
performed after conducting multiresolution segmentation. It works by merging
neighbouring image objects if the difference between their layer mean
intensities is lower than a user defined threshold value (Trimble, 2013).

In the case of the 2m spatial resolution data sets, an examination of residential
buildings’ roofs reveals that these objects represent the majority of buildings
tended to be represented by two polygons instead of one; the sunlit side of the
roof and the shaded side of the roof. Studying the spectral information of these
two objects emphasised that they were spectrally different. So, to negate this
potential inaccuracy, each roof object was classified into two sub-classes (sunlit
roof, shadow roof) and then merged at a later stage (Figure 3.4).

In the first stage of the OBIA procedure, imagery was divided into two —
vegetation and non-vegetation — groups. The vegetation category contained
grass, needle-leaved trees, and broad-leaved trees, whereas the other eight
classes were categorised as non-vegetation (concrete roof tiles, clay roof tiles,
slate roof tiles, metal roof, asphalt, bare soil, water, and shadow). Figure 3.4

outlines the OBIA\NN procedure for the 2m spatial resolution data sets. The
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reader can refer to the Appendix to view a more generic OBIA procedure
diagram used with the 4m, 10m, and 30m spatial resolution data sets.

Following the first stage, vegetation features were divided into their
constituent classes (stage 2a), and separately non-vegetation features were
divided into their constituent classes (stage 2b). While the optimum shape and
compactness settings remained consistent between input data sets (see Table
3.2 below), the scale value had a significant impact on segmentation outcome

(Li and Shao, 2014).
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Figure 3.4. The multi-stage OBIA\NN procedure (this chart especially demonstrates the

OBIA\NN of WV-2 imagery with 2m spatial resolution).

Table 3.2 depicts the parameter settings that were adopted in the OBIA/NN

procedure. Notably, it is interesting to compare settings between the different

spatial resolution inputs (30m, 10m, 4m, 2m), bearing in mind that in each case
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sensitivity testing was used to optimise the classification outcome. It can be
seen that the shape and compactness settings are consistent throughout all
twelve classifications, whereas the optimum scale setting increased
consistently from 30m to 2m resolution. Increasing the scale parameter
increases average segment size, and this follows current context whereby the
higher scale settings at finer resolutions offset smaller pixel sizes, leading to
consistently sized objects (i.e., consistent between varying input spatial
resolution). Also, the optimum scale setting was consistently larger for
vegetation classes (i.e., large parcels of grassland and woodland) than non-
vegetation classes (i.e., small urban features such as buildings and roads).
Finally, following segmentation, a merging procedure can be used to combine
spectrally similar objects thus refining the final segmented output. Here, this
proved helpful only in the case of the input 2m spatial resolution data, since

the complexity of this imagery led inevitably to some degree of over-

segmentation.

Input Image

Stage 1. Separation of
Vegetation and
Non-vegetation

Stage 2a. Identification
of Individual
Vegetation Classes

Stage 2b. Identification
of Individual
Non-vegetation Classes

Spatial - - -
pa la' Segmentation Spectral Segmentation Spectral Segmentation Spectral
Resolution Parameters Merging Parameters Merging Parameters Merging
(m) (Scale, Shape, Threshold (Scale, Shape, Threshold (Scale, Shape, Threshold
Compactness) Compactness) Compactness)
30 6,0.3,0.8 NA 7,0.3,0.8 NA 5,0.3,0.8 NA
10 10, 0.3, 0.8 NA 12,0.3,0.8 NA 6,0.3,0.8 NA
4 20,0.3,0.8 NA 30,0.3,0.8 NA 12,0.3,0.8 NA
2 25,0.3,0.8 20 35,0.3,0.8 35 17,0.3,0.8 10
Table 3.2. Segmentation parameter settings for multi-stage object-based classification.
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3.4.3.2 Assessing the quality of segmentation

A key factor for segmentation is how well-segmented outputs correspond to
real-world features. Clinton (2004) recommended the combination of visual
assessment and calculation of a series of quality segmentation equations, to
select the most accurate image objects for the classification stage. Initially,
visual assessment was undertaken to evaluate the quality of segmentation.
This process was conducted by comparing the generated segmented images
with reference objects, which resulted from OS Mastermap Topography layer.
A sensitivity test was performed to compare a range of scale parameter
settings and assess their accuracy using a combination of objective metrics, as
described by (Clinton et al., 2010), and human assessment. 40 objects were
selected randomly per class and compared against reference data acquired
from the MasterMap vector coverage and field survey. Weidner (2008)
recommended to consider a series of metrics rather than relying on a single
metric for quantitavily assessing the extracted objects, here five different
metrics were used from Clinton et al. (2010) to check segmentation accuracy.
The metrics employed were the Area Fit Index (AFI) which shows how closely
segments overlap reference objects; two Relative Area (RA) measures, RAsub
and RAsuper, which indicate over- and under-segmentation respectively; the
Quality Rate (QR) which is an area-based measure that includes consideration
of false positives when determining segmentation success; and the D-index
which is a combined metric that considers both over- and under-segmentation

to indicate how closely objects produced match ideal segmentation output.
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Readers can refer to Clinton et al. (2010) for further information on these
metrics.

Collectively, the five metrics provided a robust and varied test of segmentation
accuracy. Nonetheless, the somewhat arbitrary nature of accuracy metrics’
units and their sometimes conflicting outcomes (Weidner, 2008) means that a
visual check can also be useful (Yang et al., 2014; Myint et al., 2013; Zhang et
al., 2008). Pal and Pal (1993) claimed that human interpretation represents the
most effective means of assessing segmentation output, supported later by
Benz et al. (2004). Therefore, ultimately, both quantitative metrics and
qualitative assessment were used in combination to determine final scale

settings (shown in Table 3.2).

3.4.3.3 Classifying extracted objects

Following segmentation, a non-parametric nearest neighbour (NN) classifier
was used to label objects to the most appropriate class. The NN classification
method is also a non-parametric rule and is therefore independent of a normal
distribution. The nearest neighbour approach allows unlimited applicability of
the classification system to other areas, requiring only the additional selection
or modification of new objects (training samples) until a satisfactory result is
obtained (lvits & Koch, 2002). The candidate pixel assigned to the class which
is closer (shorter Euclidean distance) to feature space of each class. To ensure
a fair comparison between pixel-based and object-based classification, the
same training samples were used in all cases. As well as the straightforward
spectral information provided by the different band sets, classification accuracy

was enhanced (determined through trial-and-error) with additional
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discriminatory variables. Certain spatial object characteristics were
incorporated, including area, shape and length/width ratio; and various
spectral indices (described above) were also used: NDVI for all spectral band
sets, plus NSDBI and NSDBRI for the eight spectral bands set only. Here,
therefore, the concrete and clay roof classes were each first classified as two
separate sub-classes (i.e., non-shadowed clay roof, shadowed clay roof) and

then later combined to form a single (i.e., clay roof) class (Figure 3.4, stage 3).

3.5 Accuracy assessment and statistical testing

3.5.1 Error matrix

Following classification, the 36 output land cover maps were tested against
reference data to calculate their accuracy. The confusion (or error) matrix is a
common land cover classification accuracy assessment method. This evaluation
approach is carried out by comparing predicted and actual class labels from
selected testing points. As a result, overall, users, and producers accuracy was
calculated for the 36 land cover maps. To enable direct comparison between
the three different classification approaches, it was necessary to adopt a
common means of accuracy assessment, so point-based checking was
conducted. It isimportant to note that alternative object-based approaches are
now available for use with OBIA outputs (Stehman and Wickham, 2011;
Congalton and Green, 2009; Zhan et al., 2005; Radouxa et al., 2011), and these
can have the benefit of providing an exact match between analysis data (i.e.,
classified objects) and reference data (i.e., vector map features). In total, 438

sample points were checked, with an average of 40 points per class. The same
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points were used for all classification outputs, ensuring direct comparability

between results.

3.5.2 McNemar statistical Test

While confusion matrices provide a useful means of comparing classification
results, they can only provide an “estimate” of classification accuracy (based
on the sample of points used), and therefore only tentative conclusions can be
drawn (Foody, 2004). This is especially the case where differences in accuracy
are marginal, for instance, a few percentage points apart. For example, it may
be unwise to assert that a land cover map with an accuracy of, say, 93% is
definitively more accurate than a map with 89% accuracy. This 4% difference
may, in fact, be a statistical artefact of the sample of test points. Because of
this, Janssen and Vanderwel (1994) stated that, accuracy statements should be
provided with confidence limits enabling comparison in a statistically rigorous
manner. As a result, the McNemar test was used to compare classification
outputs and indicate the statistical significance of any difference in results
(Foody, 2004). That is, in the example above, the McNemar test could provide
information on whether or not a difference of 4% is statistically significant. As
Foody (2004) notes, this is a non-parametric test that is focused on the binary
distinction between correct and incorrect class allocations of two classification
outputs. The McNemar test calculates the z value:

7 = (frz—f21)?
fi2+f21

In this formula, f,; indicates the total number of ground data correct in land

(1)

cover map 2 and incorrect in land cover map 1, while f;, represents the
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frequency reference point incorrect in thematic map 2 and correct in thematic
map 1. If |z| =3.3, it means that there is a significant difference between two
thematic maps at the 99% confidence level (Rees, 1987). Here, a fully rigorous
and exhaustive approach was adopted for expressing the statistical significance
of classification output differences. The McNemar test was conducted on every
possible pair of classified land cover maps. With 36 original maps, this meant
630 paired combinations. The results, expressed as a matrix, enable
straightforward comparison between all classifications, clearly identifying

those classification pairs that are significantly different and those that are not.

3.6 Results

3.6.1 General overview

In total, 36 land cover maps were generated, and extracts of all 36 classified
outputs are provided in Figure 3.5. It should be noted that this figure should be
interpreted with some caution since it shows only one small area and is not
therefore fully representative of land cover throughout the entire study area.
Nonetheless, the figure clearly shows the most significant and consistent
pattern evident throughout the results: classification improves as the spatial

resolution becomes finer.
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Figure 3.5. Land cover maps (detail) for the 36 data set/classifier combinations, plus the
WorldView-2 image (© DigitalGlobe, Inc. All Rights Reserved) and MasterMap vector data
(© Crown Copyright and Database Right 2015. Ordnance Survey (Digimap Licence).
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A summary of classification accuracies for all 36 land cover maps is provided in
Figure 3.6. This figure presents raw overall classification accuracies and enables

direct assessment of the differences between classifications.
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Figure 3.6. The overall classification accuracies for the 36 data set/classifier combinations
(ML, SVM, and OBIA/NN).

While the full set of statistical classification results are summarised above
(figure 3.5), six full error matrices are first presented to give some examples of
class-level detail (Tables, 3.2 — 3.7).

To provide contrast and show the full range of classification accuracies, two
confusion matrices were chosen from each of the classifiers used. Each of these
three classifiers was represented by two different spatial and spectral
resolution properties. As such tables 3.2 and 3.3 depict the resultant error

matrixes of performing OBIA/NN on images with the full eight spectral bands,
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with 2m and 4m spatial resolution respectively. The highest overall
classification accuracy (91%) was achieved by arguably the most sophisticated
data set/classifier combination, using the most advanced spatial and spectral
characteristics of WV-2 imagery (2m spatial resolution and full eight spectral
bands) and state-of-the-art OBIA (Table 3.2). This classification enabled
relatively accurate mapping of all classes, with only minor confusion between
vegetation classes and between concrete and other impervious classes.

The error matrixes of performing SVM classification on data sets with six
spectral bands with 2m and 4m spatial resolution are presented in Tables 3.4
and 3.5 respectively. The accuracy of ML classifier on data sets with four
spectral bands and 10m and 30m spatial resolution are described in Table 3.6
and 3.7 respectively. It is clear that the less sophisticated data set/classifier
combination (using relatively coarse 30m resolution and only four basic
spectral bands) is entirely inadequate in classifying such detailed urban land
cover classes (Table 3.7). Few classes are mapped with any success, and overall
classification accuracy is only 35%. Perhaps the most significant factor here, as
will be discussed below, is the coarse spatial resolution, which prevents
accurate identification of small urban features. Finally, OBIA achieve relatively
poorer accuracies by using fewer spectral bands. This is possibly due to a
reduction in the spectral information that is considered when generating the

segments.
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OBIA\NN on WV-2 with 2m spatial resolution and eight spectral bands

Classification result

Classification result

Overall Accu: 91% Reference data
Kappa Coeff: 0.9 ©
* * )
(7, ()] “6 a
() () o ©
Class 9 5 5 4 <
— - - “6 o o ()] 3
[} = -l ) ° = (<) 3 b Q
o £ 8 T BT S ®F ¢ © 5 9 «
S 2 8 8 $ Z &8 B 8 5 & 2
@ €« 3 @ 2 U 2 »w v O 6 >
Bare soil 29 O 0 0 0 1 1 0O 0 oO 0 94
Asphalt 0 37 O 0 0 1 0 1 0 1 0 93
Water 0 0 43 0 0 0 0O 0O O O 0 100
Broad L trees* 0 0 0O 40 8 0 0 0 0 0 5 75
Needle L trees* 0 0 0 2 30 O 0 0 0 0 0 94
Clay roof 0 0 0 0 0 34 O 1 0 1 0 94
Metal roof 0 0 0 0 0 0O 39 0 0 O 0 100
Slate roof 0 1 0 0 0 0 0 35 O 1 0 95
Shadow 0 0 0 0 0 0 0 0 39 0 0 100
Concrete roof 0 4 0 0 0 4 0 3 0 38 0 78
Grass 1 1 0 0 0 0 0 O 1 0 36 92

Produceraccuracy% 97 86 100 95 79 85 98 88 98 93 88

Table 3.3. Error matrix for performing OBIA/NN on WV-2 with 2m spatial resolution and
eight spectral bands.

OBIA\NN on WV-2 with 4m spatial resolution and eight spectral bands

Overall Accu: 82% Reference data
Kappa Coeff: 0.8 )
[ 5 g
Class o 5 5 o o g
—_ - ] S o o 9 o
g £ . 2 o 8§ X 2 2 9 S
o £ & ®B B T B o - S 4 »
5 3 8 ¢ § ¥ & 5 &2 5 & 8
@ &« 3 & 2 T =2 » » O U >
Bare soil 23 0 0 0O 0 3 2 0 0 O 0 82
Asphalt 0 34 0 0 o0 1 1 1 1 2 0 85
Water 0O O 49 0 0 0O 0 0 o0 o 0 100
Broad L trees* 0 0 0 34 1 0O 0O O o 1 5 83
Needle L trees* 0O 0 O 8 32 0 0 0 1 1 3 74
Clay roof 5 1 0 0O 0O 28 0 0O 0 O 0 82
Metal roof 0 O 0 0O O O 36 0 0 O 0 100
Slate roof 0 1 1 0O o0 1 0 31 5 3 0 74
Shadow 0 O 0 0 o0 1 0 0 29 O 0 97
Concrete roof 1 5 0 0 0 6 1 10 4 33 O 55
Grass 1 1 0 o 0O O O o o0 1 32 91

Produceraccuracy% 77 81 98 81 97 70 90 74 73 80 80

Table 3.4. Error matrix for performing OBIA/NN on WV-2 with 4m spatial resolution and
eight spectral bands.
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SVM on WV-2 with 2m spatial resolution and six spectral bands

Overall Accu: 85%

Reference data

Kappa Coeff: 0.83 °
* o
5 9 5 g
Class o 5 T o ©
— - - "6 o o ()] 3
[} = -l ) ° - o 3 "6 Q
e £ § T 3 -2 B o 8 5 g <o
5 3 &8 9 § & 3 3 =2 § &8 g
@ €« 3 @ 2 U 2 »w v O 6 >
Bare soil 28 O 0 0 0 0 0 0 0 0 0 100
Asphalt 2 38 5 0 0 1 0 2 0 0 0 79
Water 0 0 31 0 0 0 0 0 0 0 0 100
Broad L trees* 0 0 0 23 1 0 0 0 0 0 2 88
Needle L trees* 0 0 0 19 24 O 0 0 0 0 0 56
Clay roof 0 0 0 0 0 34 O 0 0 1 0 97
Metal roof 0 0 0 0 0 0 40 O 0 0 0 100
Slate roof 0 4 4 0 0 2 0 35 1 0 0 76
Shadow 0 0 3 0 13 0O 0 1 39 0 0 70
Concrete roof 0 1 0 0 0 3 0 2 0 40 0 87
Grass 0 0 0 0 0 0 0 0 0 0 39 100
Produceraccuracy% 93 88 72 55 63 85 100 88 98 98 95

Table 3.5. Error matrix for performing SVM on WV-2 with 2m spatial resolution and six

spectral bands.

SVM on degraded WV-2 with 4m spatial resolution and six spectral bands

Overall Accu: 76%

Kappa Coeff: 0.73 ®
R 5 g
Class @ 5 5 . o g
-— - - S o o ] o
g & , =2 e« 8§ = 2 32 ®© o
o £ & B T = ® o 8 & 4 -
5 9 & ¢ & & & 5 £ § £ @
@ €< 2 @& 2 U 2 »w v O O o5
Bare soil 26 O 0 0 O 1 4 0 0 1 0 81
Asphalt 1 35 8 0O o0 1 1 6 1 3 0 63
Water 0O 0 29 0 0 O 1 0 1 o0 0 94
Broad L trees* 0 0 0 21 1 0O 0O O o0 o 1 91
Needle L trees* 0 0 0O 15 22 0 O O 0 O 1 58
Clay roof 2 1 0 0O 0O 30 0o o0 o0 2 0 86
Metal roof 0 O 0 0O O O 3 0 0 O 0 100
Slate roof 0 1 3 0O o0 1 0 26 1 O 0 81
Shadow 0 O 2 1 15 1 0 2 35 0 0 63
Concrete roof 0 5 0 0 0 6 0 8 2 35 0 63
Grass 1 0 0 5 0O O O O O o 38 86
Produceraccuracy% 87 86 69 50 58 75 85 62 88 85 95

Table 3.6. Error matrix for performing SVM on degraded WV-2 with 4m spatial resolution

and six spectral bands.
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ML on degraded WV-2 with 10m spatial resolution and four spectral bands

Overall Accu: 53%

Kappa Coeff: 0.48 °
3 % 5 g
Class o 5 S . o g
—_ - ] S o o 9 o
g £ . 2 @ 8 X 2 2 9 S
() - 3 -g - = S [} ] [~ & -
5 3 & ¢ ¢ & ¥ 5 & §5 £ B
@ &« 3 & 2 T =2 »n » O U >
Bare soil 20 1 0 0 0 7 3 0 0 4 3 53
Asphalt 1 26 4 6 0 2 2 11 6 3 3 41
Water 0 0 35 0 0 0O 0O O 6 O 0 85
Broad L trees* 0 2 0O 16 12 0 O0 oO 1 5 4 40
Needle L trees* 2 1 1 7 20 1 0o 3 5 3 4 43
Clay roof 4 1 1 4 1 24 0 6 3 11 1 43
Metal roof 0 0 0 0 0 0O 35 0 3 O 0 92
Slate roof 1 5 0 0 0 4 0 16 38 3 0 43
Shadow 0 0 1 0 3 O 0 0O 2 o0 0 33
Concrete roof 0 6 0 2 0 2 0 5 6 12 0 36
Grass 2 0 0 7 1 0O 0O O O o0 25 71
Produceraccuracy% 67 62 83 38 54 60 8 39 5 29 63

Table 3.7. Error matrix for performing ML on degraded WV-2 with 10m spatial resolution
and four spectral bands.

ML on degraded WV-2 with 30m spatial resolution and four spectral bands

Overall Accu: 35%

Kappa Coeff: 0.28 )
3 % 5 g
Class @ 5 T o g
—_ - ] S o o 9 o
g £ . 2 @ 8§ X 2 2 9 S
o € &£ ® T T B o - & Y =
5 3 8 ¢ § ¥ &8 5 =2 5 & 38
@ &« 3 & 2 T =2 » » O U >
Bare soil 16 3 2 1 9 1 7 0 2 3 6 32
Asphalt 3 14 6 7 0 2 5 7 12 9 2 21
Water 0O 0 2 0 0 0 0 0 4 1 2 76
Broad L trees* 3 0 1 13 16 1 0 1 1 2 12 26
Needle L trees* 0O 0 5 4 2 0 0 0 1 o0 1 15
Clay roof 0 6 0 4 3 18 2 6 5 6 5 33
Metal roof 2 0 0 0O O O 25 2 6 O 0 71
Slate roof 0 3 0 0O o0 1 0 12 2 3 0 57
Shadow 2 0 3 2 1 2 0 2 o0 o0 0 0
Concrete roof 2 16 3 4 1 15 1 11 7 18 O 23
Grass 2 0 0 7 5 0 0 0 0 1 12 44
Produceraccuracy% 53 33 52 31 5 45 63 29 0 42 30

Table 3.8. Error matrix for performing ML on degraded WV-2 with 30m spatial resolution

and four spectral bands.
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However, this does not indicate which of these differences are statistically
significant. Therefore, a full matrix of z values (calculated from the McNemar
test of statistical significance) between all 630 classification pairs is also
presented, in Figure 3.5. Statistically significant differences (i.e., z values > 3.3,
at the 99% confidence level) are bolded. It is noted that the figure clearly
contains a large volume of information and requires careful interpretation, but
it is included here to enable comprehensive and exhaustive comparison

between data set/classifier combinations.
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OBIA
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Figure 3.7. Matrix of McNemar test results showing the statistical significance of differences between all classification pairs (ML = maximum likelihood, SVM = support vector
machine, OBIA = object-based image analysis; 30m, 10m, 4m and 2m refer to spatial resolution; four, six and eight bands refer to the number of spectral bands).
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3.6.2 Spatial enhancement

The results demonstrated a strong correlation between spatial resolution and
overall accuracy. It is evident that as the spatial resolution became finer—from
30m, through 10m and 4m, to 2m—the overall accuracy of the entire 36
thematic maps increased consistently, with all spectral band sets and all
classifiers (Figure 3.6).

Figure 3.6 demonstrates the overall accuracy of implementing ML, SVM, and
OBIA/NN on data sets with 30m, 10m, 4m, and 2m resolution including the
influence of classifier and number of spectral bands used. According to Figure
3.8, data sets with 2m spatial resolution (represented by purple bars) achieved
the highest overall accuracy, followed by 4m, 10m, and 30m. The overall
accuracy of data sets with 30m, 10m, 4m, and 2m spatial resolution was as 34%,
52%, 74%, and 83% (averaging nine classified images with different spectral
resolution and classifier but similar spatial resolution). In other words, the
overall accuracy of classified images when spatial resolution became finer from
30m to 10m, 10m to 4m, and 4m to 2m, increased by 16%, 22%, and 9%
respectively. Despite these consistent improvement, the largest increase in
overall accuracy occurred when the spatial resolution improved from 10m to
4m with the overall accuracy enhanced by 23% compared with 17% and 9%
when the pixel size changes from 30m to 10m and 4m to 2m.

According to the McNemar statistical test, there were consistent and significant
statistical differences using finer spatial resolution imagery (Figure 3.7). Figure
3.9 demonstrates the variation in the level of statistical difference of data sets

with 10m, 4m, and 2m against data sets with 30m spatial resolution. It is
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evident that there were statistically significant differences when spatial

resolution improved from 30m to 10m, 4m, and 2m. The average z value

between 30m and 10m, 10m and 4m, and 4m and 2m reveals a constant

significant at 99% level of confidence differences of 4.8, 5.1, 3.6 respectively.
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Figure 3.8. The overall accuracy of 36 land cover maps by highlighting the influence of

spatial resolution.
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Figure 3.9. The McNemar’s statistical test, comparing 30m spatial resolution against 10m,
4m, and 2m spatial resolution.

3.6.3 Spectral enhancement

The relationship between the number of spectral bands and classification
accuracy is less marked than that of spatial resolution. Figure 3.8 indicates the
overall accuracy of 36 land cover maps by highlighting the influence of three
different spectral band sets: four, six, and eight spectral bands.

The results show that enhancing spectral resolution in general terms can lead
to modest increases in classification accuracy. However, more complex spectral
data sets (i.e. those with six and eight spectral bands compared to those with
four spectral bands) do not necessary increase classification accuracy,
especially in the 10m to 30m spatial range resolution when pixel based
classifiers (ML and SVM) were implemented. For instance, for the 30m imagery,

the average accuracy increases only very slightly from 33% for four bands to

77 | Page



Chapter Three

35% for six bands and 35% for eight bands. It should be noted that the influence
of the number of spectral bands on classification accuracy also depends on the
classifier used, as will be depicted in the following section.

Since this study evaluates the influence of varying spectral band set on the
overall accuracy of classification using fixed training data sets, Pal and Foody,
(2010) highlighted Hughes phenomenon as a possible factor which can effect
classification accuracy. Hughes phenomenon describes how classification
accuracy initially increases gradually when spectral bands are added in turn to
a data set, but then starts to decrease by further increasing the number of
spectral bands (Ma et al., 2013).

According to Pal and Foody (2010) the influence of Hughes phenomenon
becomes evident when the number of spectral bands exceeds 30, however in
this study the maximum number of spectral bands was 11 (8 multi-spectral WV-
2 plus three indices). As a result, the effect of the Hughes phenomenon should

be very limited in this study.
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Figure 3.10. The influence of using various spectral bands on overall classification accuracy
of 36 land cover maps.

Figure 3.10 indicates the variation in overall accuracy of data sets with four, six,
and eight spectral bands. Despite the inconsistent relationship between
spectral resolution and classifier types, there was a consistent and direct
relationship between spectral and spatial resolution. The result shows that the
influence of using more spectral bands became more significant as spatial
resolution became finer. For instance, for the 2m resolution imagery, average
accuracy (i.e., the average of all three classifiers) increases from 79% when
using four bands, to 84% when using six bands and 87% when using eight bands
(Figure 3.11). This figure shows that the influence of the number of spectral

bands becomes more evident when spatial resolution became finer.
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Figure 3.11. The relationship between spectral and spatial resolution.

3.6.4 Classification approach

The influence of choice of classifier on classification accuracy is more complex
than that of spatial resolution or spectral band set. The results show that the
classifier can have a noticeable effect on accuracy, but only when considered
in combination with spatial resolution and/or number of spectral bands (Figure
3.10). Generally, within the medium spatial scale (10m and 30m), ML
performed slightly better, followed by SVM and OBIA/NN. In particular, ML
achieved the finest overall accuracy using four and six spectral bands.
According to the McNemar test, there was no significant difference among ML
and both SVM and OBIA/NN at the medium spatial scale. The poor accuracy of
OBIA/NN and SVM in the medium resolution range can be attributed to the

inadequate level of spatial detail to map detailed urban features accurately.
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At the highest spatial resolutions (4m and 2m), patterns related to the choice
of classifier change from those observed at the coarser resolutions, and also
become more defined (Figure 3.10). In fact, moving from medium to VHR scale
(4m and 2m) showed the superiority of non-parametric SVM and OBIA/NN
classifiers. Rogan and Chen (2004) explained that because detailed urban areas
are not distributed normally in the data they contain, non-parametric
approaches such as SVM can better handle the classification of these complex
sites. According to the McNemar test, there was a significant statistical
difference in 99% level of significant between SVM and ML in the VHR range
(2m and 4m).

Compared to OBIA/NN, SVM achieved a higher overall accuracy in 4m and 2m
spatial resolution using four and six spectral bands. However, OBIA/NN became
a superior classifier in 4m and 2m spatial resolution using eight full bands. For
example, the overall accuracy of performing the OBIA/NN on 2m imagery was
obtained as 91% improving the accuracy of mapping by 6% compared to the
averaging of both ML and SVM classifiers. There were significant statistical
differences between OBIA/NN and both pixel-based classifiers for data sets

with 4 and 2m spatial resolution.

According to figure 3.12, OBIA/NN showed the highest sensitivity to spectral
resolution variation. For example, the overall accuracy of performing OBIA/NN
on data sets with the full eight spectral bands achieved 35 %, 51%, 82%, and
91% for 30m, 10m, 4m, and 2m resolution respectively. According to the
McNemar test, comparing data sets with six and eight spectral band sets led to

statistically significant differences at the 99% level of confidence only when
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OBIA/NN was performed. This means that there was poor accuracy of OBIA/NN
by using four and six spectral bands, while OBIA/NN show its superiority by
consideration of full eight spectral bands. In particular, at 2m spatial resolution,
OBIA/NN improved the overall accuracy by using six bands over four bands and

also eight bands over six bands by 9% and 8% respectively.

Involving additional spectral bands also increases the complexity of the data
sets which the ML algorithm may not be able to deal with. While ML showed
inconsistent improvement when adding more spectral bands, SVM was more

reliable and consistent towards using finer spectral resolution data sets.
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Figure 3.12. Overall classification accuracies: the relationship between spectral resolution
and classification approach.

SVM as a non-parametric pixel-based classifier is more suitable to deal with
mapping complex urban areas, compared to a parametric classifier like ML. This

non-parametric classifier performed better than ML at 2m, 4m, and 10m spatial
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resolution. For instance, SVM increases the overall accuracy of 2m imagery by
5% in contrast to the parametric classifier. However, with a very low overall

accuracy of 35% both classifiers performed similarly.

As figure 3.10 shows, OBIA\NN is superior only at 2m and 4m spatial resolution
when all eight bands were used. Including more spectral bands potentially
increases the capability of classifier for more accure classification, by improving
the quality of the segments. For the four and six band data sets, SVM achieves
the best performance at 2m and 4m resolution, while ML is best at 10m and

30m resolution.

3.7 Summary

The findings presented in this chapter reaffirm the contention that accurate
and detailed mapping of complex urban environments requires spatially
detailed data, and contemporary VHR imagery holds considerable value for the
mapping community. The results of this research verify the importance of third
generation sensors like IKONOS and WV-2 with 4m and 2m spatial resolution
respectively to map complex urban areas over second-generation sensors
including SPOT and Landsat with 10m and 30 m spatial resolution.

Further, it is demonstrated that enhanced spectral information can aid
distinction of detailed thematic classes in complex environments. Notably,
here, the additional bands offered by contemporary VHR sensors such as WV-
2 and WV-3 may offer some advantage over early VHR sensors such as IKONOS.
The choice of the classifier can influence the accuracy with which complex

urban environments are mapped, but due consideration should also be given
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to image characteristics. Contemporary classification approaches such as pixel-
based SVM and OBIA/NN perhaps hold considerable potential here where
state-of-the-art VHR imagery (i.e., with enhanced spectral capabilities) are
available. In particular, OBIA/NN is likely to improve the accuracy if there is an
adequate spatial detail provided based of the level of the details. Therefore,
this result showed the requirement of using VHR data sets and superiority of
non-parametric including SVM and OBIA/NN over parametric (i.e., ML)
classifier for mapping the complex urban areas.

Despite the superiority of VHR imagery over medium resolution imagery (like
Landsat imagery) to accurately map detailed urban areas, the wide usage of
VHR imagery is hindered because of a series of reasons including the high cost
of VHR imagery. On the other hand, while medium resolution imagery like
Landsat and equivalent SPOT (with 30m and 10m spatial resolution) are
accessible free of charge, their coarse spatial resolution limits the use for a
detailed urban mapping application.

The following chapters investigate how (free) medium resolution imagery may
be spatially enhanced for detailed land cover classification. In particular, the
next chapter provides a comprehensive review of the literature of super-

resolution analysis.
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Chapter 4: Super Resolution Image Analysis

4.1 Overview

While sensors with spatial resolution more than 4m are considered to offer
VHR imagery, remote sensors with spatial resolution between 4 and 10m offer
high resolution imagery. The medium resolution sensors (spatial resolution
between 10 and 30m) have been used for various environmental urban
applications. The key point of Chapter 3 was the necessity of using the finer
spatial resolution imagery to map urban areas. This Chapter introduces super-
resolution analysis as a method to enhance the spatial resolution of medium
resolution sensor (like Landsat data) for subsequent land cover mapping of
urban areas in detail demanded by the complexity of these environments.
Tsai and Huang (1984) initially introduced the super-resolution concept. Super-
resolution analysis is an image processing technique which recovers one or a
series of fine resolution image(s) from one or several coarse resolution
images(s) (Peleg and Elad, 2014; Li et al., 2013a). It offers to overcome some of
the inherent resolution limitations of relatively low-cost imaging sensors (i.e.,
coarse satellite imagery, cell phone cameras or surveillance cameras) (Yang et
al., 2012).

This chapter reviews the background to super-resolution mapping to provide
an underpinning introduction for its subsequent use in this thesis. At first,
super-resolution mapping and restitution will be introduced as two main fields

of super-resolution analysis. Then, each technique will be elaborated including
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their methods. Next, sparse representation will be presented as a state of the
art super-resolution method which is capable of enhancing the spatial
resolution of medium resolution imagery using a single VHR image. The final
section explains how the sparse representation method works. The main
concept and assumptions of sparse representation will be explained, with its

two phases of training and reconstruction summarised.

4.2 Super-resolution mapping (SRM)

The topic of super-resolution analysis can be categorised into two fields of
super-resolution restitution (SRR) and super-resolution mapping (SRM). Unlike
the SRR that only enhances the spatial resolution of imagery, SRM is a land
cover classification technique that produces thematic classifications at a sub-
pixel scale (Atkinson and Aplin, 2004). The SRM methods estimate the spatial
distribution of land cover within mixed pixels of remotely sensed images with
the proportion of the classes determined from a soft classification technique
into a finer scale hard classification map (Foody, 2002; Mertens et al., 2003;
Atkinson, 2009). In fact, SRM methods can derive a finer spatial resolution than
the size of the pixel of the coarse spatial resolution image (Ricotta and Avena,
1999; Woodcock and Gopal, 2000; Foody et al., 2005).

The Section 2.2.6 discussed soft (fuzzy) classification and explored the mixed
pixel problem of pixel-based classification. Although soft classification may be
used to estimate the class composition of image pixels, the spatial distribution

of each class in these mixed pixels cannot be determined. Tatem et al.,(2003)

86



Chapter Four

and Atkinson (2009) described the SRM as a capable method to partially answer

the limitation of soft classification and mixed-pixel problem.

4.2.1 Types of SRM methods

Several types of SRM methods have been introduced to enhance medium
spatial resolution data for remotely sensed applications through two main
groups of spatial correlation and knowledge-based (Boucher, 2009; Ling et al.,
2013).

The spatial correlation method exploits the spatial correlation of the fine scale
attributes. This method benefits from the first law of geography: “everything is
related to everything else, but near things are more related than distant things”
(Tobler, 1970). However, this assumption may not be necessarily correct under
all conditions and observations (Tatem et al., 2001; Mertens et al., 2003,
Atkinson; 2009).

Knowledge-based methods rely on the accurate identification of boundary
features that separate the mixed pixels into pure components at finer spatial
resolution. These techniques use knowledge-based information or a priori
spatial model (like a variogram) to identify accurately the boundaries of
features in which split the mixed pixels into pure components at fine spatial
resolution. However, the knowledge-based SRM techniques are merely limited
to localise large and homogenous fields with straight boundaries (Muad, 2011).
Several types of SRM have been developed to address the sub-pixel mapping
issue, including the Hopfield neural network (Tatem et al., 2001; Tatem et al.,

2002; Tatem et al., 2003), the genetic algorithm (Mertens et al., 2003), linear
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optimization (Verhoeye and De Wulf, 2002), the Markov random field
(Kasetkasem et al., 2005), pixel swapping (Atkinson, 2005, Makido et al., 2007),
and spatial attraction models (Mertens et al., 2006; Gu et al., 2008), Neural
network predicted wavelet coefficients (Mertens et al., 2004), and

Geostatistics indicator (Boucher and Kyriakidis, 2006).

