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Abstract

Abstract

Recent advances in sensor technologies have withessed a vast amount of very fine
spatial resolution (VFSR) remotely sensed imagery being collected on a daily basis.
These VFSR images present fine spatial details that are spectmdll\gpatially
complicated, thus posing huge challenges in automatic land cover (LC) and land use
(LU) classification. Deep learning reignited the pursuit of artificial intelligence towards

a general purpose machine to be able to perform any hteteiad taks in an
automated fashion. This is largely driven by the wave of excitement in deep machine
learning to model the higlevel abstractions through hierarchical feature
representations without humalesigned features or rules, which demonstrates great
potential in identifying and characterising LC and LU patterns from VFSR imagery. In
this thesis, a set of novel deep learning methods are developed for LC and LU image
classification based on the deep convolutional neural networks (CNN) as an example.
SeveraMifficulties, however, are encountered when trying to apply the standared pixel
wise CNN for LC and LU classification using VFSR images, including geometric
distortions, boundary uncertainties and huge computational redundancy. These
technical challenge®f LC classification were solved either using rblesed decision
fusion or through uncertainty modelling using rough set theory. For land use, an object
based CNN method was proposed, in which each segmented object (a group of
homogeneous pixels) was sdetband predicted by CNN with both withabject and
betweerobject information. LU waghus classified with high accuracy and efficiency.
Both LC and LU formulate a hierarchical ontology at the same geographical space, and
such representations are madeelby their joint distribution, in which LC and LU are
classified sinultaneously througheration. Thesedevelopedieep learningechniques
achieved by far the highest classification accuracy for both LC and LU, upuonda

90% accuracyabout5% higherthan the existing deep learning methods, and 10%
greater than traditional pix#élased and objettased approachebhis researcimade a
significant contribution in LCand LU classification through deep learning based
innovations, and has great potentlity in a wide range of geospatial applications.
Keywords deep learning, land cover classification, land use classification finery

spatial resolution, remotely sensed imagérgrarchical representations
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Chapterl: Introduction

Chapter 1  Introduction

1.1 Project Background

Ordnance Survey, the British National Mapping Agency, acquires thousands of square
kilometres of aerial photography each year to update their imagery and topographic
products. For example, in 2015, 139, 000gemwere acquired, covering B0 knt

of GreatBritain. The volume of sensor data being flown is constantly groimiterms

of increasingboth spatial resolution (up to 25 cm) and temporal frequency (twice a
year), owing to the improved instrumatibn and the pressure frggotential customers

and emwl-usersto increase data currency. The considerable majority of the ground
features were captured manually througksde survey and aerial photo interpretation,
which are extremely labountensive ad timeconsuming. Arguably, thiarge archive

of aeral imagery is highly undemt i | i sed and <could be &émi
information efficiently and effectively through modern geospatial artificial intelligence

(Al) and machine learning.

1.2 Realworld Demands from Ordnance Survey

Great Britain is one of thmost highly urbanised countri@esound the worldBibby
2009) The urban areasn Britain developed over thousands of years of human
habitation and are stillrapidly changing with faspaced and pooriplanned urban
growth(Dwyer 2011) posing grand challenges across the country: from environmental
degradatiomndfood insecurity, to unsustainable economy. Simimandingroblems,
caused by rapid urbadevelopment, require responsive plans and decisions from

environmental planners, policy makers, and local government authdttiesand
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Wang 2013) Accurate and upo-dateland cover and land use (LULC) informatitsn
thereforeprgently needed to keep pace with the esreanging urban environmesand

to supportelevant policies and decisignaking.

As a governmenbwned company, Orhnce Survey has experienced increasing
demand fromcustomers, includingbut not excluding UK government, different
stakeholders and endsers, for both more bespoke products and rapid development of
new products. The expectations of customers are driven by the offerings of other
geospatial players, such as Google, as well as broadandlogical advances such as
those included under bannerss A b i,fgAld atteacdhnol ogi esGne and f
of the key requirements to obtain reliable LULC information in a detailed, coherent
and consistent approach that promotes automaticarasfighe Industry 4.0 revolution.
Such requirement®f customersare greatly motivated and emboldened by the
increasing volume of sensor datybstantially improvedamputational resources, and
stateof-the-art geospatial technologies, where the charatics of, and changes in,

urban LULC can be extracted and analybgddevelopingintelligentand automatic

method through technologicaihnovations

1.3 Broad Context and Academic Requirements

Land cover and land use (LULC) information is essential foargety of geospatial
applications, such as urban planning, regional administration, and environmental
managemer(Liu et al. 2017)It also serves as the basis for understanding the complex
interactions between human activities and global environmental ch@eagesdy et al.
2010, Patino and Duque 2013jany predictive models (e.g. ecosystem, hydrologic,
and transportation models) involve LULC as thaput varialbes to simulatenatural

and anthropogenic processes and the functioning of the Earth s{\f&aberg et al.
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2011) Earth observations from diverse sources, including satellite, airbarséu
platforms and citizen observatories provide great opportunities to identify the
characteristics of, and changes in, LUa€oss differenscalefAnderson et al. 2017)

With the rapid development of sensors and devices, large quantities of very fine spatial
resolution (VFSR) remotelsensed imagery are now commercially available with sub
metre resolution, facilitating the acquisition of precise LULC informatidimatspatial

detail (Pesareset al. 2013, Zhao et al. 2016)

Land cover (LC) classification using VFSRmotely sensed datean be a very
complicated task due to the spectral and spatial complexity of the imagey.use

(LU) classification howeverjs even more challenging du the indirect relationship
between land use patterns and the spectral responses recorded in images. These land
uses are typically defined in terms of functions or socioeconomic activities rather than
physical forms of land covers, which canly be infered in directly through the
interpretation of tone, texture or shapes of the image feafiures al. 2016) Often,

the same land use types (e.g. residential areas) are characterised by distinctive physical
properties or land cover materials (e.g. composed of different roof riégisiential
gardens, etc.), and different land use categories might exhibit the same or similar
reflectance spectra and textures (e.g. tarmac roads and parkin@ it al. 2013)

As a consequence, such spectral and spatiaplexity and heterogeneity make

automatic LC and LU cla#fication using VFSR images an extremely challenging task.

Over the pastew decades, tremendous effbes been made in developing automatic
LULC classification methods using VFSR remotely sensed data. These methods,
particularly in terms of land coveetings, are designed primarily on the basis of

spectral features reflected by the physical properties of the ground surface. Many per
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pixel classification approaches (e.g. Multilayer Perceptron (MLP), Support Vector
Machine (SVM) and Random Forest (RRE.ghave been developed to learn the-non
linear spectral feature space at the pixel level irrespective of its statistical properties
(Pacifici et al. 2009, Zhang et al. 2015)owever, these pixddased methods cannot
guarantee high classification accuracy, particulatifine spatial resolutiqrdueto the

fact that singlefine pixels can lose their thematic meanings and discriminative
efficiency to separate different types of land covgis et al. 2017) Objectbased
methods, under the framework of objeetsed image analysis (OBIA), have dominated

in land cover classification using VFSR imagery over the last dd@dschke et al.
2014) Many studies applied OBIA approaches to obtain urban land cover information
from VFSR images, by exploiting these of spectral, textural, and geometrical
information of image objects that are composed of relatively honeogen
neighbouring pixelgfMyint et al. 2011) The major challenges of these objbased
approaches, however, are the choice of segmentation scales to obtain objects that
correspond to specific land cover types,which oversegmentdon and under
segmentation commonly exisithin the same imag@ling et al. 2015)So far existing
techniquegemaininadequate to analyse the datapendy, and no effective solution

has been proposed for land cover classification using VFSR remotely sensed imagery.

Land usgLU) classification, in comparison with land coecC) classification, is less
explored due to the complexity in spatial composiand configurationyhere théand

use patterns are foedby high-level semantics or functions. For example, land cover
objects can be recognised as buildings, grassland, woodland etc. based orgkellow
feature descriptors (spectra, texture, €hagic.), whereas land use features are
characterised as functional types with highel semantics, such as residential,

commercial, and industrial are@Bratasanu et al.®1, Zhong et al. 2015, Liet al.
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2017) Such disparity has resulted I mga seme
from the data itsel ftoasasdndtappeatiodskBramsahue d g e 6
et al. 2011) To bridge sucha semantic gap, many researches have attempted to
incorporde expert knowledge or ancillary data as spatial context for land use feature
extraction. They have generally developed asstep pipelines, in which objebased

land covers werextractednitially, followed by aggregating these land cover objects

using spatial contextual descriptive indicators defined on land use units, such as
cadastral fields or street blocdermosilla et al. 2012)Yet, the ancillary geographic

data for specifying the land use units might not be available for some régi@isl.

2016) and the spadi contexts are often hatd describeand characteseas a set of

Arul eso, even though the complex structu

distinguishable for human expe(Bliva-Santos et al. 2014)

1.4 Deep Learningin Remote Sensing

Recent advances il and machine learning, especially the emerging field of deep
learning, have changed the way we process, analyse and manipulate geospatial sensor
data. This is largely driven by the wave of excitement in deep machine learning, as a
new frontier of Al, where the most representative and discriminative features are learnt
endto-end, hierarchicallyArel et al. 2010) Deep learning methods have achieved
huge sucess not only in classical computer vision tasks, such as target detection, visual
recognition, and robotics, but also in many other practical applicatitwnst al. 2015,
Nogueira et al. 2017)They have made considerable improvements beyond the state
of-the-art records in a variety of domains, and have attracted great interest in both

academia and industrial communities.
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The essence of dp learning is about representation leagror feature learning, where

the most representative and discriminative featanearnt endo-end, hierarchically
(Chenet al. 2016) Unlike their shallow counterparts, such as support vector machine
and multilayer perceptron deep learning metks do not rely on the prior feature
extractions or human feature dgsi but rather learn the highlevel feature
representations through models themselves to enhance the generalisation capabilities
(Arel et al. 2010)In addition, the deep layers of representatltmge great potential to
characterise robust features with complex patterns and semantics, such as land use,
functional sitegtc.One typical example is the railway station that is comprised of long
thin platforms and long thin roofs together with a deplgects that surround it (e.qg.
railway lines, car park and multiple roaq$pang et al. 2016)Deep learning methods

are naturallyagood fit to capture sinckinds of feature representations with highel

semanticg§Nogueira et al. 2017)

Over the past few years, dee@rging and, in particular, deep convolutional neural
networks (CNNSs), have gained significant attention in the image analysis community
(Krizhevsky et al. 2012, Yangt al. 2015) Theywere originally devised forimage
categorisation, where an image is assigned to a specific semantic category according to

its content such as natural scenes used in computer vision applications or remotely
sensedland se scenes, such as oOai r(daggiotiétal. O0r es i
2017) These scenkevel land use classifications, however, do not meet the actual
requirement of land use image classification, which expects all pixels in an entire image

to be identified and labelled into land use categories.

In summary, although deep learning methods have their intrinsic advantages for

learning hierarchical feature representations, their feasibility and actual utility in both
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LC andLU imageclassification have not been explonaatil now, andthe LU image
classifcation, in particular, has noget been solved due to thleuge intra-class
heterogeneity and intalass similarityof land use features addition both land cover
and land use classifications are essentibthyabstractions or generalisations of tbal
world landscape. The classification systeams presented alifferent levels nested
within each othehierarchicallyover the same geographical space. Diffeggotind
features occur aoss different scales, and their mapping objectives are styongl
dependent upon the applicatsof interest(Heydari and Mountrakis 2018)ntil now,

it is still an open qu&ion how to appropriately adopt developCNN-basedmethods

to solve the complex LC and LU classificatibmsksusing VFSR remotely sensed

imagery

1.5 ResearchObjectives and Questions

The mainobjective of this PhD theswgasto producethe most accuratend cover and

land use mapthat are most suitabler meeing the potential customer requirements
from Ordnance Surye such ago identify and understandrd use changes in a fast
changing urban environmerito reach thisaim, the following specific objectives and

guestions arposed

1) Develop a deep learning method for land cover classification using VFSR
remotely sensed images.
Research questionCana noved method be developed based on CNNs to solve

complex land cover classification using VFSR remotely sensed images?

2) Model the uncertainty in deep learning for VFSR land cover image
classification.
Research questionCan a novel method be developed to qunénd model

the uncertainty within the VFSR land cover classification using deep CNNs?
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1.6

3)

4)

Develop a deep learning method to solve the complex land use classification
using VFSR remotely sensed imagery.

Research questionCana novel method be developed bdie® CNNSs to solve
complex land use image classificatiproblemsusing VFSR remotely sensed

imagery?

Develop a novel method for joint land cover and land use classification using
VFSR remotely sensed imagery.

Research question:Can the complex hierarchat relationship between land
cover and land use be modelled jointly?

Research questionCana novel method be developed for joint land cover and

land use classification using VFSR remotely sensed imagery?

Thesis Structure

This thesis is based on a numbgjournal articles, either already published or prepared

for publication (Chapters-8):

Chapter 1 gives the general introduction of this thesis. It comes with commercial and

academic needs and towards deep learning as theosthteart methods, focusg on

the challenges and opportunities for land cover and land use classification using VFSR

remotely sensed imagery.

Chapter 2provides a concise review of the traditional and deep learning based methods

in land use and land cover classification using Rr®agery, and discussthe pros

and cons as well as future research directions.

Chapter 3 presents a hybrid MLENN classifier for land cover image classification

by using a rulédased fusion decision strategy. It was designed to solve the blurred
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bounday issues in standard pixelise CNN methods by fusing with a pixehsed

multilayer perceptron (MLP) classifier.

Chapter 4 presents uncertainty modelling for CNfdsedland cover classification
usingrough set theory. A variable precision rough set (VPR&)el wagproposedo
guantify the uncertainty within the CNN classification map, and the uncertain regions
were rectified by using a Markov random field (MRF) through precise segmentation

and spectral differentiation.

Chapter 5 presents an objettased GIN (OCNN) for complex urban land use
classification. The OCNN method was proposed to analyse a group of pixels as an
object with geometry, and incorporate spatial context to classify different urban land

use classes with high accuracy and efficiency.

Chapter 6 presents aloint Deep Learning JDL) for land cover and land use
classification. Both land cover and land use classifications formulate a hierarchical
ontology within the same geographical space, and such representations are modelled by
their joint dstribution as a Markov process, in which land cover and land use are

classified simultaneously through iteration.

Chapter 7 summarises the results obtained from Chaptefs63 and answers the
research questions in Chapterfdliowed byreflections anduture recommendations

aswell as concluding remarldf this thesis
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Chapter 2  Literature Review

The last decades have seen a constellation of sensors borne bykhvéredservation
platforms including satellitesaerial systems and unmanned aerial veh{€¢sman et

al. 2017) Such technological advancesvbaresulted insignificant growth in the
availability of very fine spatial resolution (VFSR) imagery a daily basigYao et al.
2016) Those VFSR images prale unprecedented spatial detaihichfacilitate many
practical applications, such as precision agricul{@zdarictOk et al. 2015)traffic
monitoring(Larsen et al. 2013and urban plannin@Caccetta et al. 2016)and cover
(LC) and land use (LU) classifications are widely used to extract meaningful
information for these purposéMalinverni et al. 2011)However,LC classification
from VFSR remotely sensed imagasyvery complex,due tothe hugewithin-class
spectral heterogeneityaused bythe differences in age, level of meenance and
composition as well as illumination conditiofidemarchi et al. 2014yhich might be
further complicated by the scatterinfperipheral ground objec{€henet al. 2014)
Classification of &and use (LU) is even more challengifzecause of its indirect
relationship with the physicaharacteristicsf the Earthsurfacerecorded byhe VFSR
images(Pan et al. 2013)LU refersto functions orhuman activitieswhich cannot be
interpreted by uag tone, texture or shapes of image featgkest al. 2016) Indeed,

the classification of LC and LU from VFSR remotely sensed images is still an open and

unsolved task itheremote sensing community.
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2.1 Traditional LC and LU Classification Approaches

Over thepast decade, tremdous efforthas been made in developing automatic LU
and LC classification methods using VFSR remotely sensed imagery. For LC,
traditional classification approaches can be divigeadlyinto pixelbased and object
basedmethodsdependhg on the basic mcessing units, either peixel or perobject
(Salehi et al. 2012Pixelbased methods atsedwidely to classify individual pixel

into particular land cover categoriasrely based on spectral reflectance, without taking
consideration of neighbouring pixef€erburg et al. 2011)These methods are often
limited in classificationperformance due to the speckdad increased interlass
variance in comparison with coarsenoedium spatial resolution remotely sensed data.
To overcome the weakness of pkkelsed approaches, some pdassification
approaches have been introdued).Hester et al. 2008, McRoberts 2018Bpwever,
these techniques could eliminate small classes with few pixeisge $amily clases

such as houses or small scrubland ar®gectbased methods, under the framework
of objectbased image analysis (OBIA), have dominated in land cover classification
using VFSR imagery over the last deca@daschke et al. 2014)These OBIA
approaches are built upon relatively homaapers objects that are composed of pixel
values across the image, for thentification of land covers through physical properties
(such as spectra, texture, and shape) of ground components. The major challenges in
applying these objediased approaches are the selection of segmentation scales to
obtain objects that correspondsjoecific land cover types, in which ove&gmentation
andundersegmentation commonly exisithin the same imag@ing et al. 2015)As

a resulttheLC classificatiortak is verychallenging, especially farrban areas, which
exhibit high intraclass variationwith huge diversity of land coverobjects (e.g.
buildings with different roof tiles), and low intefass disparity with similavisual
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characteristicsor differert land cover types (e.g. buildings and roads). Meanwhile,
thesefine-structured objectsfteninteract with each other through occlusions and cast
shadowswhich poses additionahallengs to identify them precisely and accurately

To date, no effectiveadution has been proposed for land cover classification using

VFSR remotely sensed imagery

Similar to land cover classification, traditional land use classification methods using
VFSR data can generally be categorised into three types, including pixaggm
windows, and objects. The pixklvel approaches that rely purely upon spectral
characteristics arguitable forclassifyng land cover, but are insufficient to distinguish
land uses that are typically composed of multiple land covers, and suchrpsacée
particularly significant in urban setting8hao et al. 2016)Spatial information, that is,
texture(Myint 2001, Heroldet al. 2003)r context(\Wu et al. 2009)was incorporated

to analyse land use patterns through moving kernel windiivesneyer et al. 2014)
However, it could be argued that both ptka@lsed and moving windebased methods
requre predefinition ofarbitrary image structures, whereas actual objects egidns
might be irregularly shaped in the real wdtterold et al. 2003)Thereforethe OBIA
framework has been used to caerise land use based ontsgacontext Typically,

two kinds of information within a spatial partition were utilised, namely, the within
object information (e.g. spectral, texture, shape) and the begect information

(e.g. connectivity, contiguit distances, and direction amongst adjacent objects). Many
studies applied OBIA for land use classification using witttiect information with a

set of lowlevel features (such as spectra, texture, shape) of the land fe@ugres
Blaschke 2010, Hu and Wang 2013, Blaschke et al. 200#gse OBIA methods,
however, might overlook semantic functions or spatial configurations due to the

inability to use lowlevel features in semantfeature representation. In this context,
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researchers have developed a-step pipeline, where objebtased land covers were
extractedinitially, followed by aggregating the objects using spatial contextual
descriptive indicators on wetlefined land usenits, such as cadastral fields or street

blocks. Those descriptive indicators were commonly derived by means of spatial
metrics to quantify their morphological propert{@®shida and Omae 2006) graph

based methods that model the spatial relationgBigs and Barnsley 1997, Walde et

al. 2014) Neverthelesgthe ancillary geographic data for specifying the land use units

might not be available for some regions, and the spatial contexts are often hard to
describeand characteseas a set of Arul eso, even thot
patterns might be regaizable and distinguishable for human expgOliva-Santos et

al. 2014)

2.2 Problems in Traditional LC and LU Classification Approaches

Most traditional classification methods for both LC and LU, are hand engineered in
feature design coupled with classifiers in shallow structure and architecture. They
typically involve two separate but complementary steps for feature extraction and
classification(Volpi and Tuia 2017)Featureextraction is implemented by specific
operators on local portions of the image (e.g. image patches;@Expkr or regions,
objects etc.), to transform the originspectral feature space intmmpact and/or
abstract representations that are amenableitg beadily separated by a classi{ieun

et al. 2014)Such transformed spatial features are thereafter used together with original
spectra to train some sort of supervised classifeg. Support Vector Machine), in
order to recognise the semantic content of the input img@#gnet al. 2016) The
performance of any classifier used is heavily affected by the used transformations and

the consequenspatial features. Common exampldéssoch operators include texture
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descriptorqReis and Tasdemir 201, Ihathematial morphology(Pingelet al. 2013)
and oriented gradien{€heng et al. 2013)'he process of harehgineering features
however,ofteninvolves a tedious trighnd-error procedurdor featue extraction and
selection(Volpi and Tuia 201). Those hanatoded featureare often taslspecific and
might be useful for a particulaegionand/orproblem Moreover, the used lovevel
features followed bghallow achitectures of the classifiers, are insufficient to mine the
underlying semantiasr fundions due to the lack of highégvel feature representations
(Liu et al. 2017) Thus, limited tassification grformance has been achieveelaie

using VFSR images that are spectrally and structurally complicated.

2.3 An Overview of Deep Learning in Remote Sensing

Deep learning offers a different outlook on feature learning and representations, where
robust, abtract and invariant featuresedearnt endo-end, hierarchically, from raw

data (e.g. image pixels) to semantic labels, which is a key advantage in comparison with
previous stat®f-the-art methodgNogueira et al. 2017Many deep learningpased
methods have been proposed, including deep belief networks (OBKNsh et al.

2015) deep Boltzmann machines (DBM®)in et al. 2017)stacked autoencoder (SDE)
(Yao et al. 2016)and deep convolutional neural networks (CNRgaggiori et al.