4.2.3 Pros and cons of SRM

SRM methods can generate more accurate and informative land cover maps
for medium and coarse spatial resolution images (Tian and Ma, 2011a; Foody
et al., 2005; Li et al., 2011). Therefore, they can potentially address the
constraint of an adequate level of spatial resolution in medium resolution data
sets in many fields of research including mapping complex urban sites (Lu and
Weng, 2007; Ling et al., 2011; Ardila et al., 2012).

Because different spatial dependence description methods lead to different
sub-pixel land cover maps by considering the relationship between spatial
resolutions of pixels and land cover areas (Atkinson, 2009), defining the spatial
dependence of land cover classes is the major problem of SRM in which applies
for particular types of sub-pixel classification. Additionally, although SRM can
effectively increase the spatial resolution of an image, due to the noisiness (i.e.,
spatial heterogeneity) at fine resolution scale, per-pixel classification methods
are not always accurate (Yan et al., 2006). Ling et al. (2012) have stated that
maximising the spatial dependence does not represent the real world
conditions. Next, while SRM improves land cover mapping, SRR merely

enhances the spatial resolution of an input coarse resolution image. This means
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that, because the output of SRR is the enhanced image, it offers the choice of

classifier including any pixel-based or object-based classification algorithms.

4.3 Super-resolution restitution

SRR (also referred as reconstruction) is defined as a technique to construct a
fine spatial resolution image from multiple or single coarse spatial resolution
images by recovering the high frequency components (like texture and edges)
of image content (Yang and Huang, 2010). Due to an inadequate number of
observations and the unknown registration parameters, SRR is typically
severely ill-conditioned. However, various regularisation techniques have been
proposed to address the inversion of this ill-posed problem (Hardie et al., 1997;
Tipping and Bishop, 2002; Farsiu et al., 2004°). The traditional SRR methods
combine complementary information from different images based on sub-pixel
shifts or different parameter information, while the more recent SRR methods
focus on extracting relationships among neighbourhood pixels or learning prior
pattern structures from image databases that store significant amounts of L\H-
resolution image pairs (Kasetkasem et al., 2005; Jiji and Chaudhuri 2006). SRR
methods aim to discover the prior knowledge from the coarse resolution
imagery to recover the lost high frequency information. In other words, SRR is
a recovery procedure to regain the information lost during image acquisition.
For other examples of SRR in remote sensing applications, the readers can refer
to following sources (Akgun et al., 2005; Merino Teresa and Nunez, 2007; Hu

et al., 2009; Shen et al., 2009).
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4.4 Image observation model

Because SRR aims to reconstruct the lost information of image during image
acquisition, it is important to understand the procedure for capture image. The
SRR method attempts to resolve the inverse problem, which is defined as a
linear forward model. Therefore, four issues need to be solved: motion, blur,

noise and down-sampling (figure 4.1).

- Continues to Translation Optical blur Down Coarse
Continuous discrete Rotation Motion blur sampling with resolution
scene sampling Affine, etc. Sensor blur, aliasing observations

without aliasing T T etc.

Atmosphere
noise

Sensor
noise

[l (k) (c)
Figure 4.1. Image observation model which demonstrates factors impacting the quality of
the image during acquisition (Yang and Huang, 2010). It highlights the key components of
signal distortion including discrete sampling, motion, blur, and down-sampling. It is
possible to retrieve the high-quality image by inverting this process.

Figure 4.1 depicts the entire process, which occurs during image recording
procedure by a sensor as shown. Initially, the continuous scene is converted to
a discrete scene composed of pixel units without aliasing (Figure 4.1(a).
Because of the technical limitations of the sensor, image aliasing phenomenon
occurs which values of adjacent pixels are not continuous, causing the edge of

the objects to appear relatively sharp (Figure 4.2).
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(a) (b)
Figure 4.2. Image aliasing: (a) is the condition without aliasing, (b) is the condition with
aliasing (Feng, 2016).

It can be assumed that the produced image (Figure 4.1(a)) could be considered
as the fine spatial resolution image, which required to be recovered through
SRR procedure. In the case of a multi-frame condition in which several images
are acquired for the same scene, there is a strong possibility of some tiny
motion differences among each image (frame). This movement can occur due
to the camera’s motions like translation, rotation, and shift (Figure 4.1(b)).
Next, as a result of noise and hardware error, the sensor blur can arise during
the image acquisition procedure (Figure 4.1(c)). As a final step, the shifted,
blurred sampling images can be down-sampled, while sensor noise has been
added to the image (Figure 4.1(d)). For a more comprehensive review on image
observation model, readers can refer to Farsiu et al., 2004a; Yang and Huang,

2010; Tian and Ma, 2011a.

4.5 Super-resolution and the reconstruction phase

Typically super-resolution restitution (SRR) can be divided into two steps,
including image registration or training (depends on types of the method) and

reconstruction. The majority of methods developed are based on the
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reconstruction phase, which can be separated into the two categories of

frequency and spatial domain.

4.5.1 Frequency domain

The frequency domain algorithm was introduced by Tsai and Huang (1984) for
Landsat TM imagery. The concept of frequency domain method can be
summarised into the following three principles:

e the shifting property of the Fourier transform,

e the aliasing relationship between the continuous Fourier transform of
an original high-resolution image and the discrete Fourier transform of
observed coarse resolution images (Park et al., 2003), and

e the assumption that an original high-resolution image is bandlimited (Li
etal., 2013b).

As an extension of the frequency domain algorithm, Kim et al. (1990)
developed a method for a blurred and noisy image by assuming all coarse
resolution images have the same blur and noise properties. Kim and Su (1993),
improved this method and considered different blurs for each coarse
resolution image. To reduce the effects of registration errors Bose et al. (1993)
introduced the recursive total least squares method. Later on, a new method
based on discrete cosine transform was developed by Rhee and Kang, (1999)
which reduces the memory requirements and computational costs.

The Wavelet transform, a more recent frequency domain method, decomposes
signals into components at different scales or resolutions. Nguyen and

Milanfar, (2000) stated that this characteristic of wavelet transform method
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could help the signal trends at various scales to be isolated and studied. Later
on, Robinson et al. (2010) proposed a Fourier-wavelet method, whereas Naik
and Patel (2013) developed a single-image SRR method in the wavelet domain.
The major advantage of this approach is the theoretical simplicity, regarding
the relationship between high and coarse resolution images (Park et al., 2003).
However, every coarse resolution image is assumed to be affected by a
translational motion and a linear space-invariant blur. Though this method is
convenient for parallel implementation, which is capable of reducing hardware
complexity, the observation model is restricted to only global translational
motion and blur (Park et al., 2003). This seems like a limitation of the frequency
domain approaches for handling various situations. Because the data are
uncorrelated in the frequency domain, it is challenging to apply a priori

knowledge for regularisation (Park et al., 2003).

4.5.2 Spatial domain

Initially, super-resolution methods based on the spatial domain were
introduced by Stark and Oskoui (1989), known as projection onto convex sets.
Typically, this method initially estimates a fine spatial resolution image. Then a
series of coarse spatial resolution images simulated corresponding to an input
coarse spatial resolution image. Next, those simulated images shift the pixel of
an input image in both the horizontal and vertical directions. An initial
estimation of fine spatial resolution image is enhanced by computing the
difference between the simulated images and the input image. This process is

repeated iteratively to minimise the error function. In particular, for a single
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image, super-resolution is reduced to a problem of image de-blurring. The
spatial domain method converges quickly by fixing stable pixels. In a situation
where the pixel value is similar in two successive iterations, the pixel would not
be considered in the next iteration which quickens the convergence process
(Muad, 2011).

Compared to the frequency method, because of the possibility to involve prior
constraints on the solution space and the effect of noise in the data, the spatial
domain method improves the quality of the image (Babu and Murthy, 2011).
While spatial domain methods offer more flexibility compared to frequency
domain counterparts, they required iterative computation which in return
requires considerable computation, leading to slow convergence (Babu and
Murthy, 2011). Furthermore, because projection onto convex sets optimises a
merely constraint-based objective, it does not converge to a unique solution
(Park et al., 2003). Regarding the different approaches of acquiring the prior
knowledge, super-resolution methods operated in the spatial domain can be

divided into two categories: motion and learning-based.

4.5.2.1 Motion-based

Motion-based super-resolution techniques are a group of traditional super-
resolution method, which relies on the sub-pixel shifts among input coarse
resolution images. They operate by accumulating information on high
frequency details (for example, texture and edges) and projecting all the coarse
images to a sub-pixel grid (Cristébal et al., 2008; Tian and Ma, 2011°; Hardeep
et al., 2013). This approach focuses on multi-frame conditions and uses sub-

pixel shifts between each coarse spatial resolution frame to estimate the fine
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spatial resolution image. The Motion-based algorithms required conducting
motion estimation, which is based on image registration. The success of
motion-based methods relies on the quality of image registration. For further
super-resolution algorithms based on motion estimation, readers can refer to
Bose and Ahuja (2006); Callico et al. (2008); Protter and Elad (2009).
Motion-based methods require a series of input images to be captured within
a short period. This requirement is essential and significantly increases the
chance in which each image is almost the same as the others. However, this
requires very fine temporal resolution which is difficult for remotely sensed
application with a relatively low temporal resolution. Furthermore, these
approaches require significant amounts of training samples so as to include as
many patterns for the possible encountered conditions as possible (Feng,
2016).

Typically, motion-based methods can be categorised into two groups:
interpolation and regularisation-based approaches. Interpolation-based
methods are the first solution of motion-based super-resolution which involve
the sub-pixel shifts between frames through an interpolation process. The
iterative back-projection and projection onto convex sets are two popular
motion-based image interpolations developed according to the input coarse
resolution images by a set-theoretic algorithm (Patti et al., 1997).

Though interpolation-based super-resolution techniques are a prevalent
option to involve auxiliary information, regularisation-based methods are
capable of incorporating the prior knowledge. This is particularly useful since

SRR can be treated as an ill-posed inverse problem. According to Bayesian

95



Chapter Four

theory, the extracted information from the coarse spatial resolution images
about the unknown fine spatial resolution image is limited in the probability
distribution of the unknown fine resolution images (Tian and Ma, 20113).
However, the success of regularisation techniques relies on statistical model

assumptions.

4.5.2.2 Learning-based

Learning-based methods require prior knowledge which is extracted from
training data to improve the spatial resolution of the input coarse resolution
image (Chaudhuri and Joshi, 2005; Siu et al., 2012). They generate new
information based on generative models (Babu and Murthy, 2011). Training
images in learning-based methods can be normal images or a set of image pairs
of which the images in each pair cover the same area but at difference spatial
resolutions. Learning-based (also referred as example-based) methods are
more suitable for remotely sensed applications because they are mainly
employed for super-resolution applications using single input images and fewer
limitations for data preparation (Yang and Huang, 2010).

The type of learning-based method is defined according to their training
procedure. Several learning-based methods treat the training process as an
optimisation problem and use various optimisation algorithms including
matching pursuit and orthogonal matching pursuit to extract the prior
information from the training images (Chen et al., 1989; Mallat and Zhang,
1993; Tropp, 2004). However, others use different algorithms for their training
procedure, such as the K-singular value decomposition algorithm (K-SVD) which

K represents k-means clustering method (Aharon et al., 2006; Zeyde et al.,
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2012). Typically, learning-based methods can be divided into three groups:

image analogy, neighbourhood embedding, and sparse representation. For

further details on super-resolution methods, readers can refer to Park et al,,

(2003); Pickup (2007); Babu and Murthy (2011); Muad (2011); Feng (2016).

Most methods in the super-resolution field, are strictly reconstruction based in

which they perform primarily on a uniform and non-uniform sampling

theorems. Table 4.1 represents a result of comparison between frequency and

spatial domain in various aspects. While these methods do not create any

information, learning-based methods can create new information based on

generative models (Babu and Murthy, 2011).

Frequency domain

Spatial domain

Observation model

Frequency domain

Spatial domain

Motion models

Global translation

Almost unlimited

Noise model Limited Very flexible

Degradation model De-aliasing De-aliasing A-priori
information

Super-resolution Mechanism Low High

Computation requirements Limited Good

A-priori information Limited Excellent

Regularisation Poor Excellent

App. performance Limited Wide

Applicability Good Almost unlimited

Table 4.1. A general comparison of frequency and spatial domain methods (Babu and

Murthy, 2011).
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4.6 Super-resolution and the number of training

samples

4.6.1 Multi image and example-based

Super-resolution can be broadly classified into two families including the classic
multi-image and Example-based super-resolution. Conventional methods
normally require multiple images (also referred as multi-frames) as training (or
registration for some methods) phase that are acquired a series of images from
the same scene, typically aligned with sub-pixel accuracy (Yang et al., 2008).
Multi-image methods typically refer to video and multi-sensor observation,
often employed in surveillance or for forensic purposes, such as when specific
object require magnification (for example, licence plates of cars or faces),
where their algorithms are often an extension of a single image (Borman and
Stevenson, 1998; Chaudhuri and Joshi, 2005). They essentially perform as
single image super-resolution on a continuous series of input coarse resolution
images.

Due to the possibility to acquire multiple images in medical imaging, multi-
image super-resolution is well developed in the medical fields. This particular
method employs computed tomography and magnetic resonance imaging,
while the resolution quality is rather limited (Park et al., 2003). This method
operates in the way which each input image imposes a set of linear constraints
on the unknown high-resolution intensity values (for a comprehensive review
see Park et al. (2003) and Farsiu et al. (2004a)). If the number of coarse
resolution images meets the requirement (at subpixel shifts), a series of
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equations would be determined to recover the high-resolution image.
However, this problem is typically severely ill-conditioned due to the
insufficient number of observations and the unknown registration parameters
(Peleg and Elad, 2014).

Since the majority of remote sensors have long revisit periods, it is a challenging
task to obtain a series of images during a short period. Therefore, rather than
using a multi-frame approach, the single-frame method is more typically
practised for remote sensing (Atkinson et al., 1997; Boucher and Kyriakidis,
2006; Powell et al., 2007; Ge et al., 2009). Regarding the practicality, these
methods are numerically limited only to small increases in the resolution,
usually by factors smaller than 2 (Baker and Kanade, 2002; Glasner et al., 2009;
Peleg and Elad, 2014). According to Yang et al. (2012) the training database in
conventional multi-images is typically required to encompass a significant
number of combinations of high and low-resolution image patch pairs to
represent a generic image, precisely which can potentially lead to a
computationally intensive process. Finally, due to the possibility of platform
vibration and air turbulence, these classical multi-image methods can fail to
overcome the irregular local warps and transformation in low-resolution

remote sensing images (Li et al., 2013P).

4.6.2 Example-based super-resolution

4.6.2.1 Multi images

The Example-based super-resolution has been developed to address the

limitations of multi-image super-resolution methods. The aim of example-
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based super-resolution techniques are to learn the co-occurrence of local
structures between the high and low-resolution image from an external
training database (Chang et al., 2004; Sun et al., 2008). Despite using multiple
images from similar sensed sub-pixel misalignments, a new form of example-
based has been introduced recently that uses a single image as a source of
training. These types of super-resolution methods rely on minimum training
images, which satisfy most of the remote sensing applications. Single image
super-resolution methods went through significant developments by exploiting
the self-similarity properties of local image patches across and within different
spatial scales in the same image (Zhang et al., 2010; Freedman and Fattal,
2011). Typically, single image super-resolution methods perform a separate

deblurring process that is an ill-posed problem (Protter et al., 2009).

4.6.2.2 Single image super-resolution

Bicubic interpolation has been studied as a popular and basic conventional
single image linear interpolator. In recent years new methods have been
proposed which outperform bicubic interpolation, including image smoothness
and geometric regularity of image structures (Zhang and Wu, 2008), gradient
profile priors (Sun et al., 2008), self-similarity of image patches within and
across different scales in the same image (Freedman and Fattal, 2011; Yang et
al., 2013), and sparsity either in the wavelet domain (Mallat and Yu, 2010; Adler
et al.,, 2010), through Gaussian mixture models (Yu et al., 2012) or through an
analysis operator (Hawe et al., 2013).

In recent years, as learning-based methods, single image sparse representation

has been developed which is more suitable for remote sensing applications
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(Huang and Song, 2012; Song and Huang, 2013; Jiang et al., 2014). The
interesting point of this method is that the training image can represent the
different location from coarse resolution image that is required to be scaled
up. Further, there is a possibility this single image super-resolution performs
successfully in cases when there is a temporal gap between training and coarse
resolution image. Because the training image would be the only source to
generate a dictionary, which would be representative of the input coarse
resolution image, literature highlights that the training image should hold a
similar statistical nature as the coarse resolution images (Yang et al., 2010). For
example, this can mean that if the coarse resolution represents complex urban
areas formed from various impervious and vegetated features, the training
image should process similar textural diversity.

Adler et al. (2010) and Peleg and Elad (2014) compared the accuracy of sparse
representation compared to Bicubic interpolation. They demonstrated the
superiority of using state-of-the-art, sparse representation over bicubic
interpolation.

Because the sparse representation computation is mainly based on linear
programming, it is reasonably efficient and scalable (Yang et al., 2008). Another
benefit of sparse representation is it's computational adaptively to identify the
most relevant patches to train the dictionary. This advantage leads to superior
accuracy, both qualitatively and quantitatively, compared to methods
proposed by Chang et al. (2004) who incorporate a pre-defined number of

nearest neighbours, generating sharper edges and clearer textures.
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Inspired by the recent compressive sensing theories (Cand’es, 2006), Yang et
al.,(2010) proposed using sparse representation to recover the High-resolution
image patch which is capable of generating both photorealistic textures and
sharp edges from a single input image. Song et al.,(2015%) demonstrated the
capability of sparse representation research to enhance Landsat TM (30m
spatial resolution), using SPOT (with 10m spatial resolution) and a classification
scheme with five members. Before moving to sparse representation, the
dictionary as a key part of sparse representation will be explained.

The soft (fuzzy) classification is the first step to perform SRM. Because this
thesis focus on SRR rather than SRM, the idea of using soft classification in this

study dispersed.

4.7 Dictionary

Since the dictionary is an essential part of sparse representation concept,
initially the first section reviews the basic concept and the advance in the field
of dictionary learning.

A sparse dictionary represents an image structure by holding the most
distinctive elements (also called atoms) of the image. In other words, the
dictionary is a summarised version of the image, which represents underlying
structures of image patches. A dictionary has been considered for sparse
representation studies because it is a smaller representation of an image which
makes it quicker for computation and fits the sparse representation

assumption.
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The dictionary learning can be defined as a selection of series of patches from
training image or images which hold the most distinct information. The aim of
dictionary training is to determine a sparse representation (also referred as
sparse coding) of high-resolution training images as a form of a linear
combination of dictionary elements. In other words, a dictionary learning
problem is a matrix factorisation in which the goal is to factorise a training data
matrix that can be represented as the product of a dictionary and a sparse
coefficient matrix (training data matrix = dictionary x sparse coefficient matrix)
(Sadeghi et al., 2013).

The size of dictionary varies from the small size of 128, 256, 512, to larger as
1024, 2048, and even greater. The choice of selecting dictionary size should be
referred to the complexity of training images. While increasing the
dimensionality elements, members of the dictionary require more
computational facilities; an image with a simple structure (like images of
human portray) can be represented by the smaller sized dictionary. However,
because it is important that the dictionary represents the structure of the
image more realistically, it is recommended to allocate a larger size dictionary
for images with more complex structure (like remotely sensed VHR images of
urban areas). Figure 4.3, shows an example of trained dictionary with 512

atoms.
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Figure 4.3. A trained dictionary with total 512 atoms which trained with each atom of size 9
(Yang et al., 2010),

4.7.1 Types of dictionaries

Regarding the pre-knowledge on the training process, dictionary types can be
categorised into two groups: pre-specified (also referred as non-adoptive) and
machine learning (also referred as adoptive) dictionaries. There are several
types of pre-specified dictionaries including Fourier, Gabor, Discrete Cosine
Transform, and wavelet. These non-adaptive dictionaries operate based on
mathematical models of the data. Despite being simple and computationally
fast, pre-specified dictionaries are not able to efficiently (sparsely) represent a
given class of signals.

On the other hand, machine learning based dictionaries are trained according
to training data sets, which belong to the signal class of interest. The dictionary
learning field has been through extensive investigation within the last decade
(Rubinstein et al., 2010; Tosic, 2011). According to Aharon et al., (2006) training
based dictionaries mostly outperform the pre-specified dictionaries in various
applications such as image compression and enhancement and classification
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tasks (Mairal et al.,, 2012). Another advantage of training-based over pre-
specified dictionaries is that they require a lower number of patches, leading
to faster computation (Yang et al, 2008). Furthermore, because trained
dictionaries are adaptive to the signals of interest, they are commonly used in
state of the art signal recovery tasks, such as denoising (Aharon et al., 2006;
Hou et al., 2016), inpainting (Mairal et al., 2008%; Filipovic and Kopriva, 2011)
and super-resolution (Nasrollahi and Moeslund, 2014).

In contrast to the traditional dictionaries, which are limited to single atoms
where the dictionary matrix has the same dimension in the number of signal
dimension (rows) and atoms (columns), the over-complete dictionary has been
introduced with more atoms than the dimensions of the signal. Adopting over-
complete dictionaries offer the flexibility to represent a much wider range of

signal phenomena (Rubinstein et al., 2010; Nakanishi-Ohno et al., 2016).

4.7.2 Joint dictionary

As a recent advancement in the field of dictionary training, Yang et al. (2010)
proposed a joint dictionary training method as over-complete and training-
based dictionaries. These joint dictionaries are formed by a small set of
randomly chosen high and low-resolution patches, which hold unique
information. These high and low-resolution patches are extracted from training
images. Joint dictionary learning essentially concatenates the two feature
spaces and converts the problem to the standard sparse coding in a single
feature space. For example, initially, 100,000 patches are extracted from the

training image or image. According to the size of the dictionary, the most useful
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patches, which hold distinctive information (like texture), would be chosen for
training the dictionary. This number of patches is considerably smaller than
that needed by other learning-based methods (Sun et al., 2003) leading to
faster computation. Within other training methods, both low- and high-
resolution dictionaries are trained separately which increases the required
time for the computational process. However, the joint dictionary learning
method trains both high and low-resolution dictionaries together with the
feature representation and prediction model for image classification in a bilevel
formulation, which leads to an optimised computation process (Yang et al.,

2012).

4.8 Sparse representation

4.8.1 Sparse representation principle

This section explains the principle and main concepts of performing the sparse
representation technique. It starts by describing the basic concept of sparsity,
and then the mathematical background of sparse representation technique
and its fundamental assumptions will be explained. This research explores
using sparse representation method, developed by Yang et al. (2010) to recover
the lost high-frequency details within input coarse resolution imagery.
Sparsity can be defined as a term of representing some phenomenon with as
few variables as possible. The sparsity coding aims to find succinct
representations of stimuli, by discovering basic functions which capture high-
level patterns in the input data (Lee et al., 2007). Sparsity is represented by
input basis vectors in a matrix. These matrices contain only one column in
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which most of its members are zero, and the others have small values. Despite
a considerable amount of recent research on measuring sparsity, finding spare
representation values in the image is still a very difficult computational
problem (Lee et al., 2007).

Sparsity principle was mainly considered in signal processing studies in which
most of the sparsity methodology has been devised for signal processing. The
problems which are related to the signal are often from the same data sources,
such as natural images (Mairal and Bach, 2012). In fact, image processing is one
of the applications of sparsity in which an image can be represented as a sparse
representation over well-chosen dictionary (Elad, 2010).

Sparse and redundant representation modelling has been shown to be a
powerful and efficient tool for signal analysis and processing (Sadeghi et al.,
2013).

Sparse representation has been used widely in the signal processing field,
although this is a fresh topic in image processing. Spare representation has
been applied in a variety of recent image processing studies, including: image
denoising (Giryes and Elad, 2014; Ojha et al., 2015; Azzari and Foi, 2016),
inpainting (Zoran et al., 2011; Chatterjee and Milanfar, 2012; Papyan and Elad,
2016), demosaicing (Menon and Calvagno, 2011), pan-sharpening (Yin, 2015),
restoration (Mairal et al., 2008?2), and Super-resolution (Yand et al, 2008; Yang

et al 2010; Zeyde et al, 2011).
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4.8.2 Compressed sensing

Sparse representation for image scale-up relies on the principle of compressed
sensing theory. This theory assumes that under mild conditions (when training
images represent similar structure of coarse resolution image), the sparse
representation can be precisely recovered from the down-sampled signals
(observation or vector data) (Yang et al., 2010). As a result, linear relationships
among high-resolution signals can be correctly recovered from their low
dimensional projection (Candes and Tao, 2006). More recent studies have used

compressed sensing theory for image scale-up analysis (Zeyde et al., 2012).

4.8.3 Assumptions

Assumption 1: First of all, this method assumes that a coarse resolution image
is, in fact, a fine resolution image which has gone through the blur and down-
scaling with additive noise (figure 4.4). This assumption in literature refers to
reconstruction constraint (Zeyde et al., 2012).

As figure 4.4 describes, sparse representation is an inverse problem which aims
to enhance the coarse resolution image (30m) spatially to its fine version (2m).
The equation of reconstructing constraint assumption is presented below:

X=ZBy,+n (1)
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Degraded World-View2 into 30m
World-View2 with 2m resolution

" -

Blurred filter

—>

Degrading factor

Figure 4.4. The diagram summarises the sparse representation as an inverse problem.

X; represents a coarse resolution image, while y;, refers to the fine resolution
image. B is blur factor applied as a low-pass filter and Z acts as zoom factor by
discarding rows/columns from x;. Finally, n represents an additive zero-mean
white and homogeneous Gaussian noise (Cheng, 2015). Next, y; is generated
through as spatial enhancement of x; to the similar size of y;,. y; holds spatial
details of x; but with similar pixel size of y,.
y1=1ZBy,+Qn =) Yy, =1ZBy,+n" (2)

To prevent potential complexity between x; and y;, which is created as result
of using various resolutions. In addition, Q acts as a simple interpolation
operator (RN! == RNR) to simplify the overall recovery algorithm. It assumes
the image z; is scaled-up by a simple interpolation (e.g. bicubic interpolation)

that fills-in the missing rows/columns, returning to the size of yj,.
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a. (yn) b. (x;) c. )

Figure 4.5. a) A fine resolution image (y;,) degraded by zoom factor 3 creating. B) A coarse
resolution image (x;). C). referred as performing bicubic interpolation to up sample it
according the y;, scale.

Because the sparse representation operates locally, it performs based on
patches.

L=1zg =y y, =1y, +n" (3)
Patches are generated as result of subsetting an imagery to a smaller size. Here,
each patch is assumed to be represented by multiplying an extracted operator
on an image.

P =R.y, € R* (4)

For example, P,i represents a patch from coarse resolution image (y;) in the
location of k and with size of v/n X +/n . The locations of K are assumed to be
the centroids which are surrounded by true pixels within the coarse resolution
image. The aim is to estimate the equivalent of spatially enhanced patches
from y,, (p) resolution from patches, which are extracted from x; (p},).
Assumption 2: According to the sparse signal representation studies conducted
by Liu et al. (2007) and Mairal et al. (2008°), the linear relationships among
high-resolution signals can precisely recover from their relative low-
dimensional projections. This assumption is extended into the field of image
processing, in which Donoho (2006) claimed that whether a dictionary meets

an appropriate near-isometry condition, for a wide variety of matrices, any
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sufficiently sparse linear representation (s ) of a fine resolution patch (p,’(‘) can
be recovered (almost) perfectly from the coarse resolution patch (p,l().
Assumption 3: The next step introduces the sparsity prior by assuming that the
fine resolution image patches (p,’(‘) can be well-presented as a sparse linear
combination of elements from appropriately over-complete dictionary (D), €
R™™) (Yang et al., 2010).
Pl~D,s,, s €R™and lsglly <« n (5)

Patches are defined as a small subset of imagery (formula (5)), and according
to formula (3) and (4), it can result in that

Pl =LP!+n', (6)
L defines as a local operator which being apportioned of L* for individual
patch, while n' represents the additive noise in relevant patch. Based on
sparsity prior assumption, local fine resolution patch can be represented by
multiplying its fine resolution over-complete dictionary to local sparse
representation vector. If equation (5) (P,? = Dy, s ) would be multiplied by L, it
can be result as:

LP!=LD,s;, (7)
Since the coarse resolution patch defined by multiplying local operator into fine

resolution patch plus its relevant additive noise (7), it can be as:

P.=LP}!+n', (7) wwsp [P'=P.-n', (8) and LP!=LD,s,

mm) LD,sg=P,-n';, wmp P —LD,sll, < (9)

€ is a proportion of n'y.
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It concluded with above formula (9) that, coarse resolution patch (P,i) can be
defined by multiplying the sparse vector (si) into local operator (L) into fine
resolution over-complete dictionary (Dy,).

P! ~ LD,s, (10)
Assumption 4: Another key assumption is that sparse representation within
the low-resolution patch is similar to its corresponding high-resolution patch in
mild conditions (Yang et al., 2010). It means a local sparse vector is the same
for both fine and coarse resolution for location k.
P'=D,s, and P.=D,s;
PL =~ LD,s, (10)

LDysy= Dysy —> D,~LD, (11)
P =Dy sy (5)
9)&(11) == IPL — D;sil, <& (12)
Equation (12) explained that recovering the sparse representation for each k
locations was computed through its corresponding coarse resolution patch (p,l()
and the coarse resolution dictionary (D;). Because it assumed that sparse
vector is similar for both coarse and fine resolution, fine-resolution patches can
be recovered by multiplying its corresponding sparse vector (s;) with the fine
resolution dictionary (Dy,). This is a main core of using sparse representation
for super-resolution approach from a single fine resolution image Yang et al.

(2010).

4.8.4 Sparse representation algorithm

This part explains the structure of the sparse representation algorithm. The

sparse representation algorithm used in this study consists of two main phases:
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training and reconstruction. Within the training phase, a fine resolution image
was down-scaled to computing parameters such as: D; and Dy,. Then, for the
reconstruction phase, fine-resolution patches (p,’(‘) were recovered through Dy,
and by sparse representation, which were computed from extracted coarse
resolution patches (p,lc) from the input coarse resolution image. Both the
training and reconstruction phases are explained in more detail in the following

sections.

4.8.4.1 Training

Training is the first step of performing the sparse representation method. It
involves collecting a predefined number of patches from a single fine resolution
image. The aim of this stage is to generate two coupled dictionaries D; and Dy,
which will be trained from y{ and yy, data sets respectively. D; represents the
dictionary for the coarse resolution image, while D;, offers the dictionary for
fine resolution image. Selecting the correct choice of training image, is a critical
step for the sparse representation method. Since both fine and coarse
dictionaries will be used in the construction phase to estimate the lost texture
and the edges of coarse resolution image. The Figure 4.6 describes the main

steps involved in the training phase.
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Figure 4.6. The workflow of the training phase.

The key point for selecting appropriate training images is the statistical
similarity in the structure between the input coarse resolution image and the

training image. In other words, the designated training image should offer
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similar texture variety and complexity to that of the coarse resolution image.
In this case, with a medium resolution image of a complex urban area that
required spatial enhancement, the training image should be from an urban

area offering similar land cover types (step 1 in Figure 4.6 producing Figure

4.10).

N
0 90 180
™
Metres

Figure 4.7. The true RGB colour of training image with 2m spatial resolution.

Each step of performing the sparse representation was demonstrated through
a figure. The Figure 4.7 represents the true colour of training image (WV-2) with
2m spatial resolution. According to the reconstruct constraint assumption
(equation 1), a fine resolution training image is degraded to the same
resolution of the input coarse resolution image (in reconstruction phase) to
form the corresponding coarse resolution image (x;) (step 2 in Figure 4.6). The
figure 4.8 represents the degraded version of WV-2 imagery with 30m spatial

resolution.
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A
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Figure 4.8. The true RGB colour of degraded 2m into 30m.

x; scaled up into its corresponding fine resolution image (y;) (equation 2) using
Bilinear interpolation technique (Figure 4.9). This would produce y; offering the
x; information, while it has the same resolution as y,. This up-scaling
procedure makes sure that similar patches size can be extracted as patch pair

extractions from both fine (y;) and coarse resolution (y;) (step 3 in Figure 4.6).

A

N
(0} 90 180
™
Metres

Figure 4.9. The true RGB colour of bilinear interpolation 30m to 2m.
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The sparse representation method designed to characterising the relationship
between coarse resolution image (y;), and high frequency information
(including the edge and texture) of its corresponding fine resolution image (yy)
(Cheng, 2015). Dictionaries are trained through subtracting digital number
value of each pixel from the average value of the relevant patch rather than
actual digital number values. So, the next step is to extract these residual values
from both y; and y;,. As a result the fine resolution imagery is subtracted from

the interpolated coarse resolution image (y; = vy - v;) (step 4 in Figure 4.6).

N
0 90 180
™
Metres

Figure 4.10. The true RGB colour of subtracting Y, - Y;.

Next, high pass filtering performed on coarse resolution images (y;) to extract
features which related to their high frequency contents. In fact, coarse
resolution dictionary D;, sparse representation vector (S), and fine resolution
dictionary (Dy,) are computed according to those residual values from the
coarse resolution image (y;). They are feasibly offering the most important

information to estimate the lost high-frequency content in the final fine
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resolution image (Yang et al., 2010). Therefore, y,, and y; represents the source

images for training dictionaries as fine and coarse resolution respectively (step

5 in Figure 4.6).

N
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™
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Figure 4.11. The true RGB colour of high pass filtering the y;.

Just before training dictionary, principle component analysis technique is
performed to reduce the dimensionally of y; (filtered, interpolated and
degraded y;), while it preserve 99.9% of actual values. y{ reduced the
computational needs of coarse patches for both training and reconstruction
phases (step 6 in Figure 4.6).

Then as the next step, patch pair extraction was performed to select a
predefined number of patches randomly from both coarse and fine data sets.
These patches are extracted from the same location of k for both data sets (step
7 in the Figure 4.6). Although a simple training approach can be selecting
perfect patch pairs which preserving the correspondence information between

coarse and fine resolution data sets (Yang et al., 2010), this approach generates

118



Chapter Four

large dictionaries requiring expensive computation. The strategy used in this
method was to select a small number of patches holding the most valuable
information.

The dictionary training is designed in a way which both coarse and fine patches
have the same sparse representation. Yang et al. (2010) stated that jointly
training both coarse and fine dictionaries enforce sparse representation
similarity between patched pairs from the coarse and fine resolution images in
their dictionaries. Readers can refer to Lee et al. (2007) for more detailed
explanations on training algorithm of these over-complete dictionaries (step 8
in Figure 4.6).