2017) Amongst themthe CNN model represents the most wedtablished method,

with impressive performance and greafccessn the field of computer vision and
pattern recognitiofSchmidhuber 2015%uch as for visual recognitigirizhevsky et

al. 2012, Farabet et al. 2018nage retrieva(Yang et al. 2015and scene annotation

(Othman et al. 2039).

Deep learning is taking off in the field of remote sengiinu et al. 2017)Figure2-1

illustrates the number of papers published on the related topic since 2014. Clearly, the
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exponential increase from only 3 in 2014 up to projected 200+ in 2018 demonstrates
the rapid surge of interest in deep leagwithintheremote sensing community. These
publicationsshow huge potential and practical utility in several remote sensing tasks,
such as object detecti¢hhaoet al. 2017)semanticegmentatiofFu et al. 2017)road

extraction(Wei, et al. 2017)and land use scene classificat{biu, et al. 2018)

200+ (predicted)

84 (Apr. 2018)

3

—==

2014 2015 2016 2017 2018

Figure 2-1: The statistics for published papers related to deep learning in remote sensing

Table2-1 - Summary of the deep learning for solving remote sensing tasks with the

number of papers and example sources

Remote sensing tasks No of Source (examples)
papers
Target detection 22 Chenet al. 2014, Zhangt al. 2016, Long et al. 2017, Pei et2118
Road extraction 6 Wang et al. 203, Panboonyuen et al. 2017, Végial. 2017
Image processing 4 (Masi et al. 2016, Wei, Yuan, et al. 2017, Wang et al. 2018)
Semantic segmentation 49 Paisitkriangkrai et al. 2016, Maggiori et al. 2017, Wu et al. 2018
Land cover image classificatiol 8 Kussul et al. 2017, Pan and Zhao 2017, Zhang et al. 2018
Land use scene classification 72 Hu et al. 2015, Othman et &016, Nogueira et al. 2017, Liu et al. 201
Change detection 5 Zhang et al. 2016, Gong et al. 2017, Su et a720

Table 21 summarisesarious remotely sensed applications using deep learning based

methods. From the table, it can be seen thate areseventypes ofmajorapplications
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in the remote sensing domaimarget detection, road extraction, image preces
semantic segmentation, land cover image classificakéonl use scene classification
and change detection. Among tevenapplicationsthe land use scene classification
(72 papers) semantic segmentation (49 papess)d target dection (22 papens
constitute the majority cases, whereas others are less researched lsesiprevious
works represertheresearch focus and hot topafsdeep learning itheremote sensing
domain Note, while thissectioncovers the most important contributions time
literature;it will not provide a comprehensive review of deep learning in remote sensing
(Zhanget al. 2016, Zhu et al. 2017)instead, the purpose is pyovide a concise
ovewiew of deep learningnethods for classifying L@ndLU using VFSR remotely
sensed imageryWe focus on deep convolutional neural networks (CNN), as they are
the most typical and welistablished deep learning method that has been adopted in

the remote sensing domain.

Deep CN\Ns are a variant of multilayer neural networks thatspecifically designed

to process largecale images or sensory data in the form of multiple arrays by
considering local and global stationary proper{iesCun et al. 2015)The essential
characteristic of CNNs is their translational invariance throaglpatchbased
procedure, in which a highéevel object within an image patch can be recognised even
if the pixelscomprising the object are shifted or distortedep CNNs wreoriginally
designed to solvéhe imagecategorisation task, i.e. to assign the entire image into a
semantic class such as a d{geCun et al. 1998)r an object categoriKrizhevsky et

al. 2012) Intheremote sensing domain, the equivalent problem is to sodvemotely
sensed scene classification task, in which an image patch is assigned to a specific
category, s urcehs i adse nd a iarl poag r to6c,o mmer ci al 0.

classification tasks are closely related to object deteditiang et al. 2016)and
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localisation(Long et al. 2017)where the translational invariance is the key adggnta

of theCNN todetecthe object with higher order features, such as land use or functional
sites. However, this characteristic becomes a major weakness in LC and LU
classification for pixelevel differentiation, from which blurred boundariesre
produed between ground surface objedttere, we review the classification of both

LC and LU using CNNs to elabate these challenges in detaild identifythe research

gars.

2.4 Deep CNN for LC Classification

Land cover (LC) classification using CNN models candbeded broadly into two
categories based on processing units, including gaskd and pixdbased
procedures. The patdiased processes for LC classification involve an image patch
passinghrough the entire image pixbl-pixel, with densely overlappg patches used
for land cover predictiond-u et al. 2017)In this context, researchers have msai@e
progresaising patcHbased CNN models. For examp\énih (2013)proposed patch
basedCNN architecture to learn larggcale contextual features faerial image
labelling. The model produced dense classification patch, instead of outpgitan
single value image category, in whispatialcontextualfeatureswvere learnto better
distinguish thdand coverclassesLangkvist et al(2016)used the standard pixelise
CNN with densely overlapping patches to classify the imagdiugdand coverclasses
(vegetation, ground, road, building, and wategutperforming the existing
classification approacheSharma et a[2017)extractedmage patchefor al possble
locationswithin mediumresolution remoty sengddatg and classified them into LC
categories respectivelilowever,suchapatchwise procedurdas the disadvantage of

introducing artefactsat the border of the classified patches, and tise of the
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overlapped patches introduces too much redundantputations thus severely
restricting the actual utility of the method for largeale land cover classificatigRu

et al. 2017, Magagiori et al. 201 Recent researdiasshifted the focus on patdiased
CNN for land cover classificaticlmwards designing pixgével architecturesor pixel
labelling using VFSR remotely sensed imag@fglpi and Tuia 2017)Particularly, the
fully convolutional networks (FCN) and their extensi@Raisitkriangkrai et al. 2016,
Wang et al. 2017, Zhaat al. 2017yere proposed for the task of semaségnentation

to classify a set dbw-level land cover semantics, such as buildingsg/emdand cars

(Liu et al. 2017)These FCNoased method$nvolve convolution and dowsampling
together with subsequent-gpmpling to maintain the resolution of output map to be
the same as the original input image, where the class likelihoods for an entire image
were produced for pixelise semantisegmentatioffChenet al. 2016) However, the
convolution utilises the neighbourhood informatestontext, and theris a tradeoff
between strong dowsampling, which allows the network to see a large context, but
loses fine spatial details for precise boundary delinegfidarmanis et al. 2018)
Besides, the upampling layers are performed in a sense of interpolatitdmegixel

level that tends to oveamooth the object with insufficient spatial information during
the inference stag@.iu et al. 2017) As aconsequence, the FCN models still face

challengsin pixelwise dense labelling.

Some other researttas attemptetb mitigate the blurring of boundaries due to dewn
sampling and ws amp!l i ng, either by using t he
convolution)to increase the density of the predicted class labels, or by adding skip
connections within the network architectures, so that the fine resolution details were re
introduced after yysampling(Marmanis et al. 2018)Still, these extension methods

resulted in blurred bawdary delineations when applied to VFSR remotely sensed
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imagery with many small objects nesteidhin each other. Merstook the CNN as a
rough classifier for object localisation, and further rectified the edges durimppshe
classification process bysuing the original image ashe guidance for precise
segmentatiofMaggiori et al. 2017)For examplel.&dngkvist et al(2016)merged the
standard pixelvise CNN with segmented regions to smooth the classification results
through average pogrocessingZhao et al. (2017) proposed a contotpreserving

CNN method for semantic segmentation, and smoothed the classification results
through posprocessing using condiional random field (CRF). Similarlyfu et al.
(2017)used FCNbased approaches for dense classification, and then performed the
CRF method as postprocessing to refine the region boundari®garmanis et al.
(2018) applied a special structure of FCN (SegNet), and sneddtie results using

CRF for semantic segmentation. However, these prastessing procedurésither by
averaging over segmented regions or using a CRF approcactonly partially address

the boundary issues caused by CNN models by smoothing the outputs at the price of
losing finespatialdetail Often, some small features with linearly shaped objects, such
as canal, railway, were easily eliminated through {pwetessing processes, which is

undesirable in the case of VFSR remotely sensed image classification.

2.5 Deep CNN for LU Classification

Land use (LU) classificatiofom VFSRremotely sensed data using Cidbdels has

been undertaken in the form of lande scene classification, which aims to assign a
semantic label (e.g. tennis court, parking lot, etc.) to an image according to its content
(Chen et al., 2016; dhueira et al., 2017Yhere are broadly two strategies to exploit

the CNN models foremotely sensed scedkassification, namely; i) prrained or fine

tuned CNN, and ii) fullptrained CNN from scratchMany researchs usedthe first
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strategy primary because the sample size in remote sensing tends to be small (up to
several thousands), and sometimes cannot support the parameterisation of a deep
network, such as AlexNet with 8 laygksizhevsky et al. 2012)isual geometry group
network (VGGNet) with 16 layergSimonyan and Zisserman 2018&oogLeNet with

22 layers(Szegely et al. 2015)deep residual network with 3¢ 50layers(He et al.
2016) They normally prearained a deep CNN network on a natural image dataset such
as ImageNe{Krizhevsky et al 2012) and transferrethis to the scene classification
problem inthe remote sensing domain, whiatas demonstrate to be empirically
useful for the classification of land use scenes. For exankpleget al. (2015)
investigated theroblem of transferring features from CNN models that ardérpneed

on a large auxiliary labelled datasdarmanis et al.(2016) used the prérained
AlexNet model as a feature extractor, and then transféniethto a supervised CNN

for scene classificatiorChaib et al(2017)extracted deep features franpretrained
VGG-Net, and finetuned on remotely sensed scene datasets, incltiteii$C Merced
(Yang and Newsam 201Q)WHU-RS (Shao et al. 2013nd AID dataset(Xia et al.

2017) Nogueira et al(2017)thoroughly discussed three strategies for exploiting the
power of CNNSs, including fully traied, pretrained with finetuning, and using CNN
directly as feature extractor. The empirical results demonstrate thipréstrained

with fine-tuningd strategytends tobe more accuratéhan others given the limited
training sample sizeHowever, it reques three input channels derived from natural
images with RGB only, whereas the multispectral remotely sensed imagery often
involves the near infrared band, and such a distinction restricts the utility-wapred

CNN networks. Alternatively, the (ifully-trained CNN strategy gives full control over

the network architecture and parameters, which brings greater flexibility and

expandability(Chenet al. 2016)Previous researchers have explored the feasibility of
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the fully-trained approachesin building CNN models for scene level lande
classification. For examplépus et al(2015)proposed a mukview CNN with multt

scale input strategies to address the issue of land use scene classification and its scale
dependent characteristi€thman et ali2016)used convolutional features and a sparse
autoencoder for scenkevel landuse image classification, which further demonstrated

the superiority of CNNs in feature learning and repregen. Zhang et al(2016)
proposed a gradient boosting CNN model that outpeddmther classical machine
learning methods for remotely sensed scene classificfioret al.(2018)developed

a deep randorscale stretched CNN for fine resolution remotely sensed scene
classification, with patches of random scales used as inputs to strengthen the robustness
of the CNN toscale variation. Experimental results demonstréted the proposed

CNN with randomscale stretched patches outperformed both classical machine

learning methods and other affe-shelf deep learning methods.

Although great success has been achieved in land use sess#iadtion based on
CNN modes, they are essentially different from remotely sensed image classification,
which requires all pixels in an entire image to be identified and labelled into land use
categories (i.e., producingldJ thematic map)In sucha context, a dense pixalise
semanticlabelling is required, and the spatial resolution should be preserved to
precisely locate the object boundaiiekggiori et al. 2017)This i not straightforward

to implement, because the wkhiown tradeoff between recognition with translation
invariance and localisation without translation invariance. Dubkdaharacteristic of
translation invariance, CN8Ndemonstratea structural limitabn to perform fine
grained classification #hepixel level. Indeed, in VFSR remotely sensed imagery, even
if few pixels were moved, the label would change abruptly when passing through the

object boundaries. Therefore, it is of paramount importancees@ul specific deep
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architectures to overcome the structural issues in terms of losing resolution and to solve

the challengingroblem ofland use image classification.

Let us remark that the existing CNN models, either phased or pixebased
architectires, are not well designed and cannot be directly transferred to the problem of
dense LC and LU image classificatjomhich forms the researcapto be solved in

this thesis Based on the classification hierarchies, the previous work for-pisel
classfication using CNN were all designed to address land cover classification tasks.
For example, the weknown ISPRS semantic labelling datasensiders six land
covers to be classifiedncluding buildings, impervious surface, low vegetation, trees,
cars and clutterqWarg et al. 2017)Whereas land use image classification, which
expects to classify each pixel iraspecific land use, such as residential, commercial,
industrial etc., has not been explored through the CNN based methods. The key thing
is the context in &ense that a building cannot be identifiedaasommercial area
without understanding the spatial and hiehécal relationships in a widsontext(e.g.
supermarkets, parking lots, and surrounding residential atéagjever, as discussed
beforehand, theris a strong tradeff between contextual information and the spatial
precision. Essentially, a fine resolution thematic map is required for land use image
classification that characterises the higher level functional representatissmantic

meanings
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Table2-2 - Summary of the statef-the-art LC/LU classification methods with their typical input data, LCAlas®s as well as accuracy ranges.

LC/LU Classification Method

Source (Examples) Typical Input Data

LC/LU Classes

Accuracy Range

Pixelbased MLP

Atkinson and Tatnall 1997, Del Frate €
al. 2007, Hu and Weng 2009, Pacifici «
al. 2009, Jiang et al. 2018

Landsat 5, SPOT 5, IKNOS
QuickBird satellite imagery

Pixelbased SVM

OzdariciOk et al. 2015, Zhang et al. 20:

Foody and Mathur 2004, Mountrakét

S
al. 2011, Ok 2013, Dragozi et al. 2014  -andsats, SPOT'S, IKNOS

QuickBird satellite imagery

Pixetbased RF

Sesnie et al. 2010,u8 et al. 2011,
Bechtel and Daneke 2012, Naidoo et ¢
2012, Ahmed et al. 2015

Landsat 5, SPOT 5, IKNOS
QuickBird satellite imagery

Objectbased OBIA SVM

Conchedda et al. 2008, Li et al. 2010
2015, Duro et al. 2012, Vetrivel et al.
2015

SPOT 5, IKNOS, QuickBirc
WorldView2, WaldView-3,
GeoEye satellite imagery

Land cover/use
depends on specific
applications (urban

fabric extraction, forest
canopy mapping, crop
classification, ecologice
habitat mapping, et al.)

75.62% 81.04%

74.85% 81.96%

74.56% 82.42%

80.28% 83.86%

Patchbased CNN

WorldView?2 satellite imagery
(Beijing Dataset), Landsat 8
imagery

Romero et al. 2016, Zhao and Du 201!
Pan and Zhao 2017, Sharma et al. 20:

Vegetation, ground,
road, building, water

80.12%- 84.53%

CNN with segmented object averagil

Aerial imagery (Vaihingen
Dataset), WorldViev2
satellite image (Beijing

Dataset)

Langkvist et al. 2016, Paisitkriangleti
al. 2016, Zhao «il. 2017

Building, Impervious
Surface, Tree, Low
Vegetation, Car

82.03% 85.81%

CNN + Conditional Random Field
(CRF)

Panboonyuen et al. 2017, Zhao et al.  Aerial imagery (Vaihingen

2017, Pan and Zhao 2018, Wei et al. 2( Dataset and Potsdam Datase

Building, Impervious
Surface, Tree, Low
Vegetation, Car

84.06% 86.64%

SegNet

Aerial imagery (Vaihingen
Dataset and Potsdam Datase
and DSM

Chenget al. 2017, Volpi and Tuia 2017
Arief et al. 2018, Audebert et al. 2018

Building, Impervious
Surface, Tree, Low
Vegetation, Car

83.79% 86.75%

Fully convolutnal network (FCN) + Fu et al. 2017, Maggiori et al. 2017, Wa

CRF

Aerial imagery (Vaihingen
Dataset ad Potsdam Dataset

et al. 2017, Marmanis et al. 2018 and DSM

Building, Impervious
Surface, Tree, Low
Vegetation, Car

84.92% 86.80%
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2.6 Summary of LC and LU Classification methods

To synthesis the literatureviewin a systematic fashion, the LC and LU classification
methods developed so fare summarised ifrable 22. The reviewed classification
metods start with pixebased machine learning methods (MLP, SVM, RF), follow by
objectbased SVM as the OBIA paradigm, and reach the existing deep learning methods
(patchbased CNN, CNN with segmented object averaging, CNN with @RIF-CN

with CRF). Theselassification methods take satellite and aerial imagery as their input
data sources, which are classified into several land cover/use classes (primarily simple
land covers), such as buildings, roads, trees etcpikeebased MLFhas an accuracy
rangeof (75.62%- 81.04%), similar to thepixel-based SVM (74.85%81.96%), and

the pixetbased RF (74.56% 82.42%). Compared with pixebased approaches,
ObjectbasedSVM achievesa slightly higher accurac{80.28%- 83.86%), owing to

its consideration of spal context. However, these traditional methods rely on hand
coded features or rules that are hard to be designed and subject to user knowledge and
expertise. Bep learningbased methodsave been actively studieds theycan
automatically learn the feat representations other thanman designedeatures,

with promisingperformanceébeing demonstratedver the past fewears The patch

based CNN haan increased accuracy range compared with other traditional methods
(80.12%- 84.53%), butat the price ofosing spatial resolution and blurriige edges

of ground featuresRecent developmenh deep learning methodsave made some
progresses iraddressinghese problemshrough posprocessing For example, the

CNN integrateswith segmented object averagirat the postlassification process
acquiresan accuracy range d2.03%- 85.81%). The patckbased CNNtogethemwith

conditional random field (CRF) arnproposed to further enhance the accuracy range
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using the class specific probability distribution atp the boundaries (84.06%
86.64%). A special deep architecty&egNe} gainspopular interest in remote sensing
community for pixelwise semantic labelling, leading to an accuracy range of (83.79%

- 86.75%). Such netwoskaregeneralised as fully conugtional networks (FCN) with
variousextensions (e.g. via dilated convolution or through CRF-pastessing) for
semantic segmentation. The typical accuracy range for FCN with CRF is up to 84.92%
- 86.80%, with an accuracy of 85% in average.

To summarisethe traditional pixebased machine learning methods #melobject

based methods have an average classification accuracy owd@reasmost of the
reviewed deep learning methaatshievearoundd5%classificatioraccuracy. However,

all the existing methas havelifferent kinds of problems and challenges outlined in 2.3

T 2.5. The aim of this thesis is to develop novel deep learning methods that can push
the boundary of classification accuracy towards the mosurate LC and LU

classification approaches.
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Chapter 3 A hybrid MLP -CNN classifier for very
fine resolution remotely sensed image
classification 1

1 This chapter is based on the published paper: ZlanganX., Li, H., Gardiner A., Sargentl., Hare J, Atkinson
P.M., 20183 A hybrid MLP-CNN classifier for very fine resdlion remotely sensed image classificati®PRS
Journal of Photogrammetry and Remote Sendidg: 133144.https://doi.org/10.1016/).isprsjprs.2017.07.014
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Abstract

The contextuabased convolutional neural network (CNN) with deep architecture and
pixel-based multilayer perceptron (MLP) with shallow structure ark-m@eognized
neural network algorithms, representing the stétthe-art deep learning method and

the classical noparametric machine learning approach, respectively. The two
algorithms, which have very different behaviours, were integrated in a caraise
effective way using a rulbased decision fusion approach for the classification of very
fine spatial resolution (VFSR) remotely sensed imagery. The decision fusion rules,
designed primarily based on the classification confidence of the CNN, rdikect t
generally complementary patterns of the individual classifiers. In consequence, the
proposed ensemble classifier MVHKNN harvests the complementary results acquired
from the CNN based on deep spatial feature representation and from the MLP based on
spedral discrimination. Meanwhile, limitations of the CNN due to the adoption of
convolutional filters such as the uncertainty in object boundary partition and loss of
useful fine spatial resolution detail were compensated. The effectiveness of the
ensemble NMIP-CNN classifier was tested in both urban and rural areas using aerial
photography together with an additional satellite sensor dataset. TheCMNP
classifier achieved promising performance, consistently outperforming thebaised

MLP, spectral andeixturatbased MLP, and the contextizsed CNN in terms of
classification accuracy. This research paves the way to effectively address the

complicated problem of VFSR image classification.

Keywords convolutional neural networkmultilayer perceptron VFSR remotely

sensed imageryusiondecision feature representation
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3.1 Introduction

With the rapid development of modern remote sensing technologies, a large quantity of
very fine spatial resolution (VFSR) images is now commercially available. These
VFESR imags, typically acquired at sutmetre spatial resolution, have opened up many
opportunities for new applicatior(ghong et al. 2014)for example, urbatand use
retrieval , precision agricultuf@hang and Kovacs 2012, Ozdaf@k et al. 2015)and

tree crown delineatiofArdila et al. 2011, Yin et al2015) However, despite the
presence of a rich spatial data cont@hiang et al. 2014¥he information conveyed

by the imagery is conditional upon the quality of the procegsifuggkvist et al. 2016)

With fewer spectral channels in comparison with coarse or medium sgatélition
remotely sensed data, it can be challenging to differentiate subtle differences amongst
similar land cover typedowers et al. 2015Meanwhile, objects of the same class may
exhibit strong spectral heterogeneity due ftedences in age, level of maintenance and
composition as well as illumination conditiofidemarchi et al. 2014yhich might be
further complicated by the scattering of peripheral ground obj&itenet al. 2014)

As a consequence, such high inatfass variability and low inteclass disparity make

automatic classification of 8&SR images challengingiask

Ever since the advent off8R imagery, tremendous efforts haverbeede to develop
robust and accurate, automatic image classification methods. Among these, machine
learning is currently considered as the most promising and evolving apgzbeciy

et al. 2015) Popular pixebased machine learning algorithms, such as Multilayer
Perceptron (MLP), Support Vector Machine (SVM) and Random Forest (RF), have
drawn considerable afttion in the remote sensing commun{i§ang et al. 202,

Attarchi and Gloaguen 2014, Zhang et al. 20Ihe MLP, as a typical neparametric
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neural network classifier, is designed to learn the nonlinear spectral feature space at the
pixel level irrespective of its statisticafoperties(Atkinson and Tatnall 1997, Foody

and Arora 1997, Mas and Flores 2008he MLP has been used widely in remote
sensing applications, including"8R-based land cover classification (eDgl Frate et

al. (2007) Pacifici et al. (2009. The MLP algorithm isnathematicallycomplicated

yet can be simple in model architecture (e.qg., a shallow classifier with one or two feature
representation levels). At the same time, a ppeeded MLP classifier does not consider,

or make use of, thepatial patterns implicit in images, especially foFSR imagery

with unprecedented spatial detail. In essence, the MLP (and related algorithms, e.g.
SVM, RF, etc.) is a pixdbased classifier with shallow structure (one or two layers)
(Chen et al.2016) where the membership association of a pixel for each class is

predicted.

Recent advances in neuroscience have shown that deep feature representations can be
learned hierarchically from simple concepts such as oriented edges to-lbigter

complex patters such as textures, segments, parts and olffeatket al. 2010) This

discovery motivated the breakthrough of thecsa |l | ed Wfndeep | earning
represent the state-the-art in a variety of domains, including target detec{iGhen

et al. 2016;Tang et al2015) image recognitiofKrizhevsky et al. 2012, Farabet et al.

2013)and roboticgYu et al. 2013, Bezak et al. 2014, Lenz et al. 204®ongst others.

The convolutional neural network (CNN), a weBtablished deep learning approach,

has produced excellent results in the field of computer visidnpattern recognition
(Schmidchuber 2015)such as for visual recognitigirizhevsky et al. 2012, Farabet et

al. 2013) image retrievafYanget al. 2015pnd scene annotati¢g®@thman et al. 2016)
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In the remote sensing domain, CNNs have been studied actively and shown to produce
stateof-the-art results over the past few years, focusing primarily on object detection
(Dong et al. 2015dr scene classtation(Hu et al. 2015, Zhangt al.2016) Recent
studies further explored the feasibility of CNNs for the task of remotely sensed image
classification. For exampl&,ue et al.(2016)utilized spatial pyramid pooling to learn
multi-scale spatial features from hyperspectral daken et al(2016)introduced a 3D

CNN to jointly extract spectraspatial features, thus, making full use of the continuous
hyperspectl and spatial spaces. In terms of the classification of maltd
hyperspectral imagery, a deep CNN model was formulated through a greedyisser
unsupervised preraining strategyfRomero et al. 2016whereas an image pyramid

was built up through upscaling the original image to caphe&ontextual information

at multiple scale¢Zhao and Du 2016)}or VFSR image classification, CNN models

with varying contextualriput size were constructed to learn matiale features while
preserving the original fine resolution informatifirangkvist et al. 2016)All of the
abovementioned work applied CNNs with contextual patches as their inputs, and
demonstrated the robustness and effectiveness in spatial feature representations with
excellent classification performance. However, the benefits and shortcomings of the
CNN as a classifier itself have not been studied thoroughly. In particular, the CNN, as
a contextual classifier with deep structuf®zegedy et al. 2013xplores the complex
spatial patterns hidden in the image that are not seeepbgsentation in its shallow
counterparts, whereas it mayerlook certain information in spectral space observed
by pixetbased classifiers. Moreover, uncertainties may appear in object boundaries due
to the usage of convolutional filters of the CNN. Tdhdssues deserve further

investigation.
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Any singlesetof features (e.g., spectral only)r a specific classifiefe.g., pixelbased

only) is unlikely to achieve the highest classification accuracie¥ K8R imagery
because the result is conditional upamoth spectral and spatial informatiolm this
context, two categories of spectaaldspatialinformationwere fusd for classification

or handled witha classifier ensembldnformation fusion can be realized by stacking
the spatial and spectral infornat as feature bands. However, this does not allow the
specification of the relative influence of the extracted feat(Méasng et al. 2016)
Others proposed integratiaggorithms considering the spatial and spectral features at
the same time. For exampleauvel et al(2012)proposed a composite kerAmsed

SVM with spectral and spatial kernels applied simultaneously. However, the spatial
kernel summarizes only basic information (e.g. median) of the spatial neighbourhood

(Wang et al. 2016)

I n terms of classifier ensemble technol og
sy st @enedktsson2009) nd i deci Eaueehetalf. 2086 reoemgloyed.
Multiple classifier systems are based on the manipulatfomaming sample sets,
including boostingFreund et al. 2003nd baggig (Breiman 1996) This ensemble
approach, however, usually requires a relatively large sample size and the
computational complexity tends to be high. An alternative classifier ensemble is
deived from decision fusion of the outputs of different classification algorithms
according to a certain combination of approadti®s et al. 2012, Léw et al. 2015)

This decision fusiofbased ensemble approach is preferable where the individual
classifiers demonstrate complementary behaviour. For instance, differenat non
parametric classifiers are sometimeswaate in different locations in a classification
map, thus, producing complementary results from the ensg@li¢on et al. 2015,

Low et al. 2015)However, all the aforementioned fasistrategies are conducted using
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pixel-based classifiers with shallow structures, whose complementary behaviours are

insufficient to address the challenges #1SR image classification.

In thischaptey a hybrid classification system was proposed thatoooes the CNN (a
contextualbased classifier with deep architectures) and MLP (a-iaséd classifier

with shallow structures) using a reb@ased decision fusion strategy. The hypothesis is
that both MLP and CNN classifiers can provide different views feature
representations with strong complementarity. Thus, the classifier ensemble has the
potential to enhance the final classification performance. The decision fusion rules were
built up at the postlassification stage, primarily based on the configedistribution

of the contextuabased CNN classifier, such that the classified pixels with low
confidence can be rectified by the MLP at the pixel level. The effectiveness of the
proposed method was tested on images of both an urban scene and aaurd#l are
benchmark comparison was provided by the standard-pasdd MLP,spectral

texture based MLP as well asntextuatbased CNN classifiers.

3.2 Methodology

3.2.1 Brief review of multilayer perceptron (MLP)

A multilayer perceptron (MLP) is a network that mapts ¢ input data onto a set of
outputs in a feedforward manngtkinson and Tatnall 1997 hetypical structureis

that theMLP is composed of interconnected nodesultiple layers (input, hidden and
output layers), with each layer fully connected to the preceding layer as well as the
succeedingdayer (Del Frate et al. 2007)The outputs of edn node are weighted units

followed by a nonlinear activation function to distinguish the data that are not linearly
separablgPacifici et al. 2009) Formally, the output activatioa’™ at layerl+1 is
derived by the inpuactivationa’ :
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al™ =swa" +b") (31

wherel corresponds to a specific Iaye/vf') and b denote the weight and bias at layer
I, and S represents the nonlinear activation operat{ery. sigmoid, hyperbolic

tangent, rectified linear unjt$unction. Foran m layer multilayerperceptronthe first

input layer isa® = x while the last output layer is:
hp(x) =a™ (3-2)

The weightsw and biasb in equation 8-2) are learned by supervised training using
a backpropagatioalgorithm to approximate an unknown inguttput relation (Del
Frate et al. 2007)The objective function is to minimize the difference between the

predicted outputs and the desired outputs:
1
IWbixy) = (- (3-3)

3.2.2 Brief review of Convolutional Neural Networks (CNN)

A Convolutional Neural Network (CNN)s a variant of the multilayer feed forward
neural network, andis designedspecificaly to process large scale images or sensory
data in the form of multiple arrays by considering local and global stationary properties
(LeCun et al. 2015)Similar tothe MLP, theCNN is a network stackeithto a number

of layers,where the output of the previous layec@nectedgequentiallyto the input

of the next one by a set of learnable weights and b{Rsesero et al. 2016The major
difference is thatach layer is representediaput and outputeature maps by capturing

different perspectiveon features througtine operation of convolution.
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The CNN basically consists of three major operations: convolution, nonlinearity and
pooling/subsamplingSchmidhuber 2015)The convolutional and pooling layers are
stacked together alteatively in the CNN framework, until obtaining the hitgvel
features on whichfully connected classification is perform@édeCun et al. 2015)n
addition, severdkature maps may exist in each convolutional layer and the weights of
convolutional nodes in the same map are shared. This setting enables the network to

learn different features while keeping the number of parameters tractable.

Mathematically, the outpdeature mapy, ;" at convolutional layeris calculated as:

k k
yi,j(l) :s(l)(a a Wn,m(l) di+n,j+m(l-l) + b(l)) (3'4)

n=1 m=1

where thewn,m(') denotes the convolutional filter with sizxk at layerl, andthe

-9 represents the spatial position of the corresponding feature map at the

Xi+n,j+m
preceding layel-1. The algorithm passes the convolutional filter throughout the input
feature map using the dot prody6t between them with an addition abias unitb®"

(Arel et al. 2010) Moreover, a nonlinear activation functiol” at layerl is taken

outside the dot product to strengthen the nonlineégitygl et al. 201Q)

The pooling/subsampling layer can generalize the convolved fedkwoegyhdown

sampling and thereby reduttee computational complexity durindpe training process
(Zhao and Du 2016)Givena pooling/subsampling layeg the feature outguF* can

bederived from the precedingyer f @ ? through

q — g-1 g-1 g-1 g-1
I:i,j - maX( fl+p(i-l),l+p(j—l)""’fpi,1+p(j-l)""’f1+p(i-l),pj""fpi,pj) (3'5)

where p3 p is the size of the local spatial region, dntli, j ¢ (m- n+1)/ p, here the

m refersto the size of input feature map, whitecorresponds to the size of filter
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(Langkvist et al. 2016)The max simply summarizes the input features within local
spatial region using the maximum vallégure 31: Pooling). By doing this, the learnt

features become robust and abstract with certain sparseness amtidramslariance.

Once he higher level featureweextractedthe output feature maps are flattened into
a onedimensional vectgorfollowed by a fully connectedutputlayer (Figure 31: fully
connect).This operationis exactly asimple logistic regreson, which isequivalentto

thestandard MLP discusséa section 2.1butwithout anyhidden layer.

> I

I‘—L ) ' —}[‘— pooling—”‘— fully mmm-[—>|

Figure 3-1: A schematic illustration of the three core layers within the CNN architecture,
including theconvolutional layer (convolution), pooling layer (pooling) and fully

connected layer (fully connect).

3.2.3 Hybrid MLP -CNN Classification Approach

Suppose the predictive outputstbé MLP and CNN at each pixel aredimensional

vectorL =(c,¢,,...,C,) , wheren represents the number of classes and each dimension

il [Ln] corresponds to the probability of a specific clasth (class) with certain

membership association. Ideally, the probability of the classification prediction would
be 1for the target class andfor the others. However, due to the uncertainty in the

process of remotely sensed image classification, the probability vaudenotedas

f(x)={c |xI (@2...n)}, wherec i [0]] anda:CX =1. The classiftation model
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simply takes the maximum membership association as the predicted output label

(denoted as clags)):

clasgC) = argmax({f (x) =c | xI (L2,...,n)}) (3-6)

The confidenceconf of such membership assation is definechereas:

conf = Max(C) - Mear(C) 3-7)

In equation 8-7), Max(C) represents the maximum value of vec@mwhile Mear(C)
denotes the average of all the valuesCofThe conf quantified bythe difference
betweenMax(C) and Mearn(C), measures the confidence or reliability of the class
membership allocation (i.e. classification confidence map). Since the CNN takes
contextual image patches as its inputs instead of image pixels, it has thenigllo

properties:

(2). If the input image patch is located at the central homogeneous regiolasg
purity is relativelyhigh with large difference between the membership association of
the predicted class and those of the other classes, aodlfiends to be large (White

regions in Figur&-2(c)).

(2). If the image patch contains other land cover classesraisxtuainformation, the
resulting distinction between the membership association of prediction and those of the

others is relatively low, antthe conftends to be small (Dark regions in Fig@&(c)).

However, the MLR(spectral feature onlyiy based on peguixel spectral information,
thereby ruling out the difference @hembershipassociation between central and
boundary regions of the claBsd objects (Figure3-1(b)). According to the

aforementionegroperties, the fusion decision rules are constructed primarily based on
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CNN confidenceTo bemorespecific, the fusion output gives credittt@ CNN when
its confidence is larger than a préded threshold (), while the MLP is trusted given

that the CNN confidence is lower than another thresha)d énce the confidence of
the CNN lies inbetween the two thresholds (U,U,) ), the fusion output chooses the
CNN or MLP classification result wita larger confidence. Therefore, for a given image

pixel atlocation(h,Vv), a rulebased decision fusiompproach taletermining the class

label (clasgh,V)) of the correspondingixel isformulated as follows:

gclass,, conf, ., <a, a
clasgh,v) = { class,, (a, ¢ conf,, <a,&conf, < confmlp){__ 38)
' =1 u -
i class,, (a, ¢ conf,,, <a, & conf,,, >conf );
fclass,, conf, 2 a, 7

where theclass,, and clasg,, represent thelassificatiorresults otheMLP and CNN

respectively; theconf  and conf_ = denote the classification confidence the MLP

and CNN accordingly.

Estimation of the two thresholdgh((h) is conducted using grid search with cross
validation (Min and Lee 2005, Zhang et al. 2015%sed on the CNN classification
confidence map (as illustrated by FigB8r&(c)). Specifically, théJh was searched from

0.1 to 0.5 to detect those regions with low confideas@redictedy the CNN, while
the (b was chosen from 0.5 to 0.9 to discover the high confidence regions. By initially
fixing Ur as 0.1,(b was tuned with step size of 0.05 (i&=0.5, 0.55, 0.6,..,0.9) to
crossvalidate the classification accuracy influenced by the selected threstiolass

then increased to further tubein asimilar way until the optimal and(; were found

with the best classification accuracy.
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Figure 3-2: A subset of the original imagerfa) with RGB spectral bands, (b) the
classification confidence of the MLP and (c) the classification confidence of the CNN. The

dark pixels represent low confidence, idwhite pixels signify high confidence.

3.3 Experiment

3.3.1 Study area and data source

For this study, theity of SouthamptonUK and its surrounding environmenthich

lies on the south coast of England, was chosen as a case study area3(BjgUree

urban ad suburbarareasn Southampton are strongly heterogeneous with a mixture of
anthropogenic urban surface (e.g. roof materedphalt concrete) and sermatural
environment (e.g. vegetation, bare soil), thereby representing a good test for

classification algorithms.

A scene of aerial imageof Southampton was captured on 22 R0Y2 using a Vexcel
UltraCam Xpdigital aerial camera with 50 cm spatial resolution and four multispectral
bands (Red, Green, Blue and Near Infrar@dajo study sites S1 (3082750 pixels)

and S2 (20221672 pixels) were selected to investigate the effectiveness of the
proposed algorithm. S1 is locatedthe city centre of Southampton, which consists of
eight dominant land cover classes, including Clay roof, Concrete roof, kel
Asphalt, Grassland, Trees, Bare soil and Shadow, with detailed descriptions listed in

Table3-1. S2, on the other hand, is situated suburban and rural area of Southampton
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comprised of large patches of forest, grassland and bare soil speckhegnvall
buildings and roads. There are six land cos@egoriedn this study site, namely,

Buildings, Roaebr-track, Grassland, Trees, Bare soil and Shad@ablé3-1).

i _ gume %R
. Southampton -

E

...................................

Figure 3-3: Southampton, UK Locain of study area and aerial imagery with two study

sites S1 and S2.

Sample points wereollected using astratified randomschemefrom grounddata
provided by local surveyomst Southamptgnand split into 50% training samples and
50% testing samples ferach classlable3-1). Field land cover survey was conducted
throughout the study area on July 2012 to further check the validitpractsionof

the selected samples. In addition, a highly detailed vector map from Ordnance Survey,
namely the MasterMapopographic LayefRegnauld and Mackaness 2006as fully
consulted and crogeferenced to gain a comprehensive appreciatiohedénd cover

and land use within the study area.

To further test the applicability of the prageml method, another scene of Worldview

2 satellite sensor imagery was acquired on 24 July 2013 in the same region of
Sout hampton with urban (S106) and rur al
and S2TheWorldview-2 image was geometrically antireospherically corrected, and

pansharpened at 50 cm spatial resolution to be consistent with the aerial imagery.
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Figure 3-4 demonstrates the WorldVie# satellite sensor image together with two

Ssubsets S16 and S26.

Table 3-1 - Detailed escription of land covers at two study sites with training and

testing sample size per class.

Study ) -
Sites Class Train  Test Description
Clay roof 144 144 Predominantly residential buildings in red clay tiles
Concrete roof 132 132 Predominantly resideial buildings in grey clay tiles
Metal roof 134 134  Predominantly industrial buildings in white metal pane
Asphalt 136 136 Urban road or cark parks covered by asphalt
Grassand 126 126 Areas of grass covering the urban park or lawn
Trees 137 137 Patches of tree species
Bare soil 118 118 Open areas covered by bare soil
Shadow 123 123 Areas of shadow cast from buildings and trees
Building 82 82 Predominantly small buildings at rural areas
Roador-track 85 85 Asphalt road or small path
Grassland 86 86 Large areas of wild grass or lawn
52 Trees 98 98 Large patches of deciduous trees
Bare soil 84 84 Open areas covered by bare soil
Shadow 86 86 Areas of shadow cast from buildings and trees
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3.3.2 Model input variables and parameters

Model inpus: the standard pixé¢dased MLP liereafterMLP) and CNN take only the

four spectral bands as their input variables, whereas thelpseld texture MLBased

on the standard Grey Level Coccurrence Matrix (hereafter, GLCM-MLP)
simultaneouslymakes use foboth thefour spectral bands and the texture features
derived fromGLCM textuial features includinghe Mean,Variance,Homogeneity,
Contrast, Dis-similarity, Entropy, Second moment an@orrelation (Haralick et al.
1973, Zhang et al. 2003, Xia et al. 2010, RodrigG@ehano et al. 2012)hree window

sizes for each spectral band, includingB31.5<1.5 m), %5 (2.5<2.5 m), and X7
(3.5<3.5 m), were optimally chosen to perform mesdgale texture feature
representationhtis generating 96 GLCM texture features in tdtathould be noted
thatboth the MLP and the CNN as well as the GLGMP were trained to predict all
pixels within the images. Although the CNN was designed to predict a single label from
a small image patch, the sliding window was densely overlapping to cover the entire

image athe inference phase.

Both the MLP (also including GLCMMLP) and CNN models requira series of
predefinedparameters to optimize the learning accuracy and generalization capability.
Following the recommendations idfas and Flore€008) the MLPs with one, two and
three hidden layers were tested, usingagyingnumber of {4, 8, 12, 16, 2@&nd 24
nodesin each layer. e learning rate was choseptimallyas 0.2 and the momentum
factor was set as 0.7. In addition, the number of iterations was set as 1000 to fully
converge to a stable state. Through cnaaglation with different numbers of nodes

and hidden layers, theestpredictingMLP was found using two hidden layers with 8

nodesin each layer. Similar parameters were also set for the GMLM, except that
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two hidden layers with 20 nodes in each layer were found to be the optimal solution in

this case.

For theCNN, a range of parameters including the number of layers, the input image
patch size, the number and size of convolutional fikksrwell as other predefined
parameters, such #glearning rate and number@pochs (iterationsheed to be tuned
(Romero et al. 2016)ollowing the discussion blyangkvist et al(2016) the input
image sizevaschosen from {&8, 1010, 112, 1414, 16<16, 18&18,20x20, 22X22

and 2424} to evaluate the influence of context area on classification performance. In
general, a smaBized contextual area results in overfittioigthe nodel, whereas a
large one often leads to unel@gmentation. In consideration of the image object size
andcontextuakelationship coupled with a small amount of trial and error, the optimal
input image patch size was $e6x16 in thisresearchBesidesas discussed yhen

et al.,(2014 andLéangkvist ¢ al. (2016) the depth plays a key role in classification
accuracy because the quality of learnt feature is highly influenced by the level of
abstraction and representation. As suggestéchen et al(2016) the number of CNN
layers was chosen d&sur to balance the network complexity and robustness. Other
parameters were set based on standard practice in the field of computer Mgion
examplethe filter size was sdb 5x5 for the first convolution layer and 3x3 for the
rest with stride of landthe number of the filters was s&b 24 to extract multiple
convolutional features at each levehe fully connected layer was tuned as 12 nodes
followed by a softmax classificatioifhe learning rate was set0.01 and the number

of epochs (iterationswas chosen as 600 to fully learn the features through
backpropagatiorlhe detailed architecture of the CNN and its parameter confignsati

is illustrated in Figuré&-5.
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Feature Maps Feature Maps Feature Maps Feature Maps Fully

24@12 x12 24@6 %6 24@4 x 4 24@2 x2 Connected (12)
Output
Input 16x16 %
RGBNIR 4@
|7 %
E\ /
Convolution Max-Pooling Convolution Max-Pooling
5x5 2x2 3x3 2x2

Figure 3-5: The architecture of theCNN and its configurations.

3.3.3 Decision Fusion Parameter Setting and analysis

A rule-based decision fusioapproachwas implemented based on the classification
confidence maps dhe CNN (e.g. Figure3-2(b)) and MLP (e.g. Figur&-2(c)). The
parameters of aésion fusion, including two thresholds and, were determined by
grid search with crosgalidation using 10% othe randomly chosen samples. In this
study, the optimal threshold$=0.4 and(,=0.6 were found that reported theeatest

classification acuracy.