The next step involves computing the sparse coding. The sparsity of fine
resolution patches does not directly compute from the fine resolution patches.
According to the equation 14 (IIP,i — Dy sll, <€) sparse vector (sg) is
computed merely according to coarse resolution patches (P,i) and an over-
complete coarse resolution dictionary (D;). The result of Donoho’s (2006)
research in sparse signal representation showed that the linear relationships
among H-resolution signals can be accurately recovered from their low-
dimensional projections. According to theoretical outcomes of compressed
sensing theory, the sparse representation can be correctly recovered from their
down sampled signals, under mild conditions (Yang et al., 2010). Moving from
signal to image, it is assumed that sparse representation is the same for both
coarse and fine resolution. As a result, sparse representation which computed

from coarse resolution patches (si) directly was used to recover the
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corresponding fine resolution patch by considering D;, (Yang et al., 2010) (step
9in Figure 4.6).

According to the Equation 5 (P,? ~ Dy, sy), the fine resolution patches can be
estimated by multiplying fine resolution dictionary D;, into their sparsity
vector. Therefore, Dy, is defined to be the solver of problem below (Cheng,

2015).

Dy, = argminp, Zk | ok — Dy s ";

p,’(‘ represents fine resolution patches from training image (y},), Dy, acts as initial
trained fine resolution dictionary and sj is sparse representation measured

from coarse resolution (step 10 in Figure 4.6).

4.8.4.2 Reconstruction phase

As the second phase of sparse representation, the reconstruction phase aims
to scale-up the input coarse resolution image according to both coarse and fine
resolution trained dictionaries. Referring to the first assumption, it assumed
that this coarse resolution image is a result of performing blur effect and down-
sampling operator. In the training phase, a series of steps is carried out by
down-scaling a spatial settlement of an input fine resolution training image.
Despite all computed parameters, both coarse and fine resolution dictionaries
(D; and Dy, respectively) will be used in the construction. The Figure 4.2

describes the main steps are involved in training reconstruct phase.
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Figure 4.12. The workflow of the reconstruction phase.
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As the first step of reconstruction phase, a coarse resolution image (x;) is

collected as an input data source phase (step 1 in Figure 4.12).
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Figure 4.13. The true RGB colour of Landsat OLI with 30m (x;).

The next step is to up-sample the x; by performing bicubic interpolation
technique. This creates an image (y;) with finer pixel size that meets final
enhanced image scale. Besides estimating lost high frequency, this up sampled
image (y;) would be the base for final enhanced image. In fact, those estimated
high frequencies will be added to y; to form final spatially enhanced image

(step 2 in Figure 4.12).
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Figure 4.14. The true RGB colour of up-sampled Landsat 30m to 2m (y;).

This step highlights the texture and edge from y; by performing a similar high

pass filter used in training image (step 3 in Figure 4.12).

0 920 180

Metres

Figure 4.15. The true RGB colour of Landsat OLI high pass filtered with 2m resolution (y;).

Then principal component analysis is performed to reduce the dimensionality

of the extracted patches (step 4 in Figure 4.12).
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Figure 4.16. The true RGB colour of PCA on filtered Landsat OLI with 2m resolution (y7).

This step extracts the patches (p,l() from k locations of filtered resampled coarse
resolution images (y;). Each K location (k € ©) corresponds to the same location
from former K location in training (step 5 in the Flowchart 4.2).

Now, it is time to compute the sparse representation for each extracted patch
(p,’l). Similar to the training phase, sparsity can be calculated by solving
equation 14 (IIP,ﬁ — D; sill, < €). Here, similar D, learnt in the training phase
is going to be used (step 6 in Figure 4.12).

Within this step, the initial result of recovered fine resolution is computed.
Referring to equation (5) (P,? ~ Dy, s), fine resolution patch is equal to
multiplying the sparse representation (si) into fine resolution dictionary
(recall, Dy, is another of training phase outcome) (step 7 in the Figure 4.2).

As has been mention, this technique performs based on the residual
information. So, these recovered high frequencies added to up-sampled image

(y;) in order to construct final spatially enhanced image (step 8 in Figure 4.12).
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As a final step, global optimisation is performed to remove the possible
reconstruction error. That can reassure that the recovered image is more
consistent and natural (Yang et al., 2010) (step 9 in Figure 4.12).

Since the sparse representation works based on a single training image, this
novel method can also be used to increase the spatial resolution of remotely
sensed data sets. The following Chapter will assess the potential of the sparse
representation method to increase the accuracy of urban land cover mapping

using Landsat data.
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Chapter 5: Using Sparse Representation to
Enhance Landsat OLI Imagery Using A Single
WorldView-2 Image

5.1 Overview

The main message of Chapter 3 was the advantage of using very fine spatial
data to map complex urban areas accurately. It concluded that using VHR
imagery (such as WV-2 with 2m spatial resolution) should result in a more
accurate classification of the land cover of complex urban areas when
compared to classification with coarser spatial resolution data. However VHR
data come with their limitations (which have already been explained) and to
constrain analyses to these data would be wasting the plethora of information
contained in remotely sensed data with a coarser resolution (for example,
acquired by the different Landsat series sensors). This chapter, therefore, again
using the urban area of Nottingham as a testing set, explores the potential of a
sparse representation method to increase the spatial resolution of medium
resolution data, such as that provided by Landsat sensors. The key here is to be
able to use a single Landsat scene and to apply a novel sparse representation
analysis method developed by Yang et al. (2010). In this chapter, the sparse
representation method was employed to increase the spatial resolution of a
coarse resolution image using a single VHR imagery (Section 4.8 described the
concept of sparse representation method in detail). It is expected that by

performing sparse representation on a Landsat OLI image of the urban area of
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Nottingham using a single VHR training image (of WV-2), the accuracy of the
subsequent land cover mapping using the spatially enhanced Landsat OLI will
be increased over that using the original spatial resolution Landsat data.
Although, in this case, the training image is spatially and temporally coincident
to the image which is being enhanced spatially, and subsequently being used
in the classification, if successful this paves the way for application beyond the
coincident data, both in space and time.

In this chapter, the spatial resolution of Landsat OLI imagery was enhanced to
2m, using two different strategies. In the first strategy, the sparse
representation method was performed directly on Landsat OLI, which
increased the spatial resolution of Landsat OLI from 30 to 2m. In the second
strategy, the sparse representation method was performed on the pan-
sharpened Landsat OLI. In this strategy Landsat OLI multispectral imagery was
pan-sharpened using its panchromatic data as a pre-requisite step before
performing sparse representation method.

Another point which distinguishes this research from any other work, is the
level of magnification (zoom factor). Previous studies have adopted a zoom
factor up of to three (Yang et al., 2010). Enhancing the Landsat OLI imagery
from 30 to 2m directly means enhancing the spatial resolution by 15 times,
significantly more than in any previous work. However, improving the pan-
sharpened Landsat OLI from 15 to 2m means enhancing the spatial resolution
by 7.5 times, which seems more feasible for sparse representation method.

Due to the advantage of fusing the sparse representation with the pan-
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sharpening method, it is expected that the second strategy will provide the
most accurate result.

In this Chapter, the spatially enhanced Landsat OLI data will be used in a land
cover classification of the Nottingham area (in the same way as Chapter 3) with
consideration of both non-parametric pixel-based (SVM) and object-based
(OBIA/SVM) classifiers.

This chapter is organised as follows: Section two explains the research material
including the study area and the data sets which were used. Section three
explains the two strategies which will be performed to enhance Landsat OLI
spatial resolution. Section four explores the pan-sharpening techniques and
the assessment approaches implemented. Section five explains the operation
of the sparse representation in four steps including pre-processing, training,
reconstruction, and post processing. Section six defines the classification
scheme and details of the performed SVM and OBIA/SVM classification
procedures. Section seven describes the accuracy assessment and statistical
test procedure carried out on the resultant land cover maps. Section eight

discusses the results and finally, section nine summarises this chapter.

5.2 Research Materials

5.2.1 Study area

Following chapter three, Nottingham was selected as the study area to assess
the capability of sparse representation method for spatial resolution
enhancement. Figure 5.1 shows the Landsat OLI data for Nottingham as the
area of interest (please refer to Figure 3.1 for WV-2 of Nottingham). Both
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Landsat OLI and WV-2 multispectral data sets cover the same geographic area

of Nottingham at 121km? (11 x 11 km).

Nottingham

0
Kilometres
Figure 5.1. The Landsat OLI imagery of Nottingham as the study area,
5.2.2 Data

Landsat OLI offers eight multi-spectral bands with 30m spatial resolution and a
panchromatic band with 15m spatial resolution (Table 5.1).

The panchromatic band of Landsat OLI with 15m resolution was used as finer
resolution band in the pan-sharpening procedure. The eight multispectral
bands of Landsat OLI with 30m spatial resolution used as the input coarse
resolution data to be spatially enhanced within the reconstruction phase of the

sparse representation method.
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nsriré)der Band name Spectral range ressg?ljit?clm
Band 1 | Coastal aerosol 430 - 450 nm 30m
Band2 |Blue 450 — 510 nm 30m
Band 3 | Green 530 - 590 nm 30m
Band4 | Red 640 - 670 nm 30m
Band 5 | Near Infrared (NIR) 850 — 880 nm 30m

Band 6 | Short-wave Infrared (SWIR) 1 | 1570 — 1650 nm 30m
Band 7 | Short-wave Infrared (SWIR) 2 | 2110 — 2290 nm 30m
Band 8 | Panchromatic 500 — 680 nm 15m
Band 9 | Cirrus 1360 - 1380 nm 30m

Table 5.1. Spectral properties of Landsat OLI with their corresponding spatial
resolution (USGS, 2015).

WV-2 imagery with eight multispectral bands at 2m spatial resolution (see
Figure 3.2, of Section 3.2.2) was used as the training data source for the sparse
representation method. Additionally, since WV-2 offers a resolution at VHR
scale, it acted as an accurate benchmark for subsequent analysis.

One of the key requirements of operating the sparse representation method is
spectral bands similarity between images in both the training and
reconstruction phases. In other words, spectral bands of WV-2 can act as
training for the same corresponding spectral band in Landsat OLI. In this case,
though both Landsat OLI and WV-2 offer images with eight multispectral bands,
their spectral similarity is limited to five spectral bands (Figure 5.2) including
coastal blue, blue, green, red, and near-infrared (NIR). Since the coastal band
is designed for studying coastal and aerosol content, it was not deemed
suitable for use here. It should be mentioned that three spectral bands

including green, red, and NIR are not identical. In fact, these three spectral
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bands receive the reflected radiation in the wider spectral channel in WV-2
compared to Landsat OLIl. Since sensors do not necessarily follow similar
protocols regarding their bands’ spectral ranges, this dissimilarity was
expected. Therefore, only the blue, green, red, and near-infrared (NIR) bands

of Landsat OLI and WV-2 matched.

Costal blue

Yellow

-Red edge

Norldiview 2

DClrrus
I SWIR 1
ISWIRZ

Landsat

400 500 600 700 800 900 1000 .. 1300 1400 1500 1600 .. 2100 2200 2300

Wavelengths nm

Figure 5.2. Spectral sets visual demonstration for Landsat OLI and WV-2,

Another point worth consideration is the one-year temporal difference in
acquisition date of the WV-2 and Landsat OLI imagery. While the WV-2 data
were captured on 26" May 2012, the OLI image was acquired on 15% July 2013.
However, it is expected that the effect of imperviousness change and
phenology are limited since there is only one-year gap between images and
also, both images belong to a similar season. As a result, both images should

contain similar land cover types.
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Since the study area in this chapter is identical to chapter three, the reference
data (i.e., for training and testing data) in Chapter 3 was modified according to

new classification system with the eight classes.

5.3 Landsat OLI spatial enhancement strategies

The first strategy to increase the spatial resolution of the Landsat data from 30
to 2m relied on using only the sparse representation method, which was

directly performed on the 30m Landsat scene. Besides adopting a zoom factor
of 15 (?—mm), sparse representation was also performed on pan-sharpened
Landsat OLI, as an alternative strategy. In this strategy a zoom factor of 7.5
(f’—mm) was adopted. This study adopted a zoom factor of 15 and 7.5 for first and

second strategy, respectively. Within the first strategy, a pixel with 900m?(30m
x 30m) coverage was replaced by 225 pixels with 4m?; while in the second
strategy a pan-sharpened pixel with 225m? (15m x 15m) coverage was
replaced by 56 pixels with 4m?. This comparison shows the difficulty of sparse
representation to spatially enhance Landsat OLI compared to pan-sharpened
Landsat OLI.

Pan-sharpening is a conventional image fusion technique synthesising a
panchromatic band to other multispectral bands with a coarser resolution
(Ghahremani and Ghassemian, 2016). In other words, the pan-sharpened
image is comprised of multispectral bands with a spatial resolution of the
panchromatic band. However, the common disadvantage of performing pan-
sharpening is spectral distortion which smooths the spectral values (Jalan and
Sokhi, 2012; Marcello et al., 2013).
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5.4 Pan-sharpening Landsat OLI

The strategy to find the optimum pan-sharpening technique in this research
was to test several popular pan-sharpening techniques, which are accessible
through commercial geospatial analysis software and have been
recommended by recent studies.

The five pan-sharpening techniques employed were: (i) wavelet resolution
merges (Yocky, 1996); (ii) hyperspectral colour sharpening (HCS) (Ghosh and
Joshi, 2013); (iii) Hue-intensity-saturation (HIS) (Samadzadegan et al., 2012;
Khan et al., 2008); (iv) brovey (Basaeed et al., 2013); and (v) Gram-Schmidt
(Makarau et al., 2012; Palubinskas, 2013). Although many pan-sharpening
techniques are designed to improve single spectral band images, these pan-
sharpening methods were chosen as they can handle a multispectral image as

an input image and produce a multispectral pan-sharpened image.

5.4.1 Assessing the pan-sharpening quality

The most effective pan-sharpening technique should improve the spatial
resolution of the input coarse resolution imagery, while preserving spectral
properties of that original image. Recent literature on pan-sharpening
assessment suggests that the combination of qualitative and quantitative
techniques should be used to test the quality of the pan-sharpened image
(Vaiopoulos, 2011; Civco and Witharana, 2012; Marcello et al., 2013). As a
result, to assess each of the five pan-sharpening techniques, both visual and

guantitative metrics were employed.
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Quantitative assessment incorporates metrics measuring the quality of the
pan-sharpened image’s radiometric resolution and how well each pan-
sharpened image has preserved its original spectral properties (Marcello et al.,
2013). On the other hand, visual assessment as a form of qualitative evaluation
is capable of identifying sharpness of the edges in the image. Strait et al. (2008)
pointed out that visual assessment is suitable for spatial quality assessment,
including geometric shape and the size of objects.

Despite several comprehensive studies to develop more effective quality
assessment indicators, researchers have not yet agreed on a unique and
common quantitative metric (Meenakshisundaram, 2005; Zhang, 2008;
Mitchell, 2010). Therefore, five quantitative metrics were chosen to evaluate
the quality of five pan-sharpened techniques. These five metrics include the:
(i) Difference in variance (DIV) index which is based on the variance of pan-
sharpened image and reference image which represented as oy? and ox?
respectively.

2 2
pv=22—- =12 )

ox>2 ox>2 ox>2
Where 6,2 is the variance of the original image and O'yz is the variance of the
pan-sharpened image. This index presents the decrease or increase of
information content during pan-sharpening process. The interesting point for
DIV is that it identifies any changes on the pan-sharpened image regarding
information loss or gain. A positive value (o, > 0,) depicts an information loss

while, additional information is represented by a negative value (o, < oy)
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(Meenakshisundaram, 2005). Zero represents the ideal value for DIV where
both image are similar (0, = o).

(i) The correlation coefficient (CC) which is the most commonly used index
measuring correlation between pan-sharpened and the reference image.
Besides estimating the global spectral quality, CC quantifies the similarity

between pan-sharpened and the reference image (Marcello et al., 2013).

_ oxy
T Sx Sy

(2)

The CC value range from -1 and 1, while 1 indicates the most accurate value.
(iii) ERGAS is a French acronym for Erreure Relative Globale Adimensionnelle
de Synthese (dimensionless global relative error of synthesis). This index
measures spectral distortion in the image by considering the spatial resolution
of the pan-sharpened image (Strait et al, 2008). It encompasses relative
average spectral error’s (RASE) formula by involving pan-sharpened and

reference spatial resolution ratio. A lower value for ERGAS value means the

finer quality of the pan-sharpened image.

P 1 RMSE (band;)?
ERGAS = 100 \/N ZL#

: 3)
P is the spatial resolution of the panchromatic band while M depicts spatial
resolution of the multispectral image. X;% is the mean of the number of band

and band,; referred as root mean square error (RMSE). The following equation

computes RMSE:

’ n )2
RMSE = Zl=1(+yl) (4)

nis the number of pixels.
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(iv) Relative average spectral error (RASE) which characterises the average
accuracy of the pan-sharpened image (Choi, 2006). ERGAS with lower value

represents the finer pan-sharpened image.

RASE =—2° \/%Z’i"zl RMSE (band;)? (5)

X
N represents total number of spectral band (in this study N = 4); X is the mean
value of the N spectral bands.
(v) Q refers to universal image quality index. This quality index model any
distortion as a combination of three different factors: loss of correlation,
luminance distortion, and contrast distortion (Wang and Bovik, 2002,

Shahdoosti and Ghassemian, 2015).

Q= oxy 2 my my 2040y
0x 0y " my2+my2 " Byl Oyz

(6)

While x referred the values for true segments, y represents the values of
extracted segments. m,, and m),, are the mean for x and y values, respectively.
The value for Q index ranges from -1 to 1 and 1 represent the ideal situation in
which pan-sharpened image is similar to the reference image (x = y) (Marcello
et al., 2013). These five metrics were performed using a MATLAB programme
developed by Vaiopoulos, (2011).

The reference data source was chosen differently for quantitative and visual
assessment. Five pan-sharpened images were compared against original
Landsat OLI for quantitative assessment to measure spectral dissimilarity to its
original image. However, for visual assessment, the sharpening of these five
pan-sharpened images was compared to Ordnance Survey GB (OSGB)

MasterMap Topography Layer mapping.
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Recent studies recommended using the original multispectral image as
reference data by degrading the pan-sharpened image into a similar spatial
resolution of the original multispectral image (Du et al., 2007; Javan et al.,
2013). Since, the quantitative assessment aimed to assess which pan-
sharpening techniques preserve the spectral and radiometric resolution, using
original Landsat OLI as reference image enables direct comparison of spectral
and radiometric distortion of pan-sharpened Landsat OLI compared to its raw
image.

Regarding quantitative assessment, the main condition of the reference image
was similar in spectral, radiometric, and spatial resolutions of the original
multispectral image (which is Landsat OLI here). Both pan-sharpened Landsat
OLl and its original Landsat OLI image were similar in the number of the spectral
bands set (four bands) and radiometric resolution (11 bit) however, their
spatial resolution differed. As a result, those five pan-sharpened Landsat OLI
images were degraded to 30m resolution to match the spatial resolution of
Landsat OLI. Table 5.3 depicts the result of the quantitative assessment. The

finest accuracies are highlighted for each metric.
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Pan-sharpening

algorithms RASE Q ERGAS cc DIV
HCS 6.32 0.74 1.63 0.84 8.65
IHC 10.28 0.73 5.8 0.77 7.97
Brovey 8.18 0.79 4.61 0.82 7.21
Gram-Schmidt 8.18 0.79 4.61 0.82 7.21
Wavelet Resolution Merge 9.9 0.75 1.81 0.72 2.66
Ideal value lower 1 lower 1 0

Table 5.2. The result of five metrics, highlighted values represent the most accurate.

In addition to a quantitative approach, the visual assessment was also
performed to assess the sharpness of the pan-sharpened image. OSGB
MasterMap Topography Layer mapping acted as visual reference data set. It
offers the most detailed digital map of the UK with 1m positional accuracy in
urban areas (1:1250 scale) at the 99% confidence level scale (Ordnance Survey,
2009). Because the smallest ground feature that can be identified on Pan-
sharpened Landsat OLI image is 15m, features with area less than 225m? (15m
x 15m) were excluded from the MasterMap data. Then, 100 random features
in which represent polygons in OS MasterMap Topography (i.e., buildings,
roads, water bodies, and other impervious structures) were considered as a
visual reference samples. Comparing the objects in MasterMap to the pan-
sharpened image, each object is ranked as 1, 2 or 3. For example, value one
was allocated to the object samples which are in MasterMap, but can not be
identified in the image. The value of 3 is allocated to those objects which are
clearly identifiable in the image according to MasterMap. Those objects which
can be seen on the image but their edges are not sharp as three are allocated
the number 2.
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Regarding the quantitative measurements, the overall quality of each method
was normalised metric to 0 - 1 range. This normalisation enables direct
comparison among each these five quantitative measurements. For each of the

individual metric, the minimum and maximum values were identified. Then

value—maximum

through this formula (m ) each metric was normalised

aximum— minimum
(Becker and Salber, 2010, Podvezko and Podviezko, 2010). For metrics zero
represents the ideal, value, whereas the higher number in visual assessment
depicts the sharpest algorithm. Table 5.4 summarises the results was obtained

for both the quantitative and qualitative assessments.

Pan-sharpening RASE Q ERGAS CC DIV Total Visual
algorithms assessment
HCS 0.00 0.88 0.00 0.00 1.00 1.88 2.88
IHC 1.00 1.00 1.00 0.59 0.89 4.48 2.66
Brovey 0.47 0.06 0.71 0.20 0.76 2.20 2.16
Gram-Schmidt 0.47 0.00 0.71 0.17 0.76 2.11 2.10
Wavelet 0.90 0.61 0.04 1.00 0.00 2.55 1.86

Table 5.3. Normalised quantitative and metric pan-sharpening quality assessment.

According to the result, HCS pan-sharpening method obtained the most
accurate result which is 1.88 and 2.88 for the qualitative and quantitative
assessment respectively. This means while HCS method enhanced the Landsat
OLI best, it also maintains the most of its original spectral values. Therefore,
the HCS pan-sharpening technique was performed to improve Landsat OLI

spatial resolution from 30 to 15m. Figure 5.3 provides a visual comparison of
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each five pan-sharpening methods. It is evident that HCS pan-sharpening
creates the sharpest imagery.

The reason for the success of HCS over other four pan-sharpening can be
referred to as the meddling concept. Padwick et al. (2010) pointed out that the
HCS algorithm models the data statistically instead of employing a physical
model involving the exact spectral band passes of the sensor. Since HCS models
the data through a statistical method, it is particularly useful when there is no
strong spectral overlap between multi-spectral bands (blue, green, red, and
NIR) and panchromatic band. Here, the spectral range of panchromatic covers
only green and red band and blue and there is no overlapping between

panchromatic and blue, NIR bands.
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Figure 5.3. Visual comparison of pan-sharpening of a. HCS, b. IHS, c. Brovery, d. Gram-

Schmidt, e. Wavelet merge resolution, f.WV-2 and g. Landsat OLI using Erdas Imagine

software.
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5.5 Sparse representation to enhance Landsat OLI

imagery

5.5.1 Introduction

As stated in Section 4.8, two strategies were adopted to increase the spatial
resolution of Landsat OLI imagery. The first strategy was performing sparse
representation to enhance the spatial resolution of the Landsat OLI with 30m
and four spectral bands (blue, green, red, and NIR) to 2m resolution. The
second strategy was performing sparse representation to enhance the spatial
resolution of the pan-sharpened Landsat OLI with 15m pixel and four spectral
bands (blue, green, red, and NIR) to 2m resolution.

The sparse representation method operates in two phases including training
and reconstruction (as detailed in Section 4.8). In short, within the training
phase, both fine and coarse resolution dictionaries are generated based on
training image (WV-2). Moving to reconstruction phase, first, the sparse vector
for each patch is computed through the L-resolution dictionary and input
coarse resolution image (Landsat OLI imagery) and then the spatially enhanced
Landsat OLI was estimated by adding recovered lost texture (which determine
through H-resolution dictionary and sparse vector) into the up-sampled input

coarse resolution image.
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5.5.2 Pre-processing

Before applying the sparse representation method to the Landsat scene, two
pre-processing steps were considered including radiometric conversion and
spectral subsetting.

Sparse representation computation is based on the digital number (pixel
values). Sparse representation enhances each band individually according to
the spectral reflectance. In fact, instead of raw spectral reflectance, this
method focuses training process on characterising the relation between low-
resolution patches, the edges and texture content within the corresponding
high-resolution patches (Elad, 2010, P.347). Please refer to section 4.8.4 of
Chapter 4 for step by step explanation on sparse representation performance
including the images’ spectral process.

Landsat OLI records the radiation reflectance in 16 bit (ranging from 0 to
65535), however radiometric resolution of WV-2 is 11 bit (ranging from 0 to
2047). Since the spatial resolution of Landsat OLI enhances by computing
coarse and fine resolution dictionaries which were trained by the WV-2 image,
it is an essential that both images have the same radiometric scale. Because
WV-2 is a training resource to increase Landsat OLI’s spatial resolution, its
radiometric resolution was converted to Landsat OLI’s radiometric resolution.
A simple formula was used to perform the radiometric conversion. Firstly, the

minimum value of each WV-2 band was subtracted from entire pixels for that

16
specific band; then each digital pixel number was multiplied into 32 (% .

143



Chapter Five

The MATLAB code associated with the sparse representation method was
developed by Yang et al. (2010). It was initially programmed for imagery with
three spectral bands (RGB) with “BMP” format. The MATLAB code was
modified to operate according to the individual band with the “Tif” file format.
This modification ensures that sparse representation is fit for remotely sensed
applications, where the spectral bands normally exceeds three spectral bands.
Each of the three multi-spectral datasets (Landsat OLI, pan-sharpened Landsat
OLl, and WV-2) were saved as four images with the single band as “tif” format.
This means the entire sparse representation process will be performed on
single band images.

It should be noted that there is no unique protocol for performing sparse
representation (including parameters in the training and construction phases)
and using sparse representation is mainly limited to portraying imagery rather
than complex remotely sensed imagery from large urban areas (Yang et al,,
2010). Therefore, a trial-and-error approach was adopted to find the optimum

values within both training and construction phases.

5.5.3 Training phase

Training is the first phase of implementing sparse representation algorithm. In
short, it involves acquiring fine resolution imagery to train two H-resolution and
L-resolution dictionaries (i.e., Dy and D;, respectively).

The first part of training phase is to feed the algorithm with training data sets.

WV-2 imagery with the 2m resolution was used as a single training image. The
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next task was to allocate the most optimum values for four parameters
including dictionary size, a number of samples, patch size, and zoom factor.

A number of samples determine a total number of randomly selected patches.
However, the dictionary was designed in the way to select the patches which
hold distinctive information and it excludes the patches with similar (repetitive)
information.

Figure 5.4 distinguishes the role of zoom factor within the training and
reconstruction phases. Within the training phase, zoom factor acts as a
decimation factor by discarding a relevant number of rows and columns to
form a new cell of a larger size. For example, input training imagery with the
2.5m spatial resolution was degraded to imagery with 10m spatial resolution
(Figure 5.4.b). However, the zoom factor acts as a magnification factor in the
reconstruction phase. As Figure 5.4.a shows a pixel with the 10m spatial

resolution was replaced by 16 pixels with 2.5m spatial resolution (Figure 5.4.a).

10m

4 10m

)

b. Down-scaling

10
Zoom factor: 4 = Y

Figure 5.4. a) zoom factor role for reconstruction phase by increasing the spatial resolution
from 2.5 to 10m, b) zoom factor role for training phase by degrading spatial resolution from 10
to 2.5m.
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Since the sparsity vector (which then was used to estimate the spatially
enhanced Landsat OLI imagery) is computed according to the trained L-
resolution dictionary (D;) (from degraded WV-2 imagery) and input coarse
resolution image (Landsat OLI), it is important that training image (WV-2
imagery) is degraded to match the similar spatial resolution of the input coarse
resolution image (Landsat OLI) to ensure the optimum result. For example, in
the case of the first strategy (increasing the spatial resolution of Landsat OLI
directly from 30 to 2m), the zoom factor selected as 15 means that WV-2

imagery with 2m spatial resolution is degraded to the resolution of Landsat OLI
(30m). However, the zoom factor 7.5 (125—7::1) was assigned for the second

strategy using the pan-sharpened Landsat OLI as input coarse resolution image.
Next, patch size defines the size of grouping cells forming a sample. There is a
direct relationship between zoom factor and patch size. According to Peleg and
Elad (2014), the minimum patch size should be no less than the zoom factor.
Other studies emphasised that selecting larger patch size increases the overlap
between the estimated fine resolution patches leading to the most accurate
image (Elad, 2010). Therefore, the patch size 30 x 30 was chosen for the first
strategy (when zoom factor was selected as 15), whereas the patch size 15 x 15
was chosen for the second strategy (when zoom factor was selected as 7.5).

Dictionary size number varies from small to large size (like 64, 128, 256, 512,
1024, 2048). As it explained in Section 4.7, a dictionary represents the main
structure of the entire imagery, and its size is the key to successful
enhancement. Cheng (2015) recommended adopting a larger dictionary size

(like 1024) for the more optimum result. On the other hand, dealing with a
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larger dictionary requires more computational power and time. Since there
was only one image providing the information for a dictionary, it is important
to select an appropriate dictionary size to reassure the dictionary is true
representative of a single training image (WV-2 with 121km?). The training
samles were chosen in the way that to be the true representative of the entire
the urban area. As a result, the training areas acquired from the city centre
were mostly covered by dense imprevious surfaces and the suburbs were
covered by mostly vegetated features. According to the result of the trial-and-

error process, 2048 was allocated as dictionary size for both strategies.

5.5.4 Reconstruction phase

As the second part of the sparse representation, the reconstruction phase aims
to estimate the lost texture and edges of both Landsat OLI with 30m spatial
resolution and pan-sharpened Landsat OLI with 15m spatial resolution.

Zoom factors in the reconstruction phase were chosen the same way as zoom
factors in the training phase. This can ensure that an input coarse resolution
(i.e., Landsat OLI with 30m spatial resolution) was enhanced to the target
spatial resolution (i.e., 2m spatial resolution). Similar to training, zoom factor
15 was assigned to improve the spatial resolution of Landsat OLI from 30 to 2m.
Next, zoom factor 7.5 was allocated to enhance pan-sharpened Landsat OLI
from 15 to 2m. Table 5.5 depicts the values that were allocated for parameters

in both training and reconstruction phases.
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Casel: Upscaling
Phase Image Landsat OLI
from 30 to 2m

Spectral bands Blue, Green, Red, and NIR Blue, Green, Red, and NIR

Case2: Upscaling pan-sharpened
Landsat OLI from 15 to 2m

Dictionary size 2048 2048
& Number of
£ Hmpber o 100,000 100,000
£ samples
(S Patch size 30 15

Downscale 15 75
factor

s Original Landsat OLI with Pan-sharpengd Landsat OLI
= Image . with
© 30m resolution .
3 15m resolution
=
g Spectral bands Blue, Green, Red, NIR Blue, Green, Red, NIR
(8]
& Up-scale factor 15 7.5

Table 5.4. The parameters were allocated for both training and reconstruction phase.

5.5.5 Post-processing

After completing the sparse representation, sixteen enhanced spectral bands
sets were produced as individual spectral bands (such as blue, green, red, and
NIR). Several post-processing steps were performed to prepare the
multispectral images for classification.

Firstly, these single band images did not have any spatial referencing and
projection system. Hale and Rock (2003) suggested performing geometric and
topographic corrections using topographic maps. As the first pre-processing
task, these sixteen single band images were georeferenced according to the OS
MasterMap.

Before merging spectral bands to form a multi-spectral image, red and NIR
spectral bands of each case were used to generate a normalised difference

vegetation index (NDVI = ZZ;—:ZZ). This is because the inclusion of the NDVI can
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potentially increase the accuracy of the classifications result (Hamedianfar and
Shafri, 2015).

Finally, within both strategies, those five spectral bands were merged to
generate a multispectral imagery with five spectral band sets (blue, green, red,
NIR, and NDVI). Therefore, referring to two different strategies, two set of the

multispectral images with 2m resolution were generated.

5.6 Classification

5.6.1 Classification scheme

Despite the classification scheme used in Chapter 3 with eleven land-cover
classes, in this Chapter, a classification scheme with eight land-cover classes
was used. Firstly, the shadow was eliminated from the classification scheme
because no shaded feature was identified on both enhanced Lansat OLI with
2m resolution. Secondly, the TD measured at the finest level revealed
significant spectral similarity among clay versus concrete roof tiles (1—-1.2) and
broad-leaved versus needle-leaved trees (0.7 — 0.8). Richards and Jia (1999)
recommended the spectral separation value less than 1.3 as a poor spectral
separability. Therefore, needle-leaved and broad-leaved trees merged forming
a tree class. Also, roof tile class defined by merging clay and concrete roofs
classes. As a result, eight classes were selected water, soil, roof tiles, slate roofs,
asphalt, metal roofs, trees, and grass. Table 5.6, explains the land cover

classification scheme employed in this chapter.
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No  Class Description

1  Asphalt Urban ground surfaces covered in asphalt such as roads and car parks

Predominantly residential buildings covered in red and dark grey

2 | Rooftiles .
concrete tiles

Slate roofs Predominantly residential buildings covered in light grey slate tiles

4 | Metal roofs = Predominantly industrial buildings covered in white metal panels
Areas of grassland such as urban parks and lawns, plus surrounding

> | Grass rural agriculture

6 | Tress Patches of broad-leaved and needle-leaved trees
Bare soil Open areas covered by bare soil
Water Water bodies including lakes, rivers, ponds and canals

Table 5.5. The land cover classification scheme used for Nottingham.

5.6.2 Classification training

In addition to the two spatially enhanced Landsat OLI images with 2m spatial
resolution, three others data sets were used to map the land cover of the urban
area of Nottingham including the original Landsat OLI image, the pan-
sharpened Landsat OLI image, and WV-2 image with 30, 15, and 2m spatial
resolution, respectively. The purpose of including these three data sets was to
demonstrate the potential of two spatially enhanced images in the land cover
classification of urban areas. Landsat OLI and pan-sharpened Landsat OLI
images can be used as benchmarks to demonstrate the degree of enhancing
overall accuracy of sparse representation method. However, WV-2 imagery can
explain the effectiveness of sparse representation method for mapping
enhancement.

Mather and Koch (2011) recommend a minimum of 10 p to 30 p training
samples per land cover class. p stands for a number of spectral bands which is
five here. Since a classification scheme with eight land cover classes was
adapted here, it required a minimum of 50 to 150 per class or 400 to 1200 per

the entire classification. In total, 2895 pixels were selected randomly as 325
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blocks of nine (3x3) pixels for WV-2 imagery and both spatially enhanced
Landsat OLI images. To ensure direct comparability between different results,
training samples for the five data sets were selected from similar locations.
However, some slight modifications were necessary for the pan-sharpened
Landsat OLI image, and original Landsat OLI of the coarser spatial resolutions
of 15 and 30m respectively. Similar to Chapter three, two different training
pattern strategies were employed. As a training pattern, a block of 3 x 3 pixels
was adopted for WV-2 and two spatially enhanced Landsat OLI with 2m spatial
resolution, while a conventional individual pixel was used for both original and
pan-sharpened Landsat OLI with 30 and 15m spatial resolution. The detailed
explanation of the benefits of using a block of 3x3 pixels is provided in Section
3.4.1.