For the sake of visual interpretation, the confidence distributioinedNN and MLP
influencedby the chosethreshotlsis shown in Figure-6. Clearly, the CNN and MLP
demonstrated individually consistehtit mutually converse distribution patns in the

two study sites: along with the increaeethe CNNG confidence, the MLP inversely
exhibited a decreasing tren8pecifically, for low CNN confidence (<0.4), the MLP
confidence was around 0.75, significantly higher than théted©NN, thusoutputting

the results of MLP in the final decision; once the CNN confidence ranged from 0.4 to
0.6, no significant difference was shown between the two classifiers, theptinyally
choosing the classification results based on the competitivienertakesallo
approach; whildor large CNN confidence (>0.6), the MLP was, in contrast, much less
reliable (<0.45), thygsakingthe classification results ¢fie CNN only inthis situation.
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Figure 3-6: Classiication confidence distributions of the CNN and MLP at two study sites

(S1 and S2) under different fusion thresholds.

3.3.4 Classification results and analysis

3.3.4.1Classification results and visual assessment

By integrating the classification results tife MLP and CNN using the above
mentioned fusion parameters, the final classification of the proposedQMNPwas
obtained at both study sites, S1 (city centre with complex urban scene) and S2 (rural
areas with natural phenomena). pimvide a better visualization, i§ure 3-7 (three
subsets of S1) and FiguBe8 (three subsets of S2) highlighithe correct or incorrect
classification results of differentlassifiers marked in yellow or red circles
respectively.

FromFigure3-7, it can be seen that the MLP classifica results consist afndesirable
noise (marked in red circle), such asevere salandpepper effect in Figur8-7(a)
and3-7(b), and linear noisy textures in FiguBe3(c). Besides, Trees and Grassland are
seriously confused with each other as illattd by Figur&-7(c) and Figure3-8(a) and
3-8(b). However, as shown by Figuse/(b), the MLP has certain advantages over CNN
in identifyingthe Clay roofclasswith spectrally distinctive features (marked in yellow
circle). With the addition othe GLCM textures, the GLCMMLP achieved certain

improvements in both spectral and spatial pattiffierentiation For example, Trees
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and Grassland are better distinguished to some extent comparetieypikel-based
MLP results, as illustrated in FiguBe7(c) and Figure3-8(b). Besides, the clear linear
noisy textures in Figur@-8(c) are much reduced, and primarily turned into small
speckles due to the introduction of texture features. Yet, the GMLHM falsely
identifies some edges or boundaries as Clay R@o$hown in Figurg-7(c) and Figure
3-8(a) and3-8(b) (marked in red circle). Additionally, some geometrical distortions of
building roof tops, e.g. the Metal Roof and Concrete Roof in Figut@), are shown

in the GLCMMLP classification results caed by the GLCM texture filters.

In contrast to the pixdbased MLP and the GLCIWILP, the classification results of
theCNN in both study sites exhibit smoothed visual effects with the $pasklenoise

as shown by Figurg@-7 and3-8. Additionally, the chsses of green vegetation including
Grassland and Trees are accurately distinguished as demonstrated by the yellow circles
in Figure 3-7(c) and Figure3-8(a) and 3-8(b) in spite of theirspectralsimilarity.
Moreover, the CNN is able to discriminate thenCete roof from Asphalt with a
moderate accuracy, as highlighted by the yellow circle in Figui@). Nevertheless,

the CNN delivers some uncertainties in partitioning object boundaries. For example,
the regular shapes of some buildingsg. the geometies of some Clay roof and
Concrete roofireaskre distorted with false boundary partitions, as marked by the red
circle in Figure 3-7(b). In addition, small or linear features are either merged into a
large object or discarded by ove&moothness. For itence, some Clay roof buildings
(small objects) are falsely connected together, while Aspghsdimetimesisclassified

as Clay roof (Figure3-7(c)) and the small paths covered by Bare soil are discarded
(Figure3-8(b)).

With respect to the results othe MLP-CNN, all of the aforementioned

misclassifications produced by MLP or CNN amsolvedwith a higher resulting
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accuracy. Thus, the incorrect classifications (marked by red civelesh appeared in
Figure 3-7 and 3-8 are revised accordingly, with need circles appearing in the
classification results of MLIENN. The MLP-CNN modifies the classification errors
of the CNN for Asphalt, asllustratedby the red circles in Figur&7(c) and Figures-
8(b), thanks to the correct classification resulttheMLP. Moreover, the lineashaped
Bare Soilareamissed bythe CNN in Figure3-8(a) is brought back correctly without
losinguseful information. In addition, thariginal shapes athe Clay roof and Concrete
roof areasshown in Figure3-7(b) are accuratelyestored. Most importantly, some
mutual misclassificatios betweerthe MLP and CNN are successfully rectifieBor
example, the MLRCNN correctly differentiates some Asphalt (with spectrally
distinctive but spatially confusing characteristics) and Corcreiof @istinctive in
texture and geometry but vague in spectrangasthat are mutually misclassified by
theMLP and CNN respectively (see the regions marked by red circles in Big(ap.

3.3.4.2Classification accuracy assessment

The classification perforence of the proposed MEENN approach was further
investigated through benchmark comparison ig¢MLP, GLCM-MLP and the CNN.

Table 3-2 lists the classification accuracy assessment, including the overall accuracy
(OA), Kappa coefficien{s), andthe clas-wise mapping accuracy. From the table, it
can be seen that the decision fusion approach (RMNR) consistentlyreports the best
classification OA with up to 90.93%r S1 and 89.64%or S2, higher than that tfie

CNN (85.39% and 86.56%espectively)and GLCM-MLP (83.12% and 82.63%,
respectively) as well as MLP (81.62% and 80.73#spectively) (Table3-2).
Moreover, aKappa z-test for pairwise comparisoralso shows that a significant
increasein classificationaccuracyhas been achieved by the propo$édP-CNN

classifier overthe MLP, GLCM-MLP and CNN in S1, witte-value=3.68, 3.12 and
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2.25 respectivelyFor S2, the MLPCNN also revealed a significammicreaseoverthe
MLP with z-value=3.71 as well as GLCMILP with z-value=3.18, buho significant
differencan comparison witlthe CNN (z = 1.59, smaller than 1.96 at 95% confidence

level) (Congalton 1991)despite the obviousprovemenshownin Table3-2.

The increasean classificationaccuracy was alsaheckedby classwise accuracy
assessment (Tab&3). As illustrated by the table, MELENN outperforms CNN for

all classes at both study sites in terms of classification accuriaejargestincrease is

up to 9.77% fotthe class of Concrete roof S1 and 7.16% for the class of Read
track in S2. Similar patterns were fourglichthat the MLRCNN was constantly
superior to GLCMMLP attheclasswise level, where the greatest increase in accuracy
was shown up to 11.56%6r the class of Concrete Roof in S1 and 11.74% for the class
of Grassland in S2. When compared witeMLP, most classes in the two sites except
for Asphalt and Shadowm S1 are classified with higher accuracythg MLP-CNN.
Here, Grassland exhibits tighestincrease irclassificationaccuracy up to 33.51%
and 18.83%or S1 and S2respectivelyFor the classes of Asphalt and Shadow, the
accuracy ofthe MLP is slightly larger than that of the MLP-CNN, but without a

statistically significant differerec Thus theycan be regarded agnilar to each other.

With respect to the thrdeenchmariclassifiers themselves (i.e. MLP, GLGMLP and
CNN), it can be seen from TalBe2 that their classification accuracies are ordasd
MLP <GLCM-MLP < CNN. While he accuracy of CNN is remarkably higher (3%
5%) than that of the MLP and GLGMLP, the GLCMMLP is just slightly higher
(<2%) than the MLP. The Kappetests (Table-3) further demonstrate that the CNN
is statistically significantly more accurate than MaRd GLCMMLP in both urban
and rural areas, whereas a significant increase in accuracy of the -GILE&\ver the

MLP appears only in the rural area rather than the urban area.
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S1 Subse

Clay roof - Concrete roof Metal roof - Asphalt

-Grassland - Trees ] ' Bare soil - Shadow

Figure 3-7: Three typical image subsets (a, b and c) in study site S1 with their classification results. Columns from left to right represent thelorigina
images (R G B bands), the MLP classification, the GMCM classification, the CNN classification and the MLRN classificatiortorrespondingly. The
red and yellow circles denote incorrect and correct classification, respectively.
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S2 Subsets MLP GLCM-MLP CNN MLP-CNN

’ .

-Building -Road-or-track -Grassland -Trees -Bare soil - Shadow

Figure 3-8: Three typical image subsets (a, b and c) in study site S2 with their classification residtamns from left to right represent the original
images (R G B bands), the MLP classification, the GMCM classification, the CNN classification and the MLRN classification correspondingly. The

red and yellow circles denote incorrect and correcassification, respectively.
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Table3-2 - Classification accuracy comparison amongst MLP, GLEMP, CNN and
the proposed MLEENN approach for study sites S1 and S2 using thelpes mapping
accuracy, overalleuracy (OA) and Kappa coefficiers)( The bold font highlights
the greatest classification accuracy per row.

Study Sites Class MLP GLCM-MLP CNN MLP-CNN
(Benchmark)
Clay roof 92.26% 91.43% 90.11% 95.0%
Concrete roof 67.06% 62.44% 64.23% 74.00%
Metal roof 91.13 90.36% 94.1% 94.63%
Asphalt 92.72% 88.67% 85.98 91.26%
Grassand 60.51% 82.58% 90.73% 94.020
st Trees 63.88%0 78.46% 82.28%0 88.80
Bare soil 79.630 83.05% 86.16% 92.4%0
Shadow 92.3 91.06% 91.1%% 91.52%
Overall Accuracy (OA) 81.682% 83.12% 85.3%% 90.9%%
Kappa Coefficientd) 0.78 0.81 084 0.89
Building 82.83% 80.79% 83.08% 88.48%
Road or track 83.02% 80.14% 82.42% 89.58%
Grassland 71.11% 78.20% 88.34% 89.94%
Trees 79.31% 84.55% 90.70% 92.86%
52 Bare soil 74.07% 76.32% 81.36% 86.86%
Shadow 89.41% 88.25% 88.37% 90.17%
Overall Accuracy (OA) 80.73% 82.63% 8656% 89.64%
Kappa Coefficientd) 0.78 0.79 0.84 0.87

The proposed MLFEENN method and the other three benchmarks (MLP, GLTIMP

and the CNN) were also validated using an additional World\Aesatellite senso
dataset at the S16 and S26 study sites.
with the results of aerial photo classification, wherediéhasion fusion approach (MELP
CNN) acquires the largest OA 8056% atS16and 8977% atS2 , ¢ otlglkighes t e n
than the CNN (86.15% and 86.39%), the GLGMP (83.26% and 82.52%) and the
MLP (81.42% and 80.32%) (TalBe4). Such coherency of classification results further

demonstrates the wide applicability of the proposed method with different datasets.
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Table 3-3 - Kappaztest p-value) comparing the performance of the three classifiers
for two study sites S1 and S2. Significantly different accuracies with confidence of 95%

(z-value > 1.96 witlp-value < 0.6) are indicated by *.

Kappa Ztest (pvalue)

Study sites  Classifiers GLCM-MLP MLP-
MLP (Benchmark) CRN CNN
MLP o}
GLCM-MLP 156 (0.1188 o}
St CNN 2.64* (0.0083)  2.44* (0.0147) 8
MLP-CNN 3.68 (0.0002) 3.12* (0.0018) 2.25 (0.0244) o}
MLP o}
GLCM-MLP  2.05* (0.0404) o}
CNN 2.51*(0.0121)  2.36*(0.0183) 0
MLP-CNN 3.71* (0.0002) 3.18* (0.0015) 1.59 (0.1118) o}

Table 3-4 - Classification accuracy comparison amongst MLP, GLMMP
(Benchnark), CNN and the proposed MKPN N

from the WorldView2 satellite sensor image using overall accuracy (OA) and Kappa

approach for study

coefficient ). The bold font highlights the greatest classification accuracy per row.

_ o GLCM-MLP
WorldView-2 Classification MLP CNN MLP-CNN
(Benchmark)
OA 81.42% 83.26% 86.15%  90.56%
S16
E) 0.77 0.80 0.82 0.89
OA 80.32% 82.52% 86.39% 89.77%
S26
E) 0.77 0.79 0.83 0.87
3.4 Discussion

In this research, a ruleased decision fusion approach (MORIN) was propsed to
integrate classifiers of the pixbhsed MLP with shallow structures and the contextual

based CNN with deep architectures for the classification E8R/ remotely sensed
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imagery. The MLPCNN takes advantage of the merits of the two classifiers and

overcomes their individual shortcomings as discussed below.

3.4.1 Characteristics of MLP and GLCM-MLP classification

In principle, the MLP builds the decision boundaries among classes in feature space
based on pepixel spectral information(Mokhtarzade and Zoej 20Q7)Such
classification boundaries are very sensitive to the class with salient spectral properties
that arespectrally distinctive from other clasg@&erberoglu et al. 2000for example,
classes like Clayoof, Asphalt and Shadow in Site 1 are spectrally exclusive to other
classesleading to high classification accuracies, up to 92.26%, 92.72% and 92.33%,
respectively (Table3-2). However, the MLP relies on the pixehsed spectral
information in the classification process without exploiting the abundant spatial
information appearm in the FSR imagery (e.g. texture, geometry or contextual
relationship (Wang et al. 2016)These limitations often result in unsatisfactory
classification performanc¢dor example, confusion and misclassification between the
Trees and Grassland classes that are spectrally similar. Even for those correctly
identified objects, severe salt and pepper effects still etk and Bram 2007 Jor
example,the linear texture noise appearing for Bapé in Figure 3-8(c). For these
reasons, the classification accuracy of MLP is generally statistically significantly lower
than that of the CNN and the proposed MCRN. However, objects in KSR imagery

are mostly depicted by pure pixels, especially for humadefeatures with crisp
boundariessuch asuildings, residential houses and cultivated land. The membership
association of a pixel deduced by MLP is, therefore, not affected by its relative position
(e.g. lying on or close to boundaries), as long as thegponding spectral space is

separable.
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The inclusion of GLCM texture features in the GLAOWAP classifier enables the
model to process spectral and spatial information simultaneously. Those GLCM texture
descriptors are handcrafted features that are debigmecapture statistical €o
occurrence informatiofXia et al. 2010)However, the GLCM textures are essentially
first or second order feature transformations instead of feature learning. Sueh hand
codedfeatures might be effective for a particular region and/or season, but are often
challengingto generalize to other domains and datasets. Besides, the addition of 96
GLCM textures results ia dramatically increased number of input variables, which
leads © a relatively high dimensional feature space. Thec sol | e d Acur se
di mens i (Hoghdsil968)and collinearity make the GLCMILP hard to
parameterize and potentially leads to texture overfitting. That istkéhELCMMLP

cannot substantially increase the classification accuracy compared to the MLP. That is,
the spectral and spatial information cannot be effelgteneploited by the GLCMMLP.

For example, some spectrally different classes but with similarreexguch as Clay

Roof, Concrete Roof and Asphalt are confused to some degree.

3.4.2 Characteristics of CNN classification

Spatial featuresgn remotely sensed data like VFSR imagang intrinsically local
(especially in lower layers) and spatially invarigMasi et al. 2016) The MLP,
however, assumdbat the location of the data in the input is irreleviantne model
constructiorand it is, thus incapable of learning spatial features of remote sensing data.

In contrast, by using multiple convolution and pooling operations, @iMdels the

way that the human visual cortex worksdenforces weight sharingith translation
invariance hat enablsthe extraction of higtevel spatial features from image patches.

It should be mentioned that the pooling operations play an important role in dimension
reducti on, t hus, avoiding Athe c-MtPse of
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classifier.Thanks to these superioharacteristicthe CNNclassifieroutperforns the

MLP andGLCM-MLP classifies in both the urban sceramdrural areasEspecially,
classes like Concreteof and Roagbr-track that are difficult to distinguish from their
backgounds with only spectral or lo¥evel features (e.g. distance between the
prediction and the target class at spectral space), are identified with relatively high
accuracies. In addition, classes with heavy spectral confusion in both study sites (e.qg.
Treesand Grassland), are accurately differentiated due to their obvious spatial pattern
differences; for example, the texture of tree canopies is generally much rougher than
for grassland. As a contextual classifier with deep architestiime CNN could revda

the spatial patterns hidden in the image data that cannot be perceived by its shallow
counterparts (e.g. MLP classifier even the GLCMMLP classifier). The higher layers

in CNN models provide more semantically meaningful information concentrating on
global semantics rather than local or pilatel information, making the CNN
classification work well for classes with spectral confugida et al.2015a,Hu et al.

2015b, Yang et al2015) Therefore, the CNN shows an impressive stability and
effectiveness in spatial feature representation, which is crucial K8RVimage

classification(Zhao and Du 2016)

However, accordingtthefino f r e e | (Wolpeht and Mdcreanly 169%ny
elevated performance in one aspect of a problem will be paid for through others, and
the CNN is no exceptionJsing contextualimage patches as inputs and learning deep
spatial featureshe CNN demonstrates power in spatial pattegnognitionbut also
weakness in spatial partition. Boundanycertainties (ovesmoothnesspften appear

in the classified objectand small useful features are erasemhmewhat similar to
morphological or Gaborilter methods (Reis and Tasdemir 2011, Pingel et al. 2013)

For example, the humanade objects in urbarcenes like buildings and asphalt are
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often geometrically enlarged with distortion to some degree (See Bgifp®). As for

natural objects in rural areas (S2), edges or porosities of a landscape patch are simplified
or ignored, and even worse, lineartteas like river channels or dams that are of
ecological importance, are erroneously erased. One may argue that the reduction of
image patch size might be able to detect small features by multiple CNNs by varying
the contextual filter size as adopted Lidngkvist et al.(2016). However, objects,
whether large or small in size, all have boundaries, thus, retaining the problem of
smoothing edgedn addition, the adoption ofonvolutionand pooling operations
intrinsically reduces the image contextual size but strengthenspugal feature
representationThus a far too small initial image patch size can limit the network depth

of a CNN modelln fact, the currently used 16x16 window size is close to the minimum
requirements for a deep CNN with four hidden layers in tdfireover, certain
spectrally distinctive features without obvious spatial patterns are poorly differentiated.
For example, some Asphaiixelsare wrongly identified as Concretofs as illustrated

in Figure3-7(a). This further demonstratése necessitgf introdudng spectral features

for VFSR image classification.

3.4.3 fusion decision of MLP-CNN classification

Huge uncertainty and inconsistency exists inherently in any remotely sensed data
(including VFSR imagery), anithis runs through the training and thesting samples.

In fact, different classification algorithmegary in terms of remote sensing data
processingstrategies. iust h er e i-algorthotfitséad 1 66  (LOW et@ali o n
2015)to various applications & FSR image classificatigreven foithe powerful CNN
classifierwith deep spatial feature representatidhss therefore especiallynportant

to make use of the complementarities of different classifiers. It should be mentioned
that, the mordneterogeneouthe classification algorithnddehaviours, the morenat
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different places might be accurately classified by eadlvidual classifier, and the
more accuratéhe ensemblelassifiermight be(Low et al. 2015) An ideal ensemble
classifier, thereby, should be established usidjvidual classifiers that areery

differently behawed.

The eyerimental results show that the pkhelsed MLP classifier with shallow
structures and the contextitzsed CNN classifier with deep architectwasprovide
complementarynformation leading to a more accuratkassification resulthan either
classifer alone In addition to thesliminationof heavy noisethe CNN canaccurately
identify classes with rich spatial informatiomplicit in VFSR data. Such
characteristics ofhe CNN emphasize the limitationsf the MLP classifierfor VFSR
image classificabn. At the same time, the CNN might lose some useful details, and it
has difficulties in utilizingspectralinformation and delineating object boundarzesl
is, thus incapable of maintaining geometriiclelity. The MLP classifier, however,
compensatesigectly with regard to thdimitations of the CNN. The aforementioned
complementary properties betwettlre CNN and MLP are well reflected from the
inverse confidence trends of the two classifiers (Fi§2 Specifically, in the case of
the CNN with thehighest confidencéhe MLP has the least confidence arideversa
which furtherindicatesthat the proposed MLENN ensemble classifietan take

advantagef the MLP and CNN.

The proposed fusion decision rulesre derived primarily on the basis oftiCNNs
confidence distribution, irconsiderationof the superiority of CNN classification
performance and the regularity of its confidence distribution. Such a decision fusion
strategy captures the patterns of the complementarities between thediwdual

classifiers in general, thuachievinga desirable classification resuMt the same time,
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the MLP-CNN classifier demonstrates great utility and wide applicability for both
aerial photography and WorldVie® satellite sensor imagery with consistent a
competitive classificatiorpeformance. However, in comparison with MLP, the
classification accuracies of Asphalt and Shadow were slightly higher than for the
proposed MLPCNN. This means that there &ill room for improvement of the
decision fusiomrulesattheclasswise levelfor VFSR image classificatiorit might be

better to incorporate trspectral separability differentiated by MLP to achieve the best
classification performance at class level. Besid®s significant improvement was
acquiredfor rural areas (S2) by the MEENN compared with the CNN. Thismsainly

due tothe ireffectivenes®f the MLP in classifying natural features that dominate in
the rural environment. This shortcoming might be overcome by the replacement of the
MLP by other non-parametric machine learning classifiers (e.g. SVM, Bf€).
Moreover, incorporating other data sources (e.g. digital surface model) might be needed
to increasehe accuracyof the MLP-CNN for boththe CNN and MLP with very low
confidencesimultaneouly. These aforementioned issues will be investigated in future

research.

3.5 Conclusion

Due to itshigh intraclass variability and low inteclass disparity VFSR image
classification poses greetiallengeso anysinglemachine learning algorithm, evéor
the powerful deep learningonvolutioral neural network (CNN). In thishaptey two
neural network classifiers with strohgterogeneousehaviourgi.e. pixetbased MLP
with shallow structures and contextdmised CNN with deep architecturesvere
integraed in a concise and effective way using a-hdsed decision fusion strategy.

The decision fusion rules, designed primarily on the basis of the classification

80



Chapter3: A hybrid MLP-CNN classifier for very fine resolution remotely sensed image classification

confidence othe CNN, reflect the general complementary patterns of betMLP
and CNN. In onsequence, the proposed ensemble classifier-B@INR harvests the
complementary resuleecquiredrom the CNN with deep spatial feature representations
(CNN) and fromthe MLP based orspectral discrimination. Meanwhilmitations of
the CNN such as uncainty in object boundary partition arldss of useful fine
resolution detawerecompensatedrhe effectiveness dfie newMLP-CNN algorithm
was tested in both urban and rural aresisg aerial and satellite sensor imagdse
MLP-CNN algorithm consistgly outperformedboth of thandividualclassifiers (MLP
and CNN) as well as the GLGMLP that includes the GLCM texture featuresth a
statisticallysignificantdifference in the majority of caseBhisresearctpavesheway
to an effective solution b the complicated problem cfutomatic VFSR image

classification.
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Chapter4  VPRSbased regional decision fusion
of CNN and MRF classifications for very fine
resolution remotely sensed images 2

2 This chapter is based on the published papteang, C, Sargentl., Pan X., Gardiner A., Hare, J.,
Atkinson, P.M., 2018pbVPRSbased regional decision fusion of CNN and MRF classifications for very
fine resolution remotely sensed imag€s$cE Transactions on Geoscience and Remote Serk6(8):
4507-4521.https://doi.org/10.1109/TGRS.2018.282378
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Abstract

Recent advances in computer vision and pattern reeogriiave demonstrated the
superiority of deep neural networks using spatial feature representation, such as
convolutional neural networks (CNN), for image classification. However, any
classifier, regardless of its model structure (deep or shallow), irs/qluediction
uncertainty when classifying spatially and spectrally complicated very fine spatial
resolution (VFSR) imagery. We propose here to characterise the uncertainty
distribution of CNN classification and integrate it into a regional decision fusion
increase classification accuracy. Specifically, a variable precision rough set (VPRS)
model is proposed to quantify the uncertainty within CNN classifications of VFSR
imagery, and partition this uncertainty into positive regions (correct classificgdinds
nonpositive regions (uncertain or incorrec
were trusted by the CNN, whereas the uncertain areas were rectified by -daelti
Perceptron (MLPpased Markov random field (ML-FIRF) classifier to providerisp

and accurate boundary delineation. The proposed-KMRHN fusion decision strategy
exploited the complementary characteristics of the two classifiers based on VPRS
uncertainty description and classification integration. The effectiveness of the MRF
CNN method was tested in both urban and rural areas of southern England as well as
Semantic Labelling datasets. The MRRN consistently outperformed the benchmark
MLP, SVM, MLP-MRF and CNN and the baseline methods. This research provides a
regional decisiorfusion framework within which to gain the advantages of model
based CNN, while overcoming the problem of losing effective resolution and uncertain
prediction at object boundaries, which is especially pertinent for complex VFSR image

classification.
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Keywords: rough set, convolutional neural network, Markov random field, uncertainty,

regional fusion decision.

4.1 Introduction

Remote sensing technologies have evolved greatly since the launch of the first satellite
sensors, with a significant change being the vgigiée of very fine spatial resolution
(VFSR) sensors borne by diverse platforms (satellite, manned aircraft or unmanned
aerial vehicles UAV)(Benediktsson et al. 2012 hese technical advances have
resulted in immense growth in the avaiaWFSR remotely sensed imagery typically
acquired at suinetre spatial resolutiofYao et al. 2016)such as QuickBird, GeoEye

1, Pleiadedl, and WorldView2, 3, and 4. The fine spatial detail presented in VFSR
images offer huge opportunities for extracting a higher quality and larger quantity of
information, which may underpin a wide array of geospatial applications, including
urban land use change monitorif®hi et al. 2015)precision agriculturéOzdarictOk

et al. 2015)and tree crown delineatiqArdila et al. 2011)to nane but a few. One of

the bases of these applications is image classification where information embedded at
the pixel level is captured, processed and classified into different land cover classes
(Zhanget al. 2016)Image classification applied to VFSR imagery, however, can be a
very complicated task due to the large spectral variation that the same land cover class
can produe, which increases the difficulty of discriminating complex and ambiguous
image featureéLei et al. 2011) The increased spatial resolution, often in conjunction
with a limited number of wavebands, can lead to reducediis separability amongst
different classes. As a consequence, it is of prime concern to develop robust and
accurate image classification methods to fully exploit and analyse such data effectively

and to keep pace with the technological advances in eepenisors.
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Over the last few decades, a vast array of comynaeed image classification methods
have been developéd@hang et al. 2015yanging from unsupervised methods such as
K-means clustering, supervised statistical approaches such as maximum likelihood
classification, and neparametric machine learning algorithms, such as the multilayer
perceptron (ML, support vector machine (SVM) and random forest (RF), amongst
others. Normparametric machine learning is currently considered as the most promising
and evolving approac{Pacifici et al. 209). The MLP, as a typical neparametric
neural network classifier, is designed to learn thelm@ar spectral feature space at
the pixel level irrespective of its statistical properties. The MLP has been used widely
in remote sensing applications, lmding VFSRbased land cover classification (e.qg.
Del Frateet al 2007, Pacifici et al. 200 However, a pixebased MLP classifier does

not make use of the spatial patterns implicit in images, especially for VFSR imagery
with unprecedented spatidetail. Thus, limited classification performance can be
obtained by the pixdbased MLP classifier (and related algorithms, e.g. SVM, RF, etc.)

that purely relies on spectral differentiation.

To better exploit the potential in VFSR remotely sensedyeng many researchers
proposed to incorporate spatial information to distinguish spatial features through
context. These spatial features may be associated with a regular spatial organization
specific to particular types of land cov@Regniers et al. 2016)or examplethe
juxtaposition of buildings and roads can create a specific spatial pattern. Similarly, the
periodic row structure in cereals can be a useful cue in classifying VFSR image data.
These spatial patterns can be captured directly through spatial contefduaktion

in the classification process. A typical example of such is the Markov Random field
(MRF) (Nishii 2003) that has been used widely in the field of remote sensing. The

MRF models the conditional spatial dependencies within a pixel neighboutbood
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support prediction for the central pixel, to increase classification acc(\\gyg and

Liu 1999) However, the contgual MRF often uses small neighbourhood windows to
achieve the robustness as well as to balance the computational complexity, which might
downgrade the performance for the classification of VFSR imagery that requires wider

contexts to handle the rich spaidetails.

Recent advances in computer vision and machine learning have suggested that spatial
feature representation can be learnt hierarchically at multiple levels through deep
learning algorithmgArel et al. 2010) These deep learning approaches learn theaspati
contexts at higher levels through the models themselves to achieve enhanced
generalization capabilities. The convolutional neural network (CNN), as a well
established deep learning method, has producedddtéte-art results for multiple
domains, suchs visual recognitio(Krizhevsky et al. 2012)mage retrieva{Yanget

al. 2015)and scene annotatig@®thman et al. 20161CNNs have been introduced and
actively investigated in the field of remote sensing over the past few years, focusing
primarily on object detectio(Dong et & 2015)and scene classificatiq@hang et al.

2016) Recent work has demonstrated the feasibility of CNNs for remote sensing image
classification, as here. For exampf#ao and Du (2016)sed an image pyramid of
hyperspectral imagery to learn deep features through the CNN at multiple €tedes.

et al. (2016) introduced a 3D CNN to jointlgxtract spectrakpatial features, thus,
making full use of the continuous hyperspectral and spatial spaéegkvistet al.
(2016)used a CNN model with different contextual sizes to classify and segment VFSR
satellite imagesVolpi and Tuia (2017used deep CNNs to perfore patchbased
semantic labelling of VFSR aerial imagery together with normalized DSMs. All of
these works demonstrated the superiority of CNNs by using contextual patches as their

inputs and the convolutional operations for spatial feature representation.
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The contextuabased CNN classifiers, however, might introduce uncertainties along
object boundaries, leading to ox@noothness to some degr@hanget al. 2018)
Besides, objects with little spatial information are likely to be misclassified, even for
those with distinctive speetrcharacteristic&Zhanget al 2018) In fact, any classifier,
regardless of its model structure, predicts with uncertainty when handling spatially and
spectrally complex VFSR imagery. A key problem to be addressed is, thus, for a given
classification map, which areas are correctlgssified and which are not? This
information isimportantfor classification maproducersvho needo furtherincrease
classification accuracynformation on uncertaintig also very usefuldr classification
mapusers because if it is available, atlgt in some generalised form, users can better
target their attention and effort. Currently, classification model uncertainty is assessed
mainly using measures such as the difference between the first and second largest class
membership valu@lofsson et al. 2014) S h a n n o r(\Wasng aadchShir2aL Py
guadratic entropy{Giacco et al.2010) and so on, but there is generally a lack of
objective and automatic approaches to partition and label the correct and incorrect

classification regions.

The real problem with image classification, using a CNN or any other classifier, is,
thus, howto reasonably describe and partition the geometric space given the inherent
prediction uncertainties in a classification map. We previously proposed to create rules
to threshold the classification results and deal with uncertainties through decision
fusion (Zhanget al. 2018) This mehod, although having potential to achieve desirable
classification results, involves a large amount of trial and error and prior knowledge of
feature characteristics, thus was hard to be generalized and applied in an automatic
fashion. As a welkstablifed mathematical tool, rough set theory is proposed here as

a means of providing an uncertainty description with no need for prior knowledge, and
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this can be applied to model uncertainties of classification results.

Rough set theory, as proposedRgwlak (1982)is an extension of conventional set
theory that describes and models the vagseard uncertainty in decision mak{Ran

et al. 2010) It has been applied in diverse domains such as pattern recognition
(Swiniarski and Skowron 2003)machine learnindChen et al. 2010)knowledge
acquisition(Yu et al. 2014)and decisin support system&han and Zhu 2017Unlike

other approaches that deal with vague concepts such as fuzzy set theory, rough set
theory provides an objective form of analysis without any preliminary assumptions on
membership assodian, thus, demonstrating power in information granula{i@ran

et al. 2017)and uncertainty analys(€hen et al. 2017)n the field of remote sensing

and GIS, rough set theory has been applied in-bated feature reduction and
knowledge inductiorfLeung et & 2008, Pan et al. 201,0and use spatial relationship
extraction(Ge et al. 2011 spatietempoal outlier detectiorAlbanese et al. 2014and

land cover classification and knowledge disco\&ikder 2016)Howeve, description

of the uncertainty in remote sensing image classification results, as identified as a need
and proposed here, has not been addressed through rough set theory, except for the
pioneering work ofGe et al.(2009)on classification accuracy assessménfact, as

one of the basic theories of granular computationptedominantole of rough setis

to transform an original target granularitye(, continuous anchtricate) intoa simpler

and moreeasily analysablevariable Thus, by using rough setthe uncertainty of

remote sensing classification can be simplified #nr&dresulting datés more ready

usedto support decisicimaking.

In thischapter a variant of rough set theory, variable precision rough set (VERS)

et al. 2010)is introduced for the firsirhe to model and quantify the uncertainties in
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CNN classification of VFSR imagery with a certain level of error tolerance, which is
more suitable for the remote sensing domain than standard rough set theory due to its
complexity. Through the VPRS theorligse classification uncertainties are partitioned
and labelled automatically into positive regions (correct classifications), negative
regions (misclassifications) and boundary regions (uncertain areas), respectively. These
labelled regions are then used guide the regional decision fusion for final
classification. Specifically, the positive regions are trusted directly by the CNN,
whereas the nepositive regions (negative and boundary regions) with high uncertainty
(often occurring along object edgesg aectified by the results of an MHUsased MRF
(MLP-MRF). Such a regioibased fusion decision strategy performs classification
integration at the regional level, as distinct from the commonly used-ipaseld
strategies. The proposed VPR&ed MRFCNN regional decision fusion aims to
capture the mutual complementarity between the CNN in spatial feature representation

and the MLPMREF in spectral differentiation and boundary segmentation.

The key innovations of this research can be summarized as: 1) b vaoiable
precision rough set model is proposed to quantify the uncertainties in CNN
classification of VFSR imagery, and 2) a spatially explicit regional decision fusion
strategy is introduced for the first time to imprake classification in uncertarnegiors

using the distribubn characteristicef the CNN classificatiormap

The effectiveness of the proposed method was tested on images of both an urban scene
and a rural area as well as semantic labelling datasets. A benchmark comparison was
providedby pixetbased MLP and SVM, spectrabntextual based MLIMRF as well

as contextuabased CNN classifiers, together with mainstream baseline methods.
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4.2 Methodology

A novel VPRSbased method for regional decision fusion of CNN and MRF (MRF

CNN) is proposedor the classification of VFSR remotely sensed imagery. The

methodology consists of the following steps:

1. perform CNN and MLP classification using a training sampleTBtgnd validate

them using a testing sample SE3),

2. estimate the uncertainty of th@NN classification result to achieve a CNN

classification confidence map (CCM), and perform Midsed MRF (MLPMRF)

classification,

3. construct a VPRS fusion decision model to partition the CCM into positive regions

and nonrpositive (i.e. boundary and nepye) regions using a test sample set

(denoted a32), and

4. obtain the final classification result by taking the classification results of the CNN

for the positive regions and those of MMRF for the norpositive regions.

Principles and major workfloware detailed hereafter.
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Figure4-1: A workflow illustrating the proposed MREENN methodology.
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4.2.1 Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) is a mulaiyer feedforward neural netark

that is designed specifically to process large scale images or sensory data in the form
of multiple arrays by considering local and global stationary propdtessun et al.

2015) The main building block of a CNN is typically composed of multiple layers
interconnected to each other through a set of learnable weights and(Biaseso et

al. 2016) Each of the layers is fed by small patches of the image that scan across the
entire image to capture diflent perspectives of features at local and global scales.
Those image patches are generalized through a convolutional layer and a
pooling/subsampling layer alternatively within the CNN framework, until the-high
level features are obtained on which a fullgnnected classification is performed
(LeCun et al. 2015)Additionally, several feature maps may exist in each convolutional
layer and the weights of the convolutiomaddes in the same map are shared. This
setting enables the network to learn different features while keeping the number of
parameters tractable. Moreover, a nonlinear activation (e.g. sigmoid, hyperbolic
tangent, rectified linear units) function is takeantside the convolutional layer to
strengthen the nelnearity (Strigl et al. 201Q) Specificaly, the major operations

performed in the CNN can be summarized as:
0' = pool (s (0" *W' +b") (4-1)

where theo'* denotes the input feature map to titelayer, thew' and theh' represent
the weights and biases of the layer, respectively, that convolve the input feature map
through linear convolution*, and th&® indicates the notinearity function outside

the convolutional layefThese are often followed by a mp&oling operation witlpxp
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window size pool) to aggregate the statistics of the features within specific regions,

which forms the output feature map at thelth layer(Romero et al. 2016)

4.2.2 Multilayer perceptron based Markov random field (MLP -MRF)

A multilayer perceptron (MLP) is a classical neural network model that maps sets of
input data onto a set of outputs in a féedvard mannefAtkinson and Tatnall 1997)

The typical structuref a MLP is cascaded by interconnected nodes at multiple layers
(input, hidden and output layers), with each layer fully connected to the preceding layer
as well as the succeeding layBel Frate et al. 2007)The outputs of each node are
weighted units and biases followed by a timear activation function to distinguish

the data that are not linearly separgBlacifici et al. 2009)The weights and biases at
each layer are learned by supervised training using araglagation algorithm to
approximate an unknown inpoutput relation between the input feature vectors and

thedesired outputfDel Frate et al. 2007)

The predictive output of the MLP is the membership probability/likelihood to each class
at the pixellevel, which forms the conditional probability distribution function
according to the Bayesian theor@roody 2000. The objective of Bayesian prediction

is to achieve the maximum posterior probability by combining the prior and conditional
probability distribution functions, so as to solve the classification problem effectively.
The MRF classifier provides a convent way to model the local properties of an image
into positivity, Marknovianity and Homogeneity as its prior probability, together with
the learnt likelihood from the MLP, which constitutes the MURF (Dunne and
Campbell 1995, Tso and Mather 2009uch local neighbourhood information can
further be converted into its global equivalence of the Gibbs random field as an energy

function based on the Hamersl€lifford theorem(Wang and Liu 1999)The MLP
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MRF is hence iteratively solved by minimizing the energy function to search for the
global minima. Se&so and Mathef2009)andLi (2009)for more theoretical concepts

on MLP-based MRF and its application to image classification.

4.2.3 VPRS based decision fusion between CNN and MRF

4.2.3.1introduction to variable precision rough set theory

In rough set theoryPawlak 1982)a dataset is represented as a table, which is called
an information system, denoted &s (U, A), whereU is a norempty finite set of
objects known as theniverse of discourse, ards a norempty finite set of attributes,
such thatJY Vaexists for eaclal A. The sevadenotes the set of attribute values that
a may take. A decision table is an information system in the for8=ofU, A {d}),
whered | A is the decision attribute. For any attriibusetPi A, there is an

indiscernible relatiolR between two objectsandy:
R={(xy)l U*|"al P,a(x)=a(y)} (4-2)

whereR explains that the andy are indiscernible by the attributes frd?r(i.e. bothx

andy share the same attribute values).

The equivalence classes of the indiscernible relation basRa¢@am be defined as:

[XIe ={yl Ul(x N R (4-3)

Given atarget seX | U, X can then be approximated by using the equivalence classes

of the indiscernible relatioR, including aR-lower approximationRX ={x|[x]s1 X}
and aR-upper approximan: RX ={x|[x]x £X , f} . If RX , RX, then the tuple

(RX,RX) forms a rough set. The positive@S(X)), negative NEGx(X)) and boundary
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(BNDr(X)) regions can be defined as:

POS,(X)=RX (4-4)
NEG,(X)= U -RX (4-5)
BND,(X) = RX - POS,(X) (4-6)
positive
—
-
region
//
negative
region

Figure4-2: An illustration of the standard rough set with positive, boundary and negative

regions

However, the above standard definition of the set inclusion relation is too rigorous to
represent any fAal mo ¢Zadko 199B)(.p.| equateon 4<h)eid i ncl
difficult to be satisfied strictly). Thus, a variable precision rough set (VPRS) model was
proposed to allow a certain number of inclusion errorsXlatdY be two norempty

sulsets of a finite univee U, the degree (or level) of inclusion errorowithin X can

be defined aéChen etal. 2017)

oY, x) =1- SHAYEX) Sy f) (4-7)
Card(Y)

where theCard(*) denotes the cardinality of a set. Téf¥,X) =0 if and only if Y I X
, thatis, the case of standard rough set theoryufeig-2). Suppose(Y,X), 0, then a

level of inclusion errob is introduced to tolerate a certain level of inclusion. Given a
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level of inclusion errob, Y being included by can be defined as:
Yi, X iff eY,X)¢h, 0¢HC1 (4-8)

Having defined the relative inclusionrer b, the b-lower approximation and thie-

upper approximation can be characterized as:

R, X ={xI U |e([x]5, X) ¢ b} (4-9)

RoX ={xi U |e([X]q, X) ¢1- b} (4-10)

Givenequations4-9) and 4-10), the positivdPOS, (X)), negativ(NEGr, (X)) and

boundary(BNDr, (X)) regions with a level of inclusion errbrcan be inferred as:

POS;,(X) =R, X (4-11)
NEG,,(X)=U -R X (4-12)
BND,,(X) =RsX - POS; ,(X) (4-13)

4.2.3.2VPRS-based MRFCNN fusion decision

Suppose the membership prediction of the CNN at each pixehidiamensional vector
C=(c,c..-.C.), wheren represents the number of classes, while each dimension
c@ii[Ln)corresponds to the piixtxhpdadssvithgartarb abi | i
membership association. Ideally, the prokigbitalue of the classification prediction

is 1 for the target class but O for the other classes, which is usually unobtainable due to

the extensive uncertainty in the process of remotely sensed image classification. The

probability valueC is, thereforedenoted as:
f(2) ={c, |zl (12...n)} c,i [01, 4 c,=1 (4-14)

96



Chapter4: VPRSbased regional decision fusion of CNN and MRF classifications

By default, the classification model simply takes the maximum membership association

as the predicted output label (denoted as dIaks(

clas{ Q = argzmax({ f(2 =¢| z i@, 2,...,N} (4-15)

The confidence of being determined elasgC) is derived from one minus the
normalized Shannon Entroiée et al. 2009)

- & 1.(2)log,(1,(2)

conf=1-E L p— (4-16)

E,.c E

max min

where, E =- a fi(2)log,(f;(2)) denotes the entropy value of il pixel, whereas thE€max

z=1

and theEmin refer to the mximum and minimum entropy values, respectively, of the
entire classification map. When the entropy of a pixel is maximized Bafx, in
equation(4-16)),f(z) approximates a uniform probability distribution, representing that
there is a strong possilyfi that the pixel is wrongly classified, and therefore the
confidence valueonftends to be small (i.e., the level of the corresponding uncertainty
tends to be higher) andce versa Therefore, theconf ( [01) is inversely correlated

with the normalized entropy.

Given a CNN classification map, the confidence value of an object is spatially
heterogeneous: the central region is often accurately classified, but the boundary region
is likely to be misclassifie(Zhanget al. 2018) The two regions (i.e., patch centre and
patch boundary) can then be described theoretically by using rough set(fPaomgt

al. 2010) That is, the correctness, incorrectness and uncertainty of imagéazties

can be modelled via the positivequation (44)), negative équation (45)) and
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boundary équation (46)) regions, respectively.