Adopting a block of 3 x 3 pixels for pan-sharpened OLI with 15m resolution
means each training sample covers an area with 2025m? (45m x 45m) or even
near 1 hectare for Landsat OLI with 30 resolution. The basic rule of the hard
classification training process is to select pure or as pure as possible pixels for
training samples which are unlikely to be found in this size in an urban
environment. This condition causes the number of training samples for pan-
sharpened Landsat OLI, and Landsat OLI was less than other finer images. In
fact, when the spatial resolution becomes coarser, each pixel covers a larger
area, and it became more difficult to identify pure pixels leading more pixels to
mix generally. To avoid mixed pixels in training, only similar locations of WV-2
which are represented as a pure pixel in coarser resolution data sets were

selected as a training sample. As a result, these two modifications decreased
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successively the total number of training samples at each coarser spatial
resolution (275 and 255 training samples for pan-sharpened Landsat OLI and
Landsat OLI respectively).

The spectral dependency of training samples was examined through the TD
technique (Richards and Jia, 1999). This assessment was implemented after
amending training data set several times to ensure training samples spectrally

were separated and minimise mixed pixel of training samples.

5.6.3 Classification methods

5.6.3.1 Pixel-based classification

In Chapter 3, the potential of three classifiers (ML, SVM, and OBIA/NN) were
assessed, and it was found that the non-parametric pixel-based and object-
based classifiers (SVM and OBIA/NN, respectively) classifiers achieved the
highest accuracies in the land cover classifications (Please refer to Section of
3.5.3). As such, the five data sets were classified using SVM and OBIA/SVM
classifiers. Section 3.4.2 explained the details on the concepts and parameters
setting recommendations for the classifiers.

The accuracy of the SVM classifier is directly related to the types of the kernel
and its corresponding parameters (Li et al., 2014). Similarly to Chapter 3, radial
basis function was used as a kernel types because, the radial basis function
kernelis a non-linear and ideal for the complex environment (Marjanovic et al.,
2011; Jebur et al., 2014, Hamedianfar et al.,, 2014). Gamma and penalty were
two parameters of radial basis function kernel which were chosen through trial-

and-error as 500 and 0.5, respectively.
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5.6.3.2 OBIA/SVM

The OBIA strategy adopted in this chapter is slightly different to that of Chapter
3. This is due to the reduction in the number of land cover classes being
mapped (from eleven classes to eight land cover classes) to enable direct
comparison between the object-based approach to the equivalent per-pixel
method. As a result, there was no need to distinguish between clay versus
concrete roof tile and needle-leaved versus broad-leaved trees. Within the first
stage of the OBIA/SVM approach, each image was segmented and then
classified into vegetated and non-vegetated areas. Then, as a second step,
vegetated areas of the image were segmented and classified into trees and
grass (Stage 2a), while non-vegetated zones were divided into their constituent
classes including roof tiles, water, bare soil, metal roofs, slate roofs, and asphalt
(Stage 2b). Figure 5.5 demonstrates the diagram of the OBIA/SVM procedure.
Segmentation was conducted through the eCognition software (Trimble,
2016). Performing segmentation in eCognition required three main parameters
of interest including scale, shape, and compactness. Detailed information on
the explanation of these parameters is provided in the previous chapter. The
optimum values for shape, and compactness was identified 0.3 and 0.8
respectively through the trial-and-error.

To mitigate the subjectivity (user interfering) level within trial-and-error
segmentation, the minimum and maximum possible scale value for individual
image data sets was identified. The minimum value represents the lowest
possible value for scale leading to complete over-segmentation, while the

maximum scale value depicts the situation which all objects were under-
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segmented. Then, an arbitrary value of 15 was used as an interval between the
minimum and maximum values. For example, for both pan-sharpening and
original Landsat OLI, minimum and maximum scale values were defined as 5
and 140 respectively, which by considering 15 as an interval value, a range of

scale was examined including 5, 20, 35, 50, 65, 80, 95, 110, and 140.
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Figure 5.5. OBIA/SVM two-stage segmentation and classification diagram.
A mixture of quantitative and qualitative assessment was performed to
determine the most optimum value for scale because scale value is key in this
multi-resolution segmentation. Firstly, the quality of all segmentation was
tested according to five metrics including area fit index (AFl), relative area sub,
relative area super, quality rate (QR), and D. A summarised explanation of these
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five metrics is provided in Chapter three, while for further details, please refer

to (Clinton et al.,, 2010). These metrics were tested against the reference

objects extracted from OS MasterMap. Besides quantitative indices, the visual

assessment was performed to find the optimum value for scale. This quality

assessment process of extracted segments is the same as the process used in

Section 3.4.3.2. While here a brief summary of this assessment process is

provided, please refer to Section 3.4.3.2 for the more detailed explanation.

Table 5.7 describes the details of segmentation parameters allocated during

two stages for both classification and segmentation.

Stage 2b.

Stage 1. Separation St'a'ge 2'a. Identification of
of Identification of -
Data sets . L Individual Non-
Vegetation and Individual .
. . Vegetation
Non-Vegetation Vegetation Classes
Classes
c [ (1) () 1) () [e11]
iel c® | £ c®© | £ c®© -l £
5 2 & ol ¥ | 2 &H g o | 24 S o
2 |BEogg|22|Bvgg/2elErggl g
Name g S 3 & o §§ S3 3 s §§ S3 3 s Eﬁ
= |ESS S S| E8H S S| ELH 2| L=
s | &2 S| & e 8|3 e 8|3
(o8 © oy © oy © Y
) a wn a wn a v
Landsat OLI 30m 6,0.3,0.8 NA 7,0.3,0.8 NA 4,0.3,0.8 NA
Pan-sharpened | . 115 03 08| NA |18,03,08| NA | 10,0308 | NA
Landsat OLI
Spatially
enhanced
Landsat OLI 2m 30,0.3,0.8 NA 40,0.3,0.8 NA 20,0.3,0.8 NA
using sparse
representation
Spatially
enhanced pan-
h .
sharpening 2m [30,03,08| NA |40,03,08| NA |20,03,08]| NA
Landsat OLI
using sparse
representation
WV-2 2m 25,0.3,0.8 20 35,0.3,0.8 20 17,0.3,0.8 10

Table 5.6. The details on values were allocated for scale, shape, and compactness.
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After segmentation extraction, the classification procedure was implemented.
While in Chapter Three the nearest neighbour method was used as a classifier,
here the SVM classifier was employed. Using SVM as a classifier can ensure
direct comparison between the pixel and object-based classification by
eliminating the influence of considering different classification algorithm.
Because performing SVM on objects does not offer a straightforward tool in
OBIA software, a combination of eCognition, ArcGIS, and Envi was employed to

classify the most accurately extracted segments.

5.7 Accuracy assessment and statistical test

Following classification completion, an accuracy assessment was implemented
to measure the degree of correctness in the class allocations of those ten
thematic land cover maps (i.e., the original Landsat OLI, pan-sharpening
Landsat OLI, spatially increased Landsat OLI using sparse representation,
spatially increased pan-sharpened Landsat OLI using sparse representation,
and original WV-2 using SVM and OBIA/SVM classifiers). Since those ten land
covers maps are represented as pixel and object spatial units, the similar point-
based strategy was employed for evaluation of both pixel and object based
thematic maps. Adopting similar testing samples as a point-based approach
offers a direct comparison between the pixel and object-based land cover
maps.

In total, 334 testing samples were selected randomly for the entire image area.
Testing samples range from 30 to 49 per class, and 42 was the average of

testing sample allocated per class. It is expected that the testing samples evenly
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distribute among the entire land cover map. A unique testing data set was
considered for the entire 10 land cover maps ensuring direct comparability
between results. A combination of field work, online very fine resolution image,
and OS MasterMap were used to allocate the class of the testing samples.

The result of accuracy assessment was represented through confusion matrices
(error matrices) by comparing correspondence between classified land cover
maps and their relevant testing samples. Besides overall accuracy, each
confusion matrix depicts the class-level accuracies (including users and
producers accuracy) and inter-class error (Foody, 2002). Janssen and van der
Wel (1994) state that accuracy statements should be compared in a statistically
rigorous manner and the results expressed with confidence limits. Congalton,
Janssen and Vanderwel (1994) have identified the confusion matrix as the core
of accuracy assessment. However, they have stated that there is much scope
to extend the analysis beyond the confusion matrix. As the second phase of
classification evaluation, the McNemar statistical test was computed to
determine whether the differences between the accuracy of classification and
different spatially enhanced approaches are statistically significant or not.

Details on the statistical test concept are provided in Chapter three.

5.8 Results

In total, ten land cover maps were generated, using a combination of two
classifiers (SVM, and OBIA/SVM) and five image data sets (Landsat OLI, pan-

sharpened Landsat OLI, spatially increased Landsat OLI using sparse
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representation, spatially increased pan-sharpened Landsat OLI using sparse
representation, and WV-2).

The main aim of this chapter was to demonstrate the capability of the sparse
representation method to increase the spatial resolution of Landsat data for
mapping a complex urban environment. The overall accuracies of these two
spatially enhanced Landsat OLI images techniques were compared against both
original Landsat OLI and WV-2, which acted as the coarsest and finest
benchmarks respectively. Another objective of this chapter is to compare the
accuracy of SVM, and OBIA/SVM classifiers on both spatially enhanced images.
Figure 5.6 demonstrates 15 small subsets of five different images including
Landsat OLI 30m, pan-sharpened Landsat OLI 15m, spatially enhanced Landsat
OLlI 2m, spatially enhanced pan-sharpened Landsat OLI 2m, and WV-2 2m.
These 15 images provide the visual comparison of Landsat dataset and its three
up-scale versions through the three scales (1:20,000, 1:10,000, and 1:5000). It
is evident that spatially enhanced pan-sharpened Landsat data offer a greater
level of spatial information compared to pan-sharpened Landsat and spatially
enhanced Landsat data.

Figure 5.7 represents a small subset (700m X 700m) of full extent (21km x
21km) 10 land cover maps. It offers a visual comparison of the accuracy of both
SVM and OBIA/SVM classifiers over five dataset images. It should be noted that
because these figures cover a small subset of the full extent of the study area,
they should be interpreted with some caution.

Though WV-2 imagery offers more detailed maps compared to both spatially

increased Landsat data using sparse representation and spatially increased
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pan-sharpened Landsat data, using sparse representation, produced maps
which offer more details and sharper edges compared to pan-sharpened and

original Landsat.
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Figure 5.6. 15 small subsets of five different images (RGB) of Nottingham: i) Landsat OLI 30m,
ii) pan-sharpened Landsat OLI 15m, iii) spatially enhanced Landsat OLI 2m using sparse
representation, iv) spatially enhanced pan-sharpened Landsat OLI 2m using sparse
representation, and v) WV-2 2m) according to three scales (1:20,000, 1:10,000, and 1:5000).
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Figure 5.7 offers the visual comparison among 10 classified maps by performing
both SVM and OBIA/SVM classifiers over five data sets: i) Landsat OLI 30m, ii) pan-
sharpened Landsat OLI 15m, iii) spatially enhanced Landsat OLI 2m using sparse
representation, iv) spatially enhanced pan-sharpened Landsat OLI 2m using sparse
representation, and v) WV-2 2m. It is clear in both Figures 5.6 and 5.7 that sparse
representation method significantly increases the spatial resolution of Landsat OLI
imagery and consequently increases the thematic details (from a visual
perspective) of classified Landsat OLI imagery. According to both Figures 5.6 and
5.7, performing sparse representation over the pan-sharpened Landsat OLI
achieved more accurate result compared to performing sparse representation
over the Landsat OLI.

Figure 5.8 depicts a summary of the overall classification accuracy. This can enable
direct comparison of the accuracy of the all ten land covers maps. As it was
expected, the WV-2 with the finest spatial resolution achieved the most accurate
classifications, and Landsat OLI with the coarsest spatial resolution obtained the
least accurate classification. While this result demonstrates the capability of WV-
2 imagery for accurately mapping detail urban areas, at the same time it also
demonstrates the inability of Landsat OLI with 30m to successfully map a complex
urban area. However, performing sparse representation on pan-sharpened
Landsat OLI increased the overall accuracy of Landsat OLI by 22% using the SVM

classifier.
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OBIA/SVM achieved the most accurate classification with 92% followed by SVM
with 89% for WV-2 with 2m resolution. Here, the accuracy of SVM and OBIA/SVM

on Landsat OLI obtained overall accuracy by 54% and 54%, respectively.
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Figure 5.8. The overall classification accuracies for the ten land cover maps.

While the full set of statistical classification results (based on overall accuracy)
is summarised in figure 5.8, the six tables below depict full error details with
their overall accuracy (remaining error matrix provided at Appendix Section

Page 284).
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OBIA\SVM on spatially increased Landsat OLI 2m using sparse representation

Overall Accuracy: Reference data

63% X

oy

Class _ " § w“ %

S = 5 0, B T: e " b

S 85 ¢85 ¥ 5 §8 %

@ < 2 F e = » U >
Bare soil 14 0 0 0 o 5 1 1 67

g Asphalt 4 11 O 0 8 0 4 1 39
§ Water 0 2 3 0 O 0 0 0 95
s Trees 0 2 1 32 3 0 2 4 73
= Roof tiles 5 23 5 7 34 0 1 7 37
= Metal roofs 1 1 0 0 o0 35 0 o 95
ﬁ Slate roofs 0O 5 1 o0 1 0 22 0 76
O Grass 3 1 0 9 3 0 0 27 59
Produceraccuracy% 47 24 83 67 69 88 55 68

Table 5.7. The error matrix for the OBIA/SVM classification on spatially increased Landsat
OLI with 2m spatial resolution using sparse representation.

SVM on spatially increased Landsat OLI 2m using sparse representation

Overall Accuracy: Reference data

63% X

oy

Class . 5 @ S

25 . 2 =08

@ < 2 F & 2 » U >

Bare soil 16 2 0 0 0 2 0 1 76

g Asphalt 1 10 O 0 7 0 5 1 42

§ Water 0 2 34 0 O 0 0 0 924

s Trees 0 1 0 31 2 0 0 6 78

= Roof tiles 7 24 6 7 35 0 13 7 35

= Metal roofs 1 0 0 0 o0 38 0 o 97

ﬁ Slate roofs 0O 5 2 0 1 0 22 0 73

[®] Grass 5 1 0O 10 4 0 0 25 56
Produceraccuracy% 53 22 81 65 71 95 55 63

Table 5.8. The error matrix for the SVM classification on spatially increased Landsat OLI
with 2m spatial resolution using sparse representation.
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OBIA\SVM on spatially increased pan-sharpening Landsat OLI using sparse representation

Overall Accuracy: Reference data
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Produceraccuracy% 53 43 90 67 71 85

Table 5.9. The error matrix for the OBIA/SVM classification on spatially increased pan-
sharpened Landsat OLI with 2m spatial resolution using sparse representation.

SVM on spatially increased pan-sharpening Landsat OLI using sparse representation

Overall Accuracy: Reference data
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Producer accuracy% 70 60 90 69

Table 5.10. The error matrix for the SVM classification on spatially increased pan-sharpened
Landsat OLI with 2m spatial resolution using sparse representation.
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Overall Accuracy:

Reference data

89% e
a
Class w 5 = <
25 . 2 = 8
@ < 3 F e =2 » U >
Bare soil 29 O 0 0 1 2 0 0 91
Asphalt 1 39 5 0 1 0 4 0 78
Water 0 1 33 0 O 0 0 0 97
Trees 0 0 0 45 O 0 0 4 92
Roof tiles 0o 3 1 2 45 0 5 0 80
Metal roofs 0 0 0 0 0 38 0 0 100
Slate roofs 0 0 4 0 2 0 31 O 84
Grass 0O 0 O 1 0 0 o 37 97
Produceraccuracy% 97 91 77 94 92 95 78 90

Table 5.11. The error matrix for the SVM classification on WV-2 imagery with 2m spatial
resolution.

Classification result

SVM on Landsat OLI

Overall Accuracy:

Reference data

89% e
a
Class w 5 = <
25 . 2 = 8
@ < 32 F e =2 »n U >
Bare soil 16 2 2 0 0 9 1 4 47
Asphalt 2 10 O 1 3 4 3 0 43
Water 0O O 3@ 0 O 0 0 0 100
Trees 1 1 4 22 2 0 0 9 56
Roof tiles 2 25 2 12 38 0 16 6 38
Metal roofs 2 0 0 0 0 25 0 0 93
Slate roofs 1 5 2 0 2 0 18 1 62
Grass 5 1 0 13 5 2 2 20 42
Produceraccuracy% 55 23 76 46 76 63 45 50

Table 5.12. The error matrix for the SVM classification on Landsat OLI imagery with 30m
spatial resolution,

166



OBIA/SVM

Chapter Five

OBIA/SVM

= =
£ N 1=
~ g ~ g
2 ‘H :
- g ﬂ - g
e | 4|2 3| 2|2
2 | 5|z S| 5| <
= = - S = ! - g
° c | a | €| a £
o = c| o = BS
|5 |5|¢ S BARARA -
G © - - O c = =]
= = | & o| S| 8
c 2| = o @ | =t
s |82 s| S| 2
o o S| 2| @
g s i s
b Sl 3| =
5| 3 5| 2
a8 |8
(7] (7]
. 0 )
Pan Landsat OLI 15m 0.8
Sparse representation
38 | 33
Landsat OLI 2m - |
Sparse representation
71 | 69 | 5.1
on Pan Landsat OLI 2m
94 | 88 |72 4
d OLI 30 1 09 | 38|71 ] 9.4
Pan Landsat OLI 15m 12 | 08 |27 |65 84 | 1.3
Sparse representation
36 (31]05|53| 74| 3.7 | 25
on Landsat OLI 2m
Sparse representation
5 |49 |24 |43 | 57 | 51 | 46 ( 2.7
on Pan Landsat OLI 2m
89 | 86 |69 32| 14 9 |83 | 7 |52

Table 5.13. The result of McNemar statistical test (statistically significant at 99% level of
confidence shows bolded and underlined).
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Table 5.14 shows the statistical differences between the 10 land cover maps.
The significant differences with 99% level of confidence highlighted by bold and
underline effects. Although the overall accuracy of performing sparse
representation on Landsat OLI achieved 63% (the average between two
classifiers), which is 27% less accurate than the original WV-2 imagery with 2m
spatial resolution, performing the sparse representation increased the overall
accuracy of Landsat OLI by 9%, for both SVM and OBIA/SVM classifiers.
Additionally, according to the statistical test this difference was statistically
significant at the 99.9% level of confidence, for both SVM and OBIA/SVM
classifiers. Compared to pan-sharpening, performing sparse representation
method on Landsat OLI increased the overall accuracy by 9% and 5% (for both
SVM and OBIA/SVM classifiers, respectively) and this difference was
statistically significant at 99% level of confidence. Nonetheless, the additional
level of processing for such small improvement in the overall accuracy may not
be beneficial and practical for such land cover classification.

Increasing the Landsat OLI’s spatial resolution directly from 30 to 2m estimates
225 pixels with a 2m resolution from a Landsat OLI pixel with 30m resolution.
Likewise, increasing the spatial resolution of pan-sharpened Landsat OLI from
15 to 2m means to estimate 56 pixels with a 2m resolution from a pan-
sharpened Landsat OLI pixel with 15m resolution. This comparison shows the
using sparse representation method was more challenging on Landsat OLI
compared to pan-sharpened Landsat OLI.

Performing sparse representation on pan-sharpened Landsat OLl increased the

overall accuracy of performing sparse representation on Landsat OLI by 10%
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(average for both classifiers). This difference was statistically significant at the
99% level of confidence, for both SVM and OBIA/SVM classifiers. This mapping
difference between performing sparse representation on pan-sharpened
Landsat OLI and Landsat OLI increased (by 13%) when SVM classifier was used.
Performing sparse representation on pan-sharpened Landsat OLl increased the
overall accuracy of Landsat OLI by 19% (averaging between both SVM and
OBIA/SVM classifiers). Although the overall accuracy of spatially increased pan-
sharpened Landsat OLI was 18% less accurate than the overall accuracy of WV-
2 imagery, it increased the overall accuracy of Landsat OLI by 22%, when SVM
classifier was used.

The impact of using different classifiers is more complex compared to the
variation associated with the different spatial enhancement techniques. Both
SVM and OBIA/SVM classifiers achieved similar overall accuracy when Landsat
OLI and its pan-sharpened version were used. The McNemar test showed that
there was no significant statistical difference between these two classifiers at
30m resolution at 99% level of confidence. These results highlight that the
effect of using different classifiers was marginalised due to an inadequate level
of spatial details provided with Landsat OLI and its pan-sharpened version.
The SVM was the superior classifier compared to OBIA/SVM classifier for
classifying both spatially increased Landsat OLI images with 2m resolution.
While SVM advantage was negligible over OBIA/SVM when sparse
representation performed on Landsat OLI imagery, SVM advantage was more
evident when sparse representation performed on pan-sharpened Landsat OLI

imagery in which it outperformed the overall accuracy of using OBIA/SVM by
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6%. The result of the statistical test showed that there is no statistical
difference between classifiers when sparse representation was performed on
Landsat OLI imagery. However, there was statistical significant between SVM
and OBIA/SVM, when sparse representation was performed on pan-sharpened
Landsat OLI imagery.

OBIA/SVM was the worst classifier for both spatially enhanced Landsat OLI
images. This can be potentially be attributed to the quality of extracted
segments, which may not be accurately defined on spatially increased Landsat
OLI images (Kavzogl and Yildiz, 2014). Perhaps, the lower quality of extracted
segments can be due to the nature of sparse representation method, which
changes the spectral values of the pixels.

The sparse representation method allocated the new spectral values for pixels
in a way that a homogeneous feature in real world represents by several
objects in which it should be only one object (in the best case scenario). The
spectral values of many homogenous features have been individually checked
to understand how sparse the representation method allocates new spectral
values. It was that after identifying the edge of a feature, sparse representation
allocated new spectral values of pixels within a homogenous feature (i.e., a roof
tile feature) in the way that the spectral values gradually change to match the
spectral values of edge pixels. However, for WV-2 imagery the spectral values
of the pixel within the same feature were more and less similar. This is
particularly problematic when the spectral values allocated to either side of a
feature are significantly different. In this case, instead of one texture a ground

feature is represented by several textures. Since segmentation algorithms use
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texture change to identify the boundary of an object, this condition causes an
over-segmentation problem, with each object formed by several smaller
polygons. Over-segmentation is one of the reasons which reduces the accuracy
of OBIA (Karl and Maurer, 2010). This significant over segmentation was

identified during quality segmentation assessment.

5.8.1 Class level details

Since the main aim of this chapter is to assess the capability of the sparse
representation method, the explanation of class details is represented by
averaging both SVM and OBIA/SVM classifiers. However, the classifier
advantage would be highlighted if there is a significant difference between
classifier’s accuracy in an individual class. Figures 5.9 and 5.10 represent the
producer and user accuracy of eight individual land cover classes. These figures
were generated by averaging the accuracy statistics of both SVM and

OBIA/SVM classifiers.

5.8.1.1 Soil

Performing sparse representation on pan-sharpened Landsat OLI increased
both user and producer accuracies of the bare soil of Landsat OLI imagery by
7% (Figure 5.9 and 5.10). In fact, using sparse representation whether on
Landsat OLI or its pan-sharpened version increased the reliability of mapping
bare soil consistently from 50% to 72% and 76% respectively. The major
confusion of bare soil occurred towards roof tile class. This can be explained by
the spectral similarity between these two classes since one of the materials

used for roof tile (especially clay roof tile) is soil.
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5.8.1.2 Asphalt

Performing sparse representation on pan-sharpened Landsat OLl increased the
accuracy of Landsat OLI by 20%. Furthermore, performing sparse
representation on pan-sharpened Landsat OLI increased the reliability of
Landsat OLI for mapping asphalt by 15% and 30% for user and producer
accuracies, respectively (Figure 5.9 and 5.10). The largest confusion occurred
between asphalt and roof tiles classes. This confusion can be addressed by the
image’s lack of spatial details to distinguish between asphalt and roof tiles
classes since buildings and roads as narrow linear urban features are spatially
correlated. Additionally, the result of the last chapter highlighted the needs for
a very fine resolution data set to accurately classify asphalt and roof tiles
classes. Referring to the result of Chapter 3, increasing the spatial resolution
from 30 to 10 to 4, and 2m with four spectral band sets images increased the
accuracy of classifying asphalt from 47% to 62% to 86% and 88% respectively.

Regarding the classifier influence, SVM was more successful in improving the
accuracy of mapping asphalt class. For example, SVM improves the accuracy of
asphalt of Landsat OLI to twice that of the OBIA/SVM classifier (SVM by 37%
comparing to OBIA/SVM by 18%), for spatially increased Landsat OLI using

sparse representation.

5.8.1.3 Water

Furthermore, performing sparse representation on Landsat OLI and its pan-
sharpened version increased the accuracy of water class of Landsat OLI imagery
by 5% and 14%, respectively (Figure 5.9 and 5.10). Since the majority of the

water class consisted of large features including ponds, lake, and river, there
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was not a significant difference among Landsat OLI, and it’s both spatially

increased versions to classify features of water classes.

5.8.1.4 Trees

Both spatially increased versions of Landsat OLI increased the classification
accuracy of the tree class for the original Landsat OLI imagery by around 20%.
In particular, spatially enhanced pan-sharpened Landsat OLI increased both
producer and user accuracies of Landsat OLI imagery by 22% and 31%,
respectively (Figure 5.9 and 5.10). The tree class was classified with confusion
against grass and roof tiles classes.

Perhaps, the confusion of tree to roof tiles occurred due to the interaction of
trees with neighbouring buildings (Corr et al., 2003) which may lead to
overlapping between the boundaries of tree canopies and buildings.
Furthermore, the difficulty in distinguishing between trees and grass classes
can be referred to the spectral similarity between the natures of these two

vegetation types (Rokitnicki-Woijcik et al., 2011).

5.8.1.5 Roof tile

Performing the sparse representation on pan-sharpened Landsat OLI increased
the accuracy of mapping the roof tiles class of Landsat OLI by 9%. Despite the
76% producer accuracy of Landsat OLI to for classifying the roof tiles class, the
poor user accuracy of Landsat OLI imagery provides an indication of the
probability that only 38% of testing samples allocated to roof tiles class
represent the roof tiles on the ground. There was significant confusion

between roof tiles and other classes (i.e., bare soil, asphalt, trees, slate roofs,
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and grass) and this confusion more likely suggests overestimation for
classifying the roof tiles class. The reason for this confusion can be attributed
to the highly dense distribution of roof tiles (which represent most residential
urban buildings) with its nearby spatially correlated classes. This is particularly
problematic for using coarse resolution imagery leading to a mixed pixel
problem. A mixed pixel contains several land cover classes, and the class has
with the largest proportion would be allocated to that pixel. This condition

possibly addresses roof tile fine accuracy and poor reliability.

5.8.1.6 Metal roof

Metal roof class mainly represents large building use in the industrial sector.
Due to the size of metal features which are greater than Landsat OLI pixel size,
it obtained good producer and acceptable user accuracy for Landsat OLI
imagery. Despite slight enhancement in reliability, the accuracy of metal roof
class increased significantly by 28% and 25%, using spatially increased Landsat
OLI and pan-sharpened Landsat OLI, respectively (Figure 5.9 and 5.10). The
most significant confusion occurred between the metal roofs and bare soil
classes using the Landsat OLI similarly for both classifiers. In this case, nine
metal roof testing samples (23%) were classified as bare soil. Reviewing these
ground features of metal roofs class showed that a number of testing samples
are located at the boundaries of metal roof class and these geographical
structures are mostly surrounded by bare soil features. As a result, this

confusion can be addressed by spatial correlation and insufficient level of

174



Chapter Five

spatial information to accurately map between the metal roof and bare soil

classes.

5.8.1.7 Slate roof

Performing sparse representation on pan-sharpened Landsat OLl increased the
mapping producer and user accuracies of slate roofs class for Landsat OLI
imagery by 30% and 16%, respectively (Figure 5.9 and 5.10). The slate roof is
the second major building roof type, and it mostly represents residential
buildings. There was confusion between slate and both roof tile and asphalt
classes. The confusion between the slate roof and roof tile classes can be
attributed to spectral similar between these two classes due to containing
similar materials. The confusion between the slate roof and asphalt classes can
be addressed by the spatial correlation between buildings and road,

particularly in residential areas.

5.8.1.8 Grass

Both spatially enhanced Landsat OLI increased the producer and user
accuracies of the classification of grass class using the Landsat OLI imagery.
Particularly, performing sparse representation on pan-sharpened Landsat OLI
increased the Landsat OLI accuracy and reliability by 33% and 25%, respectively
(Figure 5.9 and 5.10). Tree and roof tile are two classes which were confused
mostly with the grass class. The source of confusion between grass and roof tile
can be related to the spatial correlation between residential buildings and their

lawn gardens. Further, the confusion between grass and trees classes can be
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attributed to the spectral similarity between the nature of these two

vegetation types (Dillabaugh and King, 2008).

100 -
B Landsat OLI 30m
90 -
80 -
B Pan-sharepened Landsat
70 - OLI 15m
60 -
50 - m Sparse representation on
Landsat OLI 2m
40 -
30 - W Sparse representation on
pan-sharpened Landsat
20 - OLI 2m
10 -
B WV-22m
O _

Bare Asphalt Water Trees Roof Metal Slate Grass
soil tiles roofs roofs

Figure 5.9. The user accuracy of each class for five classified land cover maps (by averaging
two classifiers).
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Bare Asphalt Water Trees Roof Metal Slate Grass
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Figure 5.10. The producer accuracy of each class for five classified land cover maps (by
averaging two classifiers).

5.9 Summary

The coarse spatial resolution of freely available medium resolution remotely
sensed imagery is one of the main factors for inaccurately mapping complex
urban areas. This chapter tried to overcome Landsat OLI’s inadequate spatial
resolution to accurately map complex urban areas by proposing new sparse
representation techniques using a single training image. Besides increasing the
spatial resolution of the Landsat OLI directly from 30 to 2m, the second
approach was to perform sparse representation to increase the spatial
resolution of the pan-sharpened Landsat OLI from 15 to 2m.

The results demonstrated the capability of using sparse representation to

increase the spatial resolution of the Landsat OLI for mapping urban areas in
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details. While performing the sparse representation on Landsat OLI increased
the overall accuracy of Landsat OLI by 9% (using SVM classifier), performing the
sparse representation on pan-sharpened Landsat OLI increased the overall
accuracy of Landsat OLI by 22% (using SVM classifier).

Regarding class level analysis, both spatially increased Landsat OLI images
increased Landsat OLI’s accuracy for eight classes, while this improvement was
insignificant for water and metal roof classes.

Furthermore, both SVM and OBIA/SVM similarly increased the overall accuracy
of Landsat OLI by performing the sparse representation on Landsat OLI.
However, SVM was more successful classifier (increased the overall accuracy
6% more than OBIA/SVM) when sparse representation was performed on pan-
sharpened Landsat OLI.

This Chapter demonstrated the advantage of sparse representation to increase
the spatial resolution of Landsat OLI for mapping urban areas. However, both
input coarse resolution imagery (Landsat OLI) and VHR training imagery (WV-
2) represent similar locations and time period, so there is no real need to use
spatially enhanced methods when the very fine resolution imagery is available.
In fact, the capability of the sparse representation method can be fully
demonstrated in wider ranges of applications where there is a spatial and
temporal disparity between Landsat data and WV-2. Regarding the spatial
disparity between Landsat data and WV-2 images, a single WV-2 imagery of
Nottingham can be used as a training sample to increase the spatial resolution
of Landsat data from the different city. Additionally, regarding the temporal

separation between Landsat data and WV-2 images, a single WV-2 imagery of
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Nottingham can be used as a training sample to increase the spatial resolution
of historical Landsat image of Nottingham for land cover mapping. This can
open up new areas for considering the Landsat archive which has been

marginalised limited due to their coarse spatial resolution.
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Chapter Six: Assessing the Potential of Sparse
Representation Method for Transferability

Over Space and Time

6.1 Introduction

The previous chapter demonstrated the effectiveness of sparse representation
to enhance the spatial capability of Landsat OLI data for land cover mapping of
the urban area. This spatially increased method was successful at improving
the overall accuracy of Landsat OLI by 22%. However, because the training
sample (WV-2 imagery) was spatially and temporally coincident, this result may
not fully demonstrate the capability of the sparse representation method for
wider urban mapping applications (i.e., historical), when there is a spatial and
temporal separation between Landsat data and VHR training image. Therefore,
this Chapter focuses on assessing the potential of the sparse representation
method to enhance the spatial capability of Landsat data by considering the
spatial and temporal transferability.

This chapter is organised as follows: Section Two explains the research material
including the study area, the data sets and classification scheme which were
used. Section Three describes the pan-sharpening techniques and
implemented assessment approaches. Section Four explains the accuracy of
the sparse representation of four steps including pre-processing, training
phase, reconstruction phase, and post processing. Section Five discusses the

classification procedure in two parts: training and pixel\object labelling.
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Section Six describes the accuracy assessment and McNemar statistical test
procedure performed on the land cover maps. Section Seven presents the

results. Finally, Section Eight summarises this chapter.

6.2 Research Materials

6.2.1 Study area

Nottingham was again the focus of study, but in addition to this, the city of
Derby was an area of interest. Section 5.2.1 has the details relating to
Nottingham, so here Derby is described. The city of Derby is located at 52.92
degrees latitude and -1.48 degrees longitude within Derbyshire County, as part
of the East Midlands. It has a flat topography with an average elevation of 55
meters above sea level. The population of Derby was 248,752 in 2011, an
increase of 7.8% since 2001 (Council, 2016). The City of Derby is surrounded by
the River Trentvalley in the south, the Nottinghamshire, Derbyshire and
Yorkshire Coalfields in the east, the South Derbyshire Clay-lands in the west,
and the Derbyshire Peak Fringe in the north. Figure 6.1 shows the urban areas

of Derby and its suburbs through the Landsat OLI sensor with 30m resolution.
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Derby

Kilometres
A Figure 6.1. Landsat OLI image of Derby,

N

6.2.2 Data and classification scheme

In total, three multi-spectral data sets images were used in this Chapter. In
addition to the previously used Landsat OLI data, a Landsat Enhanced Thematic
Mapper (ETM+) image was used. The third image was that of the WV-2 data
used in the sparse representation approach to spatially enhance the
aforementioned medium resolution Landsat scenes. As well as capturing the
city of Nottingham the Landsat OLI data had also captured the city of Derby.
This enabled the training statistics that had been developed for the area of
Nottingham using the spatially coincident WV-2 data of Nottingham to be
applied to Derby (affording spatial transferability), an area of 139km? (12.2 x
11.4 km). The Landsat ETM+ data was also spatially enhanced using WV-2 data.
In this case, the two datasets are temporally different (affording temporal

transferability); the WV-2 was captured on the 26™ June 2012 and the Landsat
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ETM+ on 16t May 2000. Figure 6.2 depicts the imagery of Nottingham captured
by Landsat ETM+ with 30m resolution. For both Landsat OLI and WV-2 sensors’
spectral properties, please refer to Table 5.1 in Chapter 5 and Figure 3.2 in

Chapter 1 respectively.

Nottingham

Kilometres

Figure 6.2. Landsat ETM+ image captured Nottingham on 16th of May 2000.

Landsat ETM+ become operational earlier at 15t April 1999, after the Landsat
ETM failure to reach the planned orbit, (Dunbar, 2016). As a seventh generation
Landsat programme, it captures Earth’s features in eight spectral bands
including panchromatic band (Table 6.1). Since Landsat ETM+ was the first
sensor offering a panchromatic band with 15m resolution, it was selected to
assess the accuracy of both spatially increased Landsat ETM+ using sparse
representation and spatially increased pan-sharpened Landsat ETM+ using

sparse representation on historical medium resolution applications.

183 |Page



Chapter Six
Despite having eight spectral bands, only four of the WV-2 spectral bands can
be considered in the sparse representation process. These were chosen
through the spectral similarity requirement between the training image (WV-
2) and input coarse resolution images (Landsat ETM+ and Landsat OLI) used in

the sparse representation method.

ni?r?k?;r Band name Spectral range ressg?ljit?clm
Band1 |Blue 450 — 515 nm 30m
Band 2 | Green 525 - 605 nm 30m
Band 3 | Red 630 — 690 nm 30m
Band 4 | Near Infrared (NIR) 775-900 nm 30m
Band 5 | Short-wave Infrared (SWIR) 1 1550- 1750 nm 30m
Band 6 | Thermal 10400 — 12500 nm 60m
Band 7 | Short-wave Infrared (SWIR) 2 2080 — 2350 nm 30m
Band 8 | Panchromatic 520 - 900 nm 15m

Table 6.1. The Landsat ETM+ spectral properties and their corresponding spatial
characteristics (source: USGS, 2015).

Figure 5.2 in Chapter Five demonstrates the full spectral range of both WV-2
and Landsat OLI images. Only coastal blue, blue, green, red, and near-infrared
bands are similar between WV-2 and Landsat OLl. However, coastal blue was
found to be ineffective for mapping urban areas in the first research chapter.
According to Figure 6.3, blue, green, red, and NIR spectral bands are similar
between WV-2 and Landsat ETM+. Therefore, the spectral range of WV-2,
Landsat OLI and Landsat ETM+ were limited to four spectral bands range
including blue, green, red, and NIR.

Similar to the previous chapter, once the Landsat scenes had been spatially

enhanced, the cities of Nottingham (Landsat ETM+) and Derby (Landsat OLI)
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were classified into classes in the former case and seven in the latter. The same
classes were considered in both cases (Table 6.2), however, because of the
insignificant number of buildings featuring a slate roof tile in Derby, this class
was removed from the classification scheme in Derby. The table below explains

the classification scheme adopted for Derby.

Costal blue
Yellow
NIR 2

I Red edge

World-view 2

Blue

ISWIR]
ISWRZ

el
()
o

Landsat ETM+

4 50 60 70 800 900 1000 1100 1200 1300 .- 2000 2100 2200 2300 2400
Waveldhgt O 0 nm
Figure 6.3. Comparing the distribution of spectral properties of Landsat ETM+
(without thermal band) and WV-2 images.

No  Class Description
Asphalt Urban ground surfaces covered in asphalt such as roads and car parks
2 Roof tiles Predominantly residential buildings covered in red and dark grey

concrete tiles
Metal roofs | Predominantly industrial buildings covered in white metal panels
Areas of grassland such as urban parks and lawns, plus surrounding

Grass rural agriculture
5 | Tress Patches of deciduous broad-leaved and evergreen needle-leaved trees
6 | Bare soil Open areas covered by bare soil
9 | Water Water bodies including lakes, rivers, ponds and canals

Table 6.2. The land cover classification scheme, which for land cover mapping of Derby.

6.3 Pan-sharpening of the Landsat OLI

As done in Chapter 5, in addition to applying the sparse representation method

to the 30m spatial resolution Landsat scenes, sparse representation was also
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applied to the Landsat scenes after they had undergone pan-sharpening using
the accompanying 15m panchromatic waveband.

In the aforementioned chapter, the accuracy of five pan-sharpening
approaches for the sharpening of the Landsat OLI scene had been evaluated
using both qualitative and quantitative assessment and the HCS technique was
deemed the most successful to be used going forward. Due to the similarity in
the sensors between the Landsat OLI and the ETM+ scene it is assumed that
HCS would be the most suitable pan-sharpening technique for this chapter too.
Therefore, the HCS pan-sharpening technique was chosen to enhance the
spatial resolution of both the Landsat OLI data of Derby and historical Landsat
ETM+ data of Nottingham from 30 to 15m using their panchromatic bands with

a 15m spatial resolution.

6.4 Sparse representation analysis

6.4.1 Introduction

The sparse representation method was applied to the following four scenes
using the WV-2 data for Nottingham:

1. Landsat OLI of Derby with 30m spatial resolution,

2. Pan-sharpened Landsat OLI with 15m spatial resolution,

3. Landsat ETM+ of Nottingham with 30m spatial resolution,

4. Pan-sharpened Landsat ETM+ with 15m spatial resolution,

To reiterate, due to the need for spectral similarity between the WV-2 data and
the Landsat data, similarly to the previous Chapter only these four spectral

bands (blue, green, red, and near-infrared) of both data sets were considered.
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6.4.2 Pre-processing
Pre-processing is limited to radiometric conversion and spectral separation.
Both radiometric conversion and spectral separation were performed on four
medium resolution images including original and pan-sharpening Landsat OLI
and Landsat ETM+. Despite WV-2 as a training image with 11 bits radiometric
(ranging from 0 to 2047), Landsat OLI and Landsat ETM+ were obtained in 16
and 8 bit respectively. So, WV-2’s digital number was converted from 11-bit
radiometric resolution into 16 and 8 bits radiometric resolution , respectively.
Initially, the lowest value was subtracted from the digital numbers for the

entire image in each spectral band, and then, individual digital numbers were
216 1, 28

multiplied into 32 ( PYTY ) and 5 ( peTy ) for both original and pan-sharpened

Landsat OLl and both Landsat ETM+ respectively. Next, since the MATLAB code

was re-programmed based on imagery with the single band as “tif” format,

each of four images data sets were saved as four single band images with “tif”

format, creating sixteen single band image data sets.

6.4.3 Training phase

The WV-2 imagery of Nottingham with 2m resolution was the only fine
resolution image used as a training image to increase the spatial details of the
four Landsat multi-spectral data sets. The training parameters to be employed
in the sparse representation process were set according to values in the
previous chapter. As a result, 2048 and 100,000 were allocated as dictionary
sizes and the number of patch samples respectively. The zoom factor and patch

size for both original Landsat OLI and Landsat ETM+ were chosen as 15 and 30
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respectively, while 7.5 and 15 were allocated to the zoom factor and patch size
of both pan-sharpened Landsat OLI and Landsat ETM+. A detailed explanation
of the possible impacts of parameters on output image and the reasons for

choosing these values described in the previous chapter in Section 5.5.3.

6.4.4 Reconstruction phase

The reconstruction phase aims to estimate the spatially increased versions of
two input coarse resolution images. Using both H-resolution and L-resolution
resolution dictionaries from the training phase, the lost texture and edges of
those four images were recovered within the reconstruction phase. The key
parameter in the reconstruction phase is the zoom factor.

The four Landsat images (including original and pan-sharpened versions with
30 and 15m spatial resolutions, respectively) spatially increased to images with
2m spatial resolution. As a result, the zoom factor 15 was allocated to both
Landsat OLI and Landsat ETM+, and zoom factor 7.5 was chosen for their

corresponding pan-sharpened images.

6.4.5 Post-processing

A series of post-processing steps were performed to prepare images for the

next step. Since the output images do not contain any spatial referencing, each

single band image was georeferenced and was defined according to the OS
nir —re

MasterMap Topography map. Then, an NDVI (m) image was generated

for each of those four image groups. As a last step, four single band images,

plus NDVI for each of four different image groups were merged together. This
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resulted in four spatially enhanced sets of the multispectral images with 2m

resolution.

6.5 Classification

6.5.1 Training procedure

Landsat OLI of Derby and Landsat ETM+ of Nottingham and their spatially
increased versions were considered for classification. So in total, three land
cover maps were produced for each of these urban areas. In a similar fashion
to the previous research chapters, two different pattern strategies were
adopted. A block of 3x3 training pixels was used for those spatially increased
Landsat OLI/ETM+ images with 2m resolution. However, a single pixel pattern
was used for training strategy of the original Landsat OLI/ETM+ with 30m
spatial resolution. The advantages of using a block of 3x3 pixels are explained
previously in Section 3.4.1.

Training samples of Derby were collected based on online mapping resources
including Google Map and Microsoft Bing, whereas very fine resolution images
from Historical Google Earth were used as the main resource to create training
database for the historic Nottingham images (Gu et al., 2015, Tsutsumida and
Comber, 2015). An average of 270 and 340 training pixels were selected per
class for both spatially enhanced images from historical Nottingham and Derby
respectively. Sample sizes are larger than normally (Mather and Koch, 2011)
recommended, which ranges from 50 to 150 as a minimum requirement per

class. Training samples were spatially similar among three land cover maps for
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Derby and Nottingham to offer direct comparability between the results of
three images for each of the cities.
The TD technique was used to assess the spectral separability between the
training samples of each class. As a part of this process, the possible training
samples which hold the mixed spectral signature were removed from training
database. This process was carried out until an adequate number of training
samples was selected, and the training samples mixing rate among all classes
does not exceed the recommended value, according to (Richards and Jia, 1999).
Because of coarser resolution of Landsat OLI/ETM+ compared to their spatially
increased versions, some of those training samples were used on both spatially
increased Landsat (OLI/ETM+) images did not represent that specific class (as
result of a mixed pixel) on the original Landsat (OLI/ETM+). As a result, those
mixed training samples were removed from the training database. This caused
a reduction in the number of training pixels in both Landsat OLI and Landsat
ETM+ to 38 and 30, respectively; meaning it was not always possible to achieve

the recommended sample size.

6.5.2 Classification approaches

Since the advantages of pixel-based SVM was demonstrated against object-
based SVM, SVM was the only classifier used for performing classification. The
radial basis function was chosen as the kernel type since this non-linear kernel
is suitable for classifying a complex environment (Marjanovic et al., 2011).
Based on a trial-and-error strategy, 500 and 0.5 values were allocated for

penalty and gamma parameters of the SVM.
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6.6 Accuracy assessment and statistical testing

Following the classification process, a classification accuracy assessment was
performed to validate the correctness of those six thematic land cover maps.
Since there are two different study areas, two different testing sample groups
were created using a random sampling design strategy. Also, testing samples
were collected as a point-based system. The total number of testing samples
for historical Nottingham was greater than for Derby because the classification
scheme is different between these areas of interest. The total testing samples
selected for historical Nottingham was 288 points, ranging from 19 to 47 for
soil and roof tiles classes respectively. On the other hand, 233 testing points
were selected in total for Derby ranging 29 to 43 for soil and asphalt classes
respectively. These testing sets were used on all the six resultant land cover
classifications as appropriate.

Similar to the previous research chapter, a confusion matrix was the core of the
accuracy assessment. A confusion matrix offers the fundamental description of
classification accuracy by characterising its accuracy, including producer and
user accuracy. In addition to the confusion matrix, the McNemar statistical test
was performed to assess the degree of statistical difference between each pair

of classification land cover maps.

6.7 Results

In total, six land cover maps were produced by performing SVM classifier on
three images for both cities: Landsat OLI, spatially increased Landsat OLI, and

spatially increased pan-sharpened Landsat OLI were classified for Derby, while
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Landsat ETM+, spatially increased Landsat ETM+, spatially increased pan-
sharpened Landsat ETM+ were classified for Nottingham.
Previously, the effectiveness of the two proposed remotely sensed images
using spatially enhancement methods on Landsat OLI imagery has been
demonstrated for mapping urban environments. The main aim of this chapter
was to demonstrate the capability of sparse representation by consideration of
the spatial and temporal transferability elements to spatially enhanced Landsat
data for urban land cover mapping. The accuracies of both spatially increased
images were compared against their corresponding original Landsat images

(i.e., Landsat OLI for Derby and Landsat ETM+ for Nottingham).
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Increasing the scale
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Figure 6.4. 9 small subsets of three different images of Derby ( i) Landsat OLI 30m, ii)
spatially enhanced Landsat OLI 2m using sparse representation, iii) spatially
enhanced pan-sharpened Landsat OLI 2m using sparse representation) according to
three scales (1:20,000, 1:10,000, and 1:5000).
Figure 6.4 shows the visual comparison between Landsat OLI imagery of
Derby and its two spatially enhanced images versions through the three
scales (1:20,000, 1:10,000, and 1:50,000). According to this Figure,
performing the sparse representation method on both original and pan-

sharpened Landsat OLI successfully increased the spatial information of the

Landsat OLI of Derby using WV-2 from Nottingham. In particular, the
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spatially increased pan-sharpened Landsat OLI offers the finest spatial

information.

Increasing the scale

Scale 1:20,000 Scale 1:10,000 Scale 1:5,000

oatially enhanced Landsat
Landsat ETM+ 30m

ETM+ 2m, using sparse
representation

ETM+ 2m

Figure 6.5. 9 small subsets of three different images of historical Nottingham (i) Landsat
ETM+ 30m, ii) spatially enhanced Landsat ETM+ 2m using sparse representation, iii) spatially
enhanced pan-sharpened Landsat ETM+ 2m using sparse representation) according to three

scales (1:20,000, 1:10,000, and 1:5000).

Figure 6.5 offers the visual comparison between Landsat ETM+ imagery of

Nottingham and its two spatially increased images versions through the three
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scales (1:20,000, 1:10,000, and 1:50,000). A single WV-2 image covered
Nottingham on May 2012 was used as the training image to increase the spatial
resolution of the Landsat ETM+ image. This Figure illustrates the success of
sparse representation to increase of the Landsat ETM+ for historical
applications. Regarding spatial transferability of sparse representation
methods, the sparse representation was also successful increasing the spatial
resolution of the Landsat ETM+ for historical applications.

Moving to the classification result, a series of a small subset of both Derby and
Nottingham are presented in Figure 6.6. These six small subset images provide
a visual assessment of the potential of sparse representation method, while
because these figures cover a small subset (700m X 700m) of the full extent of
study, they should be interpreted with some caution. As Figure 6.6 shows,
although the subsets images for both Nottingham and Derby represent dense
residential areas; four spatially increased Landsat OLI and ETM+ offer a greater
level of thematic information. Performing the sparse representation on pan-
sharpened Landsat OLI/ETM+ was more successful in offering a greater level of
spatial information compared to performing the sparse representation on
Landsat OLI/ETM+. According to figure 6.6 classifying the spatially enhanced
both Landsat OLI and Landsat ETM+ created sharper boundaries among
boundaries buildings, roads, and vegetated areas while classifying the spatially
enhanced both pan-sharpened Landsat OLI and Landsat ETM+ helped to

distinguish between grass and tree (red and green colour respectively).
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a. Classified Landsat OLI b. Classified spatially c. Classified spatially

of Derby with 30 enhanced Landsat OLI of  enhanced pan-sharpened
resolution, Derby with 2m Landsat OLI of Derby with
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d. Classified Landsat e. Classified spatially f. Classified spatially
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Figure 6.6, 6 small subsets of classified Land cover maps (a. Landsat OLI of derby, b.
spatially enhanced Landsat OLI of Derby, c. spatially enhanced pan-sharpened Landsat
OLI of Derby, d. Landsat ETM+ of Nottingham, e. spatially enhanced Landsat ETM+ of
Nottingham, f. spatially enhanced pan-sharpened Landsat ETM+ of Nottingham,

Figure 6.7 presents a summary of the overall classification accuracy of sparse
representation for Derby and Nottingham. Both spatially increased images
improved their original overall accuracies of Landsat OLI and Landsat ETM+.
Performing the sparse representation on pan-sharpened Landsat OLI and
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Landsat EM+ achieved the highest accuracy with 79% and 71% for Derby and
Nottingham, respectively. Performing the sparse representation increased the
overall accuracy of Landsat OLI and Landsat ETM+ by 10% and 7% respectively.
However, performing the sparse representation on pan-sharpened Landsat OLI
and Landsat ETM+ increased the overall accuracy of their corresponding

Landsat OLI and Landsat ETM+ by 20% and 21%, respectively.

100 ~
90 -

80 -

60 -

50 -
40 - B Notttingham

M Derby

Overall accuracv %

30 -

10 -+

Landsat data with Sparse representation on  Sparse representation
30m resolution  Landsat data with 2m on pan-sharpened
resolution Landsat data with 2m
resolution

Figure 6.7. The overall accuracies for performing the sparse representation on original and
pan-sharpened Landsat data (i.e., OLI for Derby and ETM+ for Nottingham).

The results showed the capability of sparse representation to successfully
enhanced the spatial details of Landsat data sets for urban land cover mapping,
even when there is a spatial and temporal separation between a single training

image and both Landsat OLI and Landsat ETM+ images. Regarding the spatial
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transferability, performing the sparse representation method increased the
overall accuracy of Landsat OLI of Derby by 10%. Regarding the temporal
transferability, performing the sparse representation method increased the
overall accuracy of Landsat ETM+ of Nottingham by 8%.

Below, the four error matrices of six land cover maps (three for Landsat OLI of
Derby and 3 for Landsat ETM+ of Nottingham) are provided in six tables. The

remaining error matrices are provided in the Appendix (Page 285).

Overall Accuracy: Reference data

49% e

Class w © < 5

s ., , 5 = 8

a < 32 £ & 2 » 0 >

Bare soil 4 0 0 0 1 5 0 0 40

s Asphalt 10 25 3 7 39 6 8 8 24

§ Water 0O 0 22 0 O 0 1 0 96

s Trees 1 3 4 22 2 1 2 6 54

E= Roof tiles 0O 0 O 1 0 0 0 0 0

& Metal roofs 5 0 1 o0 1 15 0 0 68

§ Slate roofs 2 9 1 0 3 1 27 0 63

[} Grass 2 0 0 9 1 2 0 22 61
Produceraccuracy% 17 68 71 56 O 50 71 61

Table 6.3. The error matrix of performing SVM on Landsat ETM+ of Nottingham with 30m
spatial resolution.
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Overall Accuracy: Reference data
59% ©
oy
Class " € £
@ < S FF & O 2 >
£ Bare soil 25 1 0 1 0 O 0 93
¥  Asphalt 2 23 1 0 10 6 0 55
c  Water 0 2 19 1 3 0 0 76
-% Trees 0o 1 9 13 0 0 9 41
&£  Rooftiles 8 15 2 4 18 1 4 35
ﬁ Grass 1 1 0 0 0 19 O 90
O  Metal roofs 3 0 0 7 3 0 21 62
Produceraccuracy% 64 53 61 50 53 73 62

Table 6.4. The error matrix of performing SVM on Landsat OLI of Derby with 30m spatial

resolution.

Overall Accuracy: Reference data
74% X
>
Class o 8
» o =
@ < 2 £ & O 2 >
£ Bare soil 31 1 0 0 0 O 1 94
o Asphalt 4 29 1 0 8 0 2 66
¢ Water 0 0 2 1 0 0 0 97
2 Trees 0 0 2 19 2 9 0 59
&S Rooftiles 3 12 1 2 23 4 0 51
‘@ Grass 0 0 O 7 0 21 O 75
S Metal roofs 0 1 0 0 O 0 25 96

Produceraccuracy% 82 67 88 66 70 62 89

Table 6.5. The error matrix of performing SVM on spatially increased Landsat OLI of Derby
with 2m spatial resolution, using sparse representation.
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Overall Accuracy: Reference data

77% ®
S
Class € £
(7] =]
T = 2 e 8
n < o n bl n ] S
® 5 5 &% 8 3
< 22 £ & G 2 >
= Bare soil 33 4 0 0 1 3 0 80
2 Asphalt 2 26 0 0 5 0O 0 79
c Water 0 3 29 0 0 0 0 91
2 Trees 0 0 2 22 1 0 9 65
S Roof tiles 3 10 1 5 26 0 4 53
'3 Grass 0 0 0O O O 25 0 100
S Metal roofs 0O 0 0 2 0 0 21 91

Produceraccuracy% 87 60 91 76 79 89 62

Table 6.6. The error matrix of performing SVM on spatially increased pan-sharpened
Landsat OLI of Derby with 2m spatial resolution, using sparse representation.

Both Figures 6.8 and 6.9 represent the result of McNemar statistical test at the
99.9% level of confidence for land cover mapping of Landsat OLI of Derby and

Landsat ETM+ of Nottingham, respectively.
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Classified Land cover maps, regarding the spatial

Original Landsat OLI (30m)
Spatially increased Landsat OLI
(2m)

Spatially increased pan-
sharpening Landsat OLI (2m)

Original Landsat OLI (30m)

Spatially increased Landsat OLI (2m)
Spatially increased pan-sharpening Landsat OLI (2m) 5.8
Figure 6.8. The McNemar statistical test on the capability of sparse representation method
with regard to spatial transferability factor, to spatially enhance Landsat OLI for land cover

mapping (values are statistically significant at 99% level of confidence shows bolded and
underlined).

Nottingham

Classified Land cover maps, regarding the spatial
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Original Landsat ETM+ (30m)

Spatially increased Landsat ETM+(2m) 4

Nottingham

Spatially increased pan-sharpening Landsat ETM+ (2m) 3.9 O

Figure 6.9. The McNemar statistical test on the capability of sparse representation method

with regard to temporal transferability factor, to spatially enhance Landsat ETM+ for land

cover mapping (values are statistically significant at 99% level of confidence shows bolded
and underlined).

201 |Page



Chapter Six

According to 6.8, the difference between overall accuracies of Landsat OLI and
its two spatially increased versions are statistically significant. Similarly, as
Figure 6.9 shows, the difference between overall accuracies of Landsat ETM+
and its two spatially increased versions are statistically significant.

Further, performing the sparse representation method on pan-sharpened
Landsat OLI and Landsat ETM+ statically significant increased the overall
accuracies of mapping Landsat OLI and Landsat ETM+ by 20% and 22%
regarding the spatial and spectral separation, respectively.

Similar to the previous chapter, spatially increased pan-sharpened Landsat data
produced a more accurate land cover map compared to spatially increased
Landsat data, using sparse representation. For example, performing sparse
representation on pan-sharpened Landsat OLI and Landsat ETM+ obtained 10%
and 14%, respectively finer overall accuracy compared to performing sparse
representation on Landsat OLlI and Landsat ETM+. However, for both Derby and
Nottingham, there was no statistically significant difference between the
performing sparse representation on original Landsat data and pan-sharpened
Landsat Data.

Therefore, the result shows the potential of the sparse representation to
spatially enhance Landsat data for urban land cover mapping. For more
detailed analysis, the accuracy of sparse representation will be examined at
class level detail. The user and producer accuracies of six land cover maps

represented per each class as four Figures: 6.10 (producer accuracy for Derby),
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6.11 (user accuracy for Derby), 6.12 (producer accuracy for Nottingham), 6.13

(user accuracy for Nottingham).
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M Sparse representation on
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Derby with 2m resolution

[ Sparse representation on
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roofs

Figure 6.10. The producer accuracies of seven classes for Derby.

M Landsat OLI of Derby with
30m resolution

B Sparse representation on
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Derby with 2m resolution

I Sparse representation on
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Figure 6.11. The user accuracies of seven classes for Derby.
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M Landsat ETM+ of
Nottingham with 30m
resolution

M Sparse representation
on Landsat Landsat
ETM+ of Nottingham
with 2m resolution

1 Sparse representation
on pan-sharpened
Landsat Landsat ETM+
of Nottingham with
2m resolution

Bare soil Asphalt Water Trees Roof  Metal Slate
tiles roofs roofs

Figure 6.12. The producer accuracies of seven classes of Nottingham.

M Landsat ETM+ of
Nottingham with 30m
resolution

B Sparse representation
on Landsat Landsat
ETM+ of Nottingham
with 2m resolution

1 Sparse representation
on pan-sharpened
Landsat Landsat ETM+
of Nottingham with
2m resolution

Bare soil Asphalt Water Trees Rooftiles Metal Slate
roofs roofs

Figure 6.13. The user accuracies of seven classes of Nottingham.
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6.7.1 Class level details

Since the main aim of this chapter is to assess the capability of the sparse
representation method, the explanation of class details is represented by
averaging both SVM classifier. However, the classifier advantage would be
highlighted if there is a significant difference between classifiers’ accuracy in

an individual class.

6.7.1.1 Bare soil

Performing the sparse representation method improved the mapping accuracy
of Landsat data within the bare soil class, regardless of spatial and temporal
separation between WV-2 and Landsat data sets. In particular, spatially
increased pan-sharpened Landsat data increased the producer accuracy of its
corresponding Landsat OLI by 23% and Landsat ETM+ by 69% for Derby and
Nottingham, respectively. These improvements were less significant for user
accuracy. Similarly to the previous Chapter, the major confusion of bare soil
class for both Derby and Nottingham occurred with the roof tile class. This can
be explained by using soil materials to produce roof tiles (including clay and

concrete roof tiles) class.

6.7.1.2 Asphalt

Performing sparse representation improved the producer and user mapping
accuracy of Landsat OLI for the asphalt class, while the asphalt class was
classified more accurately in Derby compared to Nottingham. For example,
performing sparse representation on Landsat OLI of Derby and its pan-

sharpened version increased the producer accuracy of asphalt class by 13% and
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26%, respectively. However, performing sparse representation on Landsat
ETM+ of Nottingham and its pan-sharpened version reduced the producer
accuracy of asphalt class by 41% and 11%, respectively. This reduction in the
producer accuracy for Landsat ETM+ can be attributed to the size and
distribution of asphalt features in the Nottingham. Asphalt is mainly
represented by roads, parking spaces, and industrial sites. The industrial
structures are distributed mostly in the suburbs of Nottingham, while the major
industrial structures are located in the city centre of Derby. Compared to
Nottingham, asphalt features formed larger homogenous patches. This can
address the reason why the producer accuracy of asphalt for Landsat OLI (30m

spatial resolution) of Derby was 41% more accurate.

6.7.1.3 Water

Since the majority of the water class consisted of large features (i.e., ponds,
lakes, and river), the classification accuracy of the water class was higher than
other classes, using Landsat OLI and ETM+ images with a 30m resolution for
both Derby and Nottingham. However, performing sparse representation on
pan-sharpened Landsat data even increased the mapping accuracy of water by
13% and 30% for Nottingham and Derby, respectively. In fact, these
improvements were not limited to producer accuracy. Performing the sparse
representation of pan-sharpened Landsat data increased the user accuracy of

water by 4% and 15% for Nottingham and Derby, respectively.
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6.7.1.4 Trees
Sparse representation was successful to increase the mapping accuracy of
trees. For example, performing the sparse representation of pan-sharpened
Landsat data increased the mapping accuracy of the tree by 27% and 26% for
Nottingham and Derby, respectively. These improvements were consistent too
for user accuracy in which performing the sparse representation of pan-
sharpened Landsat data increased the mapping accuracy of the tree by 15%
and 16% for Nottingham and Derby, respectively. Similarly to the previous
Chapter, significant confusion of tree class occurred toward both grass and roof
tile classes. Readers can refer to Section 5.8.1.4 for possible reasons for this

confusion.

6.7.1.5 Roof tile

The roof tiles class is a good example of the potential of sparse representation
to enhance the spatial capability of Landsat data for mapping the urban areas.
The producer accuracies of mapping Landsat ETM+ of Nottingham increased by
42% and 50% using sparse representation on Landsat ETM+ of Nottingham and
its pan-sharpened version, respectively. These improvements were consistent
by involving the spatial transferability factor in which performing the sparse
representation on Landsat OLI and its pan-sharpened version increased the
mapping accuracy of roof tiles by 17% and 26%. Besides producer accuracies,
the user accuracies of classified maps for both Derby and Nottingham were
increased by performing sparse representation.

Similarly to the previous Chapter, there were significant numbers of testing

samples including bare soil, asphalt, trees, and grass, which were classified as
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the roof tiles class in both Landsat OLI and Landsat ETM+ images. As a result of
this, the area of the roof tiles class in the classified images is probably
overestimated, which accounts for these poor user accuracies. Roof tiles class
represents the residential areas in both cities. The most probable reason for
this was the significant dense distribution of roof tiles class (orange colour) over

the classified map.

6.7.1.6 Metal roof

Similarly to water features, the metal roofs class -which mainly represents the
large industrial buildings- achieved an accuracy for Landsat OLI and Landsat
ETM+. Performing sparse representation on Landsat data and their pan-
sharpened versions increased the accuracy of metal roof class with 23% and
37% for Landsat OLI of Derby and 19% and 8% for Landsat ETM+ of Nottingham.
Regarding reliability, performing sparse representation on Landsat data and
their pan-sharpened versions increased the user accuracy of metal roof class
with 34% and 29% for Landsat OLI of Derby and 13% and 28% for Landsat ETM+

of Nottingham.

6.7.1.7 Slate roof

Despite the rest of the seven classes which are common to Derby and
Nottingham, slate roofs class was only considered for mapping the Nottingham
case. While using the sparse representation method increased the user
accuracy of mapping of Landsat ETM+ of Nottingham, using the sparse
representation method was unsuccessful to increase the accuracy mapping of

Landsat ETM+ of Nottingham. For example, though performing the sparse
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representation on Landsat ETM+ and its pan-sharpened version increased the
user accuracy (reliability) of Landsat ETM+ by 13% and 18%, the finest accuracy
achieved 71% using original Landsat ETM+ with 30m spatial resolution.
Reviewing the Landsat ETM+ of Nottingham showed that in the most cases,
buildings with slate roofs were normally constructed within a large site where
the entire building covered by slate roofs. So, this creates a large homogenous
patch of the slate roofs which is more convenient for Landsat ETM+ image to
be identified. There was confusion between slate and both roof tiles and
asphalt classes. These confusions can be addressed by the spectral similarity
between the slate roofs and roof tiles classes and spatial correlation between

slate roofs and asphalt classes.

6.7.1.8 Grass

Performing sparse representation on pan-sharpened Landsat data increased
the accuracy of grass class with 16% and 13% for Landsat OLI of Derby and
Landsat ETM+ of Nottingham, respectively. Regarding the reliability,
performing sparse representation on pan-sharpened Landsat data increased
the user accuracy of grass class with 10% and 15% for Landsat OLI of Derby and

Landsat ETM+ of Nottingham, respectively.

6.8 Summary

In the previous Chapter, the capability of sparse representation method was
demonstrated to enhance the spatial resolution of Landsat data for the urban
land cover mapping application, when the training sample (WV-2 imagery) and

Landsat OLI imagery were spatially and temporally coincident. This Chapter
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assessed the capability of sparse representation method when there is a spatial
or temporal separation between the training sample (WV-2 imagery) and
Landsat data to demonstrate the practicality of the sparse representation for
wider urban land cover mapping applications.

Regarding spatial transferability factor of sparse representation, a single WV-2
image of Nottingham was used as the training sample to spatially increase the
Landsat OLI for land cover mapping of Derby. Regarding temporal
transferability factor of sparse representation, a single WV-2 imagery of
Nottingham was used as the training sample to spatially increase the Landsat
ETM+ which was acquired Nottingham 12 years earlier for land cover mapping.
The result of this Chapter showed that sparse representation method
successfully spatially enhanced the mapping capability of Landsat data,
regarding the spatial and temporal transferability factors. Using only a single
VHR imagery to enhance the spatial resolution of Landsat data offers the wider
user community to access the finer spatial resolution data sets for various

urban mapping applications with significantly lower cost.
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Chapter 7: Discussions and Conclusions

7.1 Overview

One of the main goals of remote sensing is to improve the accuracy of land
cover mapping (Aplin et al., 1999; Franklin et al., 2002; Pal and Mather, 2003).
From an urban perspective, increasing the accuracy of mapping urban areas
offers a more realistic and reliable representation of urban geographical
features and thus provides a better understanding of the status of the urban
environment and the processes of change. Accurate mapping can help
authorities and citizens to mitigate the undesirable urbanisation impacts on the
environment at regional and global scales including worsening water quality,
increasing flood volumes, exceeding air pollution, noise, and creating urban
heat islands.

The research reported in this thesis aimed to enhance the land cover mapping
of urban areas using free cost and accessible medium resolution remotely
sensed imagery. To achieve this goal, the effects of varying image spatial and
spectral properties on the detailed urban land cover map were firstly
investigated, using OBIA/SVM and parametric and non-parametric pixel-based
(ML and SVM, respectively) classification approaches (Chapter 3). The main
message of the first part of this research was that using data sets with finer
spatial resolution increased the accuracy of the final land cover map. However,
due to the high cost and inherent challenges of VHR sensors (i.e., poor temporal

resolution and short swath width), the widespread use of these data sets is
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limited. Conversely, medium resolution sensors (i.e., Landsat sensor products)
address the inherent challenges of VHR sensors and are available to the public
free of charge. However, the main limitation of these medium spatial
resolution sensors is their coarse spatial resolution. To address this issue, the
second part of this research tested the potential of sparse representation to
enhance the medium resolution imagery acquired by multispectral sensors,
such as Landsat OLI, using WV-2 imagery with similar spatial coverage. Initially,
the spatial resolution of the Landsat OLI for Nottingham was enhanced using a
single WV-2 imagery of Nottingham. Then, the capability of sparse
representation method was assessed to enhance the spatial resolution of the
Landsat products (ETM+ and OLI), by consideration of spatial and temporal
transferability. As a result, a single WV-2 image of Nottingham was used to
enhance the spatial resolution of a Landsat OLI for Derby and a Landsat ETM+
of Nottingham which had been captured more than a decade earlier.

This chapter begins by discussing the result of the influence of the image’s
properties (i.e., spatial and spectral resolution) and the choice of non-
parametric object-based (OBIA/NN) and parametric and non-parametric pixel-
based (i.e., ML and SVM) classifiers. Then, the accuracy of the sparse
representation method was studied to increase the spatial resolution of the
Landsat OLI to map detailed urban areas. Finally, the capability of sparse
representation is assessed for historical applications and applications which
require spatial transferability to be performed on the Landsat products (i.e.,

ETM+ and OLI).
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7.2 The influence of spatial resolution

The first part of this research evaluated the influence of spatial resolution, the
spectral band set, and classification approaches for detailed mapping of urban
land cover. A WV-2 image provided the basis for a set of 12 images with varying
spatial and spectral characteristics, and these were classified using three
different approaches (ML, SVM, and OBIA/SVM) to yield 36 output land cover
maps.

It was expected that increasing the spatial resolution of imagery can
significantly improve the accuracy of the final land cover map. The influence of
increasing the spatial resolution on the overall classification accuracy can be
addressed through two factors: i) increasing within-class variability and b)
reducing boundary effect (Latty et al., 1985; Toll, 1985). The within-class
variability has been considered by examining the effect of class covariance of
pure pixels on the classification error (Hsieh et al, 2001). As the spatial
resolution becomes finer, the spectral covariance increases, which reduces the
class spectral separability, leading to an increase in classification errors. The
increase in classification errors is sharp if the classes have high within-class
variability (Cushnie, 1987; Treitz et al., 1992). Secondly, the boundary effect,
which also referred as mixed pixels which often occur from the field boundaries
between two or more classes within a pixel. The general problem of coarse
resolution imagery is the mixed pixel problem over heterogeneous landscapes,
where individual features are often smaller in size than individual pixels (Low

and Duveiller, 2014; Sun et al., 2016). Latty et al. (1985) suggested that
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increasing the spatial resolution reduced the boundary effect among the
smaller sized features, which potentially reduces the misclassification.
According to the results, increasing the spatial resolution from 30m to 10m to
4m and 2m, consistently enhanced the accuracy of classified maps with
statistical significance at a 99% level of confidence. For example, the statistical
differences between data sets with 30m versus 10m, 30m versus 4m, and 30m
versus 2m spatial resolution increased by 3.3, 8.6, and 11.2 (these are the
averaged values obtained via the McNemar tests when the influence of spectral
resolution and classifier types were considered), respectively.