The decision attributed} of the rough set model, commonly referred to as the attribute
for the identification of apecific land cover class, is used here to describe whether a
test sample is correctly classified (i.e., a strength and weakness analysis on the
classification results of the region corresponding to the sample). The confidence value
(conh) of any two samiles within this region should belong to the same indiscernible
relation, of which they should be treated simultaneously. For the confidence map of
CNN classification (i.e., the image witlcanfvalue at each pixel), it can, therefore, be
partitioned intaa series of intervals, each of which represents a particular indiscernible

relation:

[0, step,[stepstep® 2),...[step® floor(conf/step,]] (4-17)

where,stepis the atomic granule representing the least unit of indiscernible relation.
Each interval forms an indiscernible region (denotedINBares on the CNN
classification map. By checking the consistency of the classification results with respect
to the test sample32), the partitions can then be characterized as: the positivearegio
(the negative region, respectively) where the entiretflying in the region are
correctly (incorrectly, respectively) classified, and the boundary region in whidi2 the

are partially correctly classified.

There exists extensive uncertainty and msistency in remotely sensed image
classification, especially for VFSR imagery. A small amount of error (even with only
one misclassified sample) could inevitably turn a positive region into a boundary
region. Thus, equatior{4) is too restrictive and mit not be sufficiently satisfied.

Therefore, the introduction of the VPRS model with a relative classificationfeisor
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necessary to allow for some degree of misclassification in the largely correct
classification. Based on the VPRS model, the CNN classification confidence map can
be partitioned into indiscernible regions (lRDares). The accuracy of each region is
evaluated further using the test sample s&2$ (0 quantify the ratio of the labelled
samples that are consistent or inconsistent to the categories of the classification results.
Those indiscernible regions that meet the accuracy requiremergquatti;n (4-11))

are labelled as positive regions, whereas those fitting equatidi®y @nd 4-13) are

characterised as ngositive regions.

As illustrated by equatiord{7), the real level of inclusion error (denotecea®r) in a
specificNDareais essendlly the classification error of the test sampl)( that is, the
ratio between the number of misclassified samples and the total number of the samples
within the region.The INDarea can then be identified either agpasitive regionor a

non-positiveregion based on the relative inclusion erbor

IND

Area

:%':; positive egion  error¢ b (4-18)
i non-positve region error>b

The final classification results of all pixels within the region can then be determined by

using either the resultslassnn) of CNN (in the case giositive regiof, orthe results

(classnipmrf) of MLP-MRF (in the case afon-positive regioi. The positive region and

the nonpositive region are, therefore, allocating priority to the CNN and the-MLP

MRF accordingly.

Following the strategy mentioned above, the VRRRSedlecision fusion algorithm for

remotely sensed image classification is illustrated using pseati®in Tablel-1:
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Table4-1 - Detailed description of the VPR&ased regional decision fusion algorithm

for renotely sensed image classification

VPRSBased Regional Decision Fusion Algorithm
Input: remotely sensed (RS) imadevyel of inclusion errob, training sample sétl, rough set

test sample séi2, atomic granulstep

Output: classification result resuithg

1. Modekn= The CNN model trained by sample $ét

2. Modekp-mit = The MLRMRF model trained by sample SEt

3. fuzzyMatrix= The RS image classified by usiMpdelkn,to obtain decision vector
4. conf=The uncertain level withifuzzyMatrix (17 Normalized Entropy)

6. For each regiotNDarea partitioned fronconfusing an atomic granuktep

7. usingerror (derived fromT2) andb to determindNDarea (18)

8. If  error Ob thenINDarea belongs tgpositive region

9. resulPixels= each pixel withiiNDarea is classified by CNNdlassn)

10. ElseINDarea belongs tanonpositive region

11. resulPixels= each piel within INDareais classified by MLPMRF (classnipmr)
12. End if

13 resultmg = resultmg” resulPixels

14. End for

15.  Returnresultmg

16. End

4.3 Experimental Results and Analysis

4.3.1 Data description and experimental design

Experiment 1: The city of Bournemouth, UK and its surrounding environment, located

on the southern coast of England, was selected as a case study anesd{B)gThe

urban area of Bournemouth city is very developed with a high density of anthropogenic
structuresuch as residential houses, commercial buildings, roads and railways. In the
contrast, the suburban and rural areas near Bournemouth are less densely populated,

predominantly covered by natural and seraiural environments.

An aerial image was captured @0 April 2015 using a Vexcel UltraCam Xp digital
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aerial camera with 25 cm spatial resolution and four multispectral bands (Red, Green,

Blue and Near Infrared), referenced to the British National Grid coordinate system
(Figure 4-3). Two subsets of the imag with different environmental settings,

including S1 (2772x2515 pixels) within Bournemouth city centre and S2 (2639x2407
pixels) in the rural and suburban area were chosen to test the classification algorithms.

S1 consists mainly of nine dominant laraver classes, including Clay roof, Concrete

roof, Metal roof, Asphalt, Railway, Grassland, Trees, Bare soil and Shadow, listed in
Table4-2. S2 includes Queends Park Golf Cours
woodland, grassland and bare soil spatkigth small buildings and roads. There are

seven land cover categories in this study site, namely, Clay roof, Concrete rocf, Road

or-track, Grassland, Trees, Bare soil and Shadow (#aB)e
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Figure 4-3: Location of study area at Bournemouth within the UK, and aerial imagery

showing zooms of the two study sites S1 and S2.

Sample points were collected using a stratified random scheme from ground data
provided by local surveyors in Bournemouth, and split 886 training samples
(Training Samplerl at Table4-2) and 50% testing samples (Testing Sanik8eat

Table4-2) for each class. In addition, a set of test samples (Test Sathpdee Table
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4-2) with which to construct the variable precision rough setRSP model were
stratified randomly collected throughout the imagery and manually labelled into
different land cover classes. The sample labelling was based on expert knowledge and
historical references provided by local surveyors and photogrammetristisskieey

was conducted on April 2015 to further check the validity and precision of the selected
samples. Moreover, a highly detailed vector map from the Ordnance Survey, namely
the MasterMap Topography LaydRegnauld and Md&aness 2006)was fully
consulted and crogeferenced to gain a comprehensive appreciation of the land cover

and land use within the study area.

Table4-2 - Land cover classes at two study sites with trgignd testing sample size
per class. training samplé and testing samplE3 were used for model construction
and accuracy validation, while test sampt2 was used for building the variable

precision rough set.

Study Sites Class Training Sampldl Test @mpleT2 Testing Sampld3
Clay roof 110 156 110
Concrete roof 107 148 107
Metal roof 103 139 103
Asphalt 107 148 107
S1 Grassand 114 162 114
Trees 104 141 104
Bare soil 103 139 103
Shadow 103 139 103
Railway 102 137 102
Clay roof 82 104 82
Concrete roof 90 115 90
Roador-track 85 108 85
S2 Grassland 86 110 86
Trees 98 124 98
Bare soil 84 106 84
Shadow 86 110 86
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Experiment 2. Two welkknown semantic labelling datasets, the Vaihingen dataset and
the Potsdam dataset, were usedurther evaluate the effectiveness of the proposed

method.

The Vaihingen dataset contains 33 true orthophoto tiles with a spatial resolution of 9
cm. For each tile, four channels are provided, namelyin&ared (NIR), red (R) and

green (G), togethawith digital surface models (DSMs). Six semantic categories were
manually classified by ISPRS, including impervious surfaces, building, low vegetation,
tree, car, and clutter/background. As previously with other authorK@ngpffmeyer

et al. 2016, Volpi and Tuia 201, &he clutter/background class (mainly involving water
bodies background and others) was not considered in the experiments since it accounts

only for 0.88% of the total number of pixels.

Following the same training and testing procedures set by ([R@mpffmeyer et al.
2016)and SegNe(Volpi and Tuia 2017)we used the sixteen annotated tiles in our
experiments. Eleven tiles (areas: 1, 3, 5, 7, 13, 17, 21, 23, 26, 32, 37) were selected for

training,while the other five tiles (areas: 11, 15, 28, 30, 34) were reserved for testing.

The Potsdam 2D segmentation dataset includes 38 tiles of fine spatial resolution remote
sensing images. All of them feature a spatial resolution of 5 cm and have a uniform
resolution of 6000x6000 pixels. TweHiyur tiles are provided with Ground Reference
pixel labels, using the same five classes as in the Vaihingen dataset without the
clutter/background class. In the experiments, Following the practigampffmeyer

et al. 2016)six tiles (02_12,03_12,04 12,05 12,06_12, 07_12) were selected as the

testing se while the other eighteen among the annotated tiles were used for training.

Sample points for both datasets were acquired using a stratified random scheme from

the Ground Reference with a stride of 300 pixels to ensure the adequacy of GPU
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memory, and thee were partitioned into 30%, 40% and 30% sets for Training Sample
T1, Test Sampl@2 and the Testing Sampl&. SVM and other mainstream methods,
such as FCNKampffmeyer et al. 20165egNei{Volpi and Tuia 2017and Deeplab

v2 (Chenet al. 2016)were apped as benchmarks.

4.3.2 Model Architectures and Parameter Settings

Since the MRF used in this research was based on the probabilistic output from a pixel
based MLP, good choices for the model architectures and parameter settings of the
MLP and CNN are esseatifor the proposed MRENN approach. To make a fair
comparison, both CNN and MLP models were assigned the same parameters for the
learning rate as 0.1, the momentum factor as 0.7, the logistinsamity function, and

the maximum iteration number of Q0 to allow the networks to fully converge to a
stable state through bagkopagation. In the MLP, the numbers of nodes and hidden
layers were tuned with-12-, and 3hidden layers through crasalidation, and the best
predicting MLP was found using twodden layers with 20 nodes in each layer. For the
CNN, a range of parameters including the number of hidden layers, the input image
patch size, the number and size of convolutional filter, need to be ({Roetero et al.

2016) Following the discussion by Langkviet al. (2016), the input pah size was
chosen from {12x12, 14x14, 16x16, 18x18, 20x20, 22x22, 24x24} to evaluate the
influence of context area on classification performance. In general, a-Speall
contextual area results in overfitting of the model, whereas a large one oftertdead
undersegmentation. In consideration of the image object size and contextual
relationship coupled with a small amount of trial and error, the optimal input image
patch size was set to 16x16 in this research. Besides, as discu§iezhbial.(2014)

and Langkviset al.(2016), the deth plays a key role in classification accuracy because

the quality of learnt feature is highly influenced by the level of abstraction and
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representation. As suggested by Langkvist et al. (2016), the number of CNN hidden
layers was chosen as four to bakarthe network complexity and robustness. Other
parameters were tuned empirically based on evaBdation accuracy, for example, the
kernel size of the convolutional filters within the CNN was set as 3x3 and the number

of filters was tuned as 24 at eaaneolutional layer.

The MLP-MRF requires to predefine a fixed size of neighbourhood and a parameter
that controls the smoothness level. The window size of the neighbourhood in the MLP
MRF model was chosen optimally as 7x7 in consideration of the spatial context and the
fidelity maintained in the classification output. Due to the fine spatial deta#hioeal

in the VFSR imagery, the parametecontrolling the level of smoothness was set as
0.7 to achieve an increasing level of smoothness in terms of the MRF. The simulated
annealing optimization using a Gibbs samgerthod et al. 1996)as employed in

MLP-MRF to maximize the posterior probability through iteration.

An SVM classifier was further used as a benchmark comparator to test the classification
performance. The SVM model involves a pénpalalueCand a ker nel Wi
needs to be parameterised. Following the recommendati@ndnyget al. (2015) a

grid search with old crossvalidation was implemented to exhaustively search within
awide parameterspac@é nd 0 W9 29N Suoh paraneter settings would lead

to high validation accuracysing support vectors to formulate an optimal classification

hyperplane.

4.3.3 Decision Fusion Parameter Setting and Analysis

The decision fusion between the MIMRF and the CNN, namely, the MRENN,
based on the VPRS model, involves paramédiéitse level of nclusion error) andtep

(the atomic granule). The two parameters were optimized through grid search with
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crossvalidation using Traimg Sample 2 (Listed in Table-2). Specifically,b was

varied from 0O to 1 with incremental steps of 0.01, whilestiepwas tuned between 0O

to 0.5 through a small step of 0.025 (i.e. with a wider parameter searching space) to
obtain a higher validation accuracy. By doing sandstepwere chosen optimally as

0.1 and 0.075, respectively.
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Figure4-4: The CNN classification confidence value and the overall accuracy influenced by

the fusion decision parameter setting (in the form of the npasitive to positive ratio)

Both of the fusion decision parametebsagdstep jointly determined the partition of

the positive and nepositive regions. As shown in kige4-4, these parameter settings,
reflected by variation between the ratios of VPRS-positive and positive regions
(horizontal axis coordinates ranging from 0 to 1)yehan impact on the CNN
classification confidence values (blue dots) and the overall accuracies (boxplots). From
the figure, it can be seen that along with the increase of thpositive ratio, the CNN
classification confidence decreases constantly, @xoe the norpositive ratio from

0.3 to 0.55; whereas the overall accuracy initially increases from around 0.86 to around
0.9 and then decreases constantly until around 0.81. Another observation is that the

boxplot tends to be wider as the ratio of fpmsitive to positive region becomes larger,
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with more credits being given from the CNN to the MMRF. The optimal non
positive ratio (determined by decision fusion parameter setting) was found to be 0.3

(marked by the red dotted line in Big4-4).

4.3.4 Clasdfication Results and Analysis

Experiment 1: The classification performance of the MIRINN and the other
benchmark methods, including the MLP, SVM, MMRF and the CNN, were
compared using the Testing samples of Bournemouth dataset. F8blsts the
detailed accuracy assessment of both S1 for Bournemouth city centre and S2 for the
rural and suburban areas with overall accuracy (OA), Kappa coeffiejeas (vell as
perclass mapping accuracy. Clearly, the MRRN achieved the best overall accuracy

of 90.96% for S1 and 89.76% for S2 with Kappa coefficients of 0.89 and 0.88
respectively, consistently higher than the CNN (85.37% and 86.39% OA ofith.84

and 0.83, respectively), the MHRRRF (83.76% and 84.52% with correspondangf

0.79 and 0.80), the SVM (81.65% and 81.24% with correspordin@.77 and 0.78),

and the MLP (81.52% and 80.32% with the sano¢0.77) (Tablet-3). In addition, a
McNemar z-test that accounts for the pavwise classification comparison further
demonstrates that a statistically significant increase has been achieved by the MRF
CNN over the MLP, SVM, MLARMRF and the CNN, wittz-value = 3.27, 3.02, 2.74

and 2.02 in S1 angvalue = 3.89, 3.51, 3.06 and 2.05 in S2 respectively, greater than
1.96 at 95% confidence level (Tabde4). Moreover, the claswise classification
accuracy of MRFCNN constantly reports the most accurate results highlighted by the
bold font in Tabled-3, except for the trees in S2 (89.32%) for which accuracy is slightly
lower than for the CNN (90.42). In particular themapping accuracies of most land
covers classified by the MRENN were higher than 90%, with the greatest accuracy

achieved in grassland &oth study sites S1 and S2, up to 93.57% and 92.94%,
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respectively.

With respect to the four benchmark classifiers themselves (i.e., MLP, SVM;MARIP

and CNN), it can be seen from Tall8 that their classification accuracies are ordered
as: MLP < SVM< MLP-MRF < CNN. For the urban area at S1, the accuracy of the
MLP-MRF and the SVM is closer to the MLP (<2%), but with larger difference (>3%)
from the CNN. This is further demonstrated by the McNentast in Tablel-4 where

the CNN is significantly dierent from the MLP, the SVM and the MUIRRF (z =
3.12, 2.85 and 2.14, respectively), but the increase of theMRP is not significant
compared with the MLPz(= 1.57) and the SVMz(= 1.68). In the rural area at S2, on
the contrary, the accuracy of tMLP-MRF is remarkably higher (>4%) than that of
the MLP and SVM with statistical significance= 2.12 and 2.04), and only slightly

lower than that of the CNN (<2%) without significant differenze (.59).

Figure4-5 and4-6 demonstrate visual compaiss of the five classification results
using three subset images at each study site (S1 and S2). For the Concrete roof class,
from the upper right of Figre 4-5(a), it is clear that the MLP and SVM classification
results maintain the rectangular geometiyhe building, but at the same time present
very noisy information with salindpepper effects in white throughout the Concrete
roof (see the red circles at the figure). Such noise has been largely reduced by the MLP
MRF but still not yet completely efiinated (shown by red circle). The noise has been
erased thoroughly by the CNN. However, some serious mistakes have been introduced
by misclassifying the asphalt on top of the Concrete roof (highlighted by red circle).
Fortunately, the MRFECNN removed albf the noise while keeping the correctness of

the semantic segmentation (yellow circle). A similar pattern was found in the middle

of Figure 4-5(b), where the MLPMREF is less noisy than the MLP and the SVM (red
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circles), and the CNN obtains the smoothé&ssification result, but tends to be under
segmented along the object boundaries (highlighted by red circle). TheOWRE-in
contrast, keeps the central regions smooth while preserving the precise boundary
information (e.g. the rectangularity of the cogte roofs and the shadow next to them;
shown in yellow circle). Similar situations are found in the Clay roof, as shown in
Figure4-6(a) and4-6(c), where the MLP, SVM and MLRIRF introduced some noise

in the central region, whereas the CNN eradicatech thet with obvious geometric
distortions. The MRFCNN, surprisingly, removes all the noise while keeping the crisp
boundaries with accuracy. In terms of the railway class illustrated in the middle of
Figure4-5(a), it was noisily classified by the MLP, ti8/M and the MLPMRF (red
circles). This noise was eliminated by the CNN as well as the-NMIRN (yellow
circles). Moreover, some small Readtracks exemplified by Figre4-6(a) and4-6(b)

were successfully maintained by the MLP, SVM, MMRF as well as NRFCNN,

yet omitted by CNN due to the convolutional operations.

For the natural land cover classes, the grassland patch shownrie4-&yb) is shaped
approximately square (see the original image irufgd-5(b)). The MLP and SVM
produced noisy resultsonfused with the surrounding tree species (shown in red
circles). A similar pattern was found in the result of the MURF but with less noise
(marked by red circle). The CNN and the MRRNN did not show any noise in the
classification map. However, theNN did not maintain the squared shape of the
grassland (shown in red circle), whereas the MBI successfully kept the geometric
fidelity as a square shaped object (highlighted by yellow circle). With regard to the
Trees indicated in Fige 4-6(a) and4-6(b), the MLP, SVM and MLRMRF produce
different noise: the MLP tends to misclassify the trees as grassland (shown in red

circle), whereas the SVM and MEMRF sometimes falsely considers the le#ftrees
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or the shade of trees as the shaded Clay roofk@daby red circle). All these

misclassifications are rectified by the CNN and the ME¥IN (in yellow circle).

Table4-3 - Classification accuracy comparison amongst MLP, SVM, NMIRF, CNN
and the proposed MRENN approach for Bournemouth city centre (S1) and the
suburban area (S2) using thepkrss mapping accuracy, overall accuracy (OA) and

kappa coefficientd). the bold font highlights the greatest classification accuracy per

row.

Study Sites Class MLP SVM MLP-MRF  CNN MRF-CNN
Clay roof 91.3%6 91.45% 90.58% 88.56% 92.68%
Concrete roof 68.526 68.74% 72.23% 74.3% 78.25%
Metal roof 89.7% 89.52% 90.12% 91.42% 92.23%
Asphalt 88.5%9 88.55% 88.67% 85.98% 91.26%
Grassand 73.500 74.28% 76.42% 88.6 93.5®%0

S1 Trees 65.680 65.79% 72.28% 82.28%0 88.5
Bare soil 80.460 80.51% 80.82% 85.23 90.2%%
Shadow 91.56% 91.23% 91.23% 90.14% 92.16%
Railway 82.14% 82.35% 83.57% 90.23% 91.56%
OA 81.526 81.65% 83.26% 86.3%% 90.96%
) 077 077 0.79 0.84 0.89
Clay roof 88.560 88.27% 86.7% 82.3™% 90.168%
Concrete roof 7984% 79.62% 81.26/ 84.17% 88.27%
Roador-track 83.02% 83.36% 8317% 8654% 92.38%
Grassand 7211% 73.64% 80.57% 88.58% 9294%

S2 Trees 79.31% 79.24% 85.26% 90.42% 89.32%
Bare soil 76.18% 76.42% 78.25% 81.36% 88.75%
Shadow 89.42% 89.56% 89.42% 88.25% 89.38%
OA 80.32% 81.24% 84.52% 86.39% 89.76%
] 0.77 0.78 0.80 0.83 0.88
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As for the other land cover classes (e.g., bare soil and shadow) the fourcelassif
methods do not show significant differences, although some increases in classification
accuracy were still obtained by the MIRINN. For example, the bare soil shown in
Figure4-6(c) is highly influenced by the cars and other small objects, whakitsein
oversegmented noise by the MLP and the SVM (shown in red circles) or false
identification into Clay roof by the CNN (marked in red circle). The MURF and

the proposed MRIENN, fortunately, addressed those challenges with smooth yet

semanticallyaccurate geometric results (in yellow circle).

Table4-4 - McNemarZ-test comparing the performance of the four classifiers for two
study sites s1 and s2. significantly different accuracies with confidé®&8oz-value

> 1.96) are indicated by *.

Study McNemarZ-test
) Classifiers
sites MLP SVM MLP-MRF CNN MRF-CNN
MLP o}
SVM 1.32 o}
S1 MLP-MRF 1.57 1.68 0
CNN 3.12* 2.85* 2.14* o}
MRF-CNN 3.27* 3.02* 2.74* 2.0 o}
MLP o}
SVM 1.66 0
S2 MLP-MRF 2.12* 2.04* o}
CNN 2.4 2.15* 1.59 o}
MRF-CNN 3.89* 3.51* 3.06* 2.05* o}
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Clay roof - Concrete roof E Metal roof - Asphalt - Grassland - Trees Bare soil - Railway - Shadow

Figure4-5: Three typical image subsets (a, b and c) in study site S1 with their classification results. Cditemmkeft to right represent the original
images (R G B bands), the MLP, the SVM, the MRF, the CNN, and the MRINN classification results. The red and yellow circles denote incorrect and

correct classification, respectively.