Figure 7.1 demonstrates the improvements of the user and producer
accuracies for 11 classes, using finer spatial resolution. Regarding class level
details, shadow obtained the most significant improvement by using finer
spatial resolution, while the water class achieved the least significant
improvement. This can be attributed to the size of features for both water and
shadow. Since the size of features defined as water (i.e., pool and lake) are
larger than the size of features that were defined as shadow (i.e., small shaded
areas), it can be concluded that using the finer resolution enhanced the
mapping accuracies of features with the smaller size, because data sets with
finer spatial resolutions contain richer spatial information. This provides
greater potential to extract more detailed thematic information (i.e., different
land cover), cartographic features (i.e., buildings and roads), and metric

information with stereo-images (i.e., height and area) (Weng, 2014).
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7.3 The influence of spectral resolution

Another objective in the first part of this research was to evaluate the potential
for a new generation of sensors, such as WV-2 and WV-3, offering new spectral
bands (i.e., coastal blue, yellow, red edge, and NIR2) compared to the
traditional four spectral bands of products such as IKONOS and QuickBird, to
improve detailed mapping of the urban areas. As a result, three spectral
resolution groups were compared including four conventional (blue, green,
red, and NIR), six (adding red edge and NIR2 to four bands) and eight (full WV-
2 range) spectral bands.

Since each spectral band is designated to detect the electromagnetic radiation
within a particular region of the spectrum, using a wider range of spectral
bands can identify a bigger range of different land cover types potentially
leading to more accurate mapping accuracy. As a result, it is expected that
having more spectral information could result in a higher accuracy of mapping
urban areas.

According to the overall accuracy of 36 land cover maps (Figure 3.8), improving
the spectral resolution in general terms can lead to modest increases in
classification accuracy. Notably, the greater spectral capability of WV-2 can
increase urban mapping accuracy compared to conventional four-band (i.e.,
IKONOS) imagery (Figure 3.5 in Section 5.1). It should be noted that the new
bands provided by WV-2 and WV-3 (i.e., coastal, yellow, red edge and NIR2)
were not necessarily developed with urban environments in mind. Instead, the

main stated intentions were to enhance capabilities for bathymetry (coastal
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blue) and vegetation (yellow, red edge, and NIR2) analysis (Marchisio et al.,
2010).

In fact, a consistent and direct trend has been identified by using a wider range
of spectral band sets, and finer spatial resolution. In other words, the benefit
of using more spectral bands becomes more evident in data sets with finer
spatial resolution. For example, the overall accuracy improved by 1.2%, 1.4%,
2.4% and 3.9% (by averaging the differences between overall accuracy of data
sets with four versus 6 and six versus eight spectral band sets) when spatial
resolution increase from 30m to 10m to 4m to 2m, respectively. Overall there
were no statistical significances at 99% level of confidence among classification
accuracies of data sets with more spectral band sets, while the advantage of
using greater spectral bands is statistically significant only at the finest spatial
resolutions and especially when using OBIA/NN. According to Price (1997), the
spectral response from ground features is strongly related to the sensors
spatial resolution.

Figure 7.1 demonstrates the influence of using data sets with three different
spectral bands set on the user and producer accuracies for eleven land cover
classes. In this image 36 users and producer, accuracies were averaged based
on spatial resolution and classifier types to emphasise the variation of a
number of spectral bands. It is evident that the user and producer accuracies
for the entire 11 classes stayed static or increased modestly as the number of

spectral bands increased.
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Figure 7.1. User and producer accuracies of 11 land cover classes highlighting the influence
of spectral resolution (averaging the spatial resolution and classifier types).
Another possible point which may help to increase the accuracy associated
with data sets with eight spectral bands is integrating three additional indices
including Normalized Difference Vegetation Index (NDVI), Normalized
Difference Bare Soil Index (NDBSI), and Normalized Difference Brick Roof Index
(NDBRI). However, for data sets with four and six spectral bands, only NDVI was
considered. The preliminary experiment demonstrates the capability of NDBSI
and NDBRI indices to distinguish between urban impervious surfaces (including
different roofs and road). According to Figure 7.2, the producer accuracies of
those classes with impermeable property using eight spectral band sets
(including NDBSI and NDBRI), performed marginally better than using six and

four band sets (excluding NDBSI and NDBRI).

217 |Page



Chapter Seven

While designing this experiment, the effect of the Hughes phenomenon was
noticed as an influential controlling factor on classification accuracy. This effect
refers to the “curse of dimensionality” where adding spectral bands can, in fact,
reduce classification accuracy, because more statistical demands are being
made of inherently limited or sparse training data. Clearly, any such effect
would counteract the intuitive expectation that added spectral detail should
increase class separation. Overall, there was no noticeable Hughes effect. The
Hughes effect is perhaps more of a concern with higher dimension data, i.e.,
hyperspectral, where it may be necessary to perform data reduction on a data
set with 10s or 100s (referred as a number of spectral bands) (Bruzzone and
Carlin, 2006). It seems WV2’s eight-band data set is sufficiently small not to
invoke any Hughes effect. This is useful and addresses why there is no need to
consider data reduction at the outset of any project, at least from an accuracy
perspective, although there may be other considerations, such as computer

processing time.

7.4 The influence of the choice of classifier

Significant advances in classifier algorithms within recent decades, especially
shifts from pixel to segment, opened up new interest towards enhanced urban
mapping. The next objective of the first part of this research was to
demonstrate the capabilities of three classifiers from ML (a conventional
parametric pixel based classifier) to SVM (a non-parametric pixel-based
classifier), and OBIA/NN on the accuracy of urban mapping. While the choice

of the classifier is important in determining the success of classifying complex
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urban environments, the optimum choice will vary depending on image data
characteristics.

Referring to the results in Section 3.5.4, within the medium spatial scale (i.e.,
10 meters and 30meters), ML performed slightly better followed by SVM and
OBIA/NN, while these improvements were not statistically significant. In
particular, ML algorithm classifies data sets with four spectral bands more
accurately compared to data sets with six and eight spectral bands. Perhaps the
advantage of ML over SVM and OBIA/NN can be addressed through the
possible normal statistical distribution of the medium resolution data sets and
a careful section of training data. This response would be more likely to address
ML advantage because ML achieved the poorest accuracy for more complex
data sets with six and eight spectral band sets at 4m and 2m spatial resolutions.
Because data sets with 4m and 2m spatial resolutions potentially included
noise and a high degree of spectral variability within and between classes, the
data may not have been perfectly distributed normally, and as a result ML
classification may have been impaired (Thomas et al., 2003; Myint et al., 2011).
Another reason can be addressed through the data redundancy, in which
additional spectral bands simply repeat existing spectral information. This
repetitive additional spectral information may add complexity, leading to more
confusion using ML, while more sophisticated classification methods like SVM
and OBIA/NN may be able to deal with this complexity efficiently.

Focusing on medium spatial resolution (i.e., ranging from 30m to 10m), all
classifiers obtained their poorest mapping accuracies, while both ML and SVM

(both pixel-based classifiers) outperformed the OBIA/NN. This clearly can be
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referred to the inadequate level of spatial information to distinguish between
urban features. This can lead to significant misclassification, especially for
OBIA/NN more than other both pixel-based approaches.

Compared to pixel-based classifiers such as ML and SVM, which rely on spectral
differences for mapping, OBIA/NN benefits from the textural and contextual
information in addition to spectral information. Perhaps, the influence of
considering textural and contextual information on mapping accuracy becomes
more apparent when imagery offers an adequate level of spatial and spectral
information depending on the complexity of classification scheme.

According to results in Section 3.5.4, the superiority of OBIA/NN over both the
parametric and non-parametric pixel-based classifiers becomes more evident
on data sets using finest spatial and spectral resolutions. The highest accuracy
of OBIA can be seen in the high quality extracted segments which are a more
realistic and accurate representation of urban features. This only occurred
when the most detailed spatial and spectral information was employed, which
in this study was provided by the WV-2 full eight spectral bands of the VHR.
Perhaps this finding reinforces the opinion that OBIA is particularly well suited
for VHR imagery (Bruzzone and Carlin, 2006; Gholoobi and Kumar, 2015). At
this fine scale of observation within-feature variation is likely, which may well
lead to pixel-based misclassification, but may be mitigated by aggregation at

the scale of the object.

The result highlighted that the accuracy of OBIA is more influenced by the
number of spectral bands compared to pixel-based classifiers. OBIA/NN

showed the most improvement in overall accuracy by involving additional
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spectral bands compared to ML and SVM. For example, the overall accuracy of
OBIA/NN improved by 9% and 8% using two and four additional spectral bands
respectively. This improvement in mapping accuracy was not statistically
different at 99% level of significance (Z value calculated as 2.9) among data sets
with 4 and 8 spectral bands using SVM at 2m spatial resolution, while for similar
2m spatial resolution, there is statistical difference at 99% level of significance
(Z value calculated as 4.5) using OBIA/NN. Perhaps, this can be explained
through the quality of extracted segments. According to a preliminary study,
using additional spectral bands improved the quality of extracted segments in
OBIA and this improvement become more significant in data sets with 4m and
2m spatial resolution. Therefore, the results imply that contemporary VHR
instruments with enhanced spectral capabilities have particular potential for
urban mapping, holding a considerable advantage over early VHR sensors.

It should be noted that to assess the accuracy of pixel- and object-based
classification accuracy, a point-based assessment procedure was adopted,
since this enabled direct comparison between the different classification
approaches. However, some practitioners have recently promoted the uptake
of object-based assessment procedures, suggesting they may provide a more
appropriate test of OBIA outputs (Zhan et al,, 2005; Radouxa et al., 2011;
Stehman and Wickham, 2011).

In this part of the research, broad-leaved trees, needle-leaved trees, and grass
were three green space classes that were considered. Figure 7.2 shows the
accuracy of pixel-based (i.e., ML and SVM) over the object-based (OBIA/NN)

classification according to the user and producer accuracy of averaged three
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vegetated classes (summarising the influence of spectral resolution). While
both the pixel and object classifiers obtained similar user accuracy, the object-
based classifier obtained more accurate producer accuracy compared to pixel-
based classifiers (i.e., MLand SVM). This suggests an advantage of using object-
based over pixel-based classifiers for mapping vegetated areas. Perhaps this
can be addressed by spectral similarity among vegetated classes, and this
becomes challenging when pixel-based classifiers merely rely on spectral
information, while OBIA includes textural information in addition to spectral

information to distinguish between classes with similar spectral diversity.

90 -+
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70
60
50
40
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20
10
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B Object-based

M Pixel-based

User Acc Prod Acc

Figure 7.2. The comparison between the pixel-based and object-based accuracies on
mapping vegetated areas by summarising the influence of spectral resolution.

To optimise OBIA accuracy, it is important to find the most optimised segments
quality which most likely represents real ground features. Regarding the
implementation procedure, SVM and ML are more straightforward than
OBIA/NN. Because finding the most optimum parameters for segmentation are

acquired through trial-and-error and segmentation assessment step. From a
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wider perspective, it can be seen that each of these three classifiers had the
most accurate accuracy when the finest resolution data was available at the
time. For example, ML as earlier classification algorithm performed more
successfully with data sets with medium resolution, while SVM was more
successful data sets with finer resolution. Finally, OBIA/NN as most recently
classification approach achieved the best accuracy when the most spatially and
spectrally data set (WV-2 with 2m resolution and eight spectral band sets) were

used.

7.5 Project requirements versus project resources

This research presents various data and analysis considerations for urban
mapping projects. Other essential consideration relates to project resourcing
since this will have a bearing on both the imagery acquired and the
methodology employed. The results here show that VHR imagery is essential
for accurate, detailed thematic mapping of urban land cover. Unfortunately,
this imagery can be costly, unlike the free provision of all Landsat data.
Moreover, the more advanced image products (i.e., 2m, eight bands WV-3
imagery) tends to be considerably more expensive than basic (i.e., 4m, two
bands) products. Also regarding software and operator resources, OBIA
approaches tend to require more resource than pixel-based classification
approaches. For instance, OBIA involves considerably more operator input than
ML or SVM analysis, some OBIA operations require substantial computer
processing resources, and OBIA packages can be relatively costly. This

experiment found OBIA classification of 2m spatial resolution, eight spectral
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bands imagery most accurate, though this combination is perhaps the most
expensive regarding resourcing. Satisfactory, cheaper alternatives may exist,
depending on user requirements. Here, for instance, SVM classification of 2m,
four band data resulted in only a relatively modest decrease in accuracy against
the maximum, and this approach would incur considerable savings regarding
data costs (4 bands WV-2 or WV-3 imagery), software requirements (no OBIA

purchase) and workforce (reduced operator time).

7.6 Sparse representation and Landsat data

The overall accuracy of performing sparse representation on original Landsat
data, and their corresponding pan-sharpened versions, plus original WV-2
imagery were demonstrated in both Figures 5.9 and 6.7. However, Figure 7.3
demonstrates on the overall accuracies by performing the sparse
representation on Landsat data and their corresponding pan-sharpening

versions with regards to three scenarios.
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Figure7.3. the overall accuracies of Landsat data and its spatially enhanced versions (i.e.,
using SVM classier), representing through three scenarios.

As per Figure 7.3, performing sparse representation on Landsat data enhanced

their mapping accuracy by 9%, 15%, and 7% in the first, second, and third

scenarios respectively (Note: only SVM classifier). However, these mapping

accuracies were improved more significantly by 22%, 18%, and 22% in the first,

second, and third scenarios respectively (Note: only SVM classifier) when

sparse representation was performed on pan-sharpened Landsat data.

Referring to Tables 5.12 and 6.8, these mapping accuracy enhancements were

statistically significant at a 99% level of confidence, whether performing the

sparse representation of original or pen-sharpened Landsat data.
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7.7 Sparse representation and pan-sharpened

Landsat data

As Figure 7.3 shows, performing sparse representation on pan-sharpened
Landsat was more successful than performing directly on original Landsat data
for all three scenarios. Results in Chapters 5 and 6 showed that performing
sparse representation on pan-sharpened Landsat data outperformed carrying
out sparse representation on original Landsat data by 13%, 3%, and 15% for
first, second, and third scenarios respectively. According to Figure 5.12, there
is a statistically significant difference between performing sparse
representation on Landsat data and its pan-sharpened version in the first
scenario. However, the result of the McNemar test (Figure 6.8) revealed that
there is no statistically significant difference between performing sparse
representation on Landsat data and their pan-sharpened versions, by
consideration of spatial or temporal separation between training image and
Landsat data. This statistical significance only occurred when the training image
was spatially and temporally coincident with Landsat data. This result suggests
that while performing sparse representation on the pan-sharpened version is
more likely to outperform its original data set, in such applications where there
is a spatial and temporal separation between training and the input image, it is
more likely that these advantages occur without significant statistical

differences.
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From a visual perspective, spatially enhanced land cover maps using sparse
representation method offers greater thematic information compared to their
original data sets (Figure 7.4).

The success of spatially enhanced both pan-sharpened Landsat data and the
original Landsat data, using the sparse representation method depends on the
level of spatial information provided by both pan-sharpened/original Landsat
images. In this case, the spatial information, which is offered by pan-sharpened
Landsat data, is more detailed than original Landsat data (Figure 5.7). For
example, while each pan-sharpened Landsat data’s pixel represents an area of
15m x 15m (225m?) on the ground, each pixel of Landsat data cover an area of
900m? (300m x 300m) on ground surface. Furthermore, the magnification
degree is an important factor affecting the performance of the sparse
representation methods. In fact, increasing the spatial resolution of Landsat
data directly from 30m to 2m means to estimate the spatial information of 225
pixels with a 2m resolution from a 30m resolution pixel of Landsat imagery.
However, increasing the spatial resolution of pan-sharpened Landsat data from
15m to 2m means to estimate the lost spatial information of 56 pixels with a
2m resolution from a 15m resolution pixel of pan-sharpened Landsat OLI.
Because, the estimation of the spatial information of 225 pixels with 2m
resolution from a single 30m resolution of Landsat imagery is a more
challenging task compared to estimating the spatial information of 56 pixels
with 2m resolution from a single 15m resolution of pan-sharpened Landsat
imagery. It can be suggested that performing the sparse representation

method on pan-sharpened Landsat imagery is more likely to obtain more

227 |Page



Chapter Seven

accurate results compared with performing sparse representation method on

original Landsat data (Figure 7.4).

Figure 7.4.b, enhanced Landsat OLI 2m

Land cover class
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Figure 7.4. 3 small subsets with 750m x 750m size of land cover maps representing when

there is spatial and temporal coincident between WV-2 and Landsat OLI (a); Landsat OLI

with 30m, (b); enhanced pan-sharpened Landsat OLI using sparse representation method
with 2m resolution, (c); actual WV-2 imagery with 2m resolution.

7.8 Classification scheme and the overall mapping

daccuracy

While performing sparse representation enhanced the mapping accuracy of

Landsat data for three scenarios whether on original Landsat data or their
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corresponding pan-sharpened versions, the mapping accuracy of sparse
representation on the second scenario obtained the highest accuracy
compared to their corresponding results of first and third scenarios. For
example, the classified overall accuracy of Landsat data spatially enhanced
through performing the sparse representation in the second scenario obtained
59% and 74%, while these figures were 54% and 63% in the first scenario and
49% and 56% in the third scenario, respectively.

This advantage of mapping Derby can be attributed to the different
classification schemes used in the second scenario compared to first and third
scenarios. The overall accuracies of the Landsat imagery and its two spatially
enhanced versions achieved higher for Derby compared than Nottingham
(Figure 6.7 on P.196). Since these superiorities are valid not only for spatially
enhanced Landsat images, the overall accuracy of the classified land cover of
the original Landsat imagery in Derby outperformed the classified land cover in
Nottingham. This higher overall accuracy can be attributed through the
different classification schemes which used in Nottingham and Derby. In fact,
while the classification scheme was used for Nottingham involved eight-
members, slate roof class was merged into other roof tiles class forming
classification scheme with seven members for Derby. Since, there was
noticeable misclassification between the slate roof and other roof tiles,
merging these two classes helped to improve the overall accuracy of
classification for Derby. For example, the producer accuracies of other roof
class in the third scenario (i.e., classification scheme with 8 class members)

obtained 0%, 68%, and 60% for Landsat data, spatially enhanced Landsat data
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through sparse representation, and spatially enhanced pan-sharpened Landsat
data through sparse representation, respectively. However, these figures
improved to 53%, 70%, and 79% in the second scenario (i.e., classification
scheme with 7 class members) for their three corresponding data sets.

According to Stehman (2009), increasing the detail of classification schemes
can lead to a reduction in the classification accuracy. For example, as a part of
the US National Land Cover Data set, Vogelmann et al. (1998) reported a 21%
decrease in the overall mapping accuracy when the classification scheme
changed from the very general Anderson level | to the more detailed Anderson

level Il.

7.9 Classifier choice

The influence of classifier type has been explained in more detail in Section 7.4,
while this second part focuses on the compatibility of both non-parametric
pixel and object-based classifiers (i.e., SVM and OBIA/SVM) to classify the
spatially enhanced data set using sparse representation method. Although the
accuracy of using SVM and OBIA/SVM were similar in both enhanced Landsat
OLI through the pan-sharpening and sparse representation methods, SVM with
76% overall accuracy outperformed OBIA/SVM with 70% overall on classifying
the enhanced Landsat OLI by performing sparse representation on pan-
sharpened and original Landsat OLI.

Careful visual assessment on segmented spatially enhanced Landsat data
revealed that using the sparse representation method allocates the values of

the pixels (i.e., digital number) in the way that the pixel’s values gradually
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change from the centre of a homogeneous feature. As result, instead of
representing an actual homogeneous feature as one object, it is more likely
that an actual homogeneous feature represents with several smaller objects
(i.e., over-segmentation). Furthermore, referring to the outcome of the first
part of this these, OBIA/NN has the highest accuracy when the most spatially
and spectrally data set was used (i.e., 2m resolution and full eight spectral
bands) were used, while here the number of spectral bands was limited to four
and the level of spatial information was not the same as the actual WV-2

imagery.

7.10 Training image characteristics

This section discusses the importance of the spatial properties of the training
image (i.e., spatial resolution and spatial coincident) referring to input coarse
resolution on the of sparse representation accuracy.

The influence of varying spatial resolution of the training image on sparse
representation’s accuracy has not been studied previously. Because Yang et al,
(2010) assumed that the sparsity vector is similar to an H-resolution image and
its degraded version; they claimed that the effect of using finer spatial
resolution imagery for training could be marginalised, which means images
with coarser resolution can be considered to be used as the training image. As
a preliminary study, three small subsets of WV-2 imagery degraded to 15m and
30m spatial resolutions and were considered as training images to spatially
enhanced Landsat OLI imagery. The initial visual assessment showed that using

those three different training images successfully increased the spatial
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information of Landsat OLI, while the level of spatial information became
greater when a finer resolution training image was used. The training image
with 2m spatial resolution offers sharper and clearer edges followed by training
images with 15m and 30m spatial resolution. Perhaps, this result suggests that
the level of spatial resolution of the training image is important for sparse
representation in such detailed urban applications.

Next, as a result of dictionary training, both L\H-resolution dictionaries
represent the structure of the training images. Since the training image is the
only source used to train both L\H-resolution dictionaries, the statistical
similarity (i.e., texture variations, land cover types, and structural patterns)
between training and input coarse resolution images has a significant role in
the success of sparse representation (Yang et al., 2010). It would be useful to
review a summarised concept of the sparse representation and the roles of
L\H-resolution dictionaries (Note: refer to Section 4.8 for more detailed
explanation). This explanation helps to understand the importance of statistical
similarity between training and input coarse resolution image on the accuracy
of the sparse representation method.

Referring to the concept of this method, both L\H-resolution dictionaries are
generated within the training phase, and they are used to compute other key
parts, including the sparsity vector and estimating the lost spatial information
of the input coarse resolution image (i.e., Landsat data).The sparsity vector of
patch k (s;) can be determined through the L-resolution dictionary (D;) and its
corresponding patch k from input coarse resolution image (P,i) (formula
number (12): IP — D, s;ll, < €). Next, the same computed sparsity vector for
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patch k (s) is multiplied into the high-resolution dictionary (Dy) to estimate
the lost spatial information of patch k (P,?) (assumption 4: P,? =Dy, si). Yang et
al. (2010) emphasised that formula number 12, and assumption 4 are validated
when the isometry condition occurs between the training and input coarse
resolution images.

According to Figures 5.7 and 6.4, the spatially enhanced Landsat data offered a
greater level of spatial information when there is a spatial coincidence between
training and input coarse resolution images. This highlighted the essentiality of
the statistical similarity between the training and input coarse images. It could
be, concluded that the training image represents similar statistical nature (i.e.,
texture variations, land cover types, and structural patterns) of the input coarse
resolution image to obtain finer sparse representation accuracy. For example,
using a training image with mostly coverage of vegetation to increase the
spatial resolution imagery of imagery covering a dense urban landscape would
be unlikely to satisfy the isometry condition which is required to validate the
sparse representation assumptions, and therefore leading to the unsatisfactory
result.

Next, it is an important to consider phenology when selecting the training
imagery. The urban landscape contains vegetated areas, which are in their
highest abundance in the summer (in general, in the temperate environment
of the UK). It is important to consider the element of phenology between
training and input coarse resolution images to optimise the statistical similarity

between these two data sets.
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7.11 Zoom factor

The zoom factor is another parameter with significant influence on the sparse
representing accuracy. This factor acts as the spatial resolution magnification
degree of input coarse resolution Imagery within the reconstruction phase.
Conversely to previous studies (Song et al., 2005; Yang et al., 2010), in which
used the maximum zoom factor was limited to 3; this research assessed the
capability of sparse representation by using two zoom factors 7.5 and 15.

According to results, the accuracy of sparse representation on pan-sharpened

Landsat data with zoom factor 7.5 (f—s) outperformed the accuracy of sparse

. . . 30 )
representation on original Landsat data with zoom factor 15 (2—7:1). This result

suggests that the accuracy of the sparse representation method is more likely
to degrade rapidly using a greater zoom factor.

Compared to increasing the spatial resolution of Landsat data from 30 to 2m
(zoom factor =15), because of allocating lower zoom factor (i.e., 5); it is more
likely that increasing the spatial resolution of more recent medium resolution
data sets (i.e., Sentinel-2) with finer spatial resolution (10m) offers greater level
of spatial information.

During this study, it has been discovered that allocating the same zoom factor
for both training and reconstruction phases is more likely to produce a more
accurate result. In fact, this condition helps the trained L-resolution dictionary
match the spatial resolution of input coarse imagery. This is particularly
important because the sparse vector is computed through L-resolution

dictionary and input coarse resolution image (i.e., Landsat data) and this sparse
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vector will be used to estimate the lost spatial information of input coarse

resolution image.

7.12 Sparse representation algorithm

The sparse representation algorithm which is used in this thesis was locally
based by performing it on patches, rather than the entire image. Compared
with other learning-based SRR methods, this sparse representation method
reduced the size of the training database leading to quicker processing time
(Sun et al., 2003). Yang et al. (2008) claimed that this size and dimensionality
of training database, which is extracted as raw patches from training samples,
is sufficient for the purpose of sparse representation accuracy.

While conventional dictionary training procedures generate low and H-
resolution dictionaries in two separate steps (i.e., K-SVD algorithm (Aharon et
al., 2006), this sparse representation method employed a recently developed
joint dictionary training (Pham et al.,, 2008; Dong et al., 2011), therefore
training both low and H-resolution dictionaries together in a single processing
step. Thus, joint learning dictionary methods require significantly less database
space compared to K-SVD training dictionary, resulting in a quicker processing
time.

Elad and Aharon (2006) claim that this sparse representation is more robust to
the noise of the training image, and, due to linear programming, the
computation process of this sparse representation is reasonably efficient and
scalable (Yang et al., 2008). Furthermore, unlike most of the other learning-

based SRR methods, this sparse representation method can perform both
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denoising and spatial enhancement tasks simultaneously and generates both
realistic textures and sharp edges from the single input image (Yang et al.,
2010). However, this joint dictionary training method does not guarantee that
the sparse representation of input coarse resolution image patch can be well
reconstructed its underlying HR image patch. In response to this, Cheng (2015)
reported that sparse representation methods remain extremely ill-posed
because there are infinitely a significant number of H-resolution images which
satisfy the reconstruction constraint assumption for input coarse resolution

image (i.e., Landsat data).

7.13 Applications

7.13.1 Urban mapping

The dynamic development of urban areas requires frequent updating of
existing databases. Heiden et al. (2007), reported the need for frequent
mapping of the urban areas. Relying on VHR imagery for frequent mapping of
urban areas is a costly task. As an alternative path, the sparse representation
method can be adopted to increase imagery’s spatial resolution. The images
spatial characteristics can be defined according to the complexity of the
classification scheme. According to the result of this thesis, Landsat data can
be spatially enhanced using a WV-2 imagery to map generalised urban mapping
applications. However, for urban application with a more complex classification

scheme, perhaps SPOT with the panchromatic band would be a better option.
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7.13.2 Historical applications

The thesis demonstrates the capability of sparse representation for historical
applications. However, performing sparse representation on pan sharpened
Landsat ETM+, enhanced mapping accuracy of Landsat ETM+ significantly (by
22%) compared to performing sparse representation on pan sharpened
Landsat ETM+ (by 8%). However, the availability of the panchromatic band of
Landsat data was limited to the ETM+ and OLI sensors, which have only been
available since 2000. The practicality of the sparse representation for older
Landsat data generations (i.e., Landsat MSS and TM) can be more significant
for applications with more generalised classification scheme.

Additionally, the statistical similarity between training and coarse resolution
image was highlighted (in training image characteristics Section) as an essential
factor to the success of sparse representation method on mapping complex
urban areas. Regarding historical applications, it would be recommended to
consider the spatial coincident factor to optimising the sparse representation
accuracy. For example, for spatially enhanced Landsat data of Sheffield, it
would be better if a VHR image of Sheffield was used as the training image.
Conversely, one of the challenges of using sparse representation method for
historical applications would be accessing the reference data for the validation
procedure. The possible resources for collecting historical reference data are
typically limited to historical maps and images which may not offer an adequate

level of detail for selecting reference data.
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7.13.3 Disaster management

The validity of sparse representation method can be extended to wider
applications. For example, looking towards a Sentinel era where medium
resolution imagery, with a spatial resolution three times finer than Landsat
data (10m resolution in RGB and NIR spectral bands) are becoming available
freely (i.e., Sentinel-2 and more than five-year-old SPOT). Furthermore,
Sentinel-2 offers shorter revisit (5 days, but with different viewing angles) and
wider coverage (290km swath width), compared to Landsat data with a 16-day
revisit and 165km swath width. Because the sparse representation procedure
involves two separate phases, the trained dictionaries could be reserved for
future tasks. These available training dictionaries and the Sentinal-2 short
revisit time (5 days) and spatial resolution (10m) can be used for disaster
management applications. For example, in the case of disaster occurs the
reserved trained dictionaries can be used to increase the spatial resolution of

Sentinel-2 to map buildings damage.

7.14 Summary

Overall, sparse representation was successful in enhancing the mapping
accuracy for Landsat data. This study demonstrated the potential of the sparse
representation method for historical applications and applications which
require spatial transferability. The accuracy of sparse representation would be
finer if the input coarse resolution images offered a panchromatic band, which
could then be utilised. This single band with finer spatial resolution ensures the

possibility of performing sparse representation on the pan-sharpened version
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of data sets rather than its original version. This mapping accuracy can be
identified as improving the producer accuracies of each land cover class as
demonstrated in Figures 7.5, 7.6, and 7.7, for first, second, and third scenarios,
respectively. As discussed in Section 5.8, the overall mapping accuracy of
spatially enhanced Landsat OLI imagery using sparse representation and pan-
sharpening methods obtained 13% and 22% less accuracy when compared to
WV-2 imagery. In fact, there is a clear visual difference between the level of
spatial information produced by performing sparse representation on pan-
sharpened Landsat OLI and level of spatial information offered by WV-2
imagery (refer to Figure 7.4). However, regarding the free cost of Landsat data
compared to the significant cost of WV-2 imagery, the enhanced level of spatial
information of Landsat data using sparse representation method, may satisfy
several applications including urban mapping. It should be highlighted that the
accuracy of sparse representation can be even more significant if using free
remotely sensed multispectral products with finer spatial resolution (i.e.,
Sentinel-2 and SPOT with 10m) or applications which required more
generalised classification system (compared to classification scheme used with

eight class members).
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Figure?7.5. The producer accuracies of Landsat OLI of Nottingham and theirs’s
spatially enhanced versions when there are spatial and temporal coincident between
Landsat OLI and WV-2 (the first scenario).
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Figure7.6. The producer accuracies of Landsat OLI of Derby and theirs’s spatially enhanced
versions when there is a spatial separation between Landsat OLI and WV-2 (the second
scenario).
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Figure7.7. The producer accuracies of Landsat ETM+ of Nottingham and theirs’s spatially
enhanced versions when there is a temporal separation between Landsat ETM+ and WV-2
(the third scenario).

7.15 Conclusions

In conclusion, this thesis has

Reaffirmed the importance of the spatial resolution of remotely sensed data
for urban land cover mapping.

Demonstrated the advantages of non-parametric classifiers (i.e., NN and SVM)
compared to parametric classifiers (i.e., ML) for urban land cover classification.
Highlighted the influence of spectral improvements of the recent VHR sensor
over to conventional multi-spectral seasons with four spectral bands sets.
Illustrated the effectiveness of sparse representation as a method to enhance
the spatial resolution of Landsat data for urban land cover mapping.

241 |Page



Chapter Seven

Demonstrated that the sparse representation method can be transferred over

space and time, highlighting the influence of the parameters around its use.

7.16 Future work

7.14.1 Applications

The thesis demonstrated the capability of sparse representation to spatially
enhanced medium multispectral data sets (i.e., Landsat OLI and Landsat ETM+)
for urban mapping. However, future work could assess the accuracy of sparse
representation in more general urban applications such as urban creep, urban
growth, urban imperviousness, and urban land cover monitoring. Most of these
applications can be defined using more a generalised classification scheme (i.e.,
impermeable and permeable classes for imperviousness mapping) compared
to the classification scheme which was used (with eight and seven members
for Nottingham and Derby, respectively). As a result, it is more likely that
performing sparse representation on Landsat data would be more successful
for these applications compared to the result found in this thesis.

For more specific examples of urban applications, it would be interesting to
demonstrate the sparse representation potential for mapping more detailed
tree species and roofs materials. Mapping two tree types (i.e., broad-leaved
and needle-leaved trees) using WV-2 imagery with 2m spatial resolution in the
first part of the thesis. However, because of coarser spatial information offered
by spatially enhanced Landsat data using sparse representation, these two tree

species merged into a tree class. Perhaps, as a future work, it would be
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suggested to perform sparse representation on Sentinel-2 and SPOT data sets
with finer spatial resolution compared to Landsat data (10m against 30m) for
mapping more detailed tree species. McHale et al. (2007) emphasised the
importance of detailed inventories of urban vegetation for conservation,
planting and maintenance applications of urban trees.

Identifying roof types using remotely sensing technology is becoming a new
area of the interest (Taherzadeh et al.,, 2014; Samsudin et al., 2015; Osinska-
Skotak and Ostrowski, 2015). The classification scheme of this thesis was
limited to four types of roof materials (metal, concrete, slate, and clay). The
potential future study includes an assessment of the accuracy of sparse
representation on Sentinel-2 and SPOT data sets, for the identification of

different roofing materials.

7.14.2 Sparse representation algorithm

Although both WV-2 and Landsat OLI offer eight multispectral optical bands;
because of spectral dissimilarity, only four spectral bands of WV-2 were used
to enhance its corresponding bands of Landsat data. The importance of using a
higher number of spectral bands for detailed urban mapping was
demonstrated within the first part of the thesis (Chapter 3). As a result, it would
be valuable to investigate the possibility of utilising other dissimilar spectral
bands between WV-2 and Landsat OLI (i.e., using NIR2 of WV-2 as training to
enhance SWIR1 and 2 of Landsat OLI), for instance.

As a preliminary study, the capability of sparse representation was assessed by

comparing WV-2 against raw and pan-sharpened versions of Landsat OLI, to
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spatially enhance Landsat OLI. It was found that using finer spatial resolution
imagery as a training database was more successful for increasing the spatial
information of Landsat OLI. Since starting working on this thesis, new sensors
with finer spatial resolution emerged. In medium resolution category Sentinel-
2 with 10m spatial resolution on four spectral bands (i.e., RGB and NIR spectral
bands), while in the VHR category VW-3 imagery with a spatial resolution of
1.36m on eight spectral bands (similar spectral variation as WV-2). The
availability of such data sets with finer spatial resolution suggests the finer
accuracy of sparse representation and becoming eligible for wider applications
which are required a greater level of spatial information.

As previously discussed in Section 7.12, it is important that the dictionary
represents the similar statistical nature (i.e., texture variations, land cover
types, and structural patterns) of input coarse resolution imagery. The role of
dictionary size becomes more important for large-scale urban applications,
which use a single imagery as the training database. In this thesis, the number
of samples and dictionary size were allocated as 100,000 and 2,048. It may be
a good idea to explore the sparse representation accuracy by using a greater
sample number and dictionary size, while it should be noted that increasing the
values of these parameters would significantly increase the computation
processing time.

This sparse representation method works in a patch-based manner and
spatially enhanced imagery recovered through individual patches. Elad (2015)
claimed that allocating a larger patch size can increase the possibility of

overlapping between patches because it is expected that averaging two values
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for a pixel offers more realistic results compared to a single estimation for the
pixel. However, increasing the patch size can significantly increase the
computation processing time. Two different patch sizes were used in the thesis,
15 for zoom factor 7.5 and 30 for zoom factor 15. As a future study, the
influence of adopting greater patch size can be considered on the accuracy of

sparse representation.
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8. Appendix

8.1 OBIA procedure for data sets with 30, 10, and 4m
spatial resolution from Chapter 3
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Figure A.1. Multi-stage object-based classification (OBIA) procedure for data sets with 30,
10, and 4m spatial resolution (Regarding Chapter3).
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Appendix

8.2 The remaining 30 error matrices from Chapter 3

Overall Accu: 83% Reference data
Kappa Coeff: 0.82 e
* * - -
5 3 5 3
Class @ 5 5 W o g
T = 3 § e 8 3z ¢ S
o &£ 8 BT 3T S 8 ¢ ® 5 g «
5 2 8 ¢ § & & 5 = 5 & 2
@ <« 2 ®© 2 U 2 » » O U >
Bare soil 24 0 O 0 0 1 4 0 0 O 0 83
Asphalt 0 34 O 0 0 1 0 1 0 1 0 92
Water 0O 0O 43 0 0O 0O O 0O o0 o 0 100
Broad L trees* 1 0 0 38 20 1 0 0 0 o 2 61
Needle L trees* 0 0 0 3 18 0 O 0 o0 O 0 86
Clay roof 3 1 0 0 0 29 O 1 0 6 1 71
Metal roof 0O 0 O 0 0O O 36 0 0 O 0 100
Slate roof 0 2 0 0 0 1 0 34 0 2 0 87
Shadow 0O 0 O 0 0O 0O O 0 39 o0 0 100
Concrete roof 1 6 0 0 0 7 0 4 0 32 0 64
Grass 1 0 O 1 0O 0O 0 O 1 0 38 93

Produceraccuracy% 80 79 100 90 47 73 90 85 98 78 93

_Table A.1. The error matrix for performing OBIA on WV-2 with 2m spatial resolution and six
spectral bands.

Overall Accu: 74% Reference data
Kappa Coeff: 0.72 ©
* * - °>
4 3 o o
Class @ 5 S W 2 g
— - - "'6 o o ()] 3
[} = -l () ° - o 3 ‘q'; Q
s £ 8 3 T S FE s 8 & 8 =
£ s 8 8 ¢ 7 8 8 B s & B
@ <« 3 @ 2 0O 2 ®» »w O 6 >
Bare soil 20 2 0 0 0 4 1 0 0 2 0 69
Asphalt 0 32 O 0 0 1 1 2 0 3 0 82
Water 0 0 43 O 0 0 0 0 0O O 0 100
Broad L trees* 0 0 0 35 17 O 0 0 0 0 5 61
Needle L trees* 0 0 0 2 19 O 0 0 0 0 0 920
Clay roof 10 1 0 1 1 23 1 5 1 9 1 43
Metal roof 0 0 0 0 0 0 35 O 0O O 0 100
Slate roof 0 4 0 0 0 1 0 23 2 1 0 74
Shadow 0 0 0 0 0 0 0 0 33 O 0 100
Concrete roof 0 4 0 1 0 11 O 9 0 26 0 51
Grass 0 0 0 3 1 0 2 0 4 0 35 78

Producer accuracy% 67 74 100 83 50 58 88 59 83 63 85

Table A.2. The error matrix for performing OBIA on WV-2 with 2m spatial resolution and
four spectral bands.
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Overall Accu: 71%

Kappa Coeff: 0.68 ®
R 5 g
Class @ 5 5 . o g
- - - S o o ] o
g & . =2 « 8§ = 2 2 ®© o
o £ & B T = ® o -8 & 4 -
§ & 8 °© ¢ ¥ &8 5 5 5 & 2
@ €< 2 @& 2 U 2 »w v O O o5
Bare soil 18 0 0 0O 0O 3 4 0 0 4 0 62
Asphalt 1 33 0 0O o0 1 4 14 2 7 0 53
Water 0O O 3 0 0 0 0 o0 o0 o 0 100
Broad L trees* 0 2 1 34 38 2 0 1 1 0 5 63
Needle L trees* 0 0 0 6 26 0 0 O 1 0 0 79
Clay roof 6 0 0 1 0 22 1 O 1 5 0 61
Metal roof 2 0 0 0 O 1 3@ 1 0 O 0 89
Slate roof 0 2 2 0O o0 1 0 21 1 3 0 70
Shadow 0 O 3 0 o0 1 0 1 32 0 0 86
Concrete roof 1 3 1 0 1 7 0 4 2 22 0 54
Grass 2 2 0 1 3 2 0 0 0 0 35 78
Produceraccuracy% 60 79 83 81 68 55 78 50 80 54 88

Table A.3. The error matrix for performing OBIA on degraded WV-2 with 4m spatial

resolution and six spectral bands.

Overall Accu: 68%

Kappa Coeff: 0.48 °
* * - °>.
s g 5 3
Class @ 5 S . o ©
— - - "6 o o ()] 3
[} = -l ) ° - o 3 "6 Q
s £ &2 3 3 - % 2 8 5 8 =
£ 8 5 8 $ 7 8 8 B 5 & B
@ €« 3 @ 2 U 2 »w v O 6 >
Bare soil 26 2 0 0 0 8 7 0 0 2 0 58
Asphalt 0 27 O 0 0 2 1 3 2 2 0 73
Water 0 0 34 O 0 0 0O 0O O O 0 100
Broad L trees* 0 1 2 38 18 3 0 1 2 0 16 47
Needle L trees* 0 1 0 3 17 1 0 0 1 0 0 74
Clay roof 1 1 0 0 1 13 0 O 1 5 0 59
Metal roof 0 0 2 0 0 0O 29 0 0 O 0 94
Slate roof 1 4 1 0 0 0 0 29 1 3 0 74
Shadow 0 0 3 0 0 1 0 1 31 O 0 86
Concrete roof 0 5 0 0 0 12 1 8 1 29 0 52
Grass 2 1 0 1 2 0 2 0 1 0 24 73
Produceraccuracy% 87 64 81 90 45 33 73 69 78 71 60

Table A.4. The error matrix for performing OBIA on degraded WV-2 with 4m spatial
resolution and four spectral bands.
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Overall Accu: 49%

Kappa Coeff: 0.44 °
2 Y 5 g
Class @ 5 5 . o g
- - - S o o ] o
g & . =2 « 8§ = 2 2 ®© o
o £ & B T = ® o -8 & 4 -
§ & 8 °© ¢ ¥ &8 5 5 5 & 2
@ < 2 @& 2 U 2 »w v O O o5
Bare soil 19 1 0 o o 3 9 0 o0 3 0 54
Asphalt 1 23 3 0O 0 9 1 9 8 5 1 38
Water 0O O 3 0 O 0O 0O 0 o0 o 0 100
Broad L trees* 3 3 1 19 19 5 1 5 3 13 5 25
Needle L trees* 1 2 2 9 17 3 0 1 5 4 2 37
Clay roof 1 3 0 4 0O 18 O 5 2 4 0 49
Metal roof 0 O 0 0O O O 24 0 2 O 0 92
Slate roof 1 4 2 0 0 0 0 14 9 1 0 45
Shadow 0 O 1 0O 0O O O o0 5 o0 0 83
Concrete roof 0 5 0 2 0 1 1 6 4 11 2 34
Grass 4 1 0 8 1 1 4 1 2 0 30 58
Produceraccuracy% 63 55 79 45 46 45 60 34 13 27 75

Table A.5. The error matrix for performing OBIA on degraded WV-2 with 10m spatial
resolution and six spectral bands.

Overall Accu: 43%

Kappa Coeff: 0.37 ©
* * °
" () "'6 a
y ¢ o I
Class 9 5 5 e 2 =
= hed -1 ‘s o o 9 3
[} = -l ) ° — 2 3 ‘q'; Q
s 2 8 3 % S F s 85 8 +
5 2 &8 9 § ® 3 5 2 § © ¢
@ &« 2 ® 2 0O = » »& O 6 3
Bare soil 13 1 0 0 0 4 4 0 2 2 1 48
Asphalt 0 13 10 O 0 2 0 10 5 2 0 31
Water 0 0 26 O 0 0 0O 0O O O 0 100
Broad L trees* 1 1 1 13 13 O 0 0 0 0 11 33
Needle L trees* 3 1 1 16 23 5 0 3 5 7 7 32
Clay roof 7 5 0 7 0 23 4 7 8 13 O 31
Metal roof 1 1 1 0 0 0 29 O 2 0 0 85
Slate roof 1 0 2 0 0 0 0 11 4 2 0 55
Shadow 0 0 0 0 0 0 0 O 6 O 0 100
Concrete roof 0 16 1 3 0 5 0 8 7 11 2 21
Grass 4 4 0 3 1 1 3 2 1 4 19 45
Produceraccuracy% 43 31 62 31 62 58 73 27 15 27 48

Table A.6. The error matrix for performing OBIA on degraded WV-2 with 10m spatial
resolution and four spectral bands.
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Overall Accu: 34%

Kappa Coeff: 0.27 )
* *
g 3 8 g
Class [T S o e g
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()] < 3 -g - = S [} ] o & -
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@ &« 3 & 2 T =2 » » O U >
Bare soil 12 2 1 0 O 2 19 4 4 0 0 27
Asphalt 1 5 1 1 0 6 1 3 6 6 1 16
Water 0O 0 24 0 O O O O o0 o 1 96
Broad L trees* 4 2 4 20 19 8 O 5 5 5 11 24
Needle L trees* 3 7 8 4 8 5 0o 3 6 6 3 15
Clay roof 0 7 1 2 o 7 1 3 2 1 0 29
Metal roof 2 0 0 0O 0O 0 12 0 2 1 0 71
Slate roof 2 4 1 2 0 0 0O 18 9 1 0 49
Shadow 0 O 0 0O 0O O O o o0 o 0 0
Concrete roof 3 15 O 6 3 12 6 5 5 22 4 27
Grass 3 0 2 7 7 0 1 0 1 1 20 48
Produceraccuracy% 40 12 57 48 22 18 30 44 0 51 50

Table A.7. The error matrix for performing OBIA on degraded WV-2 with 30m spatial

resolution and six spectral bands.

Overall Accu: 31%

Kappa Coeff: 0.24 °
[ 5 g
Class @ 5 5 o o g
- - - S o o ] o
g & , =2 « 8§ = 2 32 ®© o
o £ & B T = ® o 8 & 4 -
§ & 8 °© ¢ ¥ &8 5 5 5 & 2
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Bare soil 12 1 1 0O 0O 0 15 1 1 0 0 39
Asphalt 3 8 3 2 0 5 8 8 10 4 2 15
Water 0 23 o0 O O O O O o o 1 96
Broad L trees* 2 1 1 13 19 5 0 4 3 6 6 22
Needle L trees* 3 7 10 4 6 6 0 3 8 6 5 10
Clay roof 0 7 1 3 1 6 1 3 4 6 2 18
Metal roof 0 O 0 0O O 0 12 0o 3 O 0 80
Slate roof 1 3 0 0 0 0 0 17 6 2 0 59
Shadow 0 O 1 0O 0O O O o o0 o 0 0
Concrete roof 3 14 O 7 2 17 3 5 3 17 1 24
Grass 6 1 2 13 9 1 1 0 2 2 23 38
Produceraccuracy% 40 19 55 31 16 15 30 41 0 40 58

Table A.8. The error matrix for performing OBIA on degraded WV-2 with 30m spatial
resolution and four spectral bands.
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Overall Accu: 51%

Kappa Coeff: 0.46 °
% 5 g
Class @ 5 5 . o g
- - - S o o ] o
=] = - ) ) - o 3 7] Q
o £ &8 3T ® S 8 ¢ 8 & g =«
§ & 8 °© ¢ ¥ &8 5 5 5 & 2
@ €< 2 @& 2 U 2 »w v O O o5
Bare soil 17 0 0 0 o 4 2 0 O 1 0 71
Asphalt 1 21 1 0 0 3 1 12 7 6 2 39
Water 0 0 37 0 0 0O 0O O o0 o 0 100
Broad L trees* 2 3 0 21 16 3 0 3 2 9 6 32
Needle L trees* 2 2 2 10 17 5 0o 2 5 8 5 29
Clay roof 1 5 0 4 0 21 O 1 2 6 0 53
Metal roof 1 0 0 0 0 1 3 0 2 O 0 89
Slate roof 1 2 2 0 0 0 0 14 10 1 0 47
Shadow 0 0 0 0 0 0O 0O O 5 o0 0 100
Concrete roof 0 8 0 2 0 2 2 8 6 9 1 24
Grass 5 1 0 5 4 1 2 1 1 1 26 55
Produceraccuracy% 57 50 88 50 46 53 83 34 13 22 65

Table A.9. The error matrix for performing OBIA on degraded WV-2 with 10m spatial
resolution and eight spectral bands.

Overall Accu: 35%

Kappa Coeff: 0.29 ©°
* o

5 3 5 g
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= hed -1 S o o 9 3
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o &£ 8 3T T 2 B o 8 5 8 =
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Bare soil 17 2 1 1 0 0 9 0 0 0 3 52
Asphalt 3 11 14 5 1 9 10 14 12 5 1 13
Water 0 1 17 O 0 0 1 1 4 0 2 65
Broad L trees* 1 0 0 10 6 0 0 0 1 0 2 50
Needle L trees* 1 3 6 5 12 1 0 1 2 1 6 32
Clay roof 2 7 1 1 5 20 2 5 4 10 3 33
Metal roof 1 0 0 0 0 0 5 0 1 0 0 71
Slate roof 1 3 0 0 0 0 0 15 5 2 0 58
Shadow 0 0 0 0 0 0 0 0 0 0 0 0
Concrete roof 0 14 1 11 1 10 1 5 9 24 3 30
Grass 4 1 2 9 12 0 12 O 2 1 20 32

Produceraccuracy% 57 26 40 24 32 50 13 37 0 56 50

Table A.10. The error matrix for performing OBIA on degraded WV-2 with 30m spatial
resolution and eight spectral bands.
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Overall Accu: 86%

Kappa Coeff: 0.85 °
* *
g 3 8 g
Class o 5 S . o g
—_ - ] S o o 9 o
g £ . 2 @ 8§ X 2 2 9 S
()] - 3 -g © = S [} ] [~ & -
5 9 § 2 ¢ § & 5 2 § £ 2
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Bare soil 28 O 0 0O 0O 0 o 0 0 O 0 100
Asphalt 2 39 4 0 o0 1 0 2 0O o 0 81
Water 0O 0 32 0 0 0 o 0 0 o 0 100
Broad L trees* 0 0 0 25 O 0 0 0 0 o 2 93
Needle L trees* 0 0 0 14 25 0 O 0 0 O 0 64
Clay roof 0O o 0 0 0 35 0 0 0 1 0 97
Metal roof 0 O 0 0O 0O o0 40 0 0 O 0 100
Slate roof 0 3 4 0 0 1 0 35 1 0 0 80
Shadow 0 O 3 0 13 0 O 1 39 0 0 70
Concrete roof 0 1 0 0 0 3 0 2 0 40 0 87
Grass 0 O 0 3 0O 0 O 0 0O 0 39 93
Produceraccuracy% 93 91 74 60 66 838 100 88 98 98 95

Table A.11. The error matrix for performing SVM on WV-2 with 2m spatial resolution and

eight spectral bands.

Overall Accu: 83%

Kappa Coeff: 0.81 °
* * N
" (] "5 3
<] [J] o ©
Class 9 5 - b4 <
- - - - 8 [=} [} 3
s 2 8 R T SF s 28 g ¢
S 2 8 8 $ 7 8 8§ 8 5 8 %
@ < 2 @& 2 0 = » u» O 6 >
Bare soil 27 0 0 0 0 0 0 0 0 O 0 100
Asphalt 2 38 5 0 0 1 0 2 0 1 0 78
Water 0 0 31 O 0 0 0 0 0O O 0 100
Broad L trees* 0 0 0 23 1 0 0 0 0 0 2 88
Needle L trees* 0 0 0 17 24 O 0 0 0O O 0 59
Clay roof 0 0 0 0 0 33 0 0 0 2 0 94
Metal roof 0 0 0 0 0 0 40 0 0 O 0 100
Slate roof 0 4 4 0 0 0 0 32 0 1 0 78
Shadow 0 0 3 0 13 O 0 1 39 0 0 70
Concrete roof 1 1 0 0 0 6 0 5 1 37 0 73
Grass 0 0 0 2 0 0 0 0 0O 0 39 95
Produceraccuracy% 90 88 72 55 63 83 100 80 98 90 95

Table A.12. The error matrix for performing SVM on WV-2 with 2m spatial resolution and

four spectral bands.
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Overall Accu: 76%

Kappa Coeff: 0.76 ©
* * - °>_
5 9 2 g
Class o 5 S . o ©
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o 8 § 8 3 - ® g 9 5 g ¢
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Bare soil 26 0 0 0 0 1 4 0 0 O 0 84
Asphalt 1 35 6 0 0 1 1 6 1 4 0 64
Water 0 0 30 O 0 0 1 0 0 O 0 97
Broad L trees* 0 0 0 23 1 0 0 0 0 0 0 96
Needle L trees* 0 0 0O 14 21 O 0 0 0 0 1 58
Clay roof 2 1 0 0 0 31 O 0 0 5 0 79
Metal roof 0 0 0 0 0 0 34 0 0O O 0 100
Slate roof 0 1 4 0 0 1 0 26 4 0 0 72
Shadow 0 0 2 1 16 1 0 2 35 0 0 61
Concrete roof 0 5 0 0 0 5 0 8 0 32 0 64
Grass 1 0 0 4 0 0 0 0 0O 0 39 89
Produceraccuracy% 87 83 71 55 55 78 85 62 88 78 98

Table A.13. The error matrix for performing SVM on degraded WV-2 with 4m spatial
resolution and eight spectral bands.

Overall Accu: 75%

Kappa Coeff: 0.73 e
By E g
Class o 5 5 . o g
—_ - - S o (=} ] o
g £ ., 2 @ 8 = 2 3 % e
()] < 2 -g © = s [ e} Q & -
5 3 8 ¢ § ¥ &8 5 &2 § & 38
0 < = & 2 U =2 » v O O o
Bare soil 26 0 0 O 0 1 4 0O 0 O 0 84
Asphalt 1 36 9 0 0 1 1 6 1 4 0 61
Water 0 0O 26 O 0 O 1 0 1 0 0 93
Broad L trees* 0 0 0 21 1 0 0 0 0 o0 1 91
Needle L trees* 0 0 0 15 24 O 0 0O 0 O 1 60
Clay roof 2 0O 0 O 0 31 0 0O 0 4 0 84
Metal roof 0O 0O 0 o 0 o 34 0O 0 O 0 100
Slate roof 0 1 5 0 0 1 0 26 2 0 0 74
Shadow 0 O 2 1 13 1 0 2 34 0 0 64
Concrete roof 0 5 0 0 0 5 0 8 2 33 0 62
Grass 1 0 O 5 0 O 0 0O 0O 0 38 86
Produceraccuracy% 87 86 62 50 63 78 85 62 85 80 95

Table A.14. The error matrix for performing SVM on degraded WV-2 with 4m spatial
resolution and four spectral bands.
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Overall Accu: 53%
Kappa Coeff: 0.48
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Bare soil 20 1 0 0 0 3 6 0 0 1 1 63
Asphalt 0 26 4 2 0 4 1 16 8 7 3 37
Water 0 0 32 0 0 0 O 0 4 0 0 89
Broad L trees* 0 1 0 20 12 O 0 2 2 5 3 44
Needle L trees* 2 1 1 3 19 2 0 1 4 7 3 44
Clay roof 2 0 1 2 1 25 O 3 0o 3 2 64
Metal roof 0 0 0 0 0 0 31 0 2 0 0 94
Slate roof 1 3 2 0 0 0 O 9 8 0 0 39
Shadow 0 0 2 0 4 0O O 0 5 0 0 45
Concrete roof 1 9 0 9 0 6 1 9 7 17 1 28
Grass 4 1 0 6 1 0 1 1 0 1 27 64

Produceraccuracy% 67 62 76 48 51 63 78 22 13 41 68

Table A.15. The error matrix for performing SVM on degraded WV-2 with 10m spatial

resolution and four spectral bands.

Overall Accu: 53%
Kappa Coeff: 0.48
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Bare soil 20 1 0 0 0 3 6 0O 0 1 1 63
Asphalt 0 26 4 2 0 4 1 16 8 6 3 37
Water 0 0 32 0 0 0 1 0 3 0 0 89
Broad L trees* 1 1 0O 19 12 1 0 3 2 6 3 40
Needle L trees* 1 1 1 2 19 1 0 0 4 6 3 50
Clay roof 2 0 1 2 1 26 0 4 0 4 1 63
Metal roof 0 0 0 0 0 0 30 0 2 0 0 94
Slate roof 1 3 2 0 0 0 0 9 8 0 0 39
Shadow 0 0 2 0 4 0 0 0 6 1 0 46
Concrete roof 1 9 0 9 0 5 1 9 7 16 1 28
Grass 4 1 0 8 1 0 1 0O 0O 1 28 64

Produceraccuracy% 67 62 76 45 51 65 75 22 15 39 70

Table A.16. The error matrix for performing SVM on degraded WV-2 with 10m spatial

resolution and six spectral bands.
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Overall Accu: 52%

Kappa Coeff: 0.47 ©
R 5 g
Class @ 5 5 o g
T = S 3 § S 8 3z £ ]
e £ 8 3 3 S5 s 2 8 3
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Bare soil 20 0 0 O O 3 &6 0 0o 2 2 61
Asphalt 0 27 5 2 0 5 1 19 8 8 3 35
Water 0O O 30 0 0 o0 1 0 3 0 0 88
Broad L trees* 0 1 0 19 12 O 0 2 2 5 2 44
Needle L trees* 2 1 1 3 19 2 o0 0 4 6 4 45
Clay roof 1 0 0 0 0 21 O 0 1 0 0 91
Metal roof O 0 O O o0 o0 30 0 2 0 0 924
Slate roof 1 3 3 0O 0O 0 o 9 9 1 0 35
Shadow 0 O 2 0O 4 0 O 0 5 0 0 45
Concrete roof 2 9 1 10 O 7 1 10 6 18 1 28
Grass 4 1 0 8 2 2 1 1 0O 1 28 58
Produceraccuracy% 67 64 71 45 51 53 75 22 13 44 70

Table A.17. The error matrix for performing SVM on degraded WV-2 with 10m spatial
resolution and eight spectral bands.

Overall Accu: 33%
Kappa Coeff: 0.26
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Bare soil 14 2 2 0 1 0 10 1 1 0 3 41
Asphalt 6 6 8 2 0 7 8 9 9 6 1 10
Water 0 2 19 1 0 0 0 2 5 1 1 61
Broad L trees* 3 1 3 17 18 6 0 2 4 4 14 24
Needle L trees* 0 0 1 0 1 0 0 0 1 0 0 33
Clay roof 1 10 1 4 2 17 2 2 2 13 1 31
Metal roof 0 0 0 0 0 0 18 0O 3 0 0 86
Slate roof 1 1 2 0 0 0 0 15 6 4 1 50
Shadow 0 0 3 2 3 1 0 1 3 1 1 20
Concrete roof 1 20 3 7 2 9 2 9 5 14 0 19
Grass 4 0 0 9 10 O 0 0 1 0 18 43

Produceraccuracy% 47 14 45 40 3 43 45 37 8 33 45

Table A.18. The error matrix for performing SVM on degraded WV-2 with 30m spatial
resolution and four spectral bands.
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Overall Accu: 33%

Kappa Coeff: 0.26 ®
R 5 g
Class @ 5 5 o g
T = > 3 § & 8 3z £ o
o 2 & 3T 3 S 8 & © &8 8 =«
5 & 8 ¢ ¢ & & 5 s 5 & 2
@ < 2 @ 2 O 2 » » O U >
Bare soil 14 1 2 0 1 0 11 1 2 0 2 41
Asphalt 6 8 7 2 0 8 7 11 12 4 1 12
Water 0 2 19 1 0O 0 O 1 5 1 1 63
Broad L trees* 4 1 2 17 21 6 0 2 5 5 13 22
Needle L trees* 0 0 1 0 0 1 0 0 0 O 0 0
Clay roof 1 12 2 5 2 19 2 4 2 15 1 29
Metal roof 0 0 0 0 0 0 18 0 3 0 0 86
Slate roof 2 2 2 0 0O 0 O 15 3 4 1 52
Shadow 0 0 3 2 3 0 o0 1 2 1 1 15
Concrete roof 0 16 4 7 2 6 2 6 6 13 0 21
Grass 3 0 0 8 8 0 O 0 0O 0 20 51
Produceraccuracy% 47 47 47 47 47 47 47 47 47 47 47

Table A.19. The error matrix for performing SVM on degraded WV-2 with 30m spatial
resolution and six spectral bands.

Overall Accu: 37%

Kappa Coeff: 0.3 )
[ 5 g
Class @ 5 S . o g
—_ - ] S o o 9 o
g £ . 2 o 8§ X 2 2 9 S
()] K= 3 -g ° = S (] T o & -
5 3 8 ¢ § ¥ &8 5 &2 5 & 8
@ &« 3 & 2 T =2 » » O U >
Bare soil 16 O 2 0 1 0 9 1 1 0 1 52
Asphalt 4 8 6 3 0 5 6 8 10 5 2 14
Water 0 1 20 1 0 O 0 1 6 O 1 67
Broad L trees* 3 0 3 19 23 3 0 2 4 3 12 26
Needle L trees* 0 1 2 1 1 0 0 1 0 O 1 14
Clay roof 1 13 1 5 2 22 4 5 3 14 2 31
Metal roof 0 O 0 0O 0 O 21 0O 3 O 0 88
Slate roof 2 3 2 0O 0 O 0 16 4 4 1 50
Shadow 0 O 2 2 2 1 0 2 1 1 0 9
Concrete roof 0 16 4 4 2 9 0 5 7 16 0 25
Grass 4 0 0 7 6 O 0 0 1 0 20 53
Produceraccuracy% 53 19 48 45 3 55 53 39 3 37 50

Table A.20. The error matrix for performing SVM on degraded WV-2 with 30m spatial
resolution and eight spectral bands.
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Overall Accu: 80%

Kappa Coeff: 0.79 °
% 5 g
Class @ 5 5 . o g
T = > 3 § & 8 3z % g
o & 8 BT T S 8 g 9 &8 g «
5 & 8 ¢ ¢ & & 5 s 5 & 2
@ < 2 @ 2 O 2 » » O U >
Bare soil 26 O 0 0 0 1 3 0 0 O 0 87
Asphalt 1 37 4 0 0O 0 O 2 0 1 0 82
Water 0 0 31 O 0O 0 O 1 0 O 0 97
Broad L trees* 0 0 0 25 1 0 0 0 0 o 3 86
Needle L trees* 0 0 0O 15 25 0 O 0 0 O 1 61
Clay roof 1 0 0 0 0 33 O 0 1 1 0 92
Metal roof 2 0 1 0 0o 0 37 0 0 o 0 93
Slate roof 0 3 4 0 0 2 0 36 5 6 0 64
Shadow 0 0 3 0O 12 0 o0 0 3 0 0 69
Concrete roof 0 3 0 0 0 4 0 1 0 33 0 80
Grass 0 0 0 2 0O 0 O 0 0O 0 37 95
Produceraccuracy% 87 86 72 60 66 83 93 90 85 80 90

Table A.21. The error matrix for performing ML on WV-2 with 2m spatial resolution and
four spectral bands.

Overall Accu: 83%

Kappa Coeff: 0.81 °
% 5 g
Class @ 5 5 o g
- - - S o o ] o
g & , =2 e« 8§ = 2 2 ®© o
o £ & B T = ® o 8 & 4 -
§ & 8 °© ¢ ¥ &8 5 s 5 & 2
@ €< 2 @& 2 U 2 »w v O O 5
Bare soil 26 1 0 0 O 1 2 0O 0 O 0 87
Asphalt 1 37 1 0O 0 O 0 2 0 1 0 88
Water 0 1 33 0 0 O 0 1 0 O 0 95
Broad L trees* 0 0 0 28 1 0 0 0 0O O 4 85
Needle L trees* 0 0 0 12 26 O 0 0O 0 O 0 68
Clay roof 1 0 0 0 0 31 0 0 0 1 0 94
Metal roof 2 0 1 0O 0 O 38 0O 0 O 0 93
Slate roof 0 3 3 0O o0 2 0 35 6 4 0 66
Shadow 0 O 3 0 11 O 0 0 34 O 0 71
Concrete roof 0 1 0 0 0 6 0 2 0 35 0 80
Grass 0 O 0 2 0 O 0 0O 0 o0 37 95
Produceraccuracy% 87 86 81 67 68 78 95 88 85 85 90

Table A.22. The error matrix for performing ML on WV-2 with 2m spatial resolution and six
spectral bands.
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Overall Accu: 83%

Kappa Coeff: 0.82 )
3 % 5 g
Class @ 5 5 . < g
—_ - ] S o o 9 o
g £ L, Z @ 8 = 2 3 © S
) - 3 -g o = S [} ] o & -
5 3 8 ¢ § ¥ & 5z & 5 £ 8
@ < 2 & 2 T 2 » » 0o 6 >
Bare soil 28 O 0 0 0 1 0 0 0O O 0 97
Asphalt 1 33 4 0 0O 0 O 2 0o 2 0 79
Water 0 1 30 O 0O 0 o 0 0 O 0 97
Broad L trees* 0 0 0O 28 2 0 0 0 0 0 5 80
Needle L trees* 0 0 0 11 24 1 0 0 0 O 0 67
Clay roof 0 0 0 0 0 36 O 0 0o 0 0 100
Metal roof 1 1 0 0 0O 0 40 0 0O O 0 95
Slate roof 0 6 6 0 0 1 0 36 1 4 0 67
Shadow 0 0 3 0 12 0 O 0 39 0 0 72
Concrete roof 0 2 0 0 0 1 0 2 0 35 0 88
Grass 0 0 0 3 0O 0 o 0 0 0 36 922
Produceraccuracy% 93 77 70 67 63 90 100 90 98 85 88

Table A.23. The error matrix for performing ML on WV-2 with 2m spatial resolution and

eight spectral bands.

Overall Accu: 74%

Kappa Coeff: 0.72 ©
* * - °>.
5 9 2 g
Class @ 5 S . o ©
— - - “6 o o ()] 3
[} = -l ) ° - o 3 "6 Q
s & 8 B B3 - 8 ¢ 9 5 g 2
5 & 8 o $ ¥ ¥ 8 & 5 8 ¢
m <« 2 @ 2 O 2 »w » O O >
Bare soil 28 O 0 0 0 2 1 0 0 2 1 82
Asphalt 1 34 1 0 0 0 1 4 1 6 0 71
Water 0 2 34 O 0 0 1 2 3 0 0 81
Broad L trees* 0 0 0O 18 2 0 0 0 0 0 1 86
Needle L trees* 0 0 0O 20 24 O 0 0 0 1 1 52
Clay roof 0 1 0 0 0 31 0 0 0 3 0 89
Metal roof 0 0 2 0 0 1 37 0 0O O 0 93
Slate roof 0 3 2 0 0 1 0 30 6 1 0 70
Shadow 0 0 2 0 12 O 0 0 23 O 0 62
Concrete roof 0 2 1 0 0 5 0 6 7 28 0 57
Grass 1 0 0 4 0 0 0 0 0O 0 37 88
Produceraccuracy% 93 81 81 43 63 78 93 71 58 68 93

Table A.24. The error matrix for performing ML on degraded WV-2 with 4m spatial

resolution and four spectral bands.
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Overall Accu: 74%

Kappa Coeff: 0.73 )
[ 5 g
Class @ = S . o g
—_ - ] S o o 9 o
g £ . 2 @ § I 2 2 9 S
) - 3 -g o = S [} ] [~ & -
5 3 8 ¢ § ¥ & 5z =2 5 & 8
@ < 2 & 2 T 2 » » 0o 6 >
Bare soil 26 O 0 0 0 1 2 0 0 1 1 84
Asphalt 1 31 1 0 0 1 0 3 0 6 0 72
Water 0 3 35 0 0O 0 2 2 4 0 0 76
Broad L trees* 0 0 0 21 2 0 0 0 0 1 4 75
Needle L trees* 0 0 0O 16 25 0 O 0 0 O 0 61
Clay roof 0 2 0 0 0 29 0 0 0 1 0 91
Metal roof 2 0 2 0 0 3 36 0 0 O 0 84
Slate roof 0 2 2 0 0 1 0 29 6 O 0 73
Shadow 0 0 2 0O 11 0 o 0 23 0 0 64
Concrete roof 0 4 0 0 0 5 0 8 7 32 0 57
Grass 1 0 0 5 0O 0 o 0 0 0 35 85
Produceraccuracy% 87 74 83 50 66 73 90 69 58 78 88

Table A.25. The error matrix for performing ML on degraded WV-2 with 4m spatial

resolution and six spectral bands.

Overall Accu: 74%

Kappa Coeff: 0.71 °
[ 5 g
Class @ 5 S . o g
—_ - ] S o o 9 o
g £ . 2 o 8 X 2 2 9 S
o £ & B8 B T B o v & 9
5 3 8 ¢ § ¥ & 5 &2 5 & 38
@ &« 3 & 2 T =2 »n » O U >
Bare soil 27 1 0 0 0 3 2 0 O 1 1 77
Asphalt 1 32 4 0 O 1 1 3 0 5 0 68
Water 0O 2 32 0 0 O 1 1 2 0 0 84
Broad L trees* 0 0 0 24 2 0 0 0 0 1 6 73
Needle L trees* 0 0 0 13 24 O 0 0O 0 O 0 65
Clay roof 0O 0 O 1 0 30 0 0O 0 4 0 86
Metal roof 1 0 1 0O 0 O 36 0O 0 O 0 95
Slate roof 0 1 2 0 0 O 0 24 2 0 0 83
Shadow 0 O 2 0 12 1 0 1 31 0 0 66
Concrete roof 0 6 1 0 0 5 0 13 5 30 0 50
Grass 1 0 0 4 0 O 0 O 0 0 33 87
Produceraccuracy% 90 76 76 57 63 75 90 57 78 73 83

Table A.26. The error matrix for performing ML on degraded WV-2 with 4m spatial

resolution and eight spectral bands.
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Overall Accu: 55%

Kappa Coeff: 0.5 )
[ 5 g
Class @ 5 S . o g
—_ - ] S o o 9 o
g £ . 2 @ § X 2 2 9 S
) < 3 -g © = S (] e} o & -
5 3 8 ¢ § ¥ & 5z &2 5 £ 8
@ < 2 & 2 T 2 » » 0o 6 >
Bare soil 21 1 0 1 0O 5 4 3 2 6 3 46
Asphalt 1 28 4 5 0 4 1 13 6 5 3 40
Water 0 0 35 0 0O 0 o 0 5 0 0 88
Broad L trees* 1 0 0 15 12 O 0 0 1 5 3 41
Needle L trees* 1 2 2 7 20 0 O 2 5 3 3 44
Clay roof 3 0 0 3 1 28 O 5 2 7 1 56
Metal roof 0 1 0 0 0 0 35 0 4 0 0 88
Slate roof 1 4 0 0 o 2 o0 13 8 2 0 43
Shadow 0 0 1 0 2 0 O 0 3 0 0 50
Concrete roof 0 5 0 2 0 1 0 4 4 12 0 43
Grass 2 1 0 9 2 0 0 1 0 1 27 63
Produceraccuracy% 70 67 83 36 54 70 88 32 8 29 68

Table A.27. The error matrix for performing ML on degraded WV-2 with 10m spatial
resolution and six spectral bands.