112



Chapter4: VPRSbased regional decision fusion of CNN and MRF classifications

S2 Subsets

~ MLP-MRF

I Clay roof -Concrete roof -Road or-track - Grassland e Trees S r— - Shadow

Figure4-6: Three typical image subsets (a, b and c) in study site S2 with their classification results. Columns from left to rigistergipiiee original
images (R G B bands), the MLP, the SVM, the MRRF, the CNN, and the MRIRN classification results. The red and yellow circles denote incorrect and

correct classification, respectively.
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Experiment 2: The proposed MRIENN and its submodules (MLP, MLPMRF and

CNN) as well as other benchmark methods were validated on the Vaiharge
Potsdam semantic segmentation datasets. Bablend4-6 present the classification
accuracies of all four methods together with the four benchmark methods (SVM, FCN,
SegNet and Deeplal®). The MRFCNN achieved the largest OA of 88.4% and 89.4%

for the two datasets, larger than its snbdules (86.2% and 86.5%, 82.1% and 83.7%,
and 81.4% and 82.1% OA of CNN, MUIRF and the MLP, respectively). The MRF

CNN also demonstrates greater accuracy than the benchmarks, including the Deeplab
v2 with an OA 0f86.7% and 88.2%, thECN with an OA 0f85.9% and 86.2%
(Kampffmeyer et al. 2016}the SegNetwith an OA 0f82.8% and 83.6%Volpi and

Tuia 2017), and the SVM with an OA of 81.7% and 82.4%.

The perclass mapping accuracy (Tables and 4-6) shows the effectiveness of the
proposed MRFCNN for the majority of classes. Significant increases in accuracy are
realized for the classes of Imperviousrfaces, Low vegetation, Building and Car
relative to the individual classifier CNN and MIWRF, with an average large margin

of 3.9%, 4%, 5.55% and 8.75%, respectively. The Tree class accuracy, however, was
less significantly increased compared to the CMMh small margins of 0.8% and
0.6%. In terms of benchmark methods, the MRRN demonstrates higher accuracy

for the majority of classes, except for the Car class (79.6% and 80.3%), for which the

accuracy is less than for the stafethe-art Deeplabv2 (84.7% and 83.9%).

Figure 4-7 and4-8 illustrate full tile predictions of Vaihingen dataset (No. 30) and
Potsdam dataset (No. 05_12), with red and dashed circles highlighting broadly incorrect
and correct classifications, respectively. Both MLP and SVadgifications result in

saltandpepper effects due to pixkvel differentiation with subtle differences
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between them (e.g. red circles shown inuFeg-7(d) and4-7(e)). The MLRMRF

(Figure 4-7(f) and 4-8(f)) improves on the MLP (Fige 4-7(d) and 4-8(d)) with
homogeneous blocks and crisp boundary differentiation. This can be seen at the lower
right side of the Building that has reduced -saittpepper effect (dashed circle in
Figure 4-7(d) and4-8(d)). The CNN acquires the greatest smoothnessu(€if}7(g)

and 4-8(g)) thanks to highelevel spatial feature representation. However, it makes
some blunders by misclassifying Building as Car (red circles uwr€&#37(g) or falsely
producing some building edge artefacts as Impervious Surface (the rednckigere

4-8(g)). The MRFCNN (Figure 4-7(h) and 4-8(h)), solved the aforementioned
problems (all dashed circles) by taking advantage of the rough set uncertainty partition

as well as the subsequent decision fusion.

Table4-5 - Perclass accuracy and overall accuracy (OA) for the MLP, SVM, MLP
MRF, CNN and the proposed MRENN approach, as well as baseline methods, for

the Vaihingen dataset. the bold font highlights the largest classification accuracy per

row.

Method Imp Surf  Building Low Veg Tree Car OA

MLP 83.5% 82.1% 68.3% 86.1% 64.2% 81.4%
SVM 82.7% 82.4% 69.2% 84.3% 66.5% 81.7%
MLP-MRF 84.3% 83.6% 72.7% 83.9% 71.7% 82.1%
CNN 86.2% 89.2% 76.9% 86.9% 69.7% 86.2%
FCN 87.1% 91.8% 75.2% 86.1% 63.8% 85.9%
SegNet 82.7% 89.1% 66.3% 83.9% 55.7% 82.8%
Deeplabv2 88.5% 93.3% 73.9% 86.9% 84.7% 86.7%
MRF-CNN 89.7% 93.8% 80.1% 87.7% 79.6% 88.4%
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(f) MLB-MR (h) MRE-CNN

Figure4-7: Full tile prediction for No. 30. Legend on the Vaihingéstaset:
white=impervious surface; blue=buildings; cyan=low vegetation; green=trees; yellow=cars.
(a) True Orthophoto; (b) Normalised DSM; (c) Ground Reference, ground reference

labelling; (d, e, f, g) the inference result from MLP, SVM, IMIEF, CNN, reectively; (f)
the proposed MRIENN classification result. The red and dashed circles denote incorrect

and correct classification, respectively.

Table4-6 - Perclass accuracy and overall accuracy (OA) forieP, SVM, MLP-
MRF, CNN and the proposed MRENN approach, as well as baseline methods, for

the Potsdam dataset. the bold font highlights the largest classification accuracy per row.

Method Imp Surf  Building Low Veg Tree Car OA

MLP 84.3% 81.3%  71.5% 85.6% 70.4% 82.1%
SVM 83.6% 81.8%  72.2% 84.3% 70.9% 82.4%
MLP-MRF 85.8% 83.6% 73.4% 84.8% 72.3% 83.7%
CNN 86.5% 88.7% 76.7% 87.6% 72.7% 86.5%
FCN 85.5% 90.6% 75.8% 86.1% 69.8% 86.2%
SegNet 82.9% 89.5% 73.1% 84.3% 70.5% 83.6%
Deeplabv2 88.7% 93.6% 77.2% 86.5% 83.9% 88.2%
MRF-CNN 90.8% 95.2%  81.5% 88.2% 80.3% 89.4%
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(h) MRF-CNN

Figure 4-8: Full tile prediction for No. 05_12. Legend on the Potsdam dataset:
white=impervious surface; blue=buildings; cyan=low vegetationegn=trees; yellow=cars.
(a) True Orthophoto; (b) Normalised DSM; (c) Ground Reference, ground reference
labelling; (d, e, f, g) the inference result from MLP, SVM, IMIEF, CNN, respectively; (f)
the proposed MRIENN classification result. The red and d&sl circles denote incorrect

and correct classification, respectively.

4.3.5 Function of the VPRS fusion decision parameteb and step

The VPRS fusion decision parametefs gnd step were analysed separately to
investigate each of their contributions in desagband integrating the classification
results. As illustrated by FRige 4-9(a) and 4-9(b), relations between the fused
classification accuracy and each of the parameters (while fixing the other) can be
plotted. Generally, there are similar trends in teofrhe influence of two parameters

on classification accuracy: the accuracy increases initially until reaching the maximum
accuracy ab = 0.1 andsteparound 0.078.1, and then decreases constantly, along
with further increases of the inclusion erfo(Figure 4-9(a)) and the atomic granule

step (Figure 4-9(b)) respectively. This means that bdihand step can impact the
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accuracy. Howesr, compared with the step, the change in accuracy causkdsby
greater accompanied by greater accuracy variation, indicatingithtite crucial factor
for VPRS parameter setting. It can be imagined that a large vausaafwrongly take

the CNBDNbbEematic boundary information as

p

beo positive regions can Ibdntarhsiosiepihat ed by

smaller its value (i.e. a finer information granularity), the larger the test samples for the

VPRS will be required, to provide enough samples within each information granularity

level. An atomic granularity should, therefore, ideally match with the sampling density

level; otherwise, it will reduce the classification accuracyyfeg-9(b)).
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4.4 Discussion

xEAT AEEQGEI ¢ OEA

Due to the spatial and spectral complexity within VFSR imagery, any classification

model prediction is inherently uncertainciuding the advanced CNN classifier. Thus,

for the integration of classifiers, it would be of paramount importance to discriminate

the less uncertain and more uncertain results of each individual classification. A VPRS

based regional fusion decision stigy was, thus, proposed to integrate the spectral

contextualbased MLPMRF classifier with precise boundary partitions and the CNN
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classifier with spatial feature representations for high accuracy classification of VFSR
remotely sensed imagery. The propb$4RFCNN regional decision fusion method
takes advantage of the merits of the two individual classifiers and overcomes their

respective shortcomings as discussed below.

4.4.1 Characteristics of MLP-MRF classification

The MLP-MRF classifier is constructed basexh the pixelbased MLP as its
conditional probability and models the prior probability using its contextual
neighbourhood information to achieve a certain amount of smootf\Wess) and Liu

1999) That is, the MLPMRF depends primarily on the spectral feature differentiation
from the MLP with consideration of its spatial connectivity/smoothi(ésng et al.

2013) Such characteristics result in similar classification performance to the result of
MLP but with less salt and pepper effecheDpositive attribute of the MLRIRF,
inherited from the noyparametric learning classifier MLP, is the ability to maintain
precise boundaries of some objects with high accuracy and fidelity. In particular, the
classification accuracy of a pixel in the MltRodel is not affected by the relative
position (e.g. lying on or close to boundaries) of the object it belongs to, as long as the
corresponding spectral space is separable. Some land cover classes (e.g. Clay roof,
Metal roof and Shadow), with salient spatproperties that are spectrally exclusive to
other classes, are therefore not only accurately classified with high classification
accuracies (>90% overall accuracy), but also with less noise in comparison with the
standard MLP and SVM classificationstdts. At the same time, the MERRF can
elaborately identify some components of an object, for example, the Vekirdows

of a building (shown by yellow circle in Rige 4-6(c)), indicating that the object and

its subobjects might be possibly mappedcaately in future. However, the

classification accuracy increase of the MMRF over the MLP is not substantial or
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less remarkable, with just a32%6 accuracy increase (see Tabi@in experiment 1 and
Table 4-5 in experiment 2). In comparison with the 8Nthe MLRMRF usually
demonstrates a much larger intlass variation, which can be demonstrated by the fact
that the boxplots of confidence values are larger when gradually trusting th&/IREP
(Figure4-4). This is mainly because the MHNPRF utilizes he spectral information in

the classification process without fully exploiting the abundant spatial information
appearing irthe VFSR imagery (e.g. texture, geometry or spatial arrangelvéat)g

et al. 2016) Such deficienciesften lead to unsatisfactory classification performance
in classes with spectrally mixed but spatially distinctive characteristics (e.g., the
confusion and misclassification between Trees and arab®r Low Vegetation that

are spectrally similar, the severe salt and pepper effects on railway with linear textures,

etc.).

4.4.2 Characteristics of CNN classification

Spatial features in remotely sensed data like VFSR imagery are intrinsically local and
statonary that represent a coherent spatial patigliasi et al. 2016)The presence of

such spatial features are detected bycthwevolutional filters within the CNN, and well
generalized into increasingly abstract and robust features through hierarchical feature
representations. Therefore, the CNN shows an impressive stability and effectiveness in
VFSR image classificatiofzhao and Du 2016Especially, classes like Concrete roof

and Roaebr-track that are difficult to distinguish from their backgrounds wittyo
spectral features at pixel level, are identified with relatively high accuracies. In addition,
classes with heavy spectral confusion in both study sites (e.g. Trees and Grassland), are
accurately differentiated due to their obvious spatial patterardiites; for example,

the texture of tree canopies is generally rougher than that of grassland, which is captured

by the CNN through spatial feature representations. Moreover, the convolutional filters
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applied at each layer within the CNN framework remalef the noise that is smaller

than the size of the image patch, which leads to the smoothest classification results
compared with the MLP, the SVM and the MMRF (see Figurd-5 - Figure4-8).

This is also demonstrated by Figutel, where the boxplotef the CNN are much

narrower than those of the MHARF.

As discussed above, the CNN classifier demonstrates obvious superiority over the
spectralcontextual based MLLRIRF (and the pixebased MLP and SVM classifiers)

for the classification of the spatialand spectrally complex VFSR remotely sensed

i magery. However, accor di Wyplpett and Mdcreadyi n o f r
1997) any elevated performance in one aspect of a problem will be paid for through
others, and the CNN is no exception. the CNN also demonstrates some deficiencies for
boundary partition and small feature identificatiamich is essential for VFSR image
classification with unprecedented spatial detail. Such a weakness occurs mainly
because of ovesmoothness that leads to boundary uncertainties with small useful
features being falsely erased, somehow similar to morghualo or Gabor filter
methodgqReis and Tasdemir 2011, Pingel et al. 20E8y example, the humamade

objects in urban scenes like buildings and asphalt are often geometrically enlarged with
distortion to some degree (See tg4-5(b) and4-6(c)), and the impervious surfaces

and the building are confused with cars being enlarged or misclassifiedeig(e)).

As for natural objects in rural areas (S2), edges or porosities of a landscape patch are
simplified or ignored, and even worse, linear features like river channels or dams that
are of ecological importance, are erroneously erased (e.greMep(b)). Besides,

certain spectrally distinctive features without obvious spatial patterns are poorly
differentiated. For example, some Concrete roofs are wrongly identified as Asphalt as

illustrated in Figire4-5(c). Previous work also found that the CNN wasrilafieto some
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global low level feature descriptors like Border/ Interior Pixel Classification when
dealing with a remote sensing image that has abundant spectral but lacks spatial
information (Nogueira et al. 2017) However, the uncertainties in the CNN
classification demonstrate regional distribution characteristics, either along the object
boundaries (e.g. Fige4-5(b)) or entire objects (e.g. Rige4-5(c)). These provide the
justification of regional decision fusion to further improve the ClHNVFSR image

classification.

4.4.3 The VPRS based MRFCNN fusion decision

This chapter proposed to explore rough set theory foriosaghased uncertainty
description and classification decision fusiesing VFSR remotely sensed imagery

The classification uncertainties in the CNN results were quantified at a regional level,
with each region determined as positive or #positive (boundry and negative)
regions by matching the correctness of a group of samples in the Test S@&nple
Nevertheless, in the standard rough set, most of the actual positive regions are occupied
by boundary (i.e. nopositive) regions due to the huge uncertasntyg inconsistency

in VFSR image classification results. Such issues limit the practical application of the
standard rough set because of its ignorance of the desired positive regions. A variable
precision rough set (VPRS) is proposed for uncertainty ightieer and classification
integration by incorporating a small level of inclusion error (i.e. parani®ierhe

VPRS theory is used here as a spatially explicit framework for regional decision fusion,
where the noipositive regions in this research repragbe spatial uncertainties in the
CNN classification result. For those positive regions of CNN classifications, including
the very close to 100% correct classifications, are identified and utilized; whereas the
rest (i.e. the nospositive) regions are ptaced by the MLIMRF results with crisp and

accurate boundary delineation.
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To integrate the CNN and the MURRF classifier, the CNN was served as the base
classifier to derive the classification confidence, considering its superiority in terms of
classifcation accuracy and the regional homogeneity of classification results.
Therefore, the regional decision fusion process is based on the CNN classification
results, and the MLMRF is only trusted at the regions where the CNN is less
believable (i.e. theon-positive regions). Such a fusion decision strategy achieves an
accurate and stable result with the least variation in accuracy, as illustrated by the
narrow box in Figurel-4. The complete correctness of the MMRF results at the
nonpositive regions 1@ not guaranteed, but one thing is certain: the corresponding
MLP-MRF results are much more accurate than those of the CNN. In fact, while the
CNN accurately classifies the interiors of objects with spatial feature representations,
the MLP-MRF could provile a smooth, but also crisp boundary segmentation with high
fidelity (Wang et al. 2013)These supplementary charaistcs inherent in the MLP

MRF and CNN, are captured well by the proposed ViIBRS:d MRFCNN regional
decision fusion approach. As shown by Figdsé, although the values of the CNN
confidence map decrease gradually from the centre to its boundarthé.edge
between the positive and npositive regions, at 0.3 marked by the red vertical line),
the classification accuracies rise constantly until reaching the maximum accuracy. For
these MLPMRF results in the nepositive regions, the corresponding raositive
regions (i.e. the problematic areas of the final fusion decision results) can be further
clarified. Moreover, additional improvement might be obtained by means of imposing
extra expert knowledge and/or combining other advanced classifiers M. S

Random Forest, etc.).

In summary, the proposed method for classification data description and integration is,

in fact, a general framework extensively applicable to any classification algorithms (not
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just for the mentioned individual classifiers), a@odany remote sensing images (not
just for the VFSR remotely sensed imagery). The general approach, thus, addresses the
complex problem of remote sensing image classification in a flexible, automatic and

active manner.

The proposed MRENN relies on an eifient and relatively limited CNN network
with just four layers (c.f. statef-the-art networks, such as Deeplab, built on
extremely deep ResN&D1). Nevertheless, it still achieves comparable and promising
classification performance with the largestaracy overallThis demonstrates thtte
proposedmethod hapractical utility, especially when facing the problems of limited
computational powewith insufficient training datawhicharecommonlyencounteed

in theremote sensing domawhen buildinga deepCNN network

4.5 Conclusion
Spatial uncertainty is always a key concern in remote sensing image classification,
which is essential when facing the spatially and spectrally complex VFSR remotely
sensed imagery. Characterising the spatial distributiomngertainties has great
potential for practical application of the data. In tthepter a novel variable precision
rough set (VPRS) based regional fusion decision between CNN and MRF was
presented for the classification of VFSR remotely sensed imafleeyVPRS model
guantified the uncertainties in CNN classification of VFSR imagery by partitioning the
result into spatidy explicit granularities that represent positive regions (correct
classifications) and nepositive regions (uncertain or incorretassifications). Such a
regionbasedfusion decision approaateflect the regionahomogeneityof the CNN
classificatiormap The positive regions were directly trusted by the CNN, whereas non

positive regions were rectified by the MINMRF in consideratio of their
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complementary behaviour in spatial representafidme proposed regional fusion of
MRF-CNN classifiersconsistently outperformed the standard phxated MLP and
SVM, spectraicontextual based MLRIRF as well as contextudlased CNN
classifiers,and increased classification accuracy above-statke-art methods when
applied to the ISPRS Semantic Labelling datasets. Therefore, this-W&fe8egioral
classificationntegrationof CNN andMRF classification results provides a framework

to achiee fully automatic and effective VFSR image classification.
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Chapter 5 An object-based convolutional
neural network (OCNN) for urban land use
classification 3

3 Thischapter is based on the published paper: Ce Zhaaigel Sargent, Xin Pan, Huapeng Li, Andy
Gardiner, Joathon Hare, Peter M. Atkinson, 2018n objectbased convolutional neural networks
(OCNN) for urban land use classificatiddemote Sensingf Environment216:5770.
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Abstract

Urban land use information is essential for a variety of urb&ated applications such
asurban planning and regional administration. The extraction of urban land use from
very fine spatial resolution (VFSR) remotely sensed imagery has, therefore, drawn
much attention in the remote sensing community. Nevertheless, classifying urban land
use fran VFSR images remains a challenging task, due to the extreme difficulties in
differentiating complex spatial patterns to derive Highel semantic labels. Deep
convolutional neural networks (CNNSs) offer great potential to extractlkigh spatial
featues, thanks to its hierarchical nature with multiple levels of abstraction. However,
blurred object boundaries and geometric distortion, as well as huge computational
redundancy, severely restrict the potential application of CNN for the classification of
urban land use. In thishapter a novel objeebased convolutional neural network
(OCNN) is proposed for urban land use classification using VFSR images. Rather than
pixel-wise convolutional processes, the OCNN relies on segmented objects as its
functionalunits, and CNN networks are used to analyse and label objects such as to
partition withirnrobject and betweeabject variation. Two CNN networks with different
model structures and window sizes are developed to predict linearly shaped objects (e.g.
Highway, Canal) and general (other nimearly shaped) object¥hen aclassspecific
decision fusion is performed to integrate the classification results. The\effets of

the proposed OCNN method was tested on aerial photography of two large urban scenes
in Southampton and Manchester in Great Britain. The OCNN combined with large and
small window sizes achieved excellent classification accuracy and computational
efficiency, consistently outperforming its suoiodules, as well as other benchmark

comparatorsincluding the pixelwise CNN, contextuabased MRF and objetiased
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OBIA-SVM methods. The proposed method provides the first cbgstd CNN
framework to effectively and efficiently address the complicated problem of urban land

use classification from VASimages.

Keywords convolutional neural network; OBIA; urban land use classification; VFSR

remotely sensed imagery; hidgvel feature representations

51 Introduction

Urban land use information, reflecting so@oonomic functions or activities, is
essentiafor urban planning and management. It also provides a key input to urban and
transportation models, and is essential to understanding the complex interactions
between human activities and environmental chgRgéino and Duque 2013WVith

the rapid deglopment of modern remote sensing technologies, a huge amount of very
fine spatial resolution (VFSR) remotely sensed imagery is now commercially available,
opening new opportunities to extract urban land use information at a very detailed level
(Pesaresi et al. 2013 owever, urban land features captured by these VFSR images
are highly complex and heterogsus, comprising the juxtaposition of a mixture of
anthropogenic urban and senatural surfaces. Often, the same urban land use types
(e.g. residential areas) are characterized by distinctive physical properties or land cover
materials (e.g. composed dffdrent roof tiles), and different land use categories may
exhibit the same or similar reflectance spectra and textures (e.g. asphalt roads and
parking lots)Pan et al. 2013Meanwhile, information on urban land use within VFSR
imagery is presented implicitly as patterns or Higlel semantic functions, in which

some identical lowevel ground features or object classes are frequently shared
amongst different land use categories. This complexity and diversity of spatial and

structural patterns in urban areas makes its classificatitin land use classes a
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challenging taskHu et al. 201%). Therefore, it is important to develop robust and
accurate urban land use classification techniquesfbygtively representing the spatial

patterns or structurdging in VFSR remotely sensed data.

Over the pastew decades, tremendous effort has been made in developing automatic
urban land use classification methods. These methods can be categorized broadly into
four classes based on the spatial unit of representatiopigets, moving windows,
objects and scenef)iu et al. 2016) The pixellevel approaches that rely purely upon
spectral characteristics are able to classify land couégre insufficient to distinguish

land uses that are typically composed of multiple land covers, and such problems are
particularly significant in urban setting8hao et al. 2016)Spatial information, that is,
texture(Myint 2001, Herold et al. 2003)r context{Wu et al. 2009)was incorporated

to analyse urban land use patterns through moving kernel winddemmeyer et al.

2014) However, it could be argued that both pikased and moving windebhased
methods require to predefine arbitrary image structures, whereas actual objects and
regions might be irregularly shaped in the real w@Hdrold et al. 2003)Therefore,
objectbased image analysis (OBIA) that is built upon automatically segmented objects
from remotely sensed imagery is preferalid@aschke 201Q)and has been considered

as the dominant paradigm over the last dec¢&tkeschke et al. 2014)Those image
objects, as the base units of OBIA, offer two kinds of information with a spatial
partition, specifically; withirobject information (e.g. spectral, texture, shape) and
betweerobject information (e.g. connectivity, diguity, distances, and direction
amongst adjacent objects). Many studies applied OBIA for urban land use classification
using withinobject information with a set of lo¥evel features (such as spectra,
texture, shape) of the ground featuieg. Blaschke 2010, Blaschke et al. 2014 and

Wang, 2013)These OBIA approaches, however, might overlook semantic functions or
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spatial configurations due to the inability to usedewd features in semantic feature
representation. In this context, researchers have attempted to incorporate between
object information by aggregay objects using spatial contextual descriptive
indicatorson welkdefined land use units, suchclastrafi eldsor street blocksThose
descriptive indicators were commonly derived by means of spatial metrics to quantify
their morphological propertig¥oshida and Omae 2006}y graphbased methods that
model the spatial relationshifBarr and Barnsley 1997, Walde et al. 20HQwever

the ancillary geographic datarfepecifying the land usenits might not be available

for some regions, and the spatial contexenften hardo describe and charactsgias

a s erulesoelentfiough thecomplexstructuresor patterngnight berecognizable
anddistinguishabldy humanexpers (Oliva-Santos et al. 2014Jhus, advanced data
driven approaches are highly desirable to learn land use semaat@®atically

throughhigh-level feature representations.

Recently, deep learning has become the new hot topic in machine learning and pattern
recognition, where the most representative and discriminative features are learnt end
to-end, hierarchicallyChen et al2016) This breakthrough was triggered by a revival

of interest in the use of muliayer neural networks to model higHewel feature
representations without humdaesigned features or rules. Convolutional neural
networks (CNNs), as a wellstblished and popular deep learning method, has
produced statef-the-art results for multiple domains, such as visual recognition
(Krizhevsky et al. 2012)image retrievalYang et al. 2015)and scene annotation
(Othman et al. 2016Dwing to its superiority in highdevel feature representation and
scene understanding, the CNN has demonstrated great potential in many remote sensing
tasks such as vehicle detecti@henet al. 2014, Dong et al. 2015pad network

extraction(Cheng, Wang, et al. 201, #gmotely sensed scene classificafiothman et
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al. 2016, Sargent et al. 201@nd semantic segmentatidhaoet al. 2017)Interested
readers are referred to a comprehensive review of deep learning in remote (@&msing

et al. 2017)

Land use information extraction from remotely sensed data using CNN models has been
undertiken in the form dnd-use scene classification, which aims to assign a semantic
label (e.g. tennis court, parking lot, etc.) to an image according to its cO@test et

al. 2016 Nogueira et al2017) There arébroadlytwo strategieso exploit the CNN
modek for scendevel land use classificatipmamely i) pretrainedor fine-tuned

CNN, andii) fully-trained CNNfrom scratch The first strategy relies on pteined

CNN networks transferred from auxiliary domain with natural images, which has
been demonstrated empirically to be useful for lase scene classificatighlu et al.

201%, Nogueira et al. 2017However, it requires three input channels derived from
natural images with RGB only, whereas the multispectral remotely sensed imagery
often involves the near infrardxhnd, and such a distinction restricts the utility of pre
trained CNN networks. Alternatively, the (ii) fullyained CNN strategy gives full
control over the network architecture and parameters, which brings greater flexibility
and expandabilityChen etl. 2016) Previous researchers have explored the feasibility
of the fully-trained strategy in building CNN models for scene level -lasel
classification. For examplépus et al. (2015proposed a mukview CNN with multt

scale input strategies to address the issue of land use scene classification and its scale
dependent charactstics.Othman et al. (2016)sed convolutional features and a sparse
autoencoder for scenkevel landuse mage classification, which further demonstrated
the superiority of CNNSs in feature learning and representaXianet al.(2017)even
constructed a largscale aerial scene classification dataset (AID) for performance

evaluation among various CNN models and architectures developedostrateips
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However, the goal of these land use scene classifications is esseimiafy
categorization, where a small patch extracted from the original remote sensing image
is | abelled into a semantic category,
(Maggiori et al. 2017)Land-use scene classification, therefore, does not meet the actual
requirement of remotely sensed land use imageifitad®n, whichrequiresall pixels

in an entiramage to be identified and labelledo land use categories (i.e., producing

a thematic map).

With the intrinsic advantages of hierarchical feature representation, thehaateth
CNN models provide greapotential to extract highdevel land use semantic
information. However, this patelise procedure introduces artefacts on the border of
the classified patches and often produces blurred boundaries between ground surface
objects(Zhanget al. 20Ba,201&), thus, introducing uncertainty in the classification.

In addition, to obtain a full resolution classification map, pixede densely overlapped
patches were used at the moddérance phase, which inevitablgd to extremely
redundant computation. As an alternative, Fully Convolutional Networks (FCN) and
its extensions have been introduced into remotely sesserhticsegmentation to
address the pixdéevel classification proleim (e.g. Liu et al. 2017; Paisitkriangkrai et

al. 2016; Volpi and Tuia, 2017)TheseFCN-basedmethodsare, however,mostly
developedo solvelow-level semantidi.e. land coverklassification tasksdue to the
insufficient spatial information in the inference phase and the lack of contextual
information at upsampling layergLiu et al. 2017)In short, we argue that the existing
CNN models, including both patdfased and pixdevel approaches, are not well
designedin terms of accumy and/or computational efficiency to cope with the
complicated problem ofirbanland use classificationsing VFSR remotely sensed

imagery
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In this chapter we propose an innovative objdmised CNN (OCNN) method to
address the complex urban lamsk clasification task using VFSR imagery.
Specifically, objecbased segmentation was initially employed to characterize the
urban landscape into functional units, which consist of two geometrically different
objects, namely linearly shaped objects (e.g. HighWwailway, Canal) and other (non
linearly shaped) general objects. Two CNNs with different model structures and
window sizes were applied to analyse and label these two kinds of objects, ard a rule
based decision fusion was undertaken to integrate theslmdéor urban land use
classification. The innovations of this research can be summarised as 1) to develop and
exploit the role of CNNs under the framework of OBIA, where both wittject
information and betweeabject information is used jointly to fylcharacterise objects

and their spatial context. 2) to design the CNN networks and position them
appropriately with respect to object size and geometry, and integrate the models in a
classspecific manner to obtain an effective and efficient urban laaclassification
output (i.e., a thematic map). The effectiveness and the computational efficiency of the

proposed method were tested on two complex urban scenes in Great Britain.

The remainder of thishaptelis organized as follows: Sectidi® introducs the general
workflow and the key components of the proposed methods. S&ialescribes the
study area and data sources. The results are presented in SeLtimtiowed by a

discussion in sectioB.5. The conclusions are drawn in the last section.

5.2 Methodology

5.2.1 Convolutional Neural Networks (CNN)

A Convolutional Neural Network (CNN) is a mulayer feedforward neural network
that is designed specifically to process large scale images or sensory data in the form
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of multiple arrays by considering Idcand global stationary propertiélseCun et al.

2015) The main building block of a CNN is typically composed of multiple layers
interconnected to each other througbea of learnable weights and biag@emero et

al. 2016) Each of the layers is fed by small patches of the image that scan across the
entire image to capture different characteristics of features at local and global scales.
Those image patches are generalized through alternative convolutmahl
pooling/subsampling layers within the CNN framework, until the eyl features

are obtained on which a fully connected classification is perfori§Betimidhuber
2015) Additionally, several feature maps may exist in each convolutional layer and the
weights of the convolutiomaodes in the same map are shared. This setting enables the
network to learn different features while keeping the number of parameters tractable.
Moreover, a nonlinear activation (e.g. sigmoid, hyperbolic tangent, rectified linear
units) function is takeoutside the convolutional layer to strengthen the-lnwearity

(Strigl et al. 2010) Specificlly, the major operations performed in the CNN can be

summarized as:

0' = pool,(s(0"*W' +b')) (5-1)

where theO'"! denotes the input feature map to telayer, theV' and theb represent

the weights and biases of the layer, respectively, that convolve the input feature map
through linear convolution*, and ttfé(@ indicates the notinearity function outside

the convolutional laye These are often followed by a mpa&oling operation witlpxp
window size pook) to aggregate the statistics of the features within specific regions,

which forms the output feature mayp at thelth layer(Romero et al. 2016)
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5.2.2 Object-based CNN (OCNN)

An objectbased CNNOCNN) is proposed for the urban land use classification using
VFESR remotely sensed imagery. The OCNN is trained as the standard CNN models
with labelled image patches, whereas the model prediction is to label each segmented
object derived from image segniation. The segmented objects are generally
composed of two distinctive objects in geometry, including linearly shaped objeets (LS
objects) (e.g. Highway, Railway and Canal) and other{m@arly shaped) general
objects (Gobjects).To accurately predidche land use membership association ofa G
object, a large spatial context (i.e. a large image patch) is required when using the CNN
model. Such a large image patch, however, often may lead to a large uncertainty in the
prediction of LSobjects due to meow linear features being ignored throughout the
convolutional process. Thua,largeinput window CNN (LIWCNN) and a range of
smallinput windowCNNs (SIW.CNN) were thereafter traingd predict the Gbject

and theLS-object, respectivelywhere the gpropriate convolutional positions of both
models were derived from a nowadject convolutional position analysis (OCPAe

final classification results were determined by the decision fusion of theQNN and

the SIW.CNN. As illustrated by kure 5-1, the general workflow of the proposed
OCNN consists ofive major stepsincluding(A) image segmentationB OCPA, C)
LIW-CNN and SIW-CNN model training, D) LIW-CNN and SIW-CNN model
inference, andg) Decision fusiorof LIW-CNN andSIW-CNN. Each ofthese steps

elaboratedn the following section
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\
________________ |
(A) Convoluticnal L ‘
position (LIW-CNN) (D)
Image ‘
—>] | Objects \
segmentation ‘
Convolutional |
positions (SIW-CNN) I}, — — — — — — e
_________________ I Jl siw-cNN final ‘
| Majority | decision (E) :
——————————————————— | voting
I | | ‘ Model
SIW-CNN I odel ‘
| SIW-CNN | Model ( SIW-C(I‘;JN model! integration [
| model training | model [ Inference VFSR imagery prediction || [
| ] | | (associated to | |
B LIW-CNN . Model objects 3| LIW-CNN modell] [ Finalresults ‘
| i , LIW-CNN I Inference | prediction ,J, (Labelled objects), |
| Labelledimage | ;¢ training| model | ‘ I
patches L —— Y- - - — — —
| (C) L_————= 4 ____ZZZZZZC \

Figure5-1: Flowchart of the proposed objedtased CNN (OCNN) method with five major
steps: (A) image segmentation, (B) object convolutional position aseEyOCPA), (C) LIW
CNN and SIWCNN model training, (D) LMCNN and SMCNN model inference, and (E)

fusion decision of LNMCNN and SINCNN

5.2.2.1lmage segmentation

The proposed method starts with an initial image segment&i@chievean object

based imageepresentationMeanshift segmentatiogComaniciu and Meer 20023s

a nonparametric clustering approach, was used to partition the image into objects with
homogeneouspectraland spatialnformation Four multispectral bands (Red, Green,
Blue, and Near Infrared) together with a digital surface model (QSMgful for
differentiating urban obms with height informatior(Niemeyer et al. 2014)were
incorporated as multiple input data sources for the image segmentation g-idaye

A slight oversegmentation rather than unésmgmetation was produced to highlight

the importance of spectral similarity, and all the image objeetetransformed into

GIS vector polygons with distinctive geometric shape

5.2.2.20bject convolutional position analysis (OCPA)

The object convolutional positiomalysis (OCPA)s employed based adhe moment
bounding (MB) box of eachobjectto identifythe position of LIWCNN andthoseof

SIW-CNNs. The MB box, proposedby Zhang and Atkinsor{2016) refersto the
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minimum bounding rectangle built upon the moment orientation (the orientation of the
major axis)of a polygon (i.e. an object)erived from planar characteristidsfined by
mechaics (Zhang et al. 2006, Zhang and Atkinson 20T8)e MB box theory is briefly

described hereafter.

Suppose thaix(y) is a point within a planar polygo®)((Figure5-2), whose centroid

isC(x,y) . The moment of inertia about theaxis (I,, ) and yaxis (), andthe

product of inertia () are expressed keguations(5-2), (5-3) and(5-4), respectively.

| o = fYY2dA (5-2)
l,, = fi°dA (5-3)
., = FivdA (5-4)

Note, dA(= dXC"dy) refers tathe differential area of poink(y) (Timoshenko and Gere

1972)

Figure5-2: A patch (S) withcentroid C (x, y), dA is thedifferential area of point (x, y)Oxy

is the geographic coordinate system
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As illustrated by Figur&-3, two orthogonal axedMN andPQ), the major and minor

axes pass through the centrdi@), with the minimum and maximum moment of inertia
about the majoand minor axesrespectively. The moment orientatiap,g (i.e. the

orientation of the major axiss calculated byequatiors (5-5) and (5-6) (Gere and

Timoshenko 197Q2

2|
tan2g,,, = —2— (5-5)
Iyy' |
21
e = = tan (——2) (56)
2 |yy- .

The momentbounding (MB) box (the rectanglen red shown in Figure5-3) that
minimally encloses the polygo8§, is then constructed by taking,,; as the orientation

of the long side othe box, andEF is theperpendicular bisectaf the MB box with

respect to its long side.

Thediscrete forrs of equatiors (5-2) - (5-6) suitable for patch computatiparefurther
deducedby associatinghe value of a line integrab that of a double integralsng

Gr een6s t Zhang etaln20@Gpreheoreticaldetails).

Figure 5-3: Moment bounding (MB) box and the CNN convolutional positions of a polygon

S.
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The CNN convolutional positions are determined by the minor ax(®Q) andthe
bisectorof the MB box EF) to approximate the central regiontbe polygon §). For
the LIW-CNN, the central pointlie red pointJ) of the line segmen(AB) intersected
by PQ andpolygonSis assigneasthe convolutional position. As for the SMZNN,
adistance parameted)(a user defined constans used to determine the number of
SIW-CNN sampled alonghe polygonGiven the length of a MB box &sthe number

(n) of SIW-CNNsiis derived as:

_l-d )
n—T (5-7)

The convolutional positions diie SIW-CNN areassignedo the intersectiobetween
thecentreof thebisector(EF) as well asts paralel linesandthe polygornS. The points
(Gy, G, 6s) in Figure5-3 illustrate the convolutional positions of SIGNN for
the case of = 5.

5.2.2.3LIW -CNN and SIW-CNN model training

BoththeLIW-CNN andSIW-CNN modelsare trainedusingimage patches with lateel

as input feature maps. The parameters and model structures of these two models are
empirically tuned as demonstratedtive Experimergl Resultsand Analysis sectian

Those trained CNN modeblreused for model inferenda thenextstage.

5.2.2.4LIW -CNN and W -CNN model inference

After the above steps, the trained LH@ANN and SIWCNN models, and the
convolutional position of LIMCNN and those of SIWCNN for each object are
available. For apecificobject, itdand usecategorycanbe predicted by the LIWVCNN
at thederivedconvolutionalpositionwithin the VFSR imageryat the same time, the

predictions on the land use membership associations of the object can also be obtained
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by employing SIWCNN models at the corresponding convolutional positidingis

eachobject is predicted by botdW-CNN and SIWCNN models.

5.2.2.5Fusion decision of LIW-CNN and SIW-CNN

Given an object, the two LMCNN and SIWCNN model predictionsmight be
inconsistent between each othandthe distinction might also occuwvithin those of
the SIW.CNN models. Therefore, a simple majority votisggategyis applied to
achievethe finaldecisionof theSIW-CNN model A fusiondecision between the LIW
CNN and the SIMCNN is then conductetb give priority to the SMCNN modelfor
LS-objecs, sud asroads, railway®tc, otherwise, the prediction of the LAMENN is

chosen as the final result.

5.2.3 Accuracy assessment

Both pixetbased and objettased methods were adopted to comprehensively test the
classification performance using the testing samme through fivefold cross
validation. The pixebased approach was assessed based on the overall accuracy and
Kappa coefficient as well as pelass mapping accuracy computed from a confusion
matrix. The objeecbased assessment was based on geo@ingon et al. 2010, Li et

al. 2015, Radoux and Bogaert 2013pecifically, suppose that a classified objdct
overlaps a set of ference object®j, wherej = 1, 2,E r, r refers to the total number

of reference objects overlapped My. For each pair of objectd\, Oj), a weight

parameter deduced by the ratio between the area of a reference objei(grand

the total area of reference obje&ézlarea(ou) was introduced to calculate over

classificationOC(M;) and undexclassificationUC(M;) error indices as:

Lt areaM No aree(Q ) 5.8
oc(m) =8 (we TS areathifio, ) -, 5 et (5-8)
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a r_zlarea(\/li ng, )

3= j 5-9
Uc(M,) =1 et ) (5-9)

The total classification errol CE) of M; is designed to integrate the ov@assification

and undefclassification emr as:

OC(M,)* + UC(M)? (5-10)
2

TCE(M) =\/

All three indices (i.eOC, UC, andTCE) represent the average of all the classified
objectsfor each land use category in the classification map to formulate the final

validation results.

5.3 Experimental Results and Analysis

5.3.1 Study area and data sources

In this research, twbtJK cities, Southampton (S1) and Manchester (S2), lying on the
Southern coastnd in North West England, respectiveligrechosen as our case study
sites (Figuré-4). Both of the study areas are highly heterogeneous and distinctive from
each other in land use characteristics, and are thereby suitable for testing the

generalizatia capability of the proposed land use classification algorithm.

Aerial photos of S1 and S2 were captured usfegcel UltraCam Xpdigital aerial
camera on 22/07/2012 and 20/04/2016, respectively. The images Haure
multispectral bands (Red, Green, Blugd Near Infraredivith a spatial resolutiorof

50 cm The study sites were subset into the city centres and their surrounding regions
with spatial extents of 5802x4850 pixels for S1 and 5875x4500 pixels for S2,
respectively. Land use categories of thadg areas were defined according to the

official land use classification system provided by the WKegnmenDepartment for
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Communities and.ocal Governmeni{DCLG). Detailed descriptions of each land use
class and its corresponding scibsses in S1 anf2 are listed in Tablés1 and5-2,
respectively. 10 dominant land use classes were identified within S1, inchidimg
density residential commercial industrial, mediumdensity residential highway
railway, park and recreational aregarking lot redeveloped argaandharbour and
sea water In S2, nine land use categories were found, includiegidential
commercial industrial, highway railway, park and recreational areaparking lot

redeveloped areaandcanal

Manchester (S2)

BNy REl S

9

Figure5-4: The two study areas of urban scenes: S1 (Southampton) and S2 (Manchester).

Table5-1 - The land use classes in S1 (Southampton) and the correspondicigsaib

components.

Land UseClass Train Test Subclass Components

High-density residential 1026 684  Residential houses, terraces, a small coverage of green s

Medium-density residentia 984 656 Residential flats with a large green space and parking lo

Commercial 972 648 Comnercial services with complex buildings, and parking |
Industrial 986 657 Marine transportation, car factories
Highway 1054 703 Asphalt road, lane, cars
Railway 1008 672 Rail tracks, gravel, sometimes covered by trains
Parking lot 982 655 Asphalt roa, parking line, cars

Park and recreational are 996 664 A large coverage of green space and vegetation, bare soil
Redeveloped area 1024 683 Bare soil, scattered vegetation, reconstructions

Harbour and sea water 1048 698 Sea shore, ship, sea water
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Table5-2 - The land use classes in S2 (Manchester) and the correspondinigssib

components.
Land Use Gass Train Test Subclass Components
Residential 1009 673 Residential buildings, a small covgeofgreen space
Commercial 1028 685 Shopping centre and commercial services with parking
Industrial 1004 669 Digital services, science and technology, gas industn
Highway 997 665 Asphalt road, lane, cars
Railway 1024 683 Rail tracks, gravel, someti&s covered by trains
Parking lot 1015 677 Asphalt road, parking line, cars
Park and recreational are 993 662 A large coverage of green space, bare solil, lake
Redeveloped area 1032 688 Bare soil, scattered vegetation, reconstructions
Canal 994 662 Canawater

Figure 5-5: Representative exemplars (image patches) of each land use category at the two

study sites (S1 and S2)
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