Overall Accu: 55%

Kappa Coeff: 0.5 ©
* * - °>.
] 3 o %)
Class @ 5 — o ©
—_ =] = Y 8 "‘6 ) 3
) = = ) Q = o 2 b o
s 2 8 3T 3 S35 ¢ 8 5 g ©
£ 8 5 8 $ 7 8 8 B 5 & B
@ €« 2 @& 2 U =2 » »n O 6 o
Bare soil 21 1 0 1 0 5 4 3 2 6 3 46
Asphalt 1 28 4 5 0 4 1 13 6 5 3 40
Water 0 0 35 0 0 0 0 0 5 0 0 88
Broad L trees* 1 0 0O 15 12 O 0 0 1 5 3 41
Needle L trees* 1 2 2 7 20 O 0 2 5 3 3 44
Clay roof 3 0 0 3 1 28 0 5 2 7 1 56
Metal roof 0 1 0 0 0 0 35 0O 4 O 0 88
Slate roof 1 4 0 0 0 2 0 13 8 2 0 43
Shadow 0 0 1 0 2 0 0 0 3 0 0 50
Concrete roof 0 5 0 2 0 1 0 4 4 12 0 43
Grass 2 1 0 9 2 0 0 1 0 1 27 63
Produceraccuracy% 70 67 83 36 54 70 88 32 8 29 68

Table A.28. The error matrix for performing ML on degraded WV-2 with 10m spatial
resolution and eight spectral bands.
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Overall Accu: 37%
Kappa Coeff: 0.31

% X

* G >

g 2 3 g

Class @ 5 S . o ©

— - - "'6 o o ()] 3

o = - @ 98 = 9o = % o

o £ & T BT S B @& © 5 8§ «

5 3 8 9 § § 38 5 8 5§ & ¢

@ <« 3 @ 2 O 2 ®» » O U6 >
Bare soil 17 5 4 1 9 5 7 0 4 5 4 28
Asphalt 3 12 5 7 0 4 5 7 10 7 2 19
Water 0 0 21 O 0O 0 O 0 4 1 2 75
Broad L trees* 2 1 1 14 9 2 0 0 0 2 11 33
Needle L trees* 0 0 1 1 4 1 0 1 5 0 1 29
Clay roof 0 8 0 4 2 22 2 9 3 6 3 37
Metal roof 2 0 2 0 0 0 25 2 9 0 0 63
Slate roof 2 4 0 0 0O 0 O 15 2 2 0 60
Shadow 2 1 6 5 4 0 O 4 0 3 0 0
Concrete roof 1 11 2 2 1 6 1 3 3 16 0 35
Grass 1 0 0 8 8 0 O 0 0 1 17 49

Producer accuracy% 57 29 50 33 11 55 63 37 0 37 43

Table A.29. The error matrix for performing ML on degraded WV-2 with 30m spatial

resolution and six spectral bands.

Overall Accu: 35%
Kappa Coeff: 0.28

. . . R
s 3 5 3
Class @ 5 S . o g
—_ - ] S o o 9 o
8 % — = 2 o = E g v g
()] - 3 -g © = S [} ] [~ 3 -
5 3 8 ¢ § ¥ & 5 = § & 8
@ &« 3 & 2 T 2 » » O U >
Bare soil 19 4 3 4 11 4 6 1 6 7 9 26
Asphalt 3 20 12 7 2 6 5 17 19 21 3 17
Water 0O 0 212 0 0 O 0 0O 3 0 1 84
Broad L trees* 3 1 1 16 14 2 0 1 2 2 9 31
Needle L trees* 0 0 1 0 1 1 0 1 0 O 1 20
Clay roof 0 5 1 4 3 18 0 8 3 7 3 35
Metal roof 3 1 1 1 0 4 29 2 4 0 0 64
Slate roof 0 1 0 0 0 0 0 11 2 0 0 79
Shadow 0 1 2 2 1 0 0 o 0 2 0 0
Concrete roof 0 9 0 2 1 4 0 0 1 3 0 15
Grass 2 0 0 6 4 1 0 0O 0 1 14 50
Produceraccuracy% 63 48 50 38 3 45 73 27 0 7 35

Table A.30. The error matrix for performing ML on degraded WV-2 with 30m spatial

resolution and eight spectral bands.

284 |Page



8.3 The remaining four error matrices from

Appendix

Chapter 5
Overall Accuracy:
56% °
oy
Class w 5 <
55 . , 3 - 8
@ < 3 F & 2 » ® oS
Bare soil 7 1 o o0 o0 7 0 0 47
Asphalt 4 9 0 0 7 5 1 1 33
Water 0O 1 3 0 0 o 0 o 97
Trees 0o 1 1 22 1 0O 0 2 81
Roof tiles 6 25 5 11 32 O 16 5 32
Metal roof 4 0 0 0 0 28 0 0 88
Slate roof 1 4 1 0 2 0 22 0o 73
Grass 8 2 1 15 7 0 1 32 48
Produceraccuracy% 23 21 81 46 65 70 55 80
Table A.31. The error matrix of performing SVM on Pan-
sharpened Landsat OLI of Nottingham with 15m spatial
resolution.
Overall Accuracy:
58% ©
oy
Class w 5 <
3 o= £ 2 8 3
@ < S F & 2 » ® oS
Bare soil 8 1 0 0 0 &6 0 0 53
Asphalt 7 10 O 0 11 5 3 3 26
Water 0O 1 3 0 o0 o 0 0 98
Trees 0 1 0 21 1 0 0 2 84
Roof tiles 4 24 2 12 33 1 15 3 35
Metal roof 4 0 0 0 0 28 0 0 88
Slate roof 2 4 1 0 2 0 21 0 70
Grass 5 2 1 15 2 0 1 32 55
Produceraccuracy% 27 23 91 44 67 70 53 80

Table A.32. The error matrix of performing OBIA\SVM
on Pan-sharpened Landsat OLI of Nottingham with 15m

spatial resolution.
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Overall Accuracy:

54% ©
ey
Class w 5 = <
@ < S £ & 2 & @ >
Bare soil 16 2 2 0O 0 9 1 4 47
Asphalt 2 10 O 1 3 4 3 0 43
Water 0O O 3@ 0 o0 O 0 0 100
Trees 1 1 4 22 2 0 0 9 56
Roof tiles 2 25 2 12 38 O 16 6 38
Metal roof 2 0 0 0 0 25 0 0 93
Slate roof 1 5 2 0 2 0 18 1 62
Grass 5 1 0 13 5 2 2 20 42
Produceraccuracy% 55 23 76 46 76 63 45 50
Table A.33. The error matrix of performing SVM on Landsat
OLI of Nottingham with 30m spatial resolution.
Overall Accuracy:
54% °
ey
Class w 5 = g
@ < S £ & 2 & @ >
Bare soil 16 2 2 0O 0 9 1 4 47
Asphalt 2 9 0 1 3 4 3 0 41
Water 0O O 3@ 0 0 O 0 0 100
Trees 1 1 4 22 2 0 0 9 56
Roof tiles 2 26 2 12 38 O 16 6 37
Metal roof 2 0 0 0 0 25 0 0 93
Slate roof 1 5 2 0O 2 o0 18 1 62
Grass 5 1 0O 13 5 2 2 20 42
Produceraccuracy% 55 20 76 46 76 63 45 50

Table A.34. The error matrix of performing OBIA\SVM on
Landsat OLI of Nottingham with 30m spatial resolution.
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8.4 List of all satellite images

8.4.1 Images were used in the chapter 3

No

Name

WV-2

WV-2

Simulated
IKONOS by
degrading the
WV-2
Simulated
IKONOS by
degrading the
WV-2
Simulated
IKONOS by
degrading the
WV-2

Simulated
SPOT by
degrading the
WV-2

Simulated
SPOT by
degrading the
WV-2
Simulated
SPOT by
degrading the
WV-2

Location

Nottingham

Nottingham

Nottingham

Nottingham

Nottingham

Nottingham

Nottingham

Nottingham

Nottingham

Acquisition

Spatial
resolution

2m

2m

4dm

4dm

4dm

10m

10m

10m

Appendix

Spectral
bands

Costal blue,
Blue, Green,

Yellow, Red, Red
edge, NIR1, and

NIR2
Blue, Green,
Red, Red edge,
NIR1, and NIR2

Blue, Green,
Red, and NIR

Blue, Green,
Red, Red edge,
NIR1, and NIR2

Blue, Green,
Red, Red edge,
NIR1, and NIR2

Blue, Green,
Red, and NIR

Costal blue,
Blue, Green,

Yellow, Red, Red
edge, NIR1, and

NIR2

Blue, Green,
Red, Red edge,
NIR1, and NIR2

Blue, Green,
Red, and NIR

Geographical

scale

11x11

11x11
km

11x11
km

11x11
km

11x11
km

11x11
km

11x11
km

11x11
km

11x11
km
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10

11

12

Simulated
Landsat by
degrading the
WV-2

Simulated
Landsat by
degrading the
WV-2
Simulated
Landsat by
degrading the
WV-2

Nottingham

Nottingham

Nottingham

26-
June
2014

June
2014

June
2014

30m

30m

30m

8.4.2 Images were used in the chapter 5

No

Name

WV-2

Landsat OLI

Location

Nottingham

Nottingham

Acquisition
date

26-June
2014

15-Jully
2013

Spatial
resolution

30m

Appendix

Costal blue,
Blue, Green,

Yellow, Red, Red
edge, NIR1, and

NIR2

Blue, Green,

Red, Red edge,
NIR1, and NIR2

Blue, Green,
Red, and NIR

Spectral bands

Blue,
Green, Red,
and NIR
Blue,
Green, Red,
and NIR

11x11
km

11x11
km

11x11
km

Geographical
scale

11 km

11 x
11 km
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8.4.3 Images were used in the chapter 6

= g S S
— _— O 'E —
v =} - ] 7} c
s 5 5 28 £2 §% 83
= S =° &2 2 8 @ 5
= S cu 7 b
< = 1G]
Blue,
. 26-June 11x11
1 WV-2 Nottingham 2m Green, Red, km
2014
and NIR
Blue,
Landsat 16-Ma 11x11
Nottingham Y 30m  Green,Red, -
ETM+ 2000 and NIR
Blue,
15-Jull 12 x 14
3  LlandsatOLI Derby ¥ 30m  Green, Red, km
2013 and NIR
8.5 MATLAB scripts

3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k sk %k 3k 3k 3k sk 3k 3k %k >k 3k 3k %k 3k sk >k 3k 3k %k %k 3k 3k 3k sk >k 3k 3k %k >k 3k 3k 3k %k >k 3k 3k %k %k %k 3k 3k %k %k %k 3k 3k %k *k >k %k k k

* Demo Codes For Image Super-resolution via Sparse *Representation
3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k sk sk sk sk sk sk 5k sk sk ok 3k 3k 3k 3k 3k 3k 3k sk sk sk sk sk sk 5k 3k 5k 3k 3k 3k 3k 3k 3k 3k sk 3k sk 3k 3k sk ok %k sk sk k sk kK k ok k

Reference

J. Yang et al. Image super-resolution as sparse representation of raw image
patches. CVPR 2008.

J. Yang et al. Image super-resolution via sparse representation. IEEE
Transactions on Image Processing, Vol 19, Issue 11, pp2861-2873, 2010

For any problems, send email to jyang29@uiuc.edu

Demo_SR.m: demo code for image super-resolution via sparse recovery

1. The demo code is for upscaling factor of 2. For larger magnification factors,
run the function "ScSR.m" multiple times. Note the code is a little different
from what presented in the TIP10 paper. Please find the previous codes and
results in folder "Previous".
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2. Two pre-trained dictionaries are provided in directory "Dictionary". The
dictionaries are for zoom factor of 2. You can train your own dictionary based
on function "Demo_Dictionary_Training.m" talked below.

Demo_Dictionary_Training.m: demo code for training the dictionary

1. If you want to train your own dictionary, replace the training images in
subfolder "Data/Training" by yours.

2. You need to inspect the statistics of your sampled patches to prune those
smooth patches.

Demo dictionary training

Demo codes for dictionary training by joint sparse coding

%

% Reference

% J. Yang et al. Image super-resolution as sparse representation of raw
% image patches. CVPR 2008.

% J.Yang et al. Image super-resolution via sparse representation. |IEEE
% Transactions on Image Processing, Vol 19, Issue 11, pp2861-2873, 2010
%

% Jianchao Yang

% ECE Department, University of lllinois at Urbana-Champaign

% For any questions, send email to jyang29@uiuc.edu

%

clear; clc; close all;
addpath(genpath('RegularizedSC'));

TR_IMG_PATH = 'D:\SRM\Imagery\Study Area-2m 4bands\Band 4 16bit';

dict_size =2048; % dictionary size

lambda =0.15; % sparsity regularization
patch_size =5; % image patch size

nSmp =100000; % number of patches to sample
upscale =7.5; % upscaling factor

% randomly sample image patches
[Xh, XI] = rnd_smp_patch(TR_IMG_PATH, '*.tif', patch_size, nSmp, upscale);

% prune patches with smaclll variances, threshould chosen based on the
% training data

[Xh, XI] = patch_pruning(Xh, XI, 0.005);
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% joint sparse coding

[Dh, DI] = train_coupled_dict(Xh, XI, dict_size, lambda,upscale);
dict_path = ['Dictionary/D_' num2str(dict_size) ' ' num2str(lambda) '’
num2str(patch_size) .mat' ];

save(dict_path, 'Dh', 'DI');

Demo sparse representation

% Simple demo codes for image super-resolution via sparse representation
%

% Reference

% J. Yang et al. Image super-resolution as sparse representation of raw

% image patches. CVPR 2008.

% J.Yang et al. Image super-resolution via sparse representation. |IEEE

% Transactions on Image Processing, Vol 19, Issue 11, pp2861-2873, 2010
%

% Jianchao Yang

% ECE Department, University of lllinois at Urbana-Champaign

% For any questions, send email to jyang29@uiuc.edu

%

clear all; clc;

% path="'C:\Users\Igxxf\Desktop\TM25scenes_UK\test\';

% outpath="'C:\Users\Igxxf\Desktop\TM25scenes_UK\test\output\';
% filelist=dir(fullfile(path,'*.tif"));

% n=length(filelist);

% for tt=1:n

% read test image

%fname=F:\SRR\Imagery\Input LR Imagery\Degraded 2m to 30m\Band
2\Study area 30m degraded by Envi band 3;

% fname=strcat(path,filelist(tt).name);

im_| = imread('D:\SRM\Result\Pan-sharpenning of Landsat SW 15.7\HCS
Mege Resolution\Study Area\Band 3\HCS Band 3.tif");

% set parameters

lambda = 0.15; % sparsity regularization

overlap = 1; % the more overlap the better (patch size 5x5)
up_scale =7.5; % scaling factor, depending on the trained
dictionary

maxlter = 20; % if 0, do not use backprojection

291 |Page



Appendix

% load dictionary
load('D:\SRM\Matlab Codes\Matlab Codes
ScSR\Dictionary\D 2048 0.15 5.mat');

% change color space, work on illuminance only
%im_|_ycbcr = rgb2ycbcr(im_I);
%im_|_y=im_|_ycbecr(:, :, 1);

% im_| cb=im_| ycbcr(, :, 2);

% im_l_cr=im_l_ycbecr(:, :, 3);

% image super-resolution based on sparse representation
[im_h] = ScSR(im_I, up_scale, Dh, DI, lambda, overlap);
%[im_h_y] = backprojection(im_h_y, im_|, maxlter);

% upscale the chrominance simply by "bicubic"

% [nrow, ncol] = size(im_h);

% im_h_cb = imresize(im_|_cb, [nrow, ncol], 'bicubic');
% im_h_cr = imresize(im_|_cr, [nrow, ncol], 'bicubic');

% im_h_ycbcr = zeros([nrow, ncol, 3]);
% im_h_ycbcr(:, :, 1) =im_h_y;

% im_h_ycbcr(:, :, 2) =im_h_cb;

% im_h_ycbcr(:, :,3) =im_h_cr;

% im_h = ycbcr2rgb(uint8(im_h_ycbcr));

% bicubic interpolation for reference
% im_b = imresize(im_I, [nrow, ncol], 'bicubic');

% read ground truth image

%im =

imread('C:\Users\Igxxf\desktop\ScSR\Data\Testing\p203r023 7dk20020911 _
230_61.tif');

% compute PSNR for the illuminance channel
%bb_rmse = compute_rmse(im, im_b);
%sp_rmse = compute_rmse(im, im_h);

%bb_psnr =20*log10(255/bb_rmse);
%sp_psnr =20*log10(255/sp_rmse);

% fprintf('PSNR for Bicubic Interpolation: %f dB\n', bb_psnr);
% fprintf('PSNR for Sparse Representation Recovery: %f dB\n', sp_psnr);

% show the images

% figure, imshow(im_h);
% title('Sparse Recovery');
% figure, imshow(im_b);
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% title('Bicubic Interpolation');

imwrite2tif(im_h,[],'D:\SRM\Result\Sparse-representation super-
resolution\Pan-sharpening + SR\Using WV-2 with 16 bit as training\Using HCS
Resolution Merge by Erdas and Study Area 2m WV-2 16bit as training image
with zoom factor 7.5\band 3.tif','single');

% imwrite2tif(im_h,[],strcat(outpath,filelist(tt).name,'50m.tif'),'single");

% end

Dist RMSE
clear;
clc;

[num1,txt1,rawl]=xIsread('C:\Users\lgxxf\Downloads\OS Street View
TQ\boundary points\b9.xlsx');
[num2,txt2,raw2]=xIsread('C:\Users\Igxxf\Downloads\OS Street View
TQ\boundary points\b9_USGS.xIsx');

sum=0;

[row,col] = size(num1);

for i=1:row
dist_squ(i)=(num1(i,1)-num2(i,1))*2+(num1(i,2)-num?2(i,2))"2;
dist(i)=sgrt(dist_squ(i));

end

m=mean(dist);

sum=0;

fori=1:row
sum=sum-+(dist(i)-m)"2;

end
stdev=sqgrt(sum/row);
stdeor=stdev/sqrt(row);

Back projection
function [im_h] = backprojection(im_h, im_I, maxIter)

[row_l, col_I] = size(im_l);
[row_h, col_h] = size(im_h);

p = fspecial('gaussian’, 5, 1);
p=p."2;
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p = p./sum(p(:));

im_| = double(im_I);
im_h = double(im_h);

for ii = 1:maxlter,
im_|_s =imresize(im_h, [row_l, col_l], 'bicubic');
im_diff =im_|-im_|_s;
im_diff = imresize(im_diff, [row_h, col_h], 'bicubic');

im_h =im_h + conv2(im_diff, p, 'same’);
end

Compute RMSE
function [rmse] = compute_rmse(im1, im2)
[row,col]=size(im1);

imdff =(im1 - im2).A2;

% sum1=0;
total=sum(sum(imdff));

% for i=1:col

%

% suml=sumil+total(i);
%

% end

rmse = sqrt(total/(row*col));

Sample patches
function [HP, LP] = sample_patches(im, patch_size, patch_num, upscale)

if size(im, 3) == 3,

him = rgb2gray(im);
else

him =im;
end

% generate low resolution counter parts
[Im = imresize(hlm, 1/upscale, 'bicubic');
[Im = imresize(llm, size(him), 'bicubic');
[nrow, ncol] = size(hlm);

X = randperm(nrow-2*patch_size-1) + patch_size;
y = randperm(ncol-2*patch_size-1) + patch_size;
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[X,Y] = meshgrid(x,y);

xrow = X(:);
ycol = Y(:);

if patch_num < length(xrow),
xrow = xrow(1:patch_num);
ycol = ycol(1:patch_num);
end

patch_num = length(xrow);

him = double(hlm);
[Im = double(lim);

%H = zeros(patch_size”2, length(xrow));
%L = zeros(4*patch_size?2, length(xrow));

% compute the first and second order gradients
hfl =[-1,0,1];
vfl=1[-1,0,1]}

ImG11 = conv2(llm, hfl,'same’);
ImG12 = conv2(lim, vf1,'same');

hf2 =[1,0,-2,0,1];
vf2 =[1,0,-2,0,1]";

ImG21 = conv2(lim,hf2,'same');
ImG22 = conv2(lim,vf2,'same');

forii = 1:patch_num,
row = xrow(ii);
col = ycol(ii);
Hpatch = hiIm(row:row+patch_size-1,col:col+patch_size-1);
Lpatchl = ImG11(row:row+patch_size-1,col:col+patch_size-1);
Lpatch2 = [ImG12(row:row+patch_size-1,col:col+patch_size-1);
Lpatch3 = [ImG21(row:row+patch_size-1,col:col+patch_size-1);

Lpatch4 = [ImG22(row:row+patch_size-1,col:col+patch_size-1);

Lpatch = [Lpatchl(:),Lpatch2(:),Lpatch3(:),Lpatch4(:)];
Lpatch = Lpatch(:);

HP(:,ii) = Hpatch(:)-mean(Hpatch(:));
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LP(:,ii) = Lpatch;
End

RND SMP Patch
function [Xh, XI] = rnd_smp_patch(img_path, type, patch_size, num_patch,
upscale)

img_dir = dir(fullfile(img_path, type));

Xh =J;
XI=1I;

img_num = length(img_dir);
nper_img = zeros(1, img_num);

for ii = 1:length(img_dir),
im = imread(fullfile(img_path, img_dir(ii).name));
nper_img(ii) = prod(size(im));

end

nper_img = floor(nper_img*num_patch/sum(nper_img));

forii=1:img_num,
patch_num = nper_img(ii);
im = imread(fullfile(img_path, img_dir(ii).name));
[H, L] = sample_patches(im, patch_size, patch_num, upscale);
Xh = [Xh, HJ;
Xl = [XI, L];
end

patch_path = ['Training/rnd_patches_' num2str(patch_size) ' '
num2str(num_patch) '_s' num2str(upscale) '.mat'];

save(patch_path, 'Xh', 'XI');

Training coupled dict

function [Dh, DI] = train_coupled_dict(Xh, XI|, dict_size, lambda, upscale)

addpath(genpath('RegularizedSC'));

hDim = size(Xh, 1);
IDim = size(XI, 1);

% should pre-normalize Xh and XI !
hNorm = sgrt(sum(Xh.*2));

INorm = sqrt(sum(X1.72));

Idx = find( hNorm & INorm );
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Xh = Xh(:, Idx);
Xl = XI(:, Idx);

Xh = Xh./repmat(sqgrt(sum(Xh.*2)), size(Xh, 1), 1);
Xl = XI./repmat(sqrt(sum(XI.A2)), size(XI, 1), 1);

% joint learning of the dictionary
X = [sgrt(hDim)*Xh; sqrt(IDim)*XI];
Xnorm = sqgrt(sum(X.A2, 1));

clear Xh X|;

X =X(:, Xnorm > 1e-5);
X = X./repmat(sqrt(sum(X.A2, 1)), hDim+IDim, 1);

idx = randperm(size(X, 2));

% dictionary training
[D] = reg_sparse_coding(X, dict_size, [], 0, lambda, 40);

Dh = D(1:hDim, :);
Dl = D(hDim+1:end, :);

% normalize the dictionary

% Dh = Dh./repmat(sqgrt(sum(Dh.*2, 1)), hDim, 1);

% DI = DI./repmat(sqrt(sum(DI.~2, 1)), IDim, 1);

patch_size = sqrt(size(Dh, 1));

dict_path = ['Dictionary/D_' num2str(dict_size) ' ' num2str(lambda) '’

num2str(patch_size) ' s' num2str(upscale) '.mat'];
save(dict_path, 'Dh', 'DI');

ScSR
function [him] = ScSR(lIm, up_scale, Dh, DI, lambda, overlap)

% normalize the dictionary

norm_DI = sgrt(sum(DI.*2, 1));

DI = DI./repmat(norm_DI, size(Dl, 1), 1);

patch_size = sqrt(size(Dh, 1));

% bicubic interpolation of the low-resolution image

mIm = single(imresize(llm, up_scale, 'bicubic'));
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him = zeros(size(mlIm));
cntMat = zeros(size(mim));

[h, w] = size(mIm);

% extract low-resolution image features
lImfea = extr_lim_fea(mIm);

% patch indexes for sparse recovery (avoid boundary)
gridx = 3:patch_size - overlap : w-patch_size-2;

gridx = [gridx, w-patch_size-2];

gridy = 3:patch_size - overlap : h-patch_size-2;

gridy = [gridy, h-patch_size-2];

A =DI'*DI;
cnt=0;

% loop to recover each low-resolution patch
for ii = 1:length(gridx),
for jj = 1:length(gridy),

cnt = cnt+1;
xx = gridx(ii);
yy = gridy(jj);

mPatch = mim(yy:yy+patch_size-1, xx:xx+patch_size-1);
mMean = mean(mPatch(:));

mPatch = mPatch(:) - mMean;

mNorm = sgrt(sum(mPatch.?2));

mPatchFea = limfea(yy:yy+patch_size-1, xx:xx+patch_size-1, :);
mPatchFea = mPatchFea(:);
mfNorm = sgrt(sum(mPatchFea.?2));

if mfNorm > 1,
y = mPatchFea./mfNorm;

else

y = mPatchFea;
end
b =-DI'*y;

% sparse recovery
w = L1QP_FeatureSign_yang(lambda, A, b);

% generate the high resolution patch and scale the contrast
hPatch = Dh*w;
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hPatch = lin_scale(hPatch, mNorm);

hPatch = reshape(hPatch, [patch_size, patch_size]);
hPatch = hPatch + mMean;

him(yy:yy+patch_size-1, xx:xx+patch_size-1) = him(yy:yy+patch_size-1,
xx:xx+patch_size-1) + hPatch;
cntMat(yy:yy+patch_size-1, xx:xx+patch_size-1) =
cntMat(yy:yy+patch_size-1, xx:xx+patch_size-1) + 1;
end
end

% fill in the empty with bicubic interpolation
idx = (cntMat < 1);
him(idx) = mim(idx);

cntMat(idx) = 1;

him = him./cntMat;
%hIm = uint8(him);

Patch pruning
function [Xh, XI] = patch_pruning(Xh, XI, threshold)

pvars = var(Xh, 0, 1);
idx = pvars > threshold;

Xh = Xh(:, idx);
Xl = XI(:, idx);

Lin scale
function [xh] = lin_scale( xh, mNorm )

hNorm = sgrt(sum(xh.*2));
if hNorm,
s =mNorm*1.2/hNorm;

xh = xh.*s;
end

L1QP FeatureSign Yang
%% L1QP_FeatureSign solves nonnegative quadradic programming
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%% using Feature Sign.

%%

%% min 0.5*x'*A*x+b'*x+\lambda* | x|

%%

%% [net,control]=NNQP_FeatureSign(net,A,b,control)
%%

%%

%%

function [x]=L1QP_FeatureSign_yang(lambda,A,b)

A =double(A);
b = double(b);

EPS = 1e-9;
x=zeros(size(A, 1), 1); %coeff

grad=A*sparse(x)+b;
[ma mi]=max(abs(grad).*(x==0));

while true,

if grad(mi)>lambda+EPS,
x(mi)=(lambda-grad(mi))/A(mi,mi);
elseif grad(mi)<-lambda-EPS,
x(mi)=(-lambda-grad(mi))/A(mi,mi);
else
if all(x==0)
break;
end
end

while true,
a=x~=0; %active set
Aa=A(a,a);
ba=b(a);
xa=x(a);

%new b based on unchanged sign

vect = -lambda*sign(xa)-ba;

X_new= Aa\vect;

idx = find(x_new);

o_new=(vect(idx)/2 + ba(idx))'*x_new(idx) + lambda*sum(abs(x_new(idx)));

%cost based on changing sign
s=find(xa.*x_new<=0);
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if isempty(s)
x(a)=x_new;
loss=0_new;
break;
end
X_min=x_new;
0_Mmin=0_new;
d=x_new-xa;
t=d./xa;
for zd=s',
X_s=xa-d/t(zd);
x_s(zd)=0; %make sure it's zero
o_s=L1QP_loss(net,Aa,ba,x_s);
idx = find(x_s);
o_s = (Aa(idx, idx)*x_s(idx)/2 +

ba(idx))"*x_s(idx)+lambda*sum(abs(x_s(idx)));

if o_s<o_min,
X_min=x_s;
0_min=0_s;
end
end

x(a)=x_min;
loss=o0_min;

end

grad=A*sparse(x)+b;

[ma mi]J=max(abs(grad).*(x==0));
if ma <= lambda+EPS,

break;

end
end

Imwrite2tif
function imwrite2tif(varargin)

%
%

IMWRITE2TIF Write image to tif file with specified datatype.
IMWRITE2TIF(IMGDATA,HEADER,IMFILE,DATATYPE) exports IMGDATA

with HEADER

%
%
%
%
%
%

to TIF file named IMFILE. HEADER is usally obtained by IMFINFO from
original image file, and it can also be left empty. String DATATYPE
specifies data type for the export. Supported data types include
logical, uint8, int8, uint16, int16, uint32, int32, uint64, int64,

single and double.
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% IMWRITE2TIF(IMGDATA,HEADER,IMFILE,DATATYPE, TAG NAME1,TAG
VALUE1,TAG NAME2,

% TAG VALUE?2,...) writes with specified Matlab supported TIF tag values.
% These new tag values overide those already defined in HEADER.

%

% Note 1:

%  toavoid errors such as '??? Error using ==> tifflib The value for

%  MaxSampleValue must be ...", overide tag MaxSampleValue by Matlab
%  supported values. Or simply remove the tag from HEADER.

%

% Note 2:

%  Overwriting of the existing image files is not checked. Be cautious

%  with the export image file name.

%

% Example 1:

%  imgdata = imread('ngc6543a.jpg');

%  header =imfinfo('ngc6543a.jpg');

% imwrite2tif(imgdata,header,'new_ngc6543a.tif','uint8');

%

% Example 2:

%  imgdata = imread('mri.tif');

% imwrite2tif(imgdata,[],'new_mri.tif','int32','Copyright','MRI',

%  'Compression',1);

%

% More information can be found by searching for 'Exporting Image Data
% and Metadata to TIFF Files' in Matlab Help.

% Zhang liang
% SRevision: 1.0 S SDate: 2011/02/23 S

if nargin<4 | | mod(nargin,2)==1
error('Invalid number of input arguments.');
end

% assign input argument
imgdata =varargin{1};
header =varargin{2};
imfile =varargin{3};
datatype = varargin{4};
if nargin>4
tag_name = cell((nargin-4)/2,1);
tag_value = cell((nargin-4)/2,1);
forii=1:(nargin-4)/2
tag_namef{ii} = varargin{2*ii+3};
tag_valuefii} = varargin{2*ii+4};
end
end
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% check errors
if ~“isnumeric(imgdata)
error('The first input argument (image data) must be a numeric array.');
end
if ~isempty(header) && ~isstruct(header)
error('The second input argument (header info) must be empty or a
structure.');
end
if ~ischar(imfile)
error('The third input argument (output tif file name) must be string.");
end
switch lower(datatype)
case 'logical’'
BitsPerSample = 1;
SampleFormat =1;
imgdata = logical(imgdata);
case 'uint8'
BitsPerSample = §;
SampleFormat =1;
imgdata = uint8(imgdata);
case 'int8'
BitsPerSample = §;
SampleFormat =2;
imgdata = int8(imgdata);
case 'uint16'
BitsPerSample = 16;
SampleFormat =1;
imgdata = uint16(imgdata);
case 'int16'
BitsPerSample = 16;
SampleFormat =2;
imgdata = int16(imgdata);
case 'uint32'
BitsPerSample = 32;
SampleFormat =1;
imgdata = uint32(imgdata);
case 'int32'
BitsPerSample = 32;
SampleFormat = 2;
imgdata = int32(imgdata);
case 'single’
BitsPerSample = 32;
SampleFormat =3;
imgdata = single(imgdata);
case {'uint64','int64','double'}
BitsPerSample = 64;
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SampleFormat =3;
imgdata = double(imgdata);
otherwise
error('Invalid output data type.');
end

% creat a Tiff object
t = Tiff(imfile,'w');

% duplicate tags from header
tagnamelist = Tiff.getTagNames();
tagnamelist_delete ={...
'StripByteCounts';...
'StripOffsets';
'TileByteCounts';...
'TileOffsets';...
'MaxSampleValue';...
'MinSampleValue';...
'ResolutionUnit'};
for ii=1:length(tagnamelist_delete) % remove read only tag names
tagnamelist(strcmpi(tagnamelist_deletef{ii},tagnamelist)) = [];
end
if ~isempty(header)
for ii=1:length(tagnamelist)
if isfield(header,tagnamelist{ii}) && ~isempty(header.(tagnamelist{ii}))
tagstruct.(tagnamelist{ii}) = header.(tagnamelist{ii});
end
end
end

% update tags determined from imgdata and datatype
tagstruct.Imagelength = size(imgdata,1);
tagstruct.ImageWidth = size(imgdata,2);
tagstruct.SamplesPerPixel = size(imgdata,3);
tagstruct.SampleFormat = SampleFormat;
tagstruct.BitsPerSample = BitsPerSample;

% update some default tags (these tags can be overriden by user input below)
tagstruct.Photometric = Tiff.Photometric.MinlsBlack;

tagstruct.Compression = 1;

tagstruct.PlanarConfiguration = Tiff.PlanarConfiguration.Chunky;
tagstruct.Software = 'MATLAB';

% update user input tag values
if nargin>4
for ii=1:length(tag_name)
tagstruct.(tag_namef{ii}) = tag_value{ii};
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end

% set tags and write to tif file
t.setTag(tagstruct)
t.write(imgdata);

t.close();

Extra LIM Fea
function [lImFea] = extr_IlIm_fea( lIm )

[nrow, ncol] = size(llm);

[ImFea = zeros([nrow, ncol, 4]);
% first order gradient filters
hfl =[-1,0,1];

vfl=1[-1,0,1]}

ImFea(:, :, 1) = conv2(lim, hfl, 'same');
ImFea(:, :, 2) = conv2(lim, vf1, 'same');

% second order gradient filters
hf2 =[1,0,-2,0,1];
vf2 =[1,0,-2,0,1]";

lImFea(:, :, 3) = conv2(lim,hf2,'same');
lImFea(:, :, 4) = conv2(lim,vf2,'same’);

Appendix
